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1 Intro duction

Exploring an unknown ervironmert is one of the fundamertal problems in mobile
robotics. Whereasa lot of approadesto exploration [11,18, 20,22, 32,40,57,58,64, 65]
addressedthe single-rolot problem, recent approades[9, 27, 30, 63, 66 use multiple
robots in order to completethe exploration task more e cien tly. Using multiple robots
for exploration can have sewral advantagesto single-rolot exploration. Multi-rob ot
systemscan completetheir tasks faster, can be more fault tolerant due to redundancy
and can be more coste cient if instead of one complexrobot seweral simple and cheap
robots are used.

Typical applications for exploration are planetary exploration [2], surweillance [50],
reconnaissancé26], mowing [36], cleaning[21, 29, 52], and rescuel42, 61].

Despiteintensive researt in the past years,the problem of exploring under a limited
comnunication bandwidth hasbeenquite unattended. Most approadesto multi-rob ot
exploration assumea commnunication link with an unlimited bandwidth and only a few
of theseapproathesare able to deal with rangelimited communication. Despite that,
most of the recen wirelesstechnologiesas Infrared, Bluetooth, or GSM provide only low
bandwidths. Therefore,it is important to dealwith the limitations of thesetechnologies.
Furthermore, mobile robotics is a currertly maturing discipline. Thus, there is a grow-
ing demand for applying these widespreadtechnologiesto robotic systems. Bandwith
limitations can also occure when wirelessbroadband technologiesas UMTS or WLAN
are used. The reasonis that with an increasingnumber of robots the amourt of data to
be exdhangedcan grow on a progressie scaleso that the bandwidth limit of the used
media can be quickly readed.

The cortribution of this thesisis to presen an approad to multi-rob ot exploration
that candealwith low bandwidth comnunication links. We baseour approad on state of
the art exploration techniqueswhich currently assumean unlimited comnunication link.
To save bandwidth while exdanging data, we generateincremertal geometricmodels.
In this way, it is not necessaryo excdangethe full environmental represetations at eah
stepoftime. A robot only hasto exdhangeincremenal updateswith other robots. Since
we can determinethe quality of the usedgeometricrepresetations, we can adopt for a
high number of robots, di erent commnunication ranges,and bandwidth limits. Moreover,
we presen a technique to mergemultiple polygonalapproximations of other robots with
the grid map of the individual robots as well as a technique for extracting non-self-
tangert polygonal represetations for grid maps. Additionally, we presen a technique
for transitiv ely exdhangingincremertal approximations betweenrobots without requiring
direct comnunication.



1 Introduction

The goal of bandwidth limited multi-rob ot explorationisto nish the exploration task
as fast as possible. Therefore, we seekto carry out the exploration task in the same
amourt of time asin the unlimited bandwidth case.

Our technique is applicable independerly of the coordination medanism used. It
can be usedfor all approatesthat are currertly basedon grid maps or that can be
adapted for the useof grid maps. Furthermore, the approad can be used for highly
heterogeneouseamsof mobile robots aswell asfor mobile robotic systemswith di erent
comnunication topologies. Our approat hasbeenimplemerted and tested.

As a result, we obtain an approad that allows us to dramatically reducethe overall
amourt of trac generatedduring exploration. A key bene t of the approad is that it
enablesus to actively cortrol the overall amourt of data generated. Furthermore, our
technique allows a distributed coordination for multi-rob ot systems.

1.1 The Organization of this Work

This work is organizedas follows. In Chapter 2, we will survey related work. In Chap-

ter 3, we give an overview on ervironmenal models and give reasonswhy we use ge-
ometric represetations basedon polygonsfor our approad. Chapter 4 is concerned
with key techniquesour approad is basedon. We descrilke how we can derive polygonal
models from occupancygrids and how we can simplify our polygonal models. Further-

more, we explain basictechniquesrequired for multi-rob ot exploration and how we can
build incremertal modelsfor our geometricrepreserations.

In Chapter 5, we descrile the comnunication model that is usedfor our approad.
We presen an algorithm for merging geometric represetations of multiple robots to
obtain a comprehensie grid map for a robot. We explain how a suitable re nement
rate for our incremertal approximations can be derived. Finally, we shov how all of the
presered techniquescan be conbined to obtain an e cien t and deceitralized algorithm
for multi-rob ot exploration under a bandwidth limited comnunication link.

In Chapter 6, we presen experimerts that shov how di erent bandwidth limits, com-
munication ranges, and numbers of robots in uence the overal exploration time for
seweral ervironmens. Further experimerts shav how the approximation error of our
geometricrepresetation is in uenced by the available bandwidth and how e cient our
compressiontechnique is comparedto classicapproatdes. Finally, Chapter 7 gives a
summary of our work and iderti es future areasof researt in the eld of bandwidth
limited exploration.

Parts of this work will be publishedin

Daniel Meier, Cyrill Stachniss,and Wolfram Burgard. Coordinating Multiple Rob ots
During Exploration Under Comm unication With Limited Bandwidth. In
Proc. of the European Conferene on Mobile Rolots (ECMR), 2005.
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2 Related Work

We surwey related work guided by a taxonomy for multi-rob ot systems. We focus on
approadesthat are concernedwith exploration or with similar tasks. We concertrate
on seen taxonomic axesaccordingto Dudek et al. [19]: collective size,comnunication
range, communication topology, communication bandwidth, collective recon gurability,
processingability and collective composition. We will investigate related work along
thesetaxonomic dimensions.Table 2.1 givesa short summary and explanation for eat
taxonomic axis accordingto Dudek et al. [19].

2.1 Collective Size

First, we considerthe collective size of multi-rob ot systems. In this dimension, three
main subclassesan be distinguished: The single-rolot scenario,the two-robot scenario,
and the multi-rob ot scenario. Subsequetly, we will presen related work for ead of
thesescenarios.

Seeral approadheshave beendeweloped to exploreunknown environmens with a sin-
gle robot [11, 18, 20, 22, 32, 40, 57, 58, 64, 65]. In most approades, the ervironmernt
is explored by repeatedly moving the robot to the closestfrontier cell. As well asthese
approades, our approad behavesthe samein the single-rolot case. The approades
cited di er principally in the environmental represetations they useto explorean ervi-
ronmert. Usually theserepresetations are grid map based[64, 65|, topological [11, 32]
or metric [20].

The special case of two robots exploring an environment has been examined by
Dudek [48] and by Bender and Slonim [5]. The latter focus on theoretically analyz-
ing complexity of exploring special graphs.

This scenariohasbeenintensively studied in the past years[3, 6, 9, 15, 27, 30, 31, 34,
45,46,47,53,63,64,66]. Most approahesdealwith moderatenumbersof robots (2-50).
They usually di er in the way robots are coordinated or in the kinds of tasks that are
performedby the robots. The approadesof Burgard et al. [9], Howard et al. [27], Ko et
al. [30], and Zlot et al. [66] canbe understood asimprovemers of the fundamenal work
of Yamaudi [63]. Yamaudi extendsthe conceptof exploration using a frontier, well
known from single-rolot exploration, to multi-rob ot exploration. WhereasYamaudi
does not use an explicit coordination strategy, the succeededwvork mostly diers in
exactly this point. Zlot et al. for exampletrade ressourcesespecially target points close
to the frontier, by usinga market econony. The approahesof Burgard et al., Howard et

11



2 Related Work

Axis Description

Collective size The number of autonomousageris in the
collective.

Comnunication range The maximum distance between two ele-
merts of the collective.

Communication topology Of the robots within the commnunication
range, those which can be comnunicated
with.

Comnunication bandwidth How much information elemerns of the col-
lective can transmit to ead other.

Collective recon gurability The rate at which the organization of the
collective can be modi ed.

Processingability The computational model utilized by indi-
vidual elemerts of the collective.

Collective composition Are the elemens of the collective homoge-

neousor heterogeneous.

Table 2.1: Summary of the taxonomic axesaccordingto Dudek et al.

al., and Ko et al. explicitly coordinate the robots. Therefore,they assigntarget points
to robots to maximize an overal goal function. In this way, robots are e ciently spread
over the environmert. Burgard et al. comparethe results of their coordinated approad
to the approad of Yamaudi. It turned out that an explicit coordination of the robots
leadsto signi cant savings in exploration time. Our approad is directly basedon the
approat of Burgard et al.. We also implemenrted a grid map basedapproad. But
we are using a decetralized coordination instead of a certralized approadcr. Whereas
Burgard et al. exdhangeraw laserdata in ead step, we exdhangeincremenal polygonal
models encaling only the changesto prior time steps.

Other approates of the multi-rob ot scenariodeal with tasks similar to exploration.
For example Koenig et al. deal with one-time and repeated terrain coverage. These
techniques can be applied in mine sweeping, lawn mowing and surweillance scenarios.
In their approad, the robots commnunicate by leaving marks in the terrain. The robots
usedare equipped with very simple hardware and sensors. Rekleitis et al. [45, 46, 47]
focus on the problem of reducing the odometry error during exploration. To achieve
this goal, they divide the ervironmert up into stripesthat are explored one after the
other. Whene\er oneof the robots moves,the other robots wait and obsene the moving
robot. Sincerobots have to stay closeto ead other and sinceonly onerobot moves,the
focusof this approad rather liesin reducingthe odometry error than in performing the
exploration task fastly.

There are approadies like [59] that deal with exploration or coveragetasks of huge
swarms of robots which can incorporate thousandsof robots.

12



2.2 Comnunication Range

2.2 Communication Range

This classcan roughly be divided into three subclasses. There are approades where
robots can not (directly) comnunicate with ead other, approateswhere robots can
communicate with ead other when they are in comnunication range, and approades
where robots always can comnunicate. Balch and Arkin [3] examined how di erent

forms of communication can in uence the performanceof multiple robots carrying out
somebasic tasks as \foraging”, \consuming"”, or \grazing". They focus on examining
how e cien t thesetaskscan be carried out whenthe robots cannot explicitly communi-
catewith eat other and the only form of commnunication is observingtheir ervironment.

Furthermore they examinehow thesetasks are carried out when unlimited comnunica-
tion is assumed.One nding is that commnunication always is advantageousfor carrying
out the tasks. Also, a higher number of robots usually leadsto a faster task execution
ewven for the non communication scenario.

Other approades [9, 30, 51] explicitly deal with limited communication. Whereas
Shenget al. [51] and Ko et al. [30] dealwith comnunication rangelimits in a qualitative
way, Burgard et al. [9] quartify their results. One nding of their work is that exploration
time decreasesvhen the commnunication range increases.Additionally, they found out
that a commnunication range of 30% of the diameter of the ervironmert usually leadsto
the sameresults as exploring under an unlimited communication range. Our approadt
is capableof dealingwith rangelimited comnunication. We investigatethe implications
resulting from rangelimitations in a qualitative aswell asin a quartitativ e way.

2.3 Communication Topology

Accordingto Dudeket al. [19], approadesthat dependon speci ¢ communication struc-
tures canbe distinguished. A commonpattern is to usea team leader. Cohen[15] applies
this principle. In Cohen'sapproad, a team is made up of a navigator robot and a set
of cartographerrobots. The navigator robot hasto reat a goal location whereasthe
cartographersrandomly explorethe surrounding environmert and seard for the goal. If
the goalwasfound, it is communicatedto the navigator robot which then movestowards
the goal. Cohenshowsthat this strategy is competitive comparedto an approad where
the map is already known and an optimal path for the navigator robot is computed.
Grabowski et al. [23] alsousea team leaderin their exploration approad. The capabil-
ities of the team leaderare signi cantly more comprehensie than the capabilities of the
other team menbers. Due to the limited processingcapabilities of the team members,
Grabowski et al. chosethis communication structure.

Recen approades[9, 30,51] to e cien t exploration dealwith communication topolo-
gies being (implicit) graph structures. These (implicit) structures can dynamically
change during exploration. They can be found in various range limited exploration
approadiesaswell asin our approad.

13



2 Related Work

Former approades[63] depend on a broadcaststructure where ead robot can com-
municate with ead other robot.

2.4 Communication Bandwidth

Most approadies to multi-rob ot exploration do not deal with a limited bandwidth.
Shenget al. [51] presened an approad for coordinating robots under a limited communi-
cationrange. This is oneof the rst approatesthat is concernedwith saving bandwidth.
The key idea is to append ownership information to grid map cells. Thus, the robots
know which cells are known to the other robots. Therefore, thesecells have not to be
transmitted againif robots can comnunicate again after a period of time during which
they werenot ableto comnmunicate. A major drawbad of the approad of Shenget al. is
that their approad is not ableto dealwith a given bandwith limit of e.qg. 1‘% In their
model, the causedtra ¢ dependson the ervironment, on how the robots move through
the ervironmernt, and on the point of time at that robots mergetheir environmens. In
our approad, we are capableof limiting the overall bandwidth by specifying an upper
bound for the amourt of data that can be exdhangedper step. The grain sizeof the our
geometricmodel can be adapted accordingto this upper bound. This property is very
usefull for real world scenariosbecausethis upper bound is fundamertally determined
by the used commnunication technology. Furthermore, the approat of Shenget al. is
not capableof encaling large areascontaining idertical grid cellswhereasour approadh
can model large objects in a very compactway. This is why our approad is more scal-
able. As an example,take an arbitrary ervironment and scaleit by a factor of 2. In
Sheng'sapproad, the double amourt of data hasto be transmitted. In our approad,
the amourt of data stays excatly the samesincethe number of polygonal vertices does
not change.

2.5 Collective Recon gurabilit y

This dimensiondescrikesin what way and under which constrairts the robots can spa-
tially reorganize. For examplea swarm of beescan reorganizequickly and in a quite
arbitrary way whereasrobots navigating through a narrow corridor will not be able to
reorganizeeasily Balch and Arkin [4] presem and evaluate a static approad wheremul-
tiple robots shall not reorganize.In their approad, robots try to keepa formation while
exploring an ervironmert. Other approades|[9, 30, 51, 66, as well as our approad,
are basedon a coordinated recon guration. Here, the robots rearrangeaccordingto a
coordination medanismthat is designedto achieve a superordinated goal.

Sincewe require an approad similar to the oneof Burgard et al., our approad allows
a coordinated recon guration.

14



2.6 ProcessingAbilit y

2.6 Processing Abilit y

Robots can di er signi cantly in their processingabilities. Usually, small robots have
very limited processingabilities whereasbigger robots have extensive processingabili-
ties. An examplefor robots having limited processingabilities are the robots used by
Grabowski et al. [23]. Grabowski et al. usecollaborating certimeter-scalerobots called
\Millib ots" to map and explore unknown ervironmens. Other approades,like the ap-
proach of Balch and Arkin [4], userobots that have extensive processingcapabilities.
Balch and Arkin used\Unmanned Ground Vehicles"for their work. Thesevehiclesare
modi ed carsand trucks that can have extensiwe processingcapabilities on board.
Sinceour approad is capableof adapting to very strict bandwidth limits, we candeal
with very limited processingcapabilities of the incorporated robots. This is becausdime
and spacerequiremens of our approad depend on the quality of the used geometric
represemation and becausewe are able to directly cortrol this parameter.

2.7 Collective Composition

Consideringthe composition of a team of mobile robots, two kinds of team compositions
can usually be found. First, teamsthat are homogeneousnd secondteamsthat are
heterogeneous.The advantage of approadesthat can deal with heterogeneougeams
is that these approades are usually more generaland fault-tolerant. In common, ex-
ploration approadesfor heterogeneouseams of robots only allow heterogeneiy up to
a certain degree. For example, heterogeney could result from robots using di erent
gualities of sensorsfrom using di erent actuations, or from di erent velocities at which
the robots can move. Often hardware-heterogeneousobots can be equipped with iden-
tical software. Examplesfor approatesthat are capableof dealingwith heterogeneous
robots are the approades of Burgard et al. [9], Dudek [48], and Yamaudi [63]. An
examplefor an approat dealingwith homogeneousobots is the approad of Howard et
al. [27].

Our approad is capableof dealingwith highly heterogeneousobots. The only condi-
tion our robots have to meetis that they cantransform their environmertal perceptions
into an incremenal data exdiange format. Furthermore, they must use compatible
hardware to comnunicate with ead other.
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2 Related Work
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3 Environmental Mo dels

In this chapter, we presen seeral ervironmertal represetations with the objective of
nding a compactand scalablerepresetation for modelling the ervironmernt of a robot.
In a rst step,wegive ashort survey of the main classe®f environmental represetations.
In the following steps,we descrile selectedrepresetations in detail. Finally, we usereal
world mapsto comparethe presetnied represerations regardingtheir compactness.For
our approad, we usethe represetation that is, due to our analysis, pointed out to be
the best represemation for commonreal world scenarios.

3.1 Survey of Environmental Mo dels

Modeling the ernvironment of a robot is a classicalproblem in robotics. Over the past
decadesa lot of represemations have beenusedin various domains. Thrun [60] preserts
a comprehensie survey of ervironmental modelsin robotics. Typically, these models
can be divided into three groups: metric grids, topologic maps,and geometricrepresen-
tations.

