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ABSTRACT

In this paper we considerthe problemof exploring anun-
known ervironmentwith a teamof mobile robotsusinga
communicatiodink with limited bandwidth.The key prob-
lem to be solved in this context is to decidewhich infor-
mation should be transmittedover the network to enable
the robotsto chooseappropriatetarget points. In this pa-
per, eachrobotapproximatests mapby a setof polygons.
We presentan ef cient way to incrementallyimprove the
representationWe furthermoreadaptan existing coordina-
tion strateyy sothatit is ableto dealwith our approximated
mapsin a distributedfashion. Our techniquehasbeenim-
plementecandtested.Theresultsdemonstratéhatour dis-
tributed techniquecan ef ciently spreadthe robotsin the
ervironmentevenif the communicatiorink providesonly
alow bandwidth.As aresult,therobotsareableto quickly
accomplisttheir explorationmissiondespitethe constraints
introducedby thelimited bandwidth.

1. INTRODUCTION

Exploringanenvironmentbelonggo thefundamentaprob-
lemsin mobilerobotics. Therearesereralapplicationdik e
planetaryexploration[1], rescug16, 18], mowing [11], or
cleaning[13, 17] in which the completecoverageof a ter-
rain belongsto theintegral partsof aroboticmission.

To efciently accomplishanexplorationtaskwith mul-
tiple robots,a coordinationstrateyy is neededo assigntar
getlocationsto the differentrobots[4]. To implementsuch
atechniqueusinga teamof realrobots,a fastnetwork con-
nectionis requiredin orderto sendthe ervironmentalinfor-
mationto eachrobot. In real applicationsall sensomea-
surementsieedto be sentto all otherrobotsor the whole
teamhasto exchangethe map. Whereaghis is feasiblefor
small groupsof robots,it introducesa seriouscommunica-
tion overheador big teams.Thereforetakingthe available
bandwidthinto accountwhenexchangingnformationis an
importantrequirementor largerrobotteams.

In thiswork, we presentidistributedapproacho multi-
robot explorationfor situationsin which the network con-
nectionshave unlimitedrangeandarereliablebut only pro-
vide alimited bandwidth.Our algorithmcomputesa polyg-

onal approximationfor eachmap learnedby a robot and
transmitsonly changesandre nementsof this mapto the
otherrobotsover the communicationlink. Basedon their
own mapsandthe approximateddescriptionsof the areas
coveredby the otherrobots,eachteammatechooses tar-
getlocationit plansto attain.It thenbroadcastthislocation
to the otherrobots,which considerthis planwhencalculat-
ing their own targetlocation.

2. RELATED WORK

The variousaspectf the problemof exploring unknown
ervironmentswith teamsof mobile robotshave beenstud-
iedintensielyin thepast.Forexample,Yamauchetal. [21]

presenta techniqueto learn mapswith a teamof mobile
robots. In their approachthe robotsexchangenformation
aboutthe mapthatis continuouslyupdatedwheneer new

sensolinput arrives. They furthermoreintroducedthe idea
of a frontier, which separateshe ernvironmentinto known

and unknown areas. Burgardet al. [4] presentech tech-
nigueto coordinatedeamsof mobilerobotswhich extendsa
work publishedin 2000[3]. Their approachradesoff the
costof moving to frontierswith the expectedamountof in-

formationthat canbe obtainedwhenarobotarrivesat that
frontier. Ko et al. [14] apply a similar coordinationtech-
niquethatusesthe HungarianMethod[15] to computethe
assignmentsf frontier cells to robots. Howard et al. [10]

presentecnincrementableploymentapproactthataimsto

coordinatethe robotsin a similar way. Zlot et al. [22] as
well as Gerkey and Mataric [7] have proposedan archi-
tecturefor mobile robot teamsin which the explorationis

guidedby a market economy Their approachradestasks
usingsingle-itemrst-price sealed-bicuctionshetweerthe
robots.In theseapproachesdt is typically assumedhatthe
network connection$have a sufciently high bandwidth.In

contrastto that, the algorithmproposedn this paperis de-
signedto dealwith low bandwidthcommunicatiorinks.

