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1 100Robots

We describethe developmentof Centibots,a framework for very large teamsof
robotsthatareableto perceive,explore,planandcollaboratein unknown environ-
ments.The Centibotsteamcurrentlyconsistof approximately100 robots(Figure
1). The Centibotsteamcan be deployed in unexploredareas,and can ef�ciently
distributetasksamongthemselves;thesystemalsomakesuseof a mixedinitiative
modeof interactionin which a usercan in�uence missionsasnecessary. In con-
trast to simulation-basedsystemswhich abstractaway aspectsof theenvironment
for thepurposesof exploringcomponenttechnologies,theCentibotsdesignre�ects
anintegratedend-to-endsystem.

Fig.1. 100 robots.Four of the robotsarePioneerIIs
with SICK laserrange-�nders.The restare Amigo-
botswith sonars,acameraandasmallPContop.The
OOI is in thehandof oneof theauthors.

As part of DARPA's Soft-
ware for Distributed Robotics
(SDR) project, the Centibots
were testedon a mapping and
search mission in a new, un-
known environment. This ex-
periment involved deployment
of Centibotsin threesuccessive
stages:(1) a mappingstage for
the coordinatedexploration of
the environment while simulta-
neouslyconstructinga veryhigh
accuracy occupancy mapusinga
laser range�nder; (2) a search
stage in which the environ-
ment is exhaustively searched
for a prede�nedobjectof inter-

est(OOI), chosensothatit couldbeeasilydistinguishedwithin theenvironmentby
its shapeandits color; and(3) an intruder detectionstage in which robotsaredis-
tributedthroughouttheenvironmentto “guard” theOOI by continuouslysearching
the environmentfor humanintruders.This stageincludedrecharging a portion of
therobotsto provethesystemcouldcontinueinde�nitely.

Previouswork haslargely focusedon isolatedaspectsof our system,including
multi-robotexploration[1], architecture[3], taskallocation[12], coordination[9],



andhumaninteraction[11]. Herewedescribetheintegrationof varioustechnologies
to achieveanoperationalrobotteam,whichwastestedunderrigorousconditionsby
SDR's outsideevaluationteamduring a �nal demonstration.The main criteria of
the evaluationfocussedon the effectivenessof the robot teamin performingthe
mappingandsurveillancetask(Sections2.2and3.3).1

Our approachto multirobot coordinationis signi�cantly differentbetweenthe
mappingphaseandthesubsequentsearchandsurveillance.Mappingis performed
with a small number(1-5) of robotsworking completelyautonomously, often out
of contactwith thebasestation.Their interactionsaretightly focussedonsolvinga
singletask,exhaustively mappingan areain the shortesttime. We developedspe-
cializedalgorithmsbasedon utility theoryto coordinatethemappingrobots,under
theconditionof anunknown environment,intermittentcommunicationandnocen-
tralizedplanner. In searchandsurveillance,amuchlargernumberof robots( � 100)
mustbecoordinated,andthetaskingismore�e xible,e.g.,robotscanbecommanded
to watchover a given area.Here,issuesof spatialreasoning,taskdistribution, re-
sourceallocation,anduserinteractionbecomemuchmoreimportant.

In the following sections,we describethe coordinationstrategy for mapping
andexploration,andgive theresultsof theevaluationfor this phase.We thengive
anaccountof searchandsurveillance,alongwith their results.

2 Distrib uted Mapping and Exploration
In the mappingphase,multiple robotsexplore the environmentin order to build
a mapthat canbe usedin the subsequentsearchandsurveillancephases.We de-
velopeda decentralizedsystemthatgoesbeyondthestateof theart in multi-robot
mappingin that it doesnot dependon reliablecommunicationbetweenrobotsand
makesnoassumptionsabouttherobots' relativestartlocations.

2.1 Overview of Exploration System

Robot

Fig.2. Robot path (gray) and links
amongposes.1mgridshown for size.

Multi-r obot Mapping Our technique for
multi-robot mapping is basedon a represen-
tation of local probabilistic constraints among
robotposes.Theseconstraintsarisefrom robot
motion (odometry)and matchinglaser range-
�nder scans.Figure2 shows a lasermapalong
with thetrajectoryof arobot(gray)andthecon-
straint links (black).The trajectoryalsorepre-
sentsrobot motion links. The optimal position
of theposesis theonethatmaximizestheposte-
rior probabilityof all theconstraints.Although
theconstraintsarenonlinear, thereareef�cient
approximationsthatwork well in practice[4,7,8]. Note the �ne detailof the laser
scanmapresultingfrom thisoptimization,showing eventhethicknessof thewalls.
1 Two otherteams,oneled by SAIC andoneby MIT, alsounderwentthesameevaluation

process,but asof thiswriting we donothave accessto their resultsfor comparison.
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Fig.3. Poseconstraintsbefore(left) andafter(right) linking thestartandendof a loop.