A traditional represetativ ein the cortext of metric grids are occupancygrid maps[41].
Occupancygrid mapsmodel the environment by resolvingit into an array of binary ran-
dom variables. Ead cell of this array is supposedto be either occupiedor free with a
certain probability.

Topological maps [12, 13, 14, 33, 35, 37] are often usedfor an abstract modeling of
the ervironmernt. Nodes of a graph typically represen places. Links between these
nodesindicate a physical connectionbetweentheseplaces. The classicalformulation of
atopologydoesnot cortain a metric coordinate frame. In the cortext of mobile robotics,
a coordinate is often assignedo ead node. To construct sud topologicalmaps, Voronoi
diagramsare usedoften.

Geometricmodelsfor an ervironmernt arein commonbasedon basicgeometricshapes.
Environmerts canfor examplebe descriked by setsof rectangles/ines, squarespolygons,
or other basic shapes. The major advantage of geometricmodels is their compactness
especially whenthe ervironmert is structured. Thrun [60] iderti es three further advan-
tages: First that thesemodelscan be more accurate,secondthat sud a model seemgo
be necessaryor dynamic ervironmerts, and third that object mapsare closerto human
perceptionthan other represetations.

17



3 Environmental Models

3.2 Grid Maps

The conceptof occupancygrid mapsis very fundamertal to robotics. It wasintroduced
by Moravec and Elfes [41]. The basic idea behind occupancy grid mapsis to model
the environment by resolvingit into grid cellsand storing occupancyinformation about
thesecellswhereascellscanbe freeor occupied. In robotics, the conceptof an occupancy
grid map is usually extendedby introducing unknown cells. An unknown cell denotes
spacethat hasnot yet beenobsened. In case,we usethe term of an occupancygrid
map or of a grid map in subsequenchapters, we always refer to this ternary conceptof a
grid map. Grid mapsallow building precisemodels of the ervironment but can be very
memory consuming. This is becausethey allow no compressionof large areascarrying
similar information.

In our approad, we do not distinguish di erent kinds of occupancyas Stachnissand
Burgard [55] do with their conceptof coveragemaps. Therefore, cells of our grid maps
canonly be in one of three states: free, occupied, or unknown.

In our sensean occupancygrid canformally be de ned asatuple O = (M; Qo). The
grid mapM R; Rj; isthe setof all cells(x;y) cortained in the grid. The function

Oocc . M I ff ree;occupiedunknowng (3.1)

returns for eadt cell of the occupancygrid whetherthis cellis free,occupied,or unknown.

3.3 Topological Representations: Voronoi Diagrams

Voronoidiagramsare often usedto model ervironmerts from a topologicalpoint of view.
They can be constructed from bitmap-like grid mapsin seeral ways. One of the most
intuitiv e methods for deriving sud a skeleton (for a more formal de nition see[7]) of an
ervironmert is the maximum disc construction. A free point f belongesto the Voronoi
diagramwhenit liesinside of the exploredervironment and if at leasttwo unknown or
occupied points can be found on the border of the biggestempty circle with certer f .
The biggestempty circle cortains only free points and has occupiedor unknown points
lying onits boundary. All points that ful ll this property belongto the Voronoidiagram,
also called skeleton. The resulting Voronoi diagram should be connected. If this is not
the case,the full topology of the map can not be encaled. A problemthat canoccureis
that a robot can considercertain target points to be not accessiblalthough thesepoints
are accessiblen the real world. This problem can occuredue to an incomplete Voronoi
diagram. In practice, it is not easyto derive connectedVoronoi diagrams. Due to the
discretization of an ervironmen, there can be ambiguities so that it is not clear how
many points lie on the boundary of a biggestempty circle. The result is that it is not
possibleto clearly determine which points belongto the skeleton. Thus, only partially
connectedVoronoi diagrams are obtained. Seeral methods for constructing skeletons
have beenproposedin the past [13, 38, 43].
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3.4 Geometric Models: Polygons

For our work we used an euclidean distance transform approad [8, 16] to extract
Voronoi diagrams from grid maps. In this approad, we measurethe distance d(f ; o;)
of a free cell f inside of the ervironment to all occupiedcellso,. Then we assignthe
minimum distancemin (d(f ; o)) of all pairs (f; o)) to the freecell f . By repeating this
procedurefor eat cell a completedistancemap is obtained. After this stepthe Voronoi
diagram can be extracted by following the ridgesof the distancemap. A ridge is a set of
points with the property that they have higher distancevaluesthan cellso the ridge.
The cellssituated at the boundaries(occupiedcells) of the ernvironmertal represetation
have a distancevalue of zero. By moving farther inside, the distancevaluesincreaseuntil
they form a ridge.

Se\eral algorithms for constructing euclideandistancetransformations have beenpro-
posed[8, 16]. The approadh of Breu et al. [8] allows to perform the euclideandistance
transformation in linear time. We useda variant of this approad to compute the eu-
clidean distancetransformation.

3.4 Geometric Models: Polygons

Polygonal represetations of an ervironmernt are basedon setsof polygons. Thesepoly-
gonsdescrile the objects that make up the ervironmert. A polygon P is a sequenceof
points (ps1;::;pn). Each menmber p; of the sequencds connectedto its sUCCeSSOPscc(i)
in the sequencey a line segmen To determinethe successoof a point p; we de ne a
successofunction

i+1 ifi<n

suedi)= 1 jti=n

(3.2)

This function returns the index of the successoiwnf the currert point with index i.
Our aim is to build a polygonal represetation for a grid map in order to obtain a more
compactmodel of the ervironmert. Therefore,it is necessaryto encale the sameinfor-
mation like a grid map does. To adchiewve this goal encale occupancyand exploredness
information hat to be encaled.

In a rst step, two typesof polygonsthat will be called objects in future are distin-
guished: inside and outside objects. Inside objects are objects in whoseinside a robot
navigates(e.g. 4 walls of a room in which a robot explores). Outside objects are objects
around which robots navigate (e.g. tables, pillars, or other obstacles). We assumethat
all robots start exploration in the sameinside object. If this wasn't the case,there
would be at least two groups of robots that independertly explored areasthat are not
connectedto eat other. So, all information gained by one of these groups was worth
nothing for the other group. In this caseead scenarioshould be treated independerily.
Soin our exploration scenariosthere always is a singleinside object.

An inside object can encompassse\eral outside objects whereasan outside object is
treated formally independert of an inside object. This meansthat an inside object basi-
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inside object

Figure 3.1: This gure shows the inside and all outside objects that can be found in a
partially explored environmert. The inside object is bounded by a dashed
line and enclosesll outside objects aswell asfree space.The outside objects
encloseunknown spaceand have occupiedor unknowvn boundaries.

cally enclose®nly free spacewhereasoutside objects can encloseoccupiedand unknown
space.

Figure 3.1 givesan examplefor a grid map that cortains an inside and se\eral outside
objects. In the gure, the shape of the inside object is marked with a dashedline.
Outside objects are the rectangle, the circle, and the not fully exploredtriangle. The
star-shaped object is at the momen part of the inside object and not treated separately
But this object may probably turn into a seperate outside object as the exploration
proceeds.This alsoappliesfor the rectangleindicated at the bottom of the grid map.

To derive an occupancygrid map of a polygonal represetation, the whole grid map
isat rst lled with unknown cells. After that, all cellsthat are situated inside of the
inside object are marked asfreeand nally unknown spaceis addedto the grid map on
the insidesof outside objects.

The represetations are yet not exploration-equinalert since the boundaries of the
inside and outside objects have not beenmodelled. Exploration-equivalert meansthat
two represetations lead to the sameprogressionand result in exploration. To model
the boundariesof the objects, we introduce an occupancyfunction f ,.(p;) that tells us
whether the line segmen (pi; Psuce(iy) IS free, occupiedor unknown.

By applying the function f.(p;), a polygonal represetation that is exploration-
equivalert to a grid map represetation can be obtained. Therefore, only the cells
covered by the segmen (p;; Psucei)) Needto be marked accordingto focc(pi), when the
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Figure 3.2: This gure shaws the Voronoi diagram (green) and the cortour (red) of an
0 ce ervironmert.

polygonal represetation is corverted into a grid map represetation.

Building an exploration equivalert polygonal model from a grid map requiresa su -
ciertly ne-grained polygonalrepresetation. How sud represetations canbe extracted
is descrited in Section4.1. One of the main bene ts of polygonalrepresetations is their
scaleability. This point will be discussedn Sections4.1 and 4.2.

3.5 Comparing Voronoi Diagrams to Contours

In multi-rob ot exploration, we have to exdhangeand mergeervironmental modelsamong
the exploring robots. Sincethis scenariois consideredunder bandwidth limited comnu-
nication, the main interestis nding compactmodelsfor our ervironmens. To determine
which environmental model is the most data saving model, it is necessaryto compare
the amourt of data usedby di erent modelsfor the sameernvironmern.

In our approad, we comparethe data usageof Voronoi skeletons,constructedaccord-
ing to the descriled euclideandistance transformation method (see Section 3.3), with
the amourt of data required by contour represetations for the sameernvironmens. A
formal de nition of the cortour can be found in Section4.1. The comparisonis done
by courting pixels of both represetations. This is becausethe receiwer of an environ-
mertal description hasto restorethe descrited ervironmert. If only purely topological
information was transmitted (e.g. the nodesof a Voronoi diagram and the information
about connectednodes), it would not be possibleto reconstructthe grid map represen-
tation of the ervironment. This is becauseedgesof Voronoi diagrams can be se\erely
curved. Thus, the number of cortour pixels (a formal de nition of a cortour in our sense
can be found in Section4.1) is comparedto the number of Voronoi pixels. The models
are derived from real world ervironmens. An examplefor a Voronoi and for a cortour
represemation of an ervironmert is givenin Figure 3.2.
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| Map | # (original) | # (convolved) |
MIT Kilian Court 0.749 0.637
Intel-Lab 1.317 1.014
Austin-Aces3-Log 0.768 0.672
FR-Campus 2.910 2.198
Edmonton 1.562 1.488
FRO79 1.652 1.404
FR101 1.519 1.254
Acapulco 3.022 1.723
University of Washington 1.220 0.790
FHW (museum) 1.420 1.269
Av erage 1.708 1.245

Table 3.1: This table shows the ratio of # for seweral ervironmens. # was once com-
puted for the original maps and oncefor the convolved maps. Imagesof the
ervironmerts are shavn in Figure 3.3.

3.5.1 Experimental Results

In our experimerts, examiningthe Voronoi pixel=contour pixel ratio, we examinedten
real world ervironmerts of di erent sizeand shape. In the following, we denotethis ratio
by #. The maps of these ervironmernts were taken from the web page of the Institute
of Computer Scienceof the University Freiburg [56] and partially from the open source
project Radish [28]. Beforethe mapswere usedin our experimerts, they were re ned:
imperfectly recordedareaswere reconstructedand very small objects like chair or table
legswere removed. To reducethe number of jagged cortours, se\eral of these objects
have beenredrawvn or smoothed. After that, the Voronoi diagram and the cortour were
computed for eat environmert and we courted the number of pixels of the Voronoi
diagram and of the cortour. Figure 3.1 shows the ratio # for eat ervironmert.

We examinedthe Voronoi diagrams of thesemaps and found out that a lot of edges
resultedfrom smalljagsin the cortours, indentations or salierts. Dueto this, the corntour
represemations are clearly superior to the Voronoidiagrams. To make a fair comparison,
we preprocessedhe imagesbeforewe computedthe represetations. The preprocessing
is usefulfor removing jags, indentations, and salierts. We treat grid mapsasgray scaled
bitmaps: occupiedspaceis represeted by black pixels and free spaceis represeted by
white pixels. We tried many con gurations in order to obtain a possibly small # value.
The best method we found wasto rst cornvolve the gray scaledmapswith a Gaussian
kernel. Afterwards, all pixels having gray valuesbelow a certain gray value threshold
are treated asfree spaceby replacingthesepixels by white pixels. The pixels with gray
valueshaving at leastthe value of the threshold were converted to black pixels and thus
consideredas cortours. By repeating this processfor three times we obtained the best

22



3.5 Comparing Voronoi Diagramsto Contours

Figure 3.3: The examinedmaps. The rst row (left to right) shovs maps aquired at
the MIT Kilian Court, the Intel Researb Lab in Seattle, Austin Aces,the
Campus at the University of Freiburg, and Edmonton. In the secondrow
(left to right) building 79 and building 101 at the University of Freiburg,
the Acapolco Convertion Center, University of Washington and the FHW
building in Germary.

results. The resulting ratios of # for thesecornvolved mapsare listed in Table 3.1.

Observations

If the resulting ratios for the original and the convolved maps are compared, it turns
out that the corvolved maps have lower # ratios than the original maps. There is
no ervironmert where the cornvolution leadsto worse results. Therefore, maps should
always be corvolved beforeVVoronoi diagramsare computed. In the averagecase,the #
ratio can be improve by more than 25%. In single cases,improvemeris by more than
40% can be found and in all caseghere were improvemeris of at least 4.5%.

By only looking at the averageratios, it seemghat corntour represetations of environ-
merts are more e cien t than Voronoidiagrams. This is not correctin common,because
the selectedernvironmerts are de nitely not represetativ e for all possibleenvironmens.
Thus, the di erent ervironmerts have to be examinedwith the purposeto nd out for
which kind of environment which kind of represetation (Voronoidiagramsor cortours)
is suited best. For this purposeonly convolved mapsare considered.

At rst the maps (seeFigure 3.3 and Table 3.1) for which Voronoi diagram repre-
senations are more e cient than conour represemations (data sets of Austin-Aces3,
MIT-Kilian Court, University of Washington) considered. All of these maps can be
characterisedby narrow and long corridors cortaining no or only few obstacles.

Among the environmerts, there is only one environmert for which the di erence be-
tween Voronoi and cortour represetation is weakly distinctive. This is the casefor
the Intel-Lab. This is an o ce environmen cortaining no obstaclesinside of rooms
and halls. Therefore,it seemshat for empty o ce environmens Voronoi and cortour
represemations do only di er slightly.
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Finally, the mapsfor which cortours are better represetations than Voronoidiagrams
have to be treated. Three of thesemaps (Edmonton, FR-Campus, Acapulco) are maps
containing large areasof free space.The other two maps (FHW, FR079) are mapsthat
cortain small or medium-sizedareasof free space. There are lots of small obstacles
distributed over the ervironment, what leadsto lots of Voronoi edges.This is the reason
why for mapswith largeareasof freespacecorntaining buildings, trees,cars,rocks, pillars,
or similar things cortours seemto be a better represetation than Voronoi diagrams.
The sameseemsdo apply for mapswith small and medium-sizedareasof free spacethat
cortain lots of objectslike chair and table legs,personalcomputers,or dust bins. Besides
that, anotherinteresting obsenation canbe made: all of the mapswith large-sizedareas
of free spacehave a bigger # ratio than the mapswith small or medium-sizedareasof
free space. Soit seemsthat small obstacleshave a more intensive impact on # ratios
of large ervironmerts than they have on smaller ervironmerts. The reasonis that even
small objects can causelong Voronoi edges. For wider surrounding areasthese edges
usually get longer. Therefore,for large-sizedareasof free spacecortour represetations
seemto be the best choice.

3.5.2 Conclusion

To summarizeour results,it seemghat for environmens that cortain large-sizedareasof
freespacecortour represetations aremoree cien t than Voronoidiagrams. In scenarios
with long corridors and few obstaclesthe situation appearsto be inverted: hereVoronoi
diagramsseemto be better than cortour represetations. The situation is moredi cult
for oce like scenarios,that contain small or medium-sizedareas of free space. It
seemghat hereboth represenationsare equally e cient. In casethere are lots of small
obstacleslike chair and table legs, personal computers, trash cans, or similar things,
corntour represetations tend to be better than Voronoi represerations.
Sinceervironmerts with long corridorsor empty o ce buildings arerather rarein real
world scenarios,we baseour future work on represetations basedon the cortours of
the ervironmerts. Therefore,we will approximate the cortours using polygonal models.
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In this chapter, we presen key techniquesthat are required for our approad to ex-
ploration under limited bandwidth communication. All techniques preserted in this
chapter can be usedindependetly of our special approad. Therefore,thesetechniques
can be valuable in other areasof robotics as well asin areasnot related to robotics.
We proposea technique that allowsto derive intersection-freepolygonal represetations
of the objects cortained in grid maps (seeSection4.1). Furthermore, we deweloped an
approad (seeSection4.2) that allows to track incremenal changes. This enablesus
to incremenally update an ervironmental approximation. Thus, an appraximation of a
grid map that hasbeenvalid at time stept 1 canbe updated to a valid approximation
at time stept. This is achieved by locally modifying the outdated, invalid approxima-
tion accordingto the changesthat occuredin the grid map from time stept 1tot.
We descrilbe, how the well-known Douglas-Reuder algorithm can be usedto re ne valid
polygonal appraximations of our grid maps (see Section 4.3). Finally, in Section 4.4
and Section4.5, we presen fundamertal techniquesthat are usedby our approad to
to perform a coordinated exploration with multiple robots. This includesa distributed
coordination technique we deweloped for exploration under bandwidth limited comrmu-
nication.