In [2], Balch and Arkin analyzethe effects of differ-
entkindsof communicatiorontheperformancef teamsof
mobile robotsthat performtaskslik e searchingor objects
or covering a terrain. The “grazetask” carriedout by the
teamof robotscorrespond$o anexplorationbehaior. One
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Figurel: This gure showsthe polygonmap(right) thatis
derivedby our algorithmfrom the grid map(left).

of the resultsis that the communicationof goal locations
doesnothelpif therobotscandetectthe“grazeswathes”of
otherrobots. In this paper we seekto minimize the com-
municationbetweerthe robotsby utilizing a polygonalap-
proximationof the mapsof theindividual robots.Recently
specializeatoordinatiortechniqueave beenpublishedor
certaindomains. In the context of RoboCup differentco-
ordinationbehaiors areusedin combinationwith role as-
signmentechnique$12, 19].

In theliterature, severaltechniquesreavailablethatre-
ducepolygonsconsistingof originally n verticesto similar
polygonsconsistingof a subsebf m vertices(seeHeckbert
andGarland8] or Buzer[5] for comprehensiesureys). In
our approachye apply the Douglas-Peuadr algorithm[6]
which, accordingto [20], is one of the mostvisually ef-
fective line simpli cation algorithms. In the past, mary
improvementshave beenproposedor the basicDouglas-
Peucleralgorithm.HershbegerandSnosyink [9] proposed
an O(nlogn) variantof the basic Douglas-Peuadkr algo-
rithm whosetime compleity is O(nm). Anotherimprove-
mentof this algorithmthatavoids self-intersectingpproxi-
mationsis the starshapedouglas-Peuadr algorithm[20].

Thecontribution of this papelis anapproachhatis able
to ef ciently exploreanunknowvn ervironmentwith mobile
robotsthat only have a low bandwidthconnectionto ex-
changeinformation. Our algorithm approximateghe en-
vironmentusingline simpli cation techniquego obtaina
compactgeometricnodelwhich thenis usedto coordinate
the robots. Comparedo the full map,thesepolygonalap-
proximationsrequireseriouslyfewer memoryandthis way
canbemoreef ciently communicated.

3. APPROXIMA TING THE ENVIRONMENTAL
MODEL

Thekey ideaof our approacho dealwith alow bandwidth
communicatiodink duringexplorationis to computeanap-
proximative but compactrepresentatioof the ervironment
andto communicateonly this compactmodel betweerthe
robots.To obtainthecompactpproximatiorof themap,we
computea setof polygonswhich areextractedfrom a grid
map of eachrobot. The polygonscontainedin a polygon
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Figure2: Casel: A vertex, which waslocatedon B; ; is
nolongerlocatedon B; dueto newly obsenedareas.

map can containeitherfree or unknavn space. Polygons
thatarecontainednsideof otherpolygonshaveahigherpri-
ority andthusoverwrite the occupanyg valuesof the outer
polygons(compareFigure 1). The boundariesof a poly-
gon canrepreseneitherfree, occupiedor unknown areas.
Thesepolygonmapsarelearnedby extractingthe contours
of arobot's eld of view andof the obsenedobstaclesWe
thenapply an adaptedversionof the Douglas-Peuokr al-
gorithm [6] to approximatethe extractedcontours. In the
following, the contouris alsoreferredasthe boundaryB of
theobsenedarea.

We meme polygonmapshy building a grid mapin the
following way. If the informationgiven by otherrobotsis
not contradictoryajoined grid mapcanbe constructedn a
straightforvardmanner If in contrastheinformationgiven
by otherrobotsis contradictorywe preferoccupiedto free
andfree to unknowvn information. Note that a robot only
updatedts own mapaccordingto the recevvedinformation
in areast hasnotobseredonits own.