Theconstraintnetwork is ideal for integratingmapinformationwith uncertain
alignment.Consider�rst thecaseof closinga loop: a robot returnsto a positionit
haspreviously visited,but accumulatederror causesit to be misaligned(Figure3,
left). Herethe robot hastraversedan interruptedloop, going out of the top of the
�gure beforecomingback.In the right side�gure, scanmatchinghasestablished
links with posesat thebeginningof the loop, andby optimizationthe loop canbe
closedcorrectly.

Fig.4. Zipperingtwo unregisteredpartial
maps.Poses“1” are found to be related
to poses“2”. After joining, thenew poses
areaddedto the �rst map,startingfrom
the join point; note the additional loop
closure(circledregion).

The constraintrepresentationnaturally
facilitatesthemerging of partialmapsbuilt
by different robots.For example, the left
side of Figure 4 shows the robot posesof
two partialmapsbuilt independentlyby two
robots,withoutany notionof wherethey are
with respectto eachother. Supposewe can
link posesin onemap(labeled“1”) to poses
in theothermap(“2”), by somegooddeci-
sion process.Then,we can move the two
mapstogetherto registerthemin thesame
metricspace.Finally, we go throughoneof

thepartialmapsandaddall of its scansto theothermap,justasif all scanwerecol-
lectedby asinglerobot.In this process,thetwo mapsarezipperedtogether, adding
connectionsresultingin a globallyconsistentmap.

Abstractly, thezipperingprocessletsustake any partialmapsproducedby any
robotsandput themtogether, oncea commonlocation(colocation) betweentheir
trajectorieshasbeenidenti�ed (note that colocationis transitive). In order to de-
terminethesecommonlocations,we developedanef�cient algorithmthatsequen-
tially estimatesthe relative locationsbetweenrobot pairsasthey explore an envi-
ronment[6]. The approachconsidersonly pairsof robotssincethe complexity of
estimatingmapmatchesis exponentialin thenumberof robotsconsideredjointly.
For eachrobotpair, thetechniqueusesanadaptedparticle�lter to estimatethepo-
sitionof onerobotin theotherrobot'spartialmap.By estimatingtheposteriorover
robotpositionsbothinsideandoutsidethepartialmap,theapproachis alsoableto
estimatewhetheror not thereis anoverlapbetweentherobots'maps.To accurately



determinetheoverlapprobability, we developeda hierarchicalBayesiantechnique
that learnsa prior over thestructure of indoorenvironmentsandusesthestructural
modelto estimatethecertaintyof mapmatches[2,10].

Active Multi-r obot Colocation and Exploration Virtually any map matching
techniquecangeneratefalse-positive matches,especiallyin large,highly symmet-
ric environments.A wrongmapmatchbetweentwo robotscangeneratesubsequent
wrongmapmatcheswith otherrobots.Thus,undoinga wrongmatchrequirescon-
sideringall other map matchesas well. To avoid the complexity resulting from
wrongmatches,wedevelopeda techniquethatcoordinatesrobotsto activelyverify
whetheror nota mapmatchhypothesisis correct.Theapproachis integratedinto a
decision-theoreticmulti-robotexplorationstrategy (see[6] for details).

Figure5(b) shows an examplerun usingour coordinationtechnique.The two
robots,A andB, startfrom different,unknown locations.Initially, therobotsexplore
on their own. As they explore,eachrobotestimatestheotherrobot's locationin its
own map,usingthemodi�ed particle�lter mentionedabove.Whendecidingwhere
to move next, bothA andB considerwhetherit is betterto move to anunexplored
area(frontier),or to verify a hypothesisfor theotherrobot's location.At onepoint,
B decidesto verify a hypothesisfor A's location.It sendsA themessageto stopand
movesto A'shypothesizedlocation.Uponreachingthis location,bothrobotscheck
thepresenceof theotherrobotusingtheir laserrange-�nders(robotsaretaggedwith
highly re�ectivetape).Whenthey detecteachother, theirmapsaremergedusingthe
zipperingprocessdescribedabove.Fromthenon, they explore theenvironmentin
a coordinatedway. If a hypothesisveri�cation fails, on the other hand,then the
hypothesisis simplydeleted,andall robotskeeponexploring.