4.1 Creating Polygonal Representations from
Occupancy Grids

The basic requiremen for creating polygonal represetations of an ernvironmen is to
extract the corntour from the grid map that represets the ervironmernt. Basedon this
cortour, we identify all objects represeied by the grid map. We denote the polygonal
appraximation of an object also asthe cortour of an object. Before polygonal approx-
imations for objects are extracted from occupancy grids, it hasto be speci ed what
depicts a cortour in our sense.First of all, a cortour pixel is de ned. Pixels with the
following properties are treated as cortour pixels:

1. A cortour pixel represets an occupiedor unknown cell.

2. A contour pixel p directly adjoinsto at least one unoccupiedpixel g in left, right,
upper or lower direction. A pixel adjoining to only unoccupied pixels in any
diagonaldirection is not a cortour pixel.
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According to our de nition of a grid map (seeSection3.2), a cortour of a grid map
M canformally be de ned asa setC(M). The cortour C : Pot(M)! Pot(M) canbe
de ned as

CM)=f(x;y)2M | (Gocc(X;y)) = occupied_ Gocc((X; y)) = unknown) *
(Qocel(X + 1,y)) = free
_ Oucd(X  Ly)) = free
_ Gocd(Xy+ 1)) = free
_ OGoc(Xy 1)) = fregg; (4.1)

whereasP ot(M ) denotesthe set of all subsetsof M.

It is not su cient for our approad to know all cortour pixels. Furthermore, informa-
tion about neighborship relations between cortour pixels is necessary We denote two
pixels p and g as neighbors in the cortour if they ful ll the properties below:

1. Both pixels p and g are contour pixels.

2. Both pixels have an euclidian distanceof 1  dist(p;q) P 2.

3. Both pixels shaﬁgn unoccupied neighbor u meaningl  dist(p;u) P 2 and
1 dist(q u) 2

The attempt to extract an object by simply connecting neighboring cortour pixels
to eat other usually results in failing to construct a coherem cortour of an object.
Trying to connectpixels along a one pixel thick line resultsin getting studk at the end
of the line sothat the construction procesdails. Even, if it wasallowed to include pixels
seeral times in the represetation of an object, unconnectedparts could result from the
construction process. This is becauseit is not clearin which order the neighbors have
to be connectedwith ead other. In general,cortours with pixels lying on more than
onecornour line are critical. Figure 4.1 illustrates this problem for pixels being part of
oneto four cortour lines. In ead of this caseserrors are likely to occure.

To avoid this problem, we consider pixels as squaresinstead of points with no di-
mension. Thus, pixels are objects with four bounding edges. The ideato construct a
cornour is to trace the contour along theseboundariescourterclockwise. Sincewe are
only interestedin edgesthat belongto the cortour, we only have to trace edgesrunning
betweenunoccupied pixels and cortour pixels (contour edges). Moving on the contour
in a certain direction can yield three kinds of new corntour edges:

1. An edgestraight aheadasshown in Figures4.2(a) and 4.2(c).
2. An edge90 right of our movemen direction asshowvn in Figures4.2(a) and 4.2(b).

3. An edge90 left of our movemern direction asshown in Figure 4.2(a) and 4.2(d).
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(@) (b)

Figure 4.1: Pixels can be part of one (1), two (2), three (3), or four (4) cortour lines.

Algorithm 1 Visit all cortour edgesof an object.
1. Mark the edgee of the object wherethe corntour extraction processstarts.
2: Set the initial movemen direction accordingto a courterclockwise edge visiting
process.
3. repeat
4: if thereis an edge90 right of the curret movemen direction then
5: Cortinue tracing the cortour of the object with this edge. Adjusting the move-
mert direction accordingly

6: elseif thereis an edgestraight aheadthen

7. Continue extracting the cortour of the object with this edge.Keepthe current
direction of movemer.

8. else

9: Tracethe contour edge90 left of our movemern direction. Changethe direction

of movemen accordingly
10: end if
11: until The current edgeis the starting edgee;
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"™

(@) (b) (€) (d)

Figure 4.2: The gures shaw in which direction the cortour exploration principally can
proceed. The blue arrow depicts the current direction of movemen. Blue
edgesshow valid directions and red edgesshow invalid directions for further
movemen. By repeatedly rotating all the gures by 90 all possiblecases
can be derived.

Algorithm 1 shows how all edgesof an object can be visited.

The causefor proceedingin the described order is onecritical case.This caseis shavn
in Figure 4.2(a). In this casethere are multiple possibilitiesfor cortinuing to extract the
corntour of the object, whereasin all other caseghere is only one possibility to cortinue
tracing the cortour. This caseoccureswhen two pixe|s p and q are neighoors in the
cortour and have an euclidian distanceof dist(p;g) = = 2. In this case,there are three
possiblecandidateedgedo trace. If the edge90 left of the movemern direction is traced,
the cortour getsincompletesincethe neighbor of the pixel is excludedfrom the cortour.
If the edgestraight aheadof the movemern direction is traced, the construction process
switchesfrom a courterclockwiseto a clockwise construction of the cortour. In this case,
the represemation would descrite insidesand outsidesof an object in an alternating way
instead of only describinginsidesor outsides. Therefore,the only possibility to proceed
is tracing the cortour with the edge90 right of the direction of movemen. This can
leadto a further problem: Contours can get tangert to eat other.

To avoid this problem, a simple trick can be used. Contour pixels can be split into a
number of points accordingto the number of their cortour edgesin left, right, upper,
and lower direction. To extract cortours of objects, oating point coordinatesinstead of
integer coordinatesare used. Each of thesenew points lies on the perpendicular bisector
of the correspnding corntour edgeof the pixel with certer (x;y) having a distance of
0:25 from this edge(and from the certer). For an unoccupied neighbor right to the
consideredcortour pixel, a new pixel having coordinates(x + 0:25;y) is introduced. For
upper, lower, and left unoccupiedneighbors, the coordinates(x;y 0:25), (x;y + 0:25),
and (x 0:25y) are introduced. Figure 4.3 illustrates how and where these auxiliary
points are introduced.

Now, non self-inersecting, non tangert, and coherem cortours can be extracted. To
trace the contour the processworks asdescrited above. The correspnding points of the
contour edgesare connectedin the order in that the edgesoccure during the cortour
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Figure 4.3: This gure shaws possible casesfor splitting a cortour pixel (light blue,
certer) into sewral points. Gray pixels are irrelevant for splitting pixels
into further points. New points are situated on the perpendicular bisector
of the contour edgeto that they belong. All possiblecasesare obtained by
repeatedly rotating the gures by 90 .

tracing processwhat resultsin a polygonal represetation for the traced object. Since
corntours canonly get tangert in the critical casedescriked above and sincethe edgesof
corntours don't crossif they are extracted by connectingthem usingthe newly intro duced
points, non self-inersecting cortours are obtained.

Table 4.1 shaws the coordinates of the auxiliary points for a pixel with certer (x;y)
and the o sets for the three possibleneighoors of theseauxiliary points. The table also
shaws the direction of movemen which is ass@iated to an auxiliary point.

Now, an e cient algorithm for extracting the cortour of all objects from a grid map
can be formulated. The three basicstepsare:

1. Extracting all cortour pixels and storing all of their auxiliary points in an array.
2. Building a data structure that allowsusto nd points in the array fastly.
3. Extracting the cortour of all objects using the previously built data structures.

To extract all auxiliary points, all pixels of the grid map have to be examined. As
soon asa cortour pixel is found, it hasto be examinedhow many and which subpixels
have to be introducedaccordingto Figure 4.3. All of thesesubpixelsare insertedinto a
one-dimensionalarray auxPoints at a position i. This index i is increasedafter a new
auxiliary point has beeninserted. After this processis nished, this array cortains all
auxiliary points of all cortour pixels.

Sincethe cortour extraction processrequiresa fast possibility to nd auxiliary points
in the array auxPoints, a data structure is required that allows to perform this oper-
ation in the desiredway. For this purposea three dimensionalarray auxPointindex is
introduced. This array storesat which position a certain auxiliary point is storedin the
array auxPoints. Width and height of the auxPointindex array correspnd to width and
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Auxiliary Point O set for the next neighbor lying
and its asseiated to the direction of movemen at
direction of movemert | 90 right | 90 left | straigh t
(x;y+ 0:25) | x : +0:75 X:+0:25 | x:+1
rightwards | y : +0:75 y: 025 |y: O
(x+ 0:25y) | x : +0:75 x: 025 |x: O
upwards |y : 0:75 y: 025 |y: 1
(x;y 025) | x: 075 X: 025 |x: 1
leftwards |y : 0:75 y:+0:25 |y: O
(x 025y)|x: 075 x:+0:25 |x: O
downwards | y : +0:75 y:+0:25 |y:+1

Table 4.1: O sets for expected neighbors of auxiliary points of a pixel with coordinates
(x;y)

height of the grid map. The third dimensioncorrespndsto the four directions where
auxiliary points can be situated. Therefore,auxP ointl ndex|x; y; right] tells us at what
position in auxPoints the auxiliary point for the right cortour edgeof the pixel at co-
ordinates(x; y) is situated. The array auxPointindex is initialized with negative values,
sothat it is clearwhich auxiliary points exist. The data of the array auxPointindex can
be derived during the extraction processof the auxiliary points. Wheneer an auxiliary
point is stored in auxPoints, the auxPointindex array is updated with the index of the
position wherethe new auxiliary point hasbeeninserted.

The nal step is to extract the cortour of all objects using both data structures
above. To do this, the recursive procedure extract(p : point;s : point; k : list) is used.
This proceduretakesas argumert a point p where the extraction processcortinues, a
starting point s to determinewherethe extraction processendsand a list k that stores
the extracted cortour of an object. The procedure extract(p : point;s : point; Kk : list)
works as descriked in Algorithm 2.

Algorithm 2 extract(p : point; s : point; Kk : list)

1: Remove p from auxP oints.
Find next neighbor n of p in courterclock direction.
Insert n into k by connectingp to n and vice versa.
if nis not the starting point s then

extract(n; s;k);
end if
return k;

N ahRwn

If p is removed from auxPoints, its position in auxPoints is determined by using
auxPointindex. The point p is removed by replacingit by the point at the last position
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Algorithm 3 Extract the cortour of all objects.

1:

Extract all cortour pixels from the grid map and store them in the one-dimensional
array auxPoints.
Compute the three-dimertsional array auxPointindex.
Seti = 0.
while auxPoints cortains a point s do
Introduce new polygonallist k[i] for object i.
extract(s; s; K[i]).
i+ +;
end while

\

Figure 4.4: This gure showsthe polygonalrepreseration (right) that is derived by our

algorithm from the grid map (left). The auxiliary points are denotedby red
circles.
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in auxPoints and decreasingthe maximum size of auxPoints by one. Additionally,
auxPointindex hasto be updated for the moved and the removed point. Finding the
next neighoor in courterclock direction of p can be done by looking up the position of
its three possibleneighbors accordingto Table 4.1. Recursionstoppswhen the starting
point s is readed again.

Sincethe procedureextracts only the cortour of a single object, the procedurehas
to be applied repeatedly This can be done as follows: Seti = 0. While auxPoints
cornains a point s, introduce a new list k[i] for a new cortour of an object and extract
the correspnding cortour by invoking extract(s;s; k) and incremert i. After that, i
cortours werefound. The cortour of the n" object is storedin the list k[n]. Algorithm 3
showns how the completeextraction processworks.

Figure 4.4 sketches how our algorithm builds a polygonal represetation basedon a
grid map.

4.1.1 Learning an Occupancy Function

A polygonal represetation of an ervironmernt consistsnot only of a set of polygons
that descrike the cortours of all objects. It is also necessarnyjto specify an occupancy
function f ,cc (seeSection3.4). In the caseof extracting an exactpolygonalrepresetation

from an occupancy grid, f..(p;) is set to the correspnding value of the underlying
cell at position (x;y) of the occupancygrid. This is done for ead point p; = (X;Yy).

Assumethat the value of the cell at position (X;y) is unknown. In this case,we set
foce(Pxy) = unknown. Sinceour polygonal appraximations can cortain real valuesas
coordinates, ead coordinate is rounded beforethe value of the correspnding grid cell
is taken on.

4.2 Building Incremental Approximations for
Environments

Sincethe eld of view of ead robot changesin ewery step, the polygonal environmental
model can get out-dated quickly. Accordingly, the polygonal represetation of the ernvi-
ronmert needsto be updated appropriately. Sincethe robots only have a low bandwidth
connection, it is not appropriate to transmit the whole polygonal represetation after
eat update. The ideais to transmit only the incremernal changesto the model. This is
achieved by introducing the constraint, that points that are a part of the current polyg-
onal model of the environment will alsobe part of the updated model. This constrairt,
of course,only holds for those points, which after the update still lie on the corntour of
an inside or outside object.
For further considerationswe introduce somenotations:

P; denotesthe exact polygonal model of the robot's eld of vision at time stept.
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C f

(a) At 1;Pt 1 (b) At 1, Pt (C) At Pt

Figure 4.5: Casel: A vertex of the polygonal appraximation A; 1, which was located
on P; ; is no longerlocated on P; due to newly obsened areas. Figures 4.5
(a)-(c) shav how the appraximation A; ; getscorrected. The dashedarrow
depicts the direction of the robot's movemen.

A denotesthe polygonalapproximation of the exactpolygonalmodel of the robot's
eld of vision at time stept.

The exact polygonal models P; ; and P; can be derived from the robot's eld of
vision easily This is becausethe eld of vision is usually represeted by a grid map.
Our technique presered in Section 4.1 describkes how exact polygonal represetations
can be derived from grid maps.

The key problem s to derive a valid polygonal approximation A; from A; 1, P; ; and
P; whereasA; ; is the last valid polygonal approximation. An approximation A; hasto
ful Il the following propertiesto be valid:

A; only consistsof verticesthat are alsoincludedin P;.
All objects that are includedin P; arerepreseted in A; by at leasttwo vertices.
Verticesof an object in A, are in the sameorder asthey arein P;.

A hasto be similar to P; accordingto a given error criterion.

4.2.1 Deriving A; from A; 1, Py 1, and P;

To update a polygonal approximation A; ; to A; usingP; ; and Py, we distinguish the
following caseqseealso Figures4.5-4.7):

1. Verticesof the polygonalappraoximation A, ; at time stept 1arenolongerlocated
on the exact polygonal represetation P; of the obsened areain the currernt time
stept (seeFigure 4.5), or
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(@ At ;P 1 (b) Ay 1;Py (c) At; Py

Figure 4.6: Case2: All verticesincluded in the polygonal approximation A; ; are part
of Py but the appraximation is invalid due to the big appraximation error.
Therefore, the approximation A; ; hasto be re ned. The processis shovn
in Figures4.6 (a)-(c). The dashedarrow depictsthe direction of the robot's
movemert.

2. P ; canchangein a way to P; sothat all points of the approximation A, ; are
still located on objects of P; but the approximation becomesnadequatefor the
given error criterion anyway (seeFigure 4.6), or

3. in P newobjectsthat arenot includedin A; ; canarise(seeFigure 4.7 (a)-(c)) or
an object cansplit up into se\eral further objects which are not connectedanymore
and which can be cortained in the original object (seeFigure 4.7 (d)-(f)).

To update the appraximation A; ; to A, we mark all verticesthat werepart of objects
of Py 1 in the previousstept 1 but do not lie on P, anymore. After that, we iteratively
discardall points that have beenmarked and connecttheir former neighbors. After this
step, all points that remain part of the new approximation A; are part of objects of P;.

In the next step, we have to identify whether parts of P; ; have split up into se\eral
parts in P;. Two possiblecasesare shovn in Figure 4.7 (a)-(c) and Figure 4.7 (d)-(f).
This is achieved by labeling the vertices of the polygonal appraximation A; ; with the
number (index) of the object on which they weresituated in P; ;. Whenewer two former
neighboring vertices of the polygonal approximation A; ; have di erent labelsreferring
to Py, they are disconnectedby discarding the edgebetween these vertices. To close
all objects of the appraoximation A; again, we trace the underlying cortour P; of eah
vertex v having lessthan two neighbors. The processfor a vertex v stopsif another
vertex w of the sameobject of the underlying cortour is found that alsois part of the
polygonal approximation A; and hasthe sameindex in P; asv. Ead pair of verticesv
and w is connectedand soall polygonsin A; becomeclosedagain. In casev is the only
vertex still lying on the underlying cortour P, a newarbitrary point w of the underlying
cornour is takento closethe appraximation. This is alsodonefor objects of P; that are
not yet approximated by any vertex of the new polygonal approximation Ay.
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(d) At 1;Pt 1 () At 1;Py (f) A¢; Py

Figure 4.7: Case3: A newly raised object of P; gets approximated by A; as shavn in
Figures4.7 (a)-(c). An object of P; ; splits up into seweral new objects that
have to be consideredby the appraximation A; asshown in Figures4.7 (d)-
(f). The dashedarrow depictsthe direction of the robot's movemen.