Sincethe eld of view of eachrobotchangesn every
step,the polygonalmodel can get out-datedquickly. Ac-
cordingly, the polygonmap needsto be updatedappropri-
ately Sincethe robotsonly have a low bandwidthcon-
nection,it is not appropriateo transmitthe whole polygon
map after eachupdate. Instead,we communicatethe in-
crementalkchangesf the modelonly. This is achiezed by
introducingthe constraint,that points which are a part of
the currentpolygonmapmodelwill alsobe partof the up-
datedmodel. This constraintpf coursepnly holdsfor those
points,which aftertheupdatestill lie ontheboundaryof an
obstacleor on afrontierto unknawn terrain.

To updatea polygon map basedon sensoryinput, we
distinguishthefollowing casegseeFigures2-4):

1. Verticesof thepolygonalapproximatiorof thebound-
aryB; i attimestept 1 arenolongerlocatedon
the boundaryB; of the obsened areain the current
time stept (seeFigure?2),

2. the boundaryof the obsered areacan changein a
way so thatall points of the approximationare still
locatedon the boundarybut the approximationbe-
comesnadequatarnyway (seeFigure 3), or

3. new boundariegzanariseor a boundarycansplit up
into severalboundariesvhich arenot connectedry-
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Figure3: Case2: All verticesof the approximatiorlie on
theboundaryB; buttheapproximatiorgetsinadequatary-
way.
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Flgure4: Case3: A neNIy ra|sedb0undary(a)-(c) anda
boundarywhich splits up into several new boundariegd)-

(f).

moreandwhichcanbecontainedn theoriginalbound-
ary (seeFigure4).

To updatethe polygonmap,we markall verticeswhich
lay onthe boundaryof thevisible areaB; ; in theprevious
stept 1butdonotlie onB; anymore.After that,weitera-
tively discardall pointsthathave beenmarkedandconnect
theirformerneighbors After thisstep,all pointsthatremain
partof the approximatiorarelocatedon B;. In casepoints
have beenremoved,we typically have to re ne theapprox-
imationagainto appropriatelynodelthe ervironment.

In the next step,we have to identify whetherpartsof the
boundaryB; 1 have split up into several parts(like shavn
in Figure4 (a)-(c)and(d)-(f)). Thisis achievedby labeling
theverticesof thepolygonmapwith the numberof thecon-
touronwhichthey aresituatecon B;. Whenerertwo former
neighboringverticesof the polygonmap now have differ-
entlabels,they aredisconnectedby discardingthe edgebe-
tweenthesevertices.To closeall polygonsagainthe robot
tracesthe underlyingcontourB; of eachvertex v having
lessthantwo neighbors. The procesdor a vertex v stops
whenwe nd anothervertex w on the underlyingcontour
that alsois part of the polygon map and hasthe samein-
dex asv. Eachpair of verticesv andw is connectedand
soall polygonsgetclosedagain.In casey is theonly ver
tex still lying ontheunderlyingcontourB;, anew arbitrary
pointw of the underlyingcontouris taken to closethe ap-
proximation. This is alsodonefor contoursthatarenot yet
approximatedy ary vertex of the new polygonmap.

After this step,we canre ne the new polygonmapus-

ing the Douglas-Peuadr algorithm by splitting up edges.
Usually, the Douglas-Peucsr algorithminsertsa new ver-

tex having thebiggestdistancdo its closessggmentinto its

closestine sgment. Sincewe work with setsof polygons,
we would, accordingto the original Douglas-Peuaosr algo-

rithm, split up the edgehaving the biggestsegment-point-
distanceof the polygon that has the maximum segment-
point-distancef all polygons.

Figure5 shows the evolution of the approximatiorpro-
cessfor a singlerobotexploring anunknown ervironment.
In this gure, white areasoutsideaswell asgray/lightblue
areagnsidethe polygonmapcorrespondo inappropriately
modeledterrain. Suchan approximationis well-suitedto
be transmittedvia a network, becausét canbe updatedn-
crementallyandthe individual updatestepscanberealized
with low spacecompleity.