Our coordinationtechniqueworks for more than two robots.Multiple robots
cansharea commonmapandcoordinateto explore andverify hypothesesfor the
locationsof other robots.Sinceeachmapmerge operationincreasesthe number
of robotssharinga commonmap,teamcoordinationimprovesover time. Howard
et al. [5] alsouserobot detectionsto mergemaps(andcloseloops).In contrastto
our activecolocationtechnique,their approachis purelypassive in thatrobotshave
to detecteachothercoincidentally. Passive mapmerging can result in signi�cant
delays,for example,whenonerobot follows thepathof theotherrobotandnever
actuallydetectsit.

Exploration with Limited Communication Robotsform so-calledexploration
clusters,whicharegroupsof robotsthatsharea commonmap.A teamleaderrobot
usesthis mapto coordinatetheotherrobots.New robotscanbeaddedto a cluster,
oncetheir relative locationwith respectto theclustermapis determined.Mapsare
representedcompactlyassetsof laserrange-scansannotatedwith robot posesand
probabilisticlinks (scansarerecordedonly every 50cm).Eachrobot integratesits
observationsinto its own map,andbroadcaststhe informationto theotherrobots.
While mostof theotherrobotsonly storethisdata,theteamleaderintegratesall the
sensorinformationit receives.Thusthe teamleaderhasa completeandconsistent
maprepresentingthedatacollectedby all robotsin thecluster. Frequently, thismap
is broadcastto theotherrobots,in orderto guaranteeconsistency. Thedatacanbe
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Fig.5. (a)Mapoverlayedwith thegroundtruthCAD modelof thebuilding.TheCAD model
wasgeneratedby manuallymeasuringthe locationsandextensionsof roomsandobjects.
(b) Map andpathsof anexplorationrun. Thetwo robotsstartexploring from different,un-
known locations.After �nding agoodhypothesisfor their relative locations,they meetat the
meetingpoint,mergetheirmaps,andcontinuecoordinatedexploration.

sentverycompactly, sinceonly updatedrobotposesandlinks haveto betransmitted
(scansarealreadystoredby theotherrobots).Themostcomplex broadcastfollows
whenevera robotclosesa loop,sincetheoptimizationoperationmodi�es all robot
posesin amap.

Ourexplorationsystemachievesrobustnessto communicationlossby enabling
every robot to explore theenvironmenton its own. Whenever a robot in anexplo-
rationclusterreachesanassignedgoalpoint, it keepsonexploringbasedon its own
mapuntil it receivesa new goalpoint. Thus,if a robotmovesoutsidethecommu-
nicationrangeof its cluster, it automaticallykeepson building its own mapuntil it
getsbackinto communicationrange.After gettingbackinto communication,robots
exchangeall the relevantdatathatwaslost. Sucha 'sync' operationonly involves
thecommunicationof rathersmalldatasets.Theapproachis alsorobustto lossof
the teamleader, sinceany otherrobot in theclustercanexploreon its own or take
over the teamleaderrole. In the extreme,if noneof the robotscancommunicate
with eachother, eachrobotwill exploretheenvironmentindependentlyof theother
robots.Theresultwill still beacompletemap;only built lessef�ciently .

2.2 Experimental Evaluation of Mapping

The SDR project is uniquein having an experimentalvalidationconductedby an
outsidegroup.For a weekin January2004,the Centibotsweretestedat a
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building in Ft. A.P. Hill, Virginia.We weretestedundercontrolledconditions,with
a singleoperatorin chargeof therobot teamsvia themixedinitiative interfacede-
scribedin the next section.The evaluationcriteria for mappingincludedtime to
createa map,topologicalaccuracy, andpercentof areamapped.Groundtruth for
mappingwasgivenby amanuallyconstructedmap(Figure5(a));in fact,therobot's
mapsweremoreaccurate.Extensivesoftwaretuningwascircumventedby limiting
accessto only half of theexperimentalareaduringtestruns.

Theresultsfor four of�cial mappingrunsaresummarizedin Table1. In all runs,
therobotswereableto autonoumouslygenerateahighly accuratemapof thewhole
environment.The averagemappingtime for singlerobot explorationwas24 min-
utes;thistimewasreducedto 18minuteswhenusingtwo robots.Wealsoperformed



Fig.6.Mapsbuilt duringthreeautonomousexplorationruns.Themapslook almostidentical,
even thoughthey werebuilt undervery differentcircumstances;(left to right) by onerobot,
by two robotsstartingfrom the samelocation,and by two robotsstartingfrom different,
unknown locations.Thesimilarity betweenthemapsillustratestherobustnessof thesystem
andsupportsourbelief thatthesemapsaremoreaccuratethanthehand-built map.

additionalexperimentalruns.In onesetup,threerobotswereableto mapthearea
in 15 minutes.Two robotsstartingfrom different,unknown locationsgenerateda
completemapwithin 26 minutes(this run is shown in Figure5(b)). All generated
mapslookedvirtually identically, asshown in Figure6.