Figure 4.8: The approximation of the ervironmental model during exploration using a
splitting frequencyof 0.1 segmen splits per step.

After this step, the new and valid polygonal appraximation A; can be re ned using
the Douglas-Reudker algorithm by splitting up edges. Usually, the Douglas-Reuder
algorithm inserts a new vertex having the biggestdistanceto its closestsegmen into
its closestline segmeh Since sets of polygons are used, the edgehaving the biggest
segmeirp oint-distance of the polygonthat hasthe maximum segmetp oint-distance of
all polygonsis, accordingto the original Douglas-Reuder algorithm, split up.

Figure 4.8 shonvs how the approximation processproceedsfor one robot exploring
an unknown ervironmert. White spaceoutside of aswell as unknown spaceinside the
polygonal appraximation denotesinappropriately appraximated terrain.

4.2.2 Occupancy Values of Contours of Approximated Objects

After apllying the stepsdescritedin Section4.2,a polygonalapproximation A; consisting
of a set of polygonsis obtained. Without additional information about the occupancy
of the line segmets of these polygons,the environtal model is worth nothing. This is
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Figure 4.9: This gure shaws a part of an inside cortour being appraximated by a poly-
gon(...,A,B,C,D,E,...)

becauseat would not be possibleto determine occupiededgesand so exploration would
newer stop sincerobots always tried to explore unknown space. To avoid this problem
an occupancy function f . is determined. Occupancy functions were introduced in
Section3.4.

To determine whether an edge e of the polygonal approximation is occupied, the
underlying exact polygonal appraximation Py is traced starting with the rst point p
of the edgee = (pi; Psuce(iy) Of At. Tracing the underlying cortour P; is stopped if the
predecessonf pscciy is readied. If all the points pe betweenp and psyiy have an
occupancy of f.(px) = occupied then we mark the edgee as occupied and thus set
focc(Pi) to occupied. All edgesthat are not occupied are set to a value accordingto
the kind of object they represenh For examplethe outside of an inside object is per
de nition free. As well asthe inside of an outside object is consideredto be unknown
This approad is of courseof approximative nature, sinceit sometimescan drop details.
For example,an edgee of the approximation A; that approximates a part of the cortour
of the exact underlying represetation can consist of occupied and unknown cells. In
this case,the full occupancyinformation for that line segmen cannot be encaled. Our
approad resole this ambiguity by assigningan occupancyvalue in a precautiousway.
In our sense precautious meansthat we prefer unknown valuesto occupied valuesfor
outside objects and free to occupied valuesfor inside objects. In this way, we avoid that
exploration terminatestoo early. This is becausethe robots explorean ambiguousedge
in caseof doubt instead of assumingit as exploredand terminating exploration.

Figure 4.9 gives an examplefor deriving an occupancyfunction. The gure shows a
part of an inside cortour. According to our previous explanation, the edges(A; B),
(C;D), (D;E) would be marked as free and the edge (B;C) would be marked as
occupied. Thusf o (A) = foee(C) = foce(D) = free and f o(B) = occupied.
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4.2.3 Computing Minimum Edit Distances

All polygonalrepresetations are storedin arrays (including the learnedoccupancyfunc-
tion). The polygonal represetations for A; ; and A; usually di er only slightly, since
robots acquire information locally. We are interestedin incremenally transforming an
initial represetation to a currert represemation. This is becausewve transmit incremen-
tal changesto other robots instead of transmitting completeervironmertal represeta-
tions betweenrobots. As a rst step, the data of A; ; arestoredin the array a; ;[1::m]
and the data of A; are storedin the array a;[1::n]

To obtain the edit, delete,and insert operationsthat are necessaryto transform A; ;
into A, the minimum edit distance algorithm (see[44]) is used. The minimum edit
distancealgorithm is basedon dynamic programming and maintains an auxiliary array
edd1::m][1::n] which storesthe edit distance information. Assumethat the eda array
is globally available for Algorithm 4 and Algorithm 5. Algorithm 4 is usedto compute
the edit distancematrix edsbasedon a; ;[1::m] and a[1::n]. Afterwards Algorithm 5is
invoked to determine the necessaryedit operationsto transform the old approximation
A; 1 into A;. Algorithm 5 is invoked with constructEditOperations(m, n, a; 1, &).

Exploration starts with an initial polygonalapproximation Ay. After ead stept > 0,
a polygonal approximation A; is obtained from A; ; by applying the stepsdescriked in
the former section. By applying Algorithm 4 and Algorithm 5 in ead step, a list of
commandsthat descrike how the former polygonal appraximation can be transformed
into the current appraximation is obtained. All thesesubsequetly obtained commands
are storedin a list. Utilizing this list allows to construct the polygonal approximation
of a robot up to a desiredpoint of time. The robots mutually exchangecommandlists
depending on their possibilities for exdianging data with other robots resulting from
given bandwidth and rangelimits. This incremenal data exdiangeenablesthe robots
to integrate ervironmental information of other robots into their own planning maps
without transferring the full approximation at once.

It isimportant to note that data transmissionscanbe interrupted beforethe complete
incremertal approximation has beentransmitted from one robot to another. For this
reason,save points are used. As soon as all edit operations that transform an appraxi-
mation A; i into A; have beentransmitted to another robot, the save point padkageis
ser to this robot. Unlessthe save point padkagearrivesat the receier, the receiwer has
to usethe old appraximation A; ; instead of the partially transmitted recen approxi-
mation A;. In this way, we avoid that an approximation gets broken by only partially
carrying out the necessaryransformation commands.

4.3 Line Simpli cation

As descrilked in Section 4.2, we have to be able to re ne appraximations of cortours
and objects during the exploration process. Sincewe work with polygonal approxima-
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Algorithm 4 computeEditDistanceArray(array a; 1[1::m], array a[1::n])
1: for i = Oto m do

2. eddi][0] = i;

3: end for

4: for i = 1ton do

5. eddO]Qi] = i;

6: end for

7: for i = 1to m do

8. forj=1tondo

9: if eddi 1]j]+ 1< eddi]] 1]+ 1lthen
10: eddi][j] .= eddi 1]j]+ 1;
11: else

12: eddi]j]:= eddi]j 1]+ 1,
13: end if

14: if a 1[i 1]6 &} 1]then
15: cost:= 0O;

16: else

17: cost:.= 1;

18: end if

19: if eddi 1] 1]+ cost< eddi][j] then

20: eddi][j]:= eddi 1]j 1]+ cost
21: end if

22: end for

23: end for

tions we can use standard techniques for line simpli cation. Se\eral techniques have
beenproposedto reducepolygonsconsistingof originally n verticesto similar polygons
consisting of a subsetof m vertices. Hedkbert and Garland [24], as well as Buzer [10]
survey thesemethods. Sincemethods that selectpoints for the appraximation from the
neighborhood of the input points can not re ne approximations in a recursive manner
by splitting edges,we don't considerthem. We only considermethods that permit re-
ning approximations by repeated edgesplits without replacing verticesin the caseof
an unchanged eld of vision. This way, we can save bandwidth whenthe eld of vision
only changesslightly which is the standard casebecauserobots only update their eld

of vision locally during exploration.
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Algorithm 5 constructEditOperations(irt i, int j, array a; 1[1::m], array a/[1::n])
1:if i = 0andj = Othen

2. return;

3: end if

4:if i6 Oandeddi][j]=eddi 1]j]+ 1then

5. deleteafi 1];

6: constructEditOperations( 1,),a 1,&);

7. elseif | 6 Oandeddi]j] = eddi]] 1]+ 1then
8: inserta] 1]aftera; q[i 1];

9: constructEditOperations(,j 1la 1,&);

10: else
11:  if afj 1]16 & 1[i 1]then
12: replacea; ([i 1]with &[] 1];

13:  end if
14. constructEditOperations( 1} la; 1,&);
15: end if

4.3.1 Determining a Suitable Line Simpli cation Algorithm

Among line simpli cation methods selectingpoints from input points, we candistinguish
betweenexact and heuristic methods. Exact methods deliver solutionsthat are optimal
due to someerror criteria and metric but are consideredto be slon. Heuristic methods
generateappraximations of lower quality but are consideredo be fast [24]. Sincerobots
operatein realworld scenarioswe haveto avoid expensive computations. Time complex-
ity of line simpli cation methods strongly dependson the usederror criteria. Buzer [10]
shows that for the minimum width and minimum height error criteria time complexity
of the exact solution is O(nlogn) and thus subquadratic. Anyway, other error criteria
are supposedto be better, sinceminimum width and minimum height methods lead to
inadequateappraximations and have disappearedfrom citations as Buzer remarks [10].
Optimal algorithms for more suitable error criteria are at least quadratic so that we
prefer heuristic methods for better error criteria to exact methods for inadequateerror
criteria. The minimum segmen distanceerror criteria has proven to be one of the best
error criteria. Seeral algorithms have beenproposedfor this error criteria. The most
famous algorithm is the Douglas-Reudker algorithm. It is a heuristic method that is
consideredto deliver high quality approximations. Wu et al. remark [62]:

From detailed study of mathematical similarity and discrepancymeasures
the Douglas-Reuder algorithm is pointed out asthe most visually e ective
line simpli cation algorithm [...].

Time complexity of the original algorithm presemed by Douglas and Peuder [17] is
O(nm). An improved version hastime complexity of O(nlogn). It hasbeenproposed
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Figure 4.10: Successi® re nement steps of the Douglas-Reuder algorithm (from left
to right). The appraximation (solid line) of the original polygonal shape
(dashedline) getsbetter step by step.

by Hershhergerand Snaeyink [25].

For the problemof nding an optimal solution to the line simpli cation problem using
the minimum segmehn distanceerror criteria exact solutions are existing. Melkman and
O'Rourke [39] describe an algorithm taking O(n?logn) time. Even a subquadratic opti-
mal algorithm taking for any > Otime in O(n3* ) for the minimum segmeh distance
error criterion hasbeenpublishedby Agarwal and Varadargjan [1]. But the major draw-
bad of this method is that it usesmanhattan distances(L ; metric) instead of euclidian
distances.Neither Agarwal and Varadargjan nor anyone elsehasyet beenableto apply
their approad to euclidian distance measures.Sincethe proposedalgorithm usesmore
complexdata structuresthan the Douglas-Reudker algorithm, the implemertation of this
algorithm will be more error-pronethan the implemertation of the Douglas-Reuder al-
gorithm. We needrobust algorithms in robotics and since Agarwal's and Varadargan's
algorithm additionally delivers suboptimal solutionsin respect of the euclidian distance
measure we prefer to usethe Douglas-Reudker algorithm.

4.3.2 Douglas-Peucker Algorithm

The basic Douglas-Reuder algorithm is a greedy algorithm based on recursion. It
starts with an initial approximation cortaining only the rst and the last vertex of
the polygonal line (vyi;:::;vy) to appraximate. Then, it re nes the current approx-
imation in ead step by splitting an edge until the desired quality of the approxi-
mation is readied. Algorithm 6 shaws a basic version of the Douglas-Reudker Algo-
rithm. The algorithm usesthe function d(p;e). This function computesthe segmenh
distance for a point p and an edgee = (va;Vp). The function d(p;€) is computed as
d(p;€) = min(dist(p;vy);dist(p;Vv.); dist(p;€%)) wherease’ denotesthe straight line in-
cluding e. The function dist takes as argumerts two points or a point and a stright
line and returns the distance of thesetwo objects. Figure 4.10 shovs how the Douglas-
Peudker algorithm proceeds.

In our approad, we use polygonsinstead of polygonal lines. Therefore, we cannot
apply the Douglas-Reuder algorithm directly. Instead of modifying the Douglas-Reuder
algorithm, we preprocessits input. We selecttwo di erent vertices of the polygon
and split the polygon into two polygonal lines that share two vertices. For eat of
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Algorithm 6 Douglas-Reudker algorithm
1. Start with aninitial approximation A = (vq; Vvy,) of the polygonalline P = (vq; 5, V).

2: rep eat

3 current -= 0;

4: for all edgese= (Vk; Vsuce(k)) Of A do
5: for all i with k < i < sucdk) do

6: if d(vi;e) > current then

7 current == d(Vi; €);

8: splitS ed dx := k;

9: insertPtl dx := i;

10: end if

11: end for

12:  end for

13:  if current > O then

14: Insert Vinser tP I dx from P betWeenVspIitS egl dx and Vsucc(splitS egl dx) in A;
15:  end if

16: until Quality of the approximation A is su cien t;

thesepolygonal lines we can independerly compute appraximations with the Douglas-
Peudker algorithm. After we found two suitable approximations we mergeboth of these
by connectingthem to eadt other. Thereforewe connectthem at the two idertical points
they share. SeeFigure 4.11for an example.

Another major advantage of the Douglas-Reuder algorithm is that it can be usedto
approximate a set of polygonsand that the appraximation processcan additionally be
steeredby a value function. Thus, we canre ne the approximations of a setof polygons
by re ning the mostvaluableedgesacrossmultiple polygons rst. Therefore,we are able
to easily adapt the appraximation processby changing the value function. To adieve
this we have to maintain a data structure that tells us which part of which polygon's
approximation leadsto the biggestvalue gain. For this purpose,we maintain a priority
gueuethat allows usto selecta polygon's edgewhosere nement seemsmost valuealel.
After having removed this edgefrom the priority queue,we apply one function call of
the Douglas-Reuder algorithm to this edgee. When further re nement for an edgeis
not possiblethe approximation processends. If we are able to further re ne the edge,
we obtain two edgese; and e, that re ne e. For eat of theseedgeswe compute their
value by applying the value funtion. After that, we store thesenew edgesn the priority
gueue. Now we selectthe next by now most valuable edgefrom the priority queueand
processit aswell asbefore.
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Figure 4.11: The gure shavsthe polygonbeforeit is split into two polygonallines (left),
after it is split into polygonal lines that are appraximated independerly
(middle) and after both appraximations have beenmergedat their former
split points (right).

4.4 Multi-Rob ot Exploration

Our approad to multi-rob ot exploration is basedon the approad preseted by Bur-
gard et. al [9]. In our approad, we usegrid mapsasdescritedin Section3.2to explore
unknown ernvironmerts. To explorean ervironmert, ead robot maintains two kinds of
grid maps. It maintains a self-exploredgrid map and a planning grid map. The self-
exploredgrid map cortains only data that the robot hasperceived with its own sensors.
The planning grid map is derived by integrating the data of the self-exploredgrid map
into the planning grid map aswell as by mergingthe data that the robot has obtained
from other robots (polygonal appraximations) into the planning grid map. How the
construction processof the planning grid map works in detail is descriked in Section5.2.

The robot selectstarget points basedon the information cortained in the planning
grid map. A target point is a location in the map to which the robot will move during
the next steps. If an environmen is explored, we are especially interested in frontier
cells. This is becausenoving to cellsthat only have known neighbors usually revealsless
information about the environment to explorethan moving to a frontier cell. A frontier
cell is an explored cell having at least one unknown neighbour cell. Additionally, the
robot must be able to read this cell. Formally, we denotethe frontier of an occupancy
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grid O = (M goc) fOr robot r as

F(M;r)=f(x;y)2M | reachabi((x;y);r) " Guec((X;y)) = freen
(Goce((X + 1;y)) = unknown
_ Gocc((X 1;¥)) = unknown
Oocc((X; ¥y + 1)) = unknown

Gocc((X; Y 1)) = unknown)g; (4.2)

[S—

whereasthe predicate reachabé denoteswhether there is a path from the position of
robot r to the given cell (x; y) in the occupancygrid.

When robot movesto a frontier cell of the grid map, it obtains further information
about the environmert sothat unknown parts of the areaget known. Usually this causes
former frontier cellsto vanish and new frontier cellsto emerge. The ervironmen gets
exploredby sucessigly visiting all frontier cellsthat occureduring exploration.

In casethesecellsare visited randomly, exploration is very ine cien t. This is because
it takestime to move the robot from one cell to another cell. The farther a cell is away
from the robot the longer it takesto read this cell. Therefore, frontier cells should
in common be selectedlocally to reduce exploration time. Since robots reveal world
knowledge step by step during exploration, we can not compute optimal exploration
paths in respect of exploration time. Thus, we use a greedy strategy where a robot
selectsthe closestfrontier cell rst.