4. MULTI-ROBOT COORDINATION

Ourstrateyy for coordinatingeamsf mobilerobotsis based
on theideasof Burgardet al. [4]. Their approactspreads
therobotsovertheernvironmentby introducinga penaltyfor
placesalreadyvisited by therobots. In contrasto this, our
algorithmworksin a distributed manner Insteadof using
a centralcomponentwhich selectstarget locationsfor all
robots,our approactconsiderghedecisionssofar madeby
otherrobots. Wheneer a robot selectsa new target loca-
tion, it broadcast#s decisionto all otherrobots.Fromthis
pointin time, the otherrobotsincorporatethis information
into their plansby discountingthis goal accordingto [4].
Our approachs describedn Algorithm 1. In this formu-
lation, V4o refersto the costof reachingtarget location t°
from thecurrentpositionof therobot. OurapproacHurther
more combineghe polygonalmapsof its teammateswith
its own world knowledge. Sincedatareceved from other
robotshave an approximatve characterthe robotonly up-
datessuchpartsof its own mapusingdatarecevedby other
robotsif the robot hasnot yet coveredthe corresponding
areawith its own sensor

Wheneer a target point t° is selectedfor a robot, we
reducethe utility of the adjacentgoalsin distanced from
t®accordingto the probability P (d) thattherobot's sensors
will covercellsin distanced. In our approachye approxi-
matedP (d) by

if d < max_range
otherwise

max _range

. d
P@@) = o e
wheremax_rangeis the maximumrangereadingprovided
by therangesensor

Sucha coordinationtechniqueis well-suitedto spread
the robotsover the ervironmentand to avoid that several
robotsapproachthe sametargetbecausaet is the closestto
its currentlocation. Comparedo the coordinationscheme



Figure5: Theapproximatiorof the ervironmentaimodelduring exploration.

Algorithm 1 Goal Assignmenfor CoordinatedPecentral-
ized Multi-Robot ExplorationusingPolygons.

1: Computethe union of all polygonalmapsreceved by
the otherrobotsand combinethemwith the own self
exploredervironmentaldata.

2: Computethe possiblegoallocationsbasecdn thefron-
tier (pointsthatleadto unknown areas).

3: Settheutility U; of potentialtargetsto 1.

4: for all Recevedtargetsfrom otherrobotsdo

5:  Reducethe utility of eachtarget point t°in the vis-

ibility areaaccordingto Ue ~ Up  P(jjit  tY)):

6: endfor

7: Determinetherobot'stargett which satis es:
t = maxgo (Uo Vo).

8: Broadcasthetargett to all otherrobots.

in [4], our coordinatiormechanisntypically leadsto longer
exploration times. However, it is the only possibility to
usethe discountingtechniquein a decentralizedvay. The
centralizedapproaclneedsa muchhigherbandwidth since
moreinformationneedgo beexchanged.

5. EXPERIMENTS

The experimentsdescribedin this paperare designedto
demonstratéheeffectivenes®f ourenvironmentalpproxi-
mationto coordinateateamof robotsusingalow bandwidth
network connection.

5.1. In uence of the Network Bandwidth on the Explo-
ration Time

In this experimentwe analyzedhe dependengof thequal-
ity of theervironmentalapproximatiorontheoverallexplo-
rationtime.

Thecentralparametethatdeterminespproximatiorgual-
ity is the split rate (SR). With this parameteme determine
anupperboundfor thenumberof edgesplitspersecond So
whenwe have a SR of 0.04therobotperformsat mostone
edgesplit every 25 seconds Edgesplits arenot performed
whentheapproximatiorof therobotis appropriateneaning
thattheapproximatiorerroris equalto zero.