3 Search and Surveillance

In thisphaseof themission,thechallengeof coordinatingtherobotsbecomesmore
dif�cult becauseof thefollowing factors.

� Thenumberof robotsis large( � 100).
� Themissiongoalsarenotpredetermined,andcanchangeduringthemission.
� Thegoalsshouldbespeci�edat a high level, e.g.,“searchthebuilding.”
� Therobotsmustestablishandmaintainacommunicationsnetwork.
� All robotsmustbecontrolledandcoordinatedby a singleoperator.

In Centibotstherewereonly two high-level missions:the searchfor OOI and
the protectionof the OOI. In both casesthe �rst stepwas to determinewhere to
sendtherobotsto achievethemission:how therobotscancoverthemostfreespace
while maintainingotherobjectivessuchasa communicationbackbone.In theCen-
tibotssystem,a spatialreasonerdeterminesanoptimalor near-optimalassignment
of robotsto positionsin thespace,while a separatecoordinationmodule(the dis-
patcher) implementsan assignmentthat follows the plan, andalso monitorsand
adaptstheplanasrobotsfail.

Many interestinglow-level behaviors arebuilt into thesearchrobots,allowing
the coordinationmoduleto abstractaway someof the dif�culties of the problem.
For example,robotshave the ability to stay localizedwithin a map, to navigate
to particularpositionswithin the map,andeven to performsimple traf�c-control
behavior suchasstayingto theright in acorridor. In searchingfor theOOI, thereare
behaviors to scanin a circle, to detecttheobject,andto transmitinformationabout
its location.Finally, eachrobot hasa singlecamera,andalgorithmsfor detecting
peopleasmoving objectsandreportingtheir position.



3.1 SPARE

The SPARE component(for SPAtial-REasoning)is a generalsystemdedicatedto
thespatialallocationsin Centibots.SPARE is structuredin two parts:spatialrepre-
sentationgenerationandspatialreasoning.

Occupancy Map 
 SkeletonMap 
 SpatialReasoning

The outputof the mappingphaseof the missionis an occupancy map,specifying
occupied,unoccupied,andunknownregions.Fromthis,therepresentationgenerator
constructsan abstractskeletonmapof nodesandconnectionsbetweenthe nodes.
Theskeletonmapis usedby spatialreasoningprocessesto searchfor robotlocations
thatmaximizetheirutility for a giventask.

Spatial Representation The spatial representationcreatesan abstractionof the
map,calledthetopological graph(TG), thathasthefollowing characteristics:

� It is topologicallycorrect.
� It is compact.
� All pointsarereachableby therobots.
� It canbeusedfor a quickbut correctpathplanningcomputation.
� It containsenoughpointsto �nd goodsolutions,but not too many to make the

searchcomputationallyunfeasable.

To createtheTG, we �rst computea Voronoidiagram(VD) from the input oc-
cupancy map(a 2D grid). TG is thengeneratedfrom VD by �ltering, featureiden-
ti�cation, andexpansion.Figure7 shows somestepsin the generationof TG. In
general,TG consistsof a setof nodesandlinks thatcover theareain a mannerthat
facilitatessearchingandvisibility.

Fig.7. VD componentsassociatedwith verticesand edgesof TG, and additionalvertices
addedby theexpansionstep.

Spatial Reasoning For any given mission,we abstractthe problemof placing
robotsin the environmentto the taskof assigningrobotsto nodesof TG. We as-
sumeall therobotsarehomogenous,soany robotcanful�ll any taskrequirement.
An assignment� is a mappingfrom thenodesof TG to 1 or 0 (robotor no robot).
It would bea simplemodi�cation to changethebooleanvalueto a setof valuesto
accountfor classesof robots.

Thecost������� isascalarfunctionof theassignment.Sincethenumberof assign-
mentsis exponentialin thenumberof nodes,we decomposethecostinto subcosts
thatcanbe easilycalculated,anduseanapproximatemethodto determinea good
assignment(Section3.1).In general,wewantcoststo belocal to asinglenode,or at
leastto asmallneighborhoodof nodes,sothatincrementaloptimizationalgorithms



will work well. To thisend,wedeterminetheglobalcostby asummationof smaller
costfunctions:
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where) is thenumberof nodesin TG, and* is thenumberof costfunctions.The
�
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areweightsthatcanbechangedto re�ect the typeof missionunderconsideration.
The weightswerechosenempirically, to re�ect the differentpriorities in the two
missionsof searchingfor theOOI andprotectingtheOOI.