In exploration scenarioswith multiple robots, further problemsarise. Seeral robots
can head for the sameor neighboring frontier cells what leadsto worse results since
areasare explored redundartly. To avoid this, we introduce the concept of utilities.
This conceptassignsa utilit y to ead cell that dependson the number of robots that
move towardsthis cell. The utilit y assignedo the cellis loweredwith ead robot heading
for it or for a cell closeto it.

To selecta frontier cell, costs for reading the cell have to be traded o with the
utilit y assignedo the cell. In the following sections,we descrile how costsand utilities
of frontier cellscan be computedand how target points are nally selected.

4.4.1 Computing Costs

To compute the costsfor reading all frontier cells from a given robot's position, the
shortestpath from the robot's position to the frontier cellis computed. To adiewve this,
we usea deterministic variant of the valueiteration. The basicideabehindthis approath
is to assignthe cost V,., for reading a cell (x;y) from the robot's current position to
eath free cell of the grid map. The costsfor reading a cell from a robot's position
are equalto the length of the optimal path from the robot's position to this cell under
the euclideandistance metric. Algorithm 7 shows how the value iteration proceeds.In
a rst step, the cost matrix is initialized with start valuesand afterwards eat cell is
updated with the value of its best neighbor plus the cost for reading this neighbor.
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The algorithm cornvergessince costsfor traversing cells are not negative and sincethe
ervironmert is bounded.

After the value iteration corverged,shortest paths from the robot's position to arbi-
trary frontier cells can easily be computed. We start at an arbitrary frontier cell and
proceedby doing a steepest asceh consideringthe cost or also called value function V
until the robot's position is readed.

Algorithm 7 valuelteration

1: for all grid cells(x,y) do

2. Vyy =1,

3: end for

4: V. y, = 0, where(X;;y;) denotesthe position of the robot;

5. rep eat
6: for all grid cells(x,y) do
7: (*) Viy = minfViy oy ¢+ X2+ y?j
X; y21f 1,0,19" gocc((X+ X;y+ y)) = freq;
8. end for
9: until no value V., changed;

To compute paths for cortinuous conceptsof explorednesghe line marked with (*)
hasto be replacedby by:

pi
Viy :i=min f Vig yoys ¢+ X2+ Y2 Gocd(X+ X ¥+ Y) ]
X; y2f 1,0,19" 0< Qoee((X+ X;y+ Y))  0CGuaxQ; (4.3)

The new commandusesa cortinuous occupancyfunction g... and assumeshat costs
for moving through the grid cell are proportional to its occupancyvalue. In the update
processof the value iteration, only cellswith an occupancyvalue of at most 0cG,.x are
consideredsincecellswith a highervalue are assumedo be not traversableby the robot.

This extensionallows to incorporate uncertainty in an e cient manner. Unlike our
extension,the standardvalueiteration [49] treats the robots' actionsasnon-deterministic
what leads to signi cantly longer computations since corvergenceis slowver. In our
approad, we can incorporate uncertainty by smoothing a robot's planning map with
a Gaussiankernel. The result is similar to using the non-deterministic approad since
robots are punishedfor moving closeto objects or for moving through narrow corridors.

4.4.2 Computing Utilities

To compute utilities for frontier cells we use the approat presemed by Burgard et.
al [9]. In this approad, we are not estimating the information that can be gathered
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by moving to a particular cell, becausethis dependson the structure of the areain
which the cell is situated. Instead, the approad considersa frontier cell for a robot
to be lessvaluableif this cell or its near surrounding is approaded by another robot.
This is becausethe sensorof a robot also gathersinformation about the surroundings
of its target cell what leadsto a reducedutilit y of the surrounding frontier cells. This
iIs becauseit is very probable that robots moving to neighboring targets would gather
redundart information.

We estimatethe expectedutilit y of afrontier cell basedon the distanceto and visibility
from cellsthat are assignedo other robots. We assumethat ead frontier cell t hasthe
utilit y U, in the beginning. As socon asa target point t°is selectedby a robot, the utilit y
of all cellsin the vicinity of t°is reduced. This is doneaccordingto the probability P (d)
that the robot will cover cellsin distanced of t°. To estimateP (d), a posterior estimating
the distancesto be measuredcan be maintained and updated during exploration.

Sinceead cell t in distanced to the target location t°is coveredwith probability P (d)
by the sensorof the robot if the robot reacest® we can computethe utilit y of a frontier
cellt, giventhat cellsty;::;t, 1 have already beenassignedas follows:

X 1
U(thjty; ity 1) = U, P(kt, tKk): (4.4)
i=1
Equation 4.4 is alsocapableof handling obstaclesbetweenfrontier cells. This is achieved
by setting P(kt t°k) to zeroif there is an obstaclebetweentwo targets. Equation 4.4
guarti es the utilit y discourt that is introducedif seweral robots have choosentargets
lying closeto t,. A target t,, getslessusefulwhen multiple robots have choosentargets
neart,.

Burgard et al. recommendusing an approximation for P (d) instead of calculating the
exact posterior sincethey did not nd a signi cant di erence betweenthe exploration
times of the correct and the appraximated posterior. Equation 4.5 denotesthe used
appraximation for P(d) where max_distance denotesthe maximum laser range of the
robot's laserscanner:

1.0 —3 - if d< max.distane

max _distance

P(d) = 0:0; otherwise

(4.5)

4.5 Multi-Rob ot Coordination

A certral task in Multi-Rob ot Exploration is to coordinate the exploring robots in a
way in that they do not explorethe sameareasredundartly. Therefore,costand utilit y
have to be traded o. Costand utilit y aretraded o [9] by applying the formula

Ui & (4.6)

This formula denotesthe cost and utilit y trade-o for robot i and target point t. The
factor denotesthe relative importance of utilit y versuscost in the trade-o formula.
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Exploration time stays nearly constart for -valuesin the range of [0:01; 50] according
to Burgard et al. [9].

Burgard et al. proposeda team-cenralized medanism for coordinating teams of
mobile robots. A team in their senseis a set of robots that is able to commnunicate in
a transitive manner during at least one comnunication step. In their approad, they
maximize the overall trade-o for eat team of robots. It is important to note that all
robots in a team sharethe sameinformation about the environmern.

Since we work with polygonal approximations of ervironmerts that are combined
with the data of self explored maps, we can not apply this approad of coordination
anymore. This is becauseaall robots have slightly di erent maps. The degreeof diversity
of the maps depends on the quality of the polygonal appraximation. The problems
get worsewhen we are operating under low bandwidths with a limited communication
range. In this case,all team memberswould maintain a signi cantly di erent model of
the environmert. For thesereasonswe can not apply a team-certralized coordination
medanism.

4.5.1 Decentralized Coordination

In our approad, we use a decertralized coordination. This coordination medanism
abandonsthe conceptof a team usedfor robot coordination. But anyway, the targets
chosenby other robots are takeninto consideration. In our approad, ead robot broad-
castshis chosentarget to all other robots that arein comnunication range. Eac robot
maintains a table for other robots' targets. Each robot updatesthis table on receiving
a broadcastedtarget of another robot. When a robot choosesa target, it incorporates
all the other targets storedin its table. In a rst step, the utilities of frontier cellsnear
other robot's targets are discourted. In the next step, the robot trades o cost and
utilit y for all frontier cellsand nally selectsthe frontier cell t as new target that has
the maximum trade-o value U; V;. As soon as a robot has selecteda new target
the robot broadcaststhis target to all other robots in communication range. In the
team-cenralized approad, a broadcastof the selectedtargets was not necessarysince
all robots executeddeterminedalgorithms on identical data which leadsto idertical re-
sults. Soead robot is able to computethe targets of all other robots. Sincethe robots
in our scenariohave di erent information about the ervironmernt, robots cannot predict
which targets the other robots will choose. Thus, broadcastingtargets is necessary
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Exploration

In this section,we presen techniquesthat have especially beendeweloped for multi-rob ot
exploration under a bandwidth limited comnunication link. In Section5.1, we presen
the comnunication model our approad is basedon. Besidesthe communication model,
it is descriked how the approximation quality can be cortrolled and how incremenal
environmental models can be exchanged. One of the certral issuesin exploration un-
der a bandwidth limited commnunication is to mergethe approximative ervironmental
models of se\eral robots. We dewloped a technique that allowsto mergeervironmental
represemations (seeSection5.2). We descrile how ambiguities that usually occure can
be resohed by our approad. In Section5.3, we descrite how the key parameter that
determinesthe quality of our approximative environmental models can be determined
by consideringthe main parameters(e.g. number of robots, bandwidth, commnunication
range) of an exploration scenario. Finally, in Section5.4, we shaov how all of the pre-
serted techniquescan be conmbined to obtain an e cien t and deceitralized algorithm for
multi-rob ot exploration under a bandwidth limited commnunication link.

5.1 Communication Model

The comnunication model on that we baseour work assumegoint to point connections
betweenrobots that are establishedvia a broadcastmedium. All robots exploring an
ervironmert sharethe bandwidth of the broadcastmedium. This is even the casefor
groups of robots that can not commnunicate with ead other. Whenewer two robots
communicate, the overall bandwidth available for the current commnunication step is
reduced. Therefore,our model overestimatesthe real bandwidth usage.This makesthe
results of our experimerts even more meaningful.

If the number of robots is increasedthe amourt of data that a singlerobot is allowed
to transmit decreasesSowith anincreasingnumber of robots the quality of ead robot's
approximation hasto be reducedto save data for transmitting approximations.

5.1.1 Steering Approximation Quality

Ead robot maintains a polygonal approximation of its ernvironment as descriked in
Section3.4. This appraximation hasto bere ned frequerily accordingto the underlying
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5 Bandwidth Limited Multi-Rob ot Exploration

exact polygonal represetation asdescrited in Section4.2. After A; ; wastransformed
into a valid appraximation A, accordingto Py, the newapproximation A; canbe re ned.

The key parameter to determine the quality of a polygonal appraximation is the
splitting frequency The splitting frequencydenoteshow often per step a robot re nes
line segmets of its polygonal appraximation. A stepin our sensedenotesa complete
run of the while loop of Algorithm 10 presertied in Section5.4. For example, assume
that the current splitting frequencyis 0.2. In this case,the Douglas-Reudker Algorithm
is applied in ewery fth step. Therefore,the line segmen having the maximum overall
segmehn distance of the appraximation A; is split up accordingto the exact polygonal
model P; extracted from the currert grid map of the consideredrobot.

By increasingthe splitting frequency the amourt of data that the polygonal approx-
imation A; of a robot requiresincreasesas well as the bandwidth required to transmit
the appraximation to other robots.

5.1.2 Exchanging Environmental Mo dels

The basicidea of our approad is that ead robot builds an incremeral approximation
of its self-exploredmap. The self-exploredmap is a grid map in which a robot stores
only the data that it perceived with its own sensors.If eat robot built mapsbasedon
appraximation data obtained from other robots, the problem of exponertiating appraxi-
mation and odometry errorswould arise. This is becauseobots are steadily exdhanging
and integrating other robots' data and thus error-potentiating comrmunication loopscan
quickly occure.

It is not sucient that eat robot transfersincremenal parts of its approximation
to all other robots with which it can comnunicate during exploration. This is because
direct commnunication links betweentwo robots are more unlikely than transitive com-
munication links. This can result in a suboptimal information ow. A simple example
shows this problem. Assumethat three robots A; B and C explorean ervironment mov-
ing on parallel lines sothat A is on the left line, B is on the middle line, and C is on
the right line. Further assumethat only the pairs (A; B) and (B; C) can communicate
directly. In this scenarioB would know the approximation of the self-exploredmap of
A and C but A and C would only know the self-exploredappraximation of B's map. So
the fault toleranceof the systemwould be better if all robots sharedthe samedata. If
robot B broke down, ead of the other robots would have to explore the other robot's
self-exploredareaor would have to exchangeall data whenthey would be able to com-
municate later in the exploration process. In both cases,exploration time is likely to
increase.

For this reasonwe baseour approad on a transitive commnunication model. To en-
able sud a kind of comrrunication, ead robot storesits and other robots' incremenal
approximations. Usually a robot only knows other robots' incremenal approximations
up to a certain degreeas Figure 5.1 illustrates. To transfer approximations to other
robots, eat robot hasto know up to which degreet an incremertal appraximation A;
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R1Map 1 I 100%
Map 2N 30%
Map 3] 50%

R2Map 1l ] 80%
Map 2 N 100%
Map 31 40%

R3Map 1] 10%
Map 2 60%
Map 3l 1100%

Figure 5.1: Examplefor threerobots R1, R2, and R3 maintaining anincremenal approx-
imation of their own ervironmernt and of other robots' ervironmerts. The
percenagesbesidesthe gures denoteup to which degreea certain erviron-
mertal appraximation is known to a robot. Map i denotesthe incremenal
appraximation of robot RIi.

has already been sent to another robot r. Therefore, it maintains a table where the
rows denotethe robots and the columnsdenotethe ervironmental appraximations. The
entry of acellin this table denotesup to which degreet an approximation hasbeensen
to which robot. This table is updated whene\er the robot tries to senddata to another
robot.

This table is necessarybecauseit reducesthe probability that a robot attempts to
transmit data that the receiver already knows. So, the number of handshales can be
reduced. Beforea robot A sendsdata of a certain approximation to anotherrobot B the
receiver B sendsan index to the senderA. This index denotesthe number of the last
data unit of the incremenal approximation that the receiver B knows. SoA only starts
sendingwhenthe receied index is smaller than its own highestindex of the considered
ervironmertal represetation. Evenwhenno data are sen, the table storing the indices
expressingup to which degreean approximation has beentransmitted to other robots
is updated.

Algorithm 8 showns how the transmission of an incremerial appraximation for one
robot proceeds.

5.2 Merging Multiple Environmental Mo dels

A key problem to be solved during exploration with multiple robots is to merge envi-
ronmertal represetations of di erent robots. This is a very challenging problem since
information obtained from multiple robots can be cortradictorily . Figure 5.2 points this
problem out. Here three robots have di erent opinions about the appraximative repre-
sentation for the sameobject they obsened. This problem is very common. It results
from exdanging approximative ervironmertal represetations, inaccurate localization,
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5 Bandwidth Limited Multi-Rob ot Exploration

Algorithm 8 Transmit an approximation.
1. Compute the set R of robots in communication range.
2: while (1= 1) do
3:  Remove all robots from R for which the current robot hasno new information.
rep eat
if another robot wants to senddata to the currernt robot then
receive data and proceedas speci ed by the comnunication protocol.
end if
if communication step is over then
return;
10: end if
11:  until mediais accessible;
12:  Opencommnunication with an arbitrary robot r 2 R.
13:  Selectan incremertal appraximation to transmit.
14:  Transmit data accordingto the speci ed comnunication protocol.
15: end while

© N2 gR

and di erent trajectories.
We deweloped an algorithm that is basedon the following idea:

1. We assumethat self exploreddata is most relieable.

2. Every unknown arearesulting from outside objects of a polygonal approximation
is consideredo be freeif it hasnot beenobsened by all other robots that explored
this area.

3. Occupiedand free boundariesare newer overwritten by unknown cells.

We assumethat selfexploreddata is morerelieablethan data derived of polygonal ap-
proximations. This is becauseselfexploreddata are not derived from possiblyinaccurate
polygonal approximations but by the sensorsof the robot.

The secondprinciple exists becauseexploration of all other robots can sewerely be
delayed when onerobot has not fully exploredan object. To seethis problem assume
that three robots A; B and C explore an ernvironment. Assumethat A has explored
the full map already but is only missingan object inside of the exploredarea. Further
assumethat both of the other robots B and C have not fully explored the remaining
environmert yet, but have perceptionsof the object that is missingin the approximation
of A. Assumethat B represets the object as shavn in Figure 5.2(c) and C represets
the object asshavn in Figure 5.2(d). Note that the knowledgeis su cient to terminate
exploration sinceC hasthe desiredinformation about the object. In our case,B would
causethe exploration time to rise when A would not eliminate unknown cellsthat are
not includedin all appraximations of robots that have exploredthis area. Time increases
becauserobots would head for these unknown cells, even if another robot had already
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5.2 Merging Multiple Environmental Models

@ (b) (© (d)

Figure 5.2: This gure shows how di erent polygonal approximations of multiple robots
can be for the sameobject. The left image shaws the original object. The
other imagesshawv the robots' individual polygonal approximations for this

object.

Figure 5.3: This gure shavshow arobot would mergethe two polygonalappraoximations
shown in Figures5.2(c) and 5.2(d).

explored them. Figure 5.3 shovs how A would merge both approximations obtained
from B and C correctly.

The thrid principle is applied becausdreeand occupiedboundariesof objectsaremore
relieablethan unknown cells. This is becauses\very unknown cell resohesinto occupied
or free space.Sothe free or occupiedboundariesencale more speci ¢ information and
have a higher priority for this reason.