Figure 6 depictshow explorationtime for coordinated
robotsdecreasewhenthequality of theapproximatior(and
thusthe network bandwidth)increases.In theseplots, we

compareheperformancef theoriginal centralizeccoordi-
nationapproactpresentedy Burgardet al. [4] to our de-
centralizedapproach.lt furthermorecompareur method
to an adaptedversionof the centralizedapproach which
usesour decentralizedoordination.It is importantto note
that the decentralizedcoordinationleadsto worseresults
thanthe original centralizedapproachsincethe target as-
signmentprocesss donein a decentralizedvay. Only a
centralizedcoordinatiortechniquenasthe ability to choose
that robot-taget tuple that providesthe (globally) highest
expectedutility. Thedecentralizeanethodusedthroughout
thispapelis necessarjo keepthecommunicatiorcostdow.
The relative advantageof the original coordinationmecha-
nism comparedo the decentralized/ariantincreaseswith
the numberof robots. Figure 6 demonstrateshat for an
increasingcommunicatiorink bandwidththe performance
of our approactcorvergestowardsthe performanceof the
decentralizedoordinationapproachwithout polygonalap-
proximationsandbandwidthrestrictions.

5.2. Comparisonto Other Approaches

In the secondexperiment,we comparedour approachto
the coordinationtechniquepresentedy Burgardet al. [4],
which usesan unrestrictedcommunicationlink. In their
approachthe ervironmentalmodelneedsto be integrated
by eachrobotof theteamandthe sensotinformationof all
robotsneedto be transmittedo all otherrobots.In scenar
ioswith ahugeamountof robots this causesthugeamount
of network traf c.

Our decentralizeatoordinationmethodis derivedfrom
thecentralizedcoordinatiortechniquen [4] andwasadapted
to our underlyingrepresentatioand to the bandwidthre-
strictions. Thus,the original approachwith unlimitedcom-
municationdescribes lower boundfor ouralgorithm.This
is illustratedin Figure6. As canbe seenfrom this exper
iment, evenwith low bandwidthconnectionswhich allow
to transmitaround7.500integersper secondandrobot, a
similar coordinatiorresultcanbe achievedcomparedo the
centralizeccoordinatiorapproactwhichrequiresa network
bandwidthof about200.000integersper second.

5.3. Analyzing the Network Traf ¢

In this experimentwe analyzedhenetwork traf c. In par
ticular, we analyzedwvhich kinds of datapackage®ccurred
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Figure6: Explorationtime for differentsplit rates(approx-
imation qualities)and numbersof robots. The plot in the
rst row shavstheresultfor 3 robotsin anunstructurean-
vironmentand the secondrow depictsthe evolution for 5
robotsin acorridorervironment.

SR TPT(%) | ES(%) | B (%) | VP (%) | EP (%)
0.04| 31.12| 19.82] 11.32| 6.16| 3158
0.05| 29.00| 23.06| 1351| b545| 28.97
0.07| 25.68| 26.89| 15.25| 5.37| 26.81

01| 2200| 36.09| 16.02| 4.54| 21.35

02| 16.77| 5252| 1424| 3.90| 12.58

1 5.62| 78.95| 3.46| 952| 245
5 156| 79.90| 0.26| 17.78| 0.50

10 1.01| 7857| 0.04| 19.97| 0.41

15 0.85| 78.14| 0.03| 20.68| 0.29

20 0.77| 77.99| 002| 20.93| 0.28

25 0.76| 77.88| 0.02| 21.05| 0.30

Tablel: Therelative network traf ¢ introducedby the dif-
ferentpackagedor differentapproximatiorre nementfre-
guenciegSR).

and what was their sharecomparedo the full amountof
network traf c.

In our approachdifferentkinds of datapackageseed
to be sentvia the communicatiorink. In our currentim-
plementationwe usetarget point transmissiongTPT) to
publishchosentarget locationsto robotswith lower prior-
ity. Edgesplit package$ES)referto thesituation,in which
anedgeof theapproximatioris re ned. A brokenboundary
package(B) is sentvia the network if the boundarysplits
up to severalsmallboundarieandthe emegedpointsdata
package(EP) is usedto describea newly detectedobject
(seeSection3, casel). Finally, the vanishedpoints pack-
age (VP) correspondgo the situation,in which a point is
removed from approximation. To identify a point or edge
in the approximationwe useuniquelDs andeachpoint is
representedly two integervalues.

600000 T T — — T — T
— 500000 | polygonal sensor data ]
E 400000 | raw sensor data - 1
o 300000 r 1
% 200000 | ]
& 100000 r ]
Ot ]

04,0507 1 2 1 5 10 15 20 25

splits per second
Figure 7: Comparisonof network traf c amountsfor the
polygonalapproach(for differentapproximationqualities)

andfor classicabpproachesansmittingraw sensodatafor
two robots.

Table 1 depictsthe relative network trafc causedby
the differentdatapackagesit demonstrateghatin caseof
low approximationre nement frequencieqSR) the trans-
missionof thegoalpointscauses highamountof theover-
all trafc (33:12%), whereaghis canbe neglectedin case
of highre nementrates.

To giveamorequantitative evaluationof thecausedraf-
¢, we comparedheusedbandwidthof ourapproactio the
centralizedcoordinationapproach. Using this technique,
eachrobottransmitsits full laserrangesweepdo the other
robots. This ensuresthat all robotshave the sameworld
knowledge.Usingabroadcashetwork, the overall network
trafc growslinearly in the numberof robots. Figure7 de-
pictsthe overall network traf ¢ causedoy both approaches
exploring the sameervironment. As canbe seen,our ap-
proachclearly outperformghe othertechnique Evenin the
caseof high approximatiorre nementrates,our approach
requiresonly a fragmentof the network traf c comparedo
the centralizeccoordinatioralgorithm.

5.4. Approximation Err or

The last experimentin this paperis designedo illustrate
theapproximatiorerrorof ourapproacttomparedo anon-
distributedalgorithm,which integratesall sensomeasure-
mentsinto onecentralmap.

The approximatiorerror andthusthe quality of anap-
proximationdirectly depend®nthe SRwhereaghe higher
the SR the lower is the averageapproximationerror (see
Table?2).

Figure8 depictsthe approximatiorerrorof our polygo-
nal mapsfor two differentapproximatiorre nementrates.
Theplotin the rst row depictstheerrorin caseof are ne-
mentrateof 10re nementoperationgpersecond As canbe
seentheerroris quite small. Wheneer therobot obsenres
ahugeamountof sofarunknavn terrain,theapproximation
errorincreasesAs canbeseenfrom the gure, theerroris
typically reducedwithin afew steps.Comparedo that,the
errorusinga low bandwidthconnectionseesecondow of
Figure8), which allows 0.1 re nementsper secondjs big-
ger. Furthermorejt takesmuchlongerto correctthe error



Splits per Second | Avg. Approximation Err or
0.1 8.92%
1 0.86%
10 0.19%

Table2: Low communicatiorratesleadto high approxima-
tion errorsandvice versa.
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Figure8: Approximationerror during explorationfor (top
image)high andlow (bottomimage)communicatiorband-
width.

comparedo thefasterconnection.

6. CONCLUSIONS

In this paper we presented distributedapproacto multi-
robotcoordinatiorfor systemswith reliablebutlimited band-
width connections.To dealwith low bandwidthnetworks,
we approximatehemapscommunicatetbetweertherobots
by polygonalrepresentationsWe also describean incre-
mentalschemdor updatingthe polygonswheneerthemap
hasbeenextended. Finally, we proposeda distributed ap-
proachto assigntargetsto robots.

Ourapproacthasbeenmplementedndtestedn exten-
sive simulationruns. The resultsreveal that our algorithm
canefciently coordinataeamsof mobilerobotsevenunder
severebandwidthrestrictions.One nding is thatthereis no
signi cant differenceto decentralizedpproacheassuming
unlimited bandwidthwheneachrobotbroadcastsnly very
little informationin eachstep.
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