Algorithm 9 shows in detail all ambiguities resulting from seweral polygonal approxi-
mations are resoled. The algorithm has beendesignedcarefully and turned out to be
very relieable. The algorithm allows a robot to compute its planning grid map. The
planning grid map is used for determining target points. This map can be derived
by merging all polygonal approximations obtained from other robots and by comnbin-
ing these merged polygonal approximations with the self explored grid map. The self
exploredgrid map only cortains data that were perceived by the robot itself.

To clarify how the algorithm works, we give a comprehensie examplewith three robots
exploring the ervironment showvn in Figure 5.4(a). We shov how robot 3 conbines
its self-exploredgrid map that is showvn in Figure 5.4(b) with the approximations of

51



5 Bandwidth Limited Multi-Rob ot Exploration

Algorithm 9 Merge Environmertal Models of all other robots with the self explored
map of a consideredrobot

1: Initialize the robot's planning grid map with unde ned cells.

2. for eat polygonal approximation A obtained by another robot do

3:  Renderoutside objects lled with unknown cellsto the planning grid map.

4: end for

5. for ead polygonal appraximation A obtained by another robot do

6: Renderthe cortour of the outside objects to the planning grid map by generating
occupied cells for occupied edgesand unknown cells for unknown edgeswhereas
unknown edgesnever overwrite occupiedcellsin the planning grid map.

7. end for

8: for ead polygonal appraximation A of another robot do

9: for all cells(x;y) of the planning grid map lying inside of the inside cortour of
the approximation A do

10: if cell at position (x;y) is marked as unknowvn and is not cortained in any

outside object of A then

11: Mark the cell (x;y) of the planning grid map asfree.

12: end if

13: if cell at position (x;y) is marked asunde ned then

14: Mark the cell (x; y) of the planning grid map asfree.

15: end if

16: end for

17: end for

18: for ead polygonal approximation A of another robot do

19:  Renderthe cortour of the outside objects to the planning grid map by generating
occupiedcellsfor occupiededgesand free cellsfor free edges.

20: end for

21: for ead cell (x;y) of the planning grid map do

22: if cell (x;y) is unde ned then

23: Mark cell (x; y) asunknown.

24: end if

25 if cell (x;y) of the selfexploredgrid map is not unknown then

26: Overwrite the occupancyvalue of cell (x; y) of the planning grid map with the

occupancyvalue of cell (x; y) of the self exploredgrid map.
27:  end if
28: end for
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5.2 Merging Multiple Environmental Models

robot 1 and robot 2. Figure 5.5(a) and Figure 5.5(c) show the self-exploredgrid mapsof
robots 1 and 2. The approximations the robots derived from this grid maps are shavn
in Figure 5.5(b) and Figure 5.5(d). In the gures, a white areasdenotefree, gray areas
denoteunknown, and bladk areasdenoteoccupiedcells. The hexagonpattern standsfor
unde ned grid cell values.

The processof deriving the planning grid map for a robot (in our casefor robot 3)
can be subdivided into v e crucial steps:

1. In a rst step, all unknown spaceencompassedy outside objects is addedto the

planning map that was initialized with unde ned valuesas Figure 5.6(a) depicts.
In our case,the unknown areasof the approximations of the outside objects circle,
rectangleand star of robot 1 were added. They are shown in Figure 5.5(b). Fur-
thermore, the unknown areasof the appraximations of the outside objectsrectangle
and curved object of robot 2 were added. They are shavn in Figure 5.5(d).

. In the next step all boundariesof outside objects of all approximations are added
to the planning map. In our case, the boundaries of the outside objects of
robot 1 and 2 were addedto the planning map as Figure 5.6(b) depicts.

. In this step, the inside cortour of all approximations is integratedinto the planning
map. Additionally, unknown cellsare marked asfreespace.This is done,if the cells
are not included in one of the outside objects of ead inside object encompassing
all theseobjects. This meansthat an unknown areafound in an approximation
is only treated as unknown if all other robots that also have obsened this area
have the oppinion that this areais unknown. Otherwise, an increasedexploration
time for merging robots' appraximation errors into the planning map would be
tolerated.

Figure 5.6(c) shovs how the planning map looks like after processingthe approxi-
mation of robot 1. While processingthe appraximation of robot 2, unknown cells
not enclosedin the approximation of robot 1 (this was the casefor a part of the
triangle that resulted from the appraximation of robot 2) were converted to free
cells. Additionally, unde ned cellslying inside of the inside cortour were corverted
to free cells.

Figure 5.6(d) shavs how the planning map looks like after processingthe approx-
imation of robot 2. While processingthe appraximation of robot 2, unknown cells
not enclosedin the approximation of robot 2 (this was the casefor a part of the
triangle that resulted from the appraximation of robot 1 and for parts of the star
shaped object) were corverted to free cells.

In both steps,unde ned cellslying inside of the inside cortour were corverted to
free cells. This is becausethese cells have beenexplored already and are neither
occupiednor unknown. If they wereoccupiedor unknown, they werepart of inside
objects and thus not marked as unde ned.
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(a) Complete ervironment (b) Environment explored by
robot 3

Figure 5.4: Figure 5.4(b) shaws the self-exploredgrid map of robot 3 that is navigating
in the environmernt depictedin Figure 5.4(a).

4. In this step, the boundary of the inside object of all approximations is addedto the
planning map. In our case,the boundariesof the inside objects of robot 1 and 2
were addedto the planning map as Figure 5.6(e) depicts.

5. In this last step, the exact self-exploredgrid map is integrated into the planning
map. Whenewer an occupied or free cell occuresin the self-exploredmap it is
overwritten by the accordingcell in the planning map. Finally, unde ned cellsare
converted into unknown cells.

Figure 5.6(f) depictsthat combining the self-exploreddata of robot 3 with approxi-
mations obtained from robots 1 and 2 canleadto good appraximations. Therefore,
the seart spaceof robot 3 is drastically reducedby integrating other robots' ap-
proximations. In our example,there are only four unexplored areasleft. Thus,
exploration can proceedin a strongly focussedway.

Even in caserobots would stop moving, appraximations could get better over time.
This is becauseeadt robot re nes its ervironmental appraximation in ead step and
transmitts this approximation to other robots. Therefore,the missingoccupiededgein
Figure 5.6(f) of the appraximation of the star-shaped object would appear as scon as
robot 1 re ned the polygonal model of this object. To get a visual impressionof our
simulator and especially of the information mergingtechnique, seeAppendix A.
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L1 [—

EK |
(@) Environment explored by (b) Approximation of robot 1
robot 1

L1 C—
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(c) Environment explored by (d) Approximation of robot 2
robot 2

Figure 5.5: This gure shows the self-exploredmaps (left) of robot 1 and 2 navigating
in the environment depicted in Figure 5.4(a). The gure also shows the
approximations that robots 1 and 2 derived from their self-exploredmaps

(right).
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(a) After rendering all outside ob- (b) After rendering the contours of

jects of all approximations (lines 1- all outside objects of all approxi-

4 of Algorithm 9). mations (lines 5-7 of Algorithm 9).
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(c) After processingthe approxi- (d) After processingthe approxi-
mation of robot 1 (lines 8-17 of Al- mation of robot 2 (lines 8-17 of Al-
gorithm 9, 1st pass). gorithm 9, 2nd pass).
= =

=
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(e) After rendering the contours of (f) The nal planning map af-
all inside objects of all approxima- ter adding the self-explored data
tions (lines 18-20of Algorithm 9). of robot 3 (lines 21-28 of Algo-

rithm 9).

Figure 5.6: Robot 3 derivesits planning map basedon the environmental represetations
obtained from robots 1 and 2 (seeFigures5.5(b) and 5.5(d)) and on its self-
explored map (seeFigure 5.4(b)). Changesto the former step have been
marked with red arrows. Red arrows pointing to free spaceindicate that free

56 spacehas beenadded.
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5.3 Determining a Suitable Splitting Frequency for a
Given Bandwidth

Sincewe operate under limited bandwidth, we have to be able to steerthe amourt of
data gereratedby building polygonalappraximations of the exploring robots' grid maps.
There are two cortradictory targets that occure when we try to minimize exploration
time under limited bandwidth: One target is to build accurateappraximations. This is
becausea better model of the environment leadsto lower exploration times. Another
target is to exdhangeapproximations quickly. The reasonfor this aim is that the earlier
a robot getsupdatesof other robots' appraximations the lessredundart work it carries
out. Thesetwo targets are not cortradictory in a scenariowith unlimited bandwidth.
But limiting bandwidth and introducing comnunication rangelimits makesboth of these
targets cortradictory. This is becausemore accurateappraximations produce more data
that can often not be exchangedfully. The reasonfor this is that robots often only can
communicate for short periods and that they cannot transmit the completeapproxima-
tion in this period. Thus, it canbe better to createmore coarsegrained appraximations
sincethey canprobably befully transmitted during the occuringcomrmunication periods.

The key parameterto determineapproximation quality is the splitting frequency(see
Section4.2). This parameter determineshow many segmen splits eat robot carries
out per action step.

In the following, a formula will be derived for determining appropriate splitting fre-
guenciess. This formula shouldincorporate all parametersthat in uence the bandwidth
usagegiven our commnunication model speci ed in Section5.1.

To derive sut a formula, the parametersthat canin uence the bandwidth usagehave
to be determined. The following parametersare considered: The available bandwidth
b per action step, the number of robots r, the probability that at leasttwo robots can
commnunicate in an action step p.omm, and the averageamourt of data d produced by
eah segmehn split.

The basicideato derive sut a formula is that the overall available bandwidth B must
equalthe overal trac generatedD. The overall available bandwidth B dependson the
available bandwidth per action step b and on the probability p.omm that at least two
robots can comnunicate as well as on the number n of action stepscarried out. It is
obvious that

B=Db pcomm N: (5.1)

The reasonfor multiplying the bandwidth b available per stepwith the probabiliy pcomm
is that the e ective bandwidth is lowered when no robots can comnunicate. For ex-
ample pmeet = 0:25 meansthat a comnunicatoin link betweentwo robots can only be
establishedin ewery fourth step. Sincethe remaining three stepscan not be usedto
transfer data, the e ective data rate is reducedto b p,omm. TO Obtain the overall avail-
able bandwidth the e ective bandwidth per step hasto be multiplied with the number
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5 Bandwidth Limited Multi-Rob ot Exploration

of stepscarried out. This resultsin
B=Db pcomm N: (5.2)

Now the overal amourt of trac generatedby r robots is computed. Aassumethat eah
segmen split causesa data amourt of d, then ead robot generatesa data amourt of
d s data units per step. Sincer robots generatesuc an amourt of data,r d s data
units are generatedper step. But this in not the amourt of trac generated.To obtain
this value, the amourt of generateddata hasto be multiplied by r 1 sinceead robot
hasto sendits generateddatato r 1 other robots. Thus, an overall trac per step of

r(r 1) ds (5.3)

is obtained. To obtain the overall trac, the overalltrac per stephasto be multiplied
by the number n of action steps. Now, the desiredequation resultsin:

r(r 1) ds n=Db pomm N (5.4)

Theoretically, Equation 5.4 could be resoled by s and the splitting frequencycould
be computedby tting in the parametersof the exploration scenario.But the resulting
splitting frequencywould probably be too high for a fast exploratoin. This is wherethe
targets of building ne approximations and of a fast data transmissionhave to be traded
0. Assumethat the robots have not beenable to commnunicate for a long while. Then
ead robot generateda huge amourt of appraximation data that hasto be transmitted
to other robots. Assumethat the robots meetagain. In this case,they cannot transmit
all approximations in onestep. The problemis that the data exdhangeprocesss sloved
down becauseexploration usually doesnot proceedas uniform as this was assumedin
our calculations. This usually leadsto signi cantly longerexplorationtimes. To avoid a
delayed information ow, it shouldnot be planedto usethe full bandwidth available per
step. Instead, only a part of it shouldbe assumedo to be available. Therefore,another
factor u, the desiredmedium usagerate, is incorporated to attenuate this e ect. In this
way, a longer exploration time can be avoided if comrunication peeksoccure.

Beforethe Equation 5.4 is resoled by s and the medium usagerate u is incorporated,
the equationis divided by n. Finally, the equationfor the splitting frequencyis:

_ b Ppeomm U
s= c 1) d (5.5)

Most parametersof Equation 5.5canbedeterminedeasily The mostdi cult partisto
estimatep.omm- This is becausedhe probability that at leasttwo robots cancommnunicate
per step depends se\erely on the structure of the ervironment. Figure 5.7 shavs two
ervironmerts for which the probabilities psomm Signi cantly dier. In the environmert
depicted in Figure 5.7(a), the robots are moving apart and will not comnunicate for
a long while so that p,omm Will be verry little. Figure 5.7(b) shavs a quite di erent
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(@) In this ervironment it is very unlikely (b) In this ervironment it is very likely
that the robots can communicate. that the robots can communicate.

Figure 5.7: This gure shavstwo ervironmens for which the probability that the robots
can comnunicate is very di erent. The circlesindicate the comnunication
range whereasthe arrows show into which directions the robots move.

case. Here the robots explorethe ervironmert in parallel lanes. Sincethey can nearly
comnunicate during the complete exploration process,ps,mm IS supposedto be close
to 1.

In order to obtain good valuesfor pcomm, this probability should be customizedfor
single environments or classef ervironmerts like indoor or outdoor scenarios.If one
hasno knowledgeabout the ervironmen, the following heuristik canbe appliedto geta
coarseapproximatoin of pcomm: Compute p.omm By @assumingthat the robots are equally
distributed over the ervironmernt. Then divide the width w of the secenarioby the
commnunication ranger.. In this way, a number that states how many robots can be
placedon a horizortal line without commnunicating with ead other is obtained. Proceed
in the sameway for the height h. If the reciprocal valuesof thesenumbersare computed,
the probabilities that two robots arein vertical p, or horizortal p, comnunication range
areobtained. If onefurthermore assumeshat the probabilities for horizorntal and vertical
comnunication are independer, the probability that two robots can commnunicate is
obtained by multiplying p, and py.

If morethan two robots are exploring an ervironmert, the probability that two robots
cancommunicate hasto be computedfor eat pair of robots. Finally, theseprobabilities
have to be summedup to obtain p,omm. Therefore,for r robots the following formula
for pcomm Can be derived:

e re Xh
Pecomm = Min(1; w h i): (5.6)
i=1
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Sincethe right part of Equation 5.6 can take on valuesbiggerthan 1 and sincea prob-
ability shall be obtained, the upper bound of peomm is setto 1.

5.4 Exploration Algorithm for Bandwidth Limited
Communication

In this section,we presemn an exploration algorithm for distributed multi-rob ot explo-
ration under bandwidth limited commnunication. The algorithm is presenied from the
perspective of a singlerobot. It is basedon two grid map represemtations. The self-
exploredand the planning grid map. The self-exploredgrid map cortains only data that
the robot has perceived with its own sensors.The planning grid map mergesapproxi-
mations of other robots aswell as self-exploreddata. The robot usesthe planning grid
map to determine new target points. Algorithm 10 shows our decenralized exploration
algorithm. In the algorithm, we referencethe techniquesthat were introducedin our
work. Therefore,it is easyto understandhow our techniquescan be conbined to obtain
an e cien t exploration algorithm.

The comnunication routines of Algorithm 10 are executedsequetially. On a real
robot system,the communication routines should be implemerted in a parallel fashion.
Thus, robots can receiwe data from other robots during the whole exploration process
instead of waiting until the commnunication step is readed. Usually, if we say that a
robot has carried out a step, we want to expressthat it has completedanother passof
the while loop of Algorithm 10.

60



5.4 Exploration Algorithm for Bandwidth Limited Communication

Algorithm 10 Distributed multi-rob ot exploration under bandwidth limited comnuni-
cation from a single-rolot perspective.

1. Determinethe splitting frequencyaccordingto Section5.3.
2: Initialize the planning grid map G, and the self-exploredgrid map Gs.
3: while the planning grid map G, hasnot beenfully exploreddo

10:
11:
12:

13:

14

15:

16:
17:

18:
19:
20:
21:

© N gk

Increasetime stept.

Perceiwe the ervironmen and update the self-exploredgrid map Gs.

Derive the current exact polygonal model P; from G4 asdescribed in Section4.1.

if A¢ 1 isstill valid accordingto P; then
A= A g

else
Derive A; from A; 1, P; 1, and P; accordingto Section4.2.1.

end if

Re ne the current polygonal approximation A; accordingto the given splitting

frequency(seeSection4.3).

Track the incremenal changesthat occuredwhile transforming A; ; to A; and

during the re nement processaccordingto Section4.2.3.

Exchange targets and incremertal approximations with other robots (see Sec-

tion 5.1.2).

Construct the new planning grid map G, by mergingthe latest approximations of

the environmert obtained from other robots with the self-exploredgrid map Gg

accordingto Section5.2.

if the target point pi g is readied or is possibly obsoletethen
Compute a newtarget point i, ¢ by trading o costand utilit y (seeSection4.4)
of the frontier cells enclosedin the planning grid map G,. In this process,
considerthe targets of other robots in a decenralized way (seeSection4.5).
Broadcastthe selectedtarget point pi ¢ to the robots in comnmunication range.
Compute a plan  for reading par g-

end if

Perform the next step of the plan .

22: end while
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6 Experiments

In this chapter, we presen a seriesof experimerts that have beencarried out on a sim-
ulator. Our approad to bandwidth limited communication has fully beenintegrated
into this simulator. It is able to simulate decetrally coordinated robots that explore
an ervironmert under a bandwidth limited comnunication link regarding our comrmnu-
nication model. The key parametersof the simulator are the numbers of robots, their
communication and sensorrangesas well as the available bandwidth per step. Beyond
this, the simulator is capable of modelling lots of further parametersof the exploring
robots.

The ervironments depicted in Figure 6.1 were used throughout most of the exper-
iments. The unstructured ervironment (seeFigure 6.1(a)) contains lots of scattered
objects as they can occure in outdoor ervironmens. The mixed ervironmen (see
Figure 6.1(b)) cortains a conbination of indoor and outdoor elemens. It cortains a
building-like structure as well as obstaclesthat are distributed around this building.
The o ce ervironmert (seeFigure 6.1(c)) is an indoor ervironmert that cortains no
obstacles.

The rst experiment shovs how the averageapproximation error of the usedgeometric
model dependson the available bandwidth. This experimert was carried out for seeral
numbersof robots and for se\eral environmerts. The experimerts of Section6.2 examine
the in uence of a limited commnunication range on the exploration time in the cortext
of bandwidth limited comnmunication. The amourt of time that is neededuntil the rst
robot knows the full map is called the exploration time. In Section 6.3, we show that
the bandwidth usageof classicalapproadesclearly exceedghe bandwidth usageof our

. [ ] .-I '. ~n - - - I |
| . —
¢ m" 1 n ’ :-‘l -
N N I -y
- . " . L
me - » B -- I | I
(a) Unstructured (b) Mixed (c) Oce

Figure 6.1: This gure shaws the environmerts that were usedfor most of the experi-
merts.
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6 Experimerts

approad. In Section 6.4, we examinewhat sharesdi erent data padkageshave in the
total amourt oftrac. Finally, in Section6.5, we shav how the tra ¢ load is distributed
during the exploration process. Additionally, we shov to what problemsan unsuitable
detail level of the exchangedgeometricmodels can lead.

To carry out all of theseexperimerts, thousandsof simulator runs werenecessaryWe
carried out 20 simulator runs with di erent random seedsfor eat data point shavn in
Figures6.2{ 6.16 aswell asfor ead cell of Table 6.6. In the gures, we enclosedthe
error bars for ead data point that indicate the 5% con dence level. To get a visual
impressionof our simulator and especially of the information merging technique, see
Appendix A.

6.1 Bandwidth vs. Approximation Error

In this experimert, we examine how the averageapproximation error dependson the
available bandwidth and the number of robots. This experimert was carried out for the
unstructured, the mixed and the o ce ernvironment. To compute the averageapproxi-
mation error e,,4 the number of grid cellsg of the ervironment exploredas well asthe
number of simulator runs n that arerequireduntil the rst robot hasa completemap of
the ervironmernt is required. Additionally, we require for eat stept and for eat robot
the number d; of grid cellsin which the original self-exploredgrid map and the grid
map derived from the polygonalappraximation of the self-exploredgrid map di er. The
self-exploredgrid map cortains only data that has beenperceived by the robot itself.
Finally, the averageapproximation error can be computed as

P

n dt
— _ t=1 “t.

whereasthe seriesd; of valuesof the robot that has completedits map rst of all other
robots is used.

Figure 6.2 and Figure 6.3 shawv the averageapproximation error for the unstructured,
the mixed, andthe o ce environmert. The gures show that the averageappraximation
error decreasesvith an increasingbandwidth limit. This is due to the fact that the
robots canbuild more ne grainedapproximations if they are allowedto transmit bigger
amourts of data.

Another nding is that the averageappraximation error increaseswith an increasing
number of robots. The reasonfor this e ect is that the trac causedduring exploration
dependsquadratically on the number of robots exploring the unstructured environment
(compareEquation 5.5 derived in Section5.3).

A further obsenation is that the averageapproximation error dependson the environ-
mert explored. The appraximation errors for the seweral numbers of robots exploring
the unstructured ervironment are bigger than the correspnding errors for the other
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6.1 Bandwidth vs. Approximation Error

Approximation errors for the unstructured environment
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0

Figure 6.2: This gure shows how the average approximation error is determined by
seeral bandwidths and numbers of robots exploring in the unstructured
and o ce ervironmert.
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Approximation errors for the mixed environment
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Figure 6.3: This gure shavs how the averageappraximation error is determinedby sev-
eral bandwidths and numbers of robots exploring in the mixed ervironmert.

ervironmerts. Thus, it canbe obsened that the approximation error increaseswith the
complexity of an ervironmert.

6.2 Limited Communication Range

In this section, we examine how the exploration time dependson the commnunication
range, the number of robots exploring the ervironment and the available bandwidth.
We presen two typesof experimerts. The rst experimert depicts how the exploration
time for a certain number of robots changesif commnunication rangeand bandwidth are
modi ed. The secondexperimert comparesthe exploration times for di erent numbers
of robots and comnunication rangesgiven a certain bandwidth.

All experimerts in this section were carried out for commnunication rangestaking
values of 2.5%, 5%, 10%, 20%, 33%, 50% and 100% of the maximum communication

range. The maximum commnunication range correspndsto the length of the diagonal
of the examinedrectangular environmert.
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6.2 Limited Communication Range

6.2.1 Inuence of Communication Range and Bandwidth
Restrictions on the Overall Exploration Time

This experimert shows how di erent bandwidths and commnunication rangesin uence
the exploration time. Each experiment was carried out for sewveral numbers of robots as
well asfor di erent environmens. Figures6.4{6.9 show our resultsfor the unstructured,
mixed, and o ce ervironmert.

It can be obsened throughout all experimerts that the exploration time decreases
with an increasingcommunication range. This supports the results that Burgard et
al. [9] found in their experimerts for exdanging grid maps instead of polygonal ap-
proximations. They obsened the samee ect. The reasonfor this e ect is that robots
can exdiangetheir ervironmental represenationgmore often in casethe communication
range increases.In consequencethe robots do lessredundart work and can therefore
explorein a more focussedway.

Furthermore, Figures6.4{6.9 show that anincreasedandwidth e ects the exploration
to terminate faster. This is becausethe robots can exdhange more ne grained maps
and thus build better approximations.

Another obsenation is that exploration under a bandwidth limit of 10"?B does not
lead to signi cantly longer exploration times than an exploration with an unlimited
bandwidth. The exploration time even doesnot increasedrastically for the very strict
bandwidth restriction of 1%8. Therefore, even under a sewere bandwidth limitation
exploration seemdo be possiblein an e cien t way. This is becauseéhe Douglas-Reuder
algorithm delivers high-quality approximations even in the caseof very small splitting
frequencies.

6.2.2 Inuence of the Number of Robots and of Bandwidth
Restrictions on the Overall Exploration Time

This experimert examineshow di erent numbers of robots and di erent bandwidth
restrictions in uence the exploration time. The experimerts were carried out for se\eral
commnunication rangesaswell asfor di erent environmens. Figures6.10{6.15shawv the
results of this experimert for the unstructured, mixed and o ce ernvironmernt.
Throughout all experimerts it is obsenable that for exploration under a xed band-
width the following rule applies: exploration time decreasesf the number of robots
increases.But there are exceptionsfrom this rule. Figures6.10(a),6.12(b), and 6.14(b)
depict that exploring an ervironment under a given bandwith with eight robots can
take more time than exploring the sameenvironmert with v e robots. This is because
eight robots have to exchangemore coarsegrainedappraximations than v e robots since
bandwidth usagedependsquadratically on the number of robots (for details seeEqua-
tion 5.5). This e ect only occuresunder low bandwitdh limits of 1¥& or 2X2. For very
low bandwidths and a bigger number of robots another e ect canoccure. Figure 6.12(a)
and Figure 6.14(a) show this e ect. For eight robots exploring an environment the ex-
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6 Experimerts

Two robots exploring the unstructured environment
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Figure 6.4: This gures comparethe exploration times for two (seeFigure 6.4(a)) and
three (seeFigure 6.4(b)) robots exploring an unstructured ernvironment under
di erent bandwidths and communication ranges.
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6.2 Limited Communication Range

Figure 6.5:

Five robots exploring the unstructured environment
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Eight robots exploring the unstructured environment
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This gures comparethe exploration times for v e (seeFigure 6.5(a)) and

eight (seeFigure 6.5(b)) robots exploringan unstructured ervironmert under
di erent bandwidths and communication ranges.
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Figure 6.6:

70

Two robots exploring the mixed environment
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This experimert comparesthe the exploration times for two (see Fig-

ure 6.6(a)) and three (see Figure 6.6(b)) robots exploring the mixed en-
vironmert under di erent bandwidths and commnunication ranges.



6.2 Limited Communication Range

Figure 6.7:

Five robots exploring the mixed environment
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Eight robots exploring the mixed environment
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This experimert comparesthe exploration times for v e (seeFigure 6.7(a))

and eight (seeFigure 6.7(b)) robots exploring the mixed ervironment under
di erent bandwidths and communication ranges.
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Two robots exploring the office environment
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Figure 6.8: This experimert comparesthe exploration times for two (seeFigure 6.8(a))
and three (seeFigure 6.8(b)) robots exploring an o ce ernvironmen under
di erent bandwidths and communication ranges.
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Five robots exploring the office environment
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Figure 6.9: This experimert comparesthe exploration times for v e (seeFigure 6.9(a))
and eight (seeFigure 6.9(b)) robots exploring an o ce ernvironment under
di erent bandwidths and communication ranges.
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Figure 6.10: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the unstructured ervironmernt for seweral communi-
cation ranges. Exploration was examinedfor bandwidth restrictions of 1%8
(seeFigure 6.10(a)) and 2"?3 (seeFigure 6.10(b)).
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Exploring the unstructured environment under 10kB/s
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Exploring the unstructured environment under unlimited bandwidth
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Figure 6.11: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the unstructured ervironmernt for seweral communi-
cation ranges. Exploration wasexaminedfor bandwidth restrictions of 10%B
(seeFigure 6.11(a)) and for unlimited bandwidth (seeFigure 6.11(b)).
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6 Experimerts

ploration time increasesf the comnunication rangeincreases.This is surprising at rst
glance. The reasonfor this e ect liesin the communication model. Sincebandwidth is
consumedwheneer two robots try to exdiangedata (evenif this is not successful)more
data is wastedif the number of pairs that can comnunicate increases.This is the case
whenthe commnmunication rangeincreases.Equation 5.5, derived in Section5.3, doesnot
treat this commnunication overhead,sinceit is only relevant for exploring under very low
bandwidths. Thus, the computed splitting frequencyis too high becausethe average
padet sized induced by every split was estimated for higher bandwidths and hasthus
beenunderestimated. There are two possibilities for avoiding this e ect. First, a more
ne grained formula could be derived to make better estimations for low bandwidths.
Secondly the parameterfor the averagepadage size could be increasedwhen running
experimerts in low-bandwidth scenarios.

As canbe seenin Figures6.10{6.15,the exploration time decreasesvith an increasing
commnunication range. This e ect hasalready beenexplainedin Section6.2.1and also
beenobsened by Burgard et al. [9].

6.3 Bandwidth Usage: Classical Approach vs. Polygonal
Approach

In this section,we investigate how the total amourt of tra ¢ resulting from exploration
dependson given bandwidth restrictions. To nd out how the number of robots in u-
encesthe overall amourt of trac caused,the experimert was carried out for se\eral
numbers of robots aswell asfor the unstructured and for the o ce ervironmen. Addi-
tionally, we comparethe total amourts of trac generatedby our polygonal approat
basedon incremenal data transmissionto the amourt of data generatedby approahes
that are similar to the approadesof Burgard et al. [9], Ko et al. [30], Yamaudi [63],
or Zlot et al. [66]. Theseapproahesusually exdhangecompletegrid mapsor raw laser
data. For this experimert, the overall amourt of trac causedby our approad is com-
paredto the overall amourt of trac generatedby transmitting raw laserdata. We use
the raw laserdata sinceexcanging grid mapswould even leadto larger overall amourts
oftrac. This is becausea grid map consistsof seeral thousandsof valueswhereasraw
laserdata consistonly of hunderedsof values. In our model, we assumethat ead robot
generates360laserrangevalues(one per degree)and two valuesfor its position. If this
amourt of data is multiplied with the number of stepsthat are on averagenecessary
to nish exploration, the overal amourt of data generatedby ead robot is obtained.
Sinceead of the r robots hasto exdiangethis amourt of data with r 1 other robots,
this amourt of data hasto be multiplied by r (r 1). Our approad is basedon point
to point connectionsthat are usually establishedvia a broadcastmedium. The reason
is that our approad is capableof dealing with range limited commnunication. In this
scenario,it is necessarythat eat robot tracks up to which degreeit hassen its own
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6.3 Bandwidth Usage:ClassicalApproach vs. Polygonal Approach
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Figure 6.12: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the mixed environment for seweral communication
ranges. Exploration was examinedfor bandwidth restrictions of 1%8 (see
Figure 6.12(a)) and 22 (seeFigure 6.12(b)).
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Exploring the mixed environment under 10kB/s
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Figure 6.13: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the mixed environment for seweral communication
ranges. Exploration was examinedfor bandwidth restrictions of 10"?B (see
Figure 6.13(a)) and for unlimited bandwidth (seeFigure 6.13(b)).
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Figure 6.14: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the o ce ernvironment for seweral communication
ranges. Exploration was examinedfor bandwidth restrictions of 1%8 (see
Figure 6.14(a)) and 2¥2 (seeFigure 6.14(b)).
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Exploring the office environment under 10kB/s
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Exploring the office environment under unlimited bandwidth
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Figure 6.15: This experimert comparesthe exploration times for two, three, v e and
eight robots exploring the o ce ernvironment for seweral communication
ranges. Exploration was examinedfor bandwidth restrictions of 10"?B (see
Figure 6.15(a)) and for unlimited bandwidth (seeFigure 6.15(b)).
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6.4 Trac Sharesof Di erent Data Padkage Types

appraximation or approximations of other robots to other robots. This is becausethe
robots can only excdhangedata during certain periods of time. Therefore, broadcasting
data can lead to a lossof data or to redundart data transmissions. Thus, the number
of robots has quadratic in uence on the overall amourt of trac caused.

Figure 6.16depictsthe results of this experimert. Examining Figure 6.16(a)and Fig-
ure 6.16(b) clearly shaws that our incremenal approad basedon polygonal approxima-
tions performesmuch better than raw data transmission. For all bandwidths, numbers
of robots, and environmerts our approad generatesa signi cantly lower amourt of data.
Evenin the caseof an unlimited bandwidth, implying the highestapproximation quality,
our approad is superior to a raw data transmission: our approch only generateshalf of
the trac causedby a raw data transmission. This is becausewe can encale straight
lines by only two points instead of encading all grid cellsthat make up this line.

By comparing Figures 6.16(a) and 6.16(b), it can be sennthat the overall trac
generateddepends on the environment explored. Whereasfor approades exdanging
raw laserdata the overall amourt of trac only dependson the number of stepscarried
out, the situation is di erent for our incremeral approad basedon polygons. Sincewe
needlessverticesand polygonsto descrike simpler environments, we can save bandwidth
in simpler ervironments. The unstructured ervironmert is more dicult to descrite
than the oce ervironmert and so the overall amourt of data causedby exploring
the unstructured environmert is bigger than the amourt of data causedby exploring
the o ce ernvironment. This is true even though exploration takeslongerin the o ce
ervironmert what is indicated by the higher total amourts of raw data for the o ce
ervironmert.

Furthermore, it can be obsened througout Figures 6.16(a) and 6.16(b) that fewer
robots causea lower overall trac. This is obvious sincemore robots have to exdange
more data. Somethingelsethat can be obsened is that our approad enablesa team
of robots to sucessfullyexplore under very restrictive bandwidth limits. This is where
other approadeslike [9, 27, 30, 63, 66] are not even applicable sincethey can not adapt
to a given bandwidth limit.

6.4 Trac Shares of Dierent Data Package Types

In this experimert, we examinedwhat sharesdi erent data padkagetypeshave in the
total amourt of trac. For this experimert, we assumedan unlimited comnunication
range. We averagedthe bandwidth usagerates of di erent data padagetypesover the
unstructured, the mixed and the o ce ernvironmert. Additionally, we examinedhow the
shareschangedfor seeral bandwidth limits and numbers of robots.

In the following, we descrike all data padkagesthat are necessaryfor the robots to
perform the exploration task. The basic data padkagetypescan be grouped into three
categories: vertex, object and overhead padkages. Vertex padkagesare replace (rep),
insert (ins) and delete (del) operations. A robot can usethese padkagesto tell other
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Figure 6.16: This experimert comparesthe overall amourts of trac producedby two,
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three, v e and eight robots exploring the unstructured (seeFigure 6.16(a))
andthe o ce ervironmert (seeFigure 6.16(b)) for se\eral bandwidth limits.
Additionally, the gure showsthe di erence of the overall amourts of tra ¢
causedoy our incremernal approat basedon polygonalappraximations and
causedby approadestransmitting raw laserdata.



6.4 Trac Sharesof Di erent Data Padkage Types

\ | Vertex | Object | Overhead \

Command |ins rep del |em chg rm [conn targ save
Byte] 6 6 2/ 5 5 2 2 3 1

Table 6.1: Data padkagesand their spacerequiremens in Byte.

robots which verticesof their appraximations have to be deleted,replacedor insertedto
successfullyupdate their polygonal models. An object padkageis usedby a robot when
a contour changesor when the number of corntours changes. If a cortour vanishesor
emergesa remove (rm), or emerge(em) commandis ser. If the index, the number of
vertices, or the type of a cortour changes,a changecommand(chg) is sert. Overhead
padkagesare padkagesthat are not uesdto descrike changesof the incremenal geometric
model of the ervironment. An overheadpadkageis usedif a robot broadcaststhe target
it selectedto other robots (targ). If a robot performsa handshale with another robot
to exdange incremenal data, a connection padkage (conn) is exchanged. The last
overheadpadkageto descrile is the save point padkage (save). Receivingthis padkage
meansthat the previously sernt incremernal update hasnow beencompleted. Thus, the
polygonal model can be constructed by incorporating all data received up to the save
point command. Eadh of thesebasic data padkagesrequiresa di erent amourt of data.
Table 6.1 shavs which amourt of data is required by ead data padkage.

Table 6.6 shows for seeral numbersof robots which sharesthe di erent padkageshave
in the overall tra c causedduring the exploration process.Tables6.2,6.3,6.4,and 6.5
show that the vertex padkagesconstitute the biggestamourt of trac causedduring
exploration. This category of packagesmakesup 38.3%to 86.5% of the overall tra c
causedin the exploration process. The reasonis that operations on vertices are the
certral operations performedwhile building incremenal approximations. Additionally,
the shareof these operations gets smaller with a decreasingbandwith. For v e robots
exploring under unlimited bandwidth, we have a vertex operations shareof 83.:6%. This
shareis reducedto 45.0% if the bandwidth is restricted to 1"?3 as Table 6.4 shaws.
This is becausemore coarsegrained polygonal appraximations cortain fewer vertices
than more coarsegrained approximations. Therefore,lessdata are sert per established
connectionand sothe shareof vertex operationsgetssmaller. In the opposite, the share
of overheadpadkagesincreasesf the bandwidth is restricted to lower values.

It can also be obsene that the sharesof the vertex operations are wider spread if
the number of robots is increased. For two robots these sharestake values between
84:4% and 86:1% whereasfor eight robots the sharestake values between 38:3% and
80:2%. The reasonis that polygonal appraximations derived with fewer robots corntain
signi cantly biggerabsolutenumbers of verticesthan polygonal appraximations derived
with more robots. This is becausethe detail level of an approximation is determined
by the available bandwidth and the number of robots. Sincethe number of robots has
a quadratic in uence on the splitting frequency as derived in Section 5.3, it is clear
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6 Experimerts

that the sharesof the vertex operations get wider spreadwith an increasingnumber of
robots.

Another obsenation is that the major amourt of tra ¢ resulting from cortour oper-
ations is causedby the changeobject padkage. This is becauseobjects usually do not
vanish after they have emerged. Also an object only emergesonceduring exploration
whereasit can be re ned more often than only once. Therefore, the incremeral re-
nement of the objects contained in an incremenal approximation is the most space
consumingoperation in the classof the object padkages.

Table 6.6 lists the sharesof the overhead padagesfor di erent numbers of robots.
The connection padkage is used to establish a connection between two robots. This
padkagemakesup a major part of the overall shareof the overheadpadkages.Wheneer
a robots warnts to transmit a part of an incremenal approximation to another robot, it
hasto perform this kind of handshale and thus utilize a connectionpadage. In case
the receiwer already hasa more detailed appraximation than the sender,the connection
is not establishedand the sendernotesup to which level the incremenal approximation
is known to the receiver. Table 6.6 clearly depicts, that the sharesof the connection
padkagesfor the samebandwidthsincreasewith anincreasingnumber of robots. Under a
bandwidth of 1%3 the shareof the connectionpadkageis 2:8% for two robots (Table 6.2),
9:0% for three robots (Table 6.3), 27:8% for v e robots (Table 6.4), and 38:1% for eight
robots (Table 6.5). The reasonfor this e ect is that the number of possibleconnections
guadratically increaseswith the number of robots. A further obsenation is that the
target transmissionhas a very low sharein the overall trac. This is becausetargets
are broadcastedand becausethey are not changedin every step.

6.5 Channel Load During Exploration

In this experimert, we examinedhow the trac load is distributed during exploration.
All experimerts were carried out in the unstructured ervironmert for three robots. The
sameexperimerts werecarried out for se\eral other numbersof robots. Sincethe ndings
were the same,we did not include them here.

Figure 6.18 shavs how the channel load changesduring exploration for three robots
eah exploring at a splitting frequencyof 0:055"sIitS under an unlimited communication
range. The channel load during exploration with a bandwidth restriction of 1"?5 is
showvn in Figure 6.18(a). Whenewer an object newly emergesin the eld of vision of
a robot, the robot hasto changeits approximation. After that, the robot sendsthe
incremertal updatesto all other robots. This usually causesa huge amourt of trac
what is expressedn the peeksshown in Figure 6.18(a).

If robots explore the same scenariounder a bandwidth restriction of 0:25%8, the
commnunication media gets congestedafter a while. The reasonfor the congestionis
that due to the bandwidth limit former incremenal data can not be fully exctanged
between the robots when a new object is discovered and new data occures. When a
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\ . Vertex

Object

Overhead

Bandwidth

" ins rep del

em chg rm

conn targ save

unlimited
104
&

S
kB
15

86.1 38.5 36.7 10.9
86.540.3 34.7 11.5
86.4 40.0 349 11.4
84.4 40.9 31.8 11.6

114 0.1 11.3 0.0
11.1 0.1 11.0 0.0
11.2 0.1 11.0 0.0
12.8 0.1 12.7 0.0

2.5
24
25
2.8

1.8
1.8
1.8
2.1

0.2
0.2
0.2
0.2

0.5
0.5
0.5
0.5

Table 6.2: Trac sharesfor two robots.

\ . Vertex

Object

Overhead

Bandwidth

" ins rep del

em chg rm

conn targ save

unlimited
10%B
o8
1
S

85.6 37.338.6 9.8
85.6 38.6 36.7 10.2
76.2 41.1 24.4 10.7
66.9 37.7 19.6 9.6

10.2 0.1 10.0 0.0
10.2 0.1 10.1 0.0
17.2 0.1 17.0 0.0

241 0.2 239 0.0

4.2
4.2
6.6
9.0

3.5
3.5
5.5
7.5

0.2
0.2
0.2
0.3

0.6
0.6
0.9
1.2

Table 6.3: Trac sharesfor three robots.

Vertex

Object

Overhead

|

»

|

Bandwidth

ins rep del

em chg rm

conn targ save

unlimited
k

108

2kB

S
kB
15

83.6 35.9 38.9 8.8
70.4 38.9 21.9 9.6
47.0 28.0 12.1 6.8
45.0 27.311.1 6.5

9.0 0.1 8.9 0.0
174 0.2 17.2 0.0
29.9 0.3 29.6 0.0
27.2 04 26.8 0.1

7.4

6.6

12.2 11.0
23.2 20.9
27.8 249

0.2
0.2
0.4
0.7

0.6
1.0
1.9
2.2

Table6.4: Trac sharesfor v erobots.

Vertex

Object

Overhead

1

»

1

Bandwidth

ins rep del

em chg rm

conn targ save

unlimited
kB

105

2%

kB
1

80.2 35.3 36.3 8.7
38.323.2 9.8 54
41.1 24.3 10.6 6.1
44.4 25.7 12.2 6.6

8.7 0.1 85 0.0
244 0.2 241 0.0
20.4 0.6 19.7 0.1
175 0.9 165 0.1

11.1 104
37.3 35.2
38.5 355
38.1 341

0.1
0.3
0.9
1.6

0.6
1.7
2.1
2.5

Table 6.5: Trac sharesfor eight robots.

Table 6.6: This table shavsthe tra ¢ sharesaveragedover the unstructured, mixed and
o ce environment. The shareswere computedfor seweral numbers of robots
and bandwidth limits.
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Bandwidth usage while exploring the unstructured environment
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Figure 6.17: This gure showsthe load of the comnunication channelduring exploration
whenthree robots explorethe unstructured environment. The comnunica-
tion rangeis 20%of the maximum communication rangeand the bandwidth
is limited to 0:5%E.

congestiononce occured, it is more likely that further congestionsoccure becausethe

sendingbu ers of the robots have not been ushed and thus the amourt of stored data

increasewith ead further object that occures.This is the reasonwhy longercongestions
usually occurenot in the beginning of the exploration processbut rather in the end as
Figure 6.18(b) depicts.

We carried out the same experimert under a communication range of 20% of the
full comnunication range at a bandwidth of 0:5"?3. Since the three robots can not
communicate during someperiods of time, the amourt of data cortained in their sending
bu ers increases.If the robots, after a while, can comnunicate with ead other again,
a congestionis very likely to occureas Figure 6.17 shows.

A generalproblem with congestionss that they usually delay the exploration process.
This is becausethe robots can receive important information too late so that they
perform uselesstasks or tasks with a lower overall value. Therefore, a major goal of
selectingan appropriate splitting frequencyand thusthe detail level of the appraximation
is to avoid congestions.
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Figure 6.18: This gure showsthe load of the comnunication channelduring exploration
if three robots explore the unstructured environmert under an unlimited
communication range.
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7 Conclusion and Future Work

7.1 Conclusion

In this work, we preserted a novel approad to multi-rob ot exploration using a com-
munication link with limited bandwidth. We demonstratedthat our approad can be
combined with state of the art exploration techniqueslike [9, 27, 30, 63, 66]. It is based
on a geometricrepresetation for exdanging incremertal approximations of the envi-
ronmert. This geometricrepresetation was chosenamongother represetations since
it shoved the best performancein our experimerts. The quality of the appraximations
can be adjusted accordingto the available computation power, communication range,
number of robots, and the available bandwidth of the comnunication link. Furthermore,
our geomerticmodel can be incremertally improved what is a desirablefeature in the
cortext of bandwidth limited comnunication.

Merging (partially) cortradictorily information of seweral robots is a key problem in
exploration with limited bandwidth. We deweloped an e cient heuristic method that
resoles ambiguities of cortradictory information. The method was carefully designed
and tested and turned out to be robust even for very limited bandwidths.

The experimerts preserted in this work show that it is important to choosea suit-
able level of detail for the geometricmodels appraximating the ervironment. The level
of detail hasto be selecteddepending on the parametersof the exploration scenario.
We identied two cortrary goalsthat occurein the caseof exploration with limited
bandwidth. First, the quality of the appraximation should be as high as possiblesince
exploration terminates faster with better ervironmenal models. Second,the amourt
of data generatedshould be as small as possiblesincetoo much data can result in an
overload of the comnunication channel. Therefore, nding a good estimate for the de-
tail level of thesegeometricrepresetations is an important task in bandwidth limited
comnunication. We derived a formula that can be usedto determinea suitable level of
detail by incorporating the certral parametersof the exploration scenario. Additionally,
this formula allows to customizethe level of detail accordingto the special structure of
an ervironmert.

In this work, we deweloped a decertralized coordination technique that turned out to
spreadthe robots well over the environment. Comparedto a certralized coordination, a
decettralized coordination technique is more fault tolerant and allows a better distribu-
tion of the computing time. Additionally, our approad is solely basedon methods that
can be carried out in polynomial-time and can be implemerted even on simple robots
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that operatein the real world.

An important result of our experimerts is that exploration time decreasesith an
increasingbandwidth. Furthermore, the experimerts shoved that exchanging polygonal
appraximations leadsto a massie reduction of the overall network tra ¢ causedduring
exploration. The savings drastically increase,when the number of robots increases.
Despitethis massie tra ¢ reduction, an e cien t exploration is still possible.

Weimplemerted our approad in a simulator usinga pessimisticcommnunication model
that overestimatestotal comnunication costs. Our results show that an e cien t explo-
ration is possibleevenundervery strong bandwidth restrictions. Therefore,our approadh
makesit possibleto utilize recen wirelesstechnologiesas Infrared, Bluetooth, GSM, or
UMTS for multi-rob ot exploration. For example GSM has a data rate of 9:6% what
denotesabout 1%‘3. Despite the poor data rate of GSM, exploration with eight robots
is still possibleas showvn by our experimerts.

7.2 Future Work

The decenralized coordination medanism preserted in Section 4.5.1 can lead to an
ine cien t coordination. This is especially critical whenlots of robots explorefew narrow
corridors under range limited communication. The reasonis that ead robot considers
the last target it obtained by eat other robot. If two robots have not beenable to
communicate for a long time this information usually is worthless. In our approad, this
information is still treated as seriousinformation. To solve this problem, a time stamp
could be attached to ead target obtained by another robot. According to this time
stamp the discourt for the cells situated near this target could be reducedbit by bit
until the discourt after a while equalszero.

Our approat can be extendedto deal with seeral types of objects. For example
it could be distinguished between static and mobile objects or objects could be distin-
guishedby their purpose.In this way, semartic information could be attachedto objects
that have beenobsened. This is important if the exploring robots have to carry out
tasks. For example, stopping placeswhere robots can redharge their sourceof energy
could be marked. Otherwise, mobile objects as humans could be detected and other
robots could be informed about this obsenation. This can be useful for aiding tasks
whererobots assisthumans. Especially in rescuescenariosyobots could identify injured
personsand inform rescueaidersto focusthe seart and rescueprocess.

Our approad canbe adaptedfor three dimensionalexploration scenariosasmine map-
ping [61] or undernater exploration [54]. In thesescenariosyery huge amourts of data
have to be processed.If multiple robots attempt to mergetheir complexervironmental
models, bandwidth limits can scon becomethe bottlened of the exploration process.
Instead of our polygonal models, meshesaswell asmeshsimpli cation algorithms could
be applied. Our approad to mergeapproximations obtained by multiple robots can be
appliedto the three dimensionalscenariowithout signi cant modi cations. The surface
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of the three dimensionalobjects takeson the role of the cortours of the objects in the
two dimensionalcase. The spaceenclosedyy the meshedakeson the role of the cortent
of the objects in the two dimensionalspace.
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A A Sample Simulator Run With
Three Robots

In this chapter, we presem a samplesimulator run for three robots exploring an envi-
ronmert cortaining two big circles. The purposeof this appendix chapter is to visualize
how the exploration processproceedsand how the robots mergetheir ervironmental
appraximations. The main focusis to get a visual impressionof the information merg-
ing process. The robots were exploring under a splitting frequency of 0:025&’% what
equalsa heavily limited bandwidth. We assumedan unlimited commnunication range.
The explored ervironmert is shovn in Figure A.1. The plots cortained in Figure A.2
shov how the exploration proceedsand how the planning maps of the robots as well
as their polygonal approximations ewlve over time. The polygonal approximation of
eat robot is depicted in the gures by a red polygon enclosedin the planning grid
map. The known spaceoutside of the polygonal appraximation usually results from the
appraximations of the other robots.

As we can seefrom the plots, the approximation proceedesuniformly becausewe use
a time cortrolled re nement technique. Even with a very low splitting frequency the
approximation quality is satisfactory Furthermore, if a singlerow is considered,t can
be obsenedthat the planning mapsof the three di erent robots are quite similar. This is
dueto our mergingtechnique. If we increasedthe detail level of the appraximations, the
appraximations would even get more similar. For an unlimited bandwidth, all robots in
a row would have the sameappraximation, becausehe polygonal approximation would
correspnd to the exact environmental represemation.

Figure A.1: This gure shows an ervironmert that cortains two circles.
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A A SampleSimulator Run With Three Robots

Figure A.2: This gure shavsthe planning mapsaswell asthe polygonalapproximations
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for three robots exploring an ervironmert cortaining two big circles. White
cellsin the planning map denotefree space.Gray cellsin the planning map
denoteunknown spaceand bladk cellsin the planning map denoteoccupied
space. Column i shavs how the planning grid map and the polygonal ap-
proximations ewlve over time for Robot i. Each row shows a snapshotfor
a certain point in time, whereasthe time proceedswith an increasingrow
number.
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