Notethat,potentially, each“local” costfunction
#

�

couldinvolve thewholeas-
signment.In practice,we have developed10 local costfunctions,of which 8 relate
to a singlenode,1 to a local neighborhood,andonewhich tries to minimize the
numberof robots,andsousesthewholeassignment.

Finding Good Assignments The problemis to identify then-tuple ��%
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thatoptimizes � with a weight distribution
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speci�c to themission.The search
spacesizeis 0
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where) is thenumberof verticesin TG (typically, a few hundred).
In sucha hugesearchspace,andin thecontext of our application,our goalwasnot
to �nd anoptimalsolutionbut a satis�cing onein a reasonabletime (within a few
minutes).Thequality of a solutionis determinedby a humanexpert:a solutionis
consideredgood if no misallocationis detectedby a humananalysingthe result.
We havefoundthatastandardsimulatedannealingalgorithmworkswell in �nding
reasonablesolutions.

Fig.8. TGshown with superimposedassignment(squares)for
a guardingoperation.TheOOI is in theupperright room;the
operatoris at the lower right. All roomsarecoveredfor in-
truderdetection,andthecommsbackbonehasa maxdistance
of 10mperrobot.

The SPARE system
has been tried on over
a dozen different maps
for severaltypesof tasks.
For eachmap, the com-
putation time does not
exceed a few hundred
milliseconds.For agiven
task, the dif�culty lies
with manual tuning to
obtainsuitablevaluesfor
the weight distribution

�

�

. This tuning is done
by trial anderror. In prac-
tice, once a weight dis-
tribution is found for a
given task, the weight

distributionstaysef�cient onothermaps.For instance,for thesearchingandprotect-
ing tasksperformedatthedemonstrationsitein acompletelyunknownenvironment,
no new tuningof theweightdistributionswerenecessary. Evenif theoptimality of



thesolutionreturnedby SPARE is impossibleto evaluateformally, thecostdiminu-
tion betweentheinitial randomsolutionandthe�nal oneis considerable(byafactor
of 100onaverage).Figure8 showstheTGandaguardingassignmentfor oneof the
evaluationruns.

3.2 Hierar chical Dispatching

Oncewehaveall thegoalsgeneratedby SPARE, theoperatorassignsamissionto a
numberof robots.Theoperatorcanre�ne theassignmentby creatingsub-teamsto
achievepartof missionindependently, or let thesystemcoordinatetheentirepoolof
robots.For example,oneteamcouldbeassignedto createa communicationsback-
bonefor thesearchtask.Within a team,amanageror dispatcheris chosento assign
tasksto individual robots.Robotsregisterwith oneor moredispatchersandreceive
an assignmentfrom the setof goalsavailableto the team.A robot canregisterto
severaldispatchers,with onepreferred.If therearenomoregoalsto bedonefor the
preferreddispatcher, therobotwill askotherdispatchersfor work,whichis awayof
load-balancing.Whenthegoalis �nished, therobotcallsbackin to reportthecom-
pletion,saysthat it is available,andrequestsa new goal from the dispatcher. The
dispatchercanalsoallocateasetof goalsatoncefor arobotto do,andtherobotwill
only re-contactthedispatcherwhenit has�nished all of them.Thedispatcheris de-
signedasa network servicethatresidesphysicallyanywhereon thenetwork. It can
runonany teammemberandonly requireslocalcommunicationwithin theteam.In
everyexperimentwith Centibots,theoperatoronly formedoneteam,thereforeour
hierarchicaldispatchingwas equivalent to a centralizedapproach.This approach
wasquiteeffectivebecausetheteamwaslimited in size(lessthan50).

3.3 Experimental Evaluation of Search and Surveillance

For searching,the evaluationcriteria weretime to locateOOI(s),positionalaccu-
racy, andfalsedetections.For theprotectionstage,thecriteriaweredetectionof in-
truders,andtime to �rst detection.Therewerefour evaluationruns,andtheresults
areshown in theTable1. They show that the teamwashighly effective in �nding
the objectandsettingup a guardperimeter. Note that we usedvery simplevisual
detectionhardwareandalgorithms,sincewe hadlimited computationalresources
ontherobots– falseandmisseddetectionswereafailureof thesealgorithms,rather
thanthespatialreasoninganddispatchingprocesses.
Run MappingTime Map Search SearchTime PositionError / Intruder Time to

Area Robots FalsePos TopoError Detect Detect
1 22min 96% 66 34min / 0 11cm/ none 75% 8 sec
2 26min 97% 55 76min / 1 24cm/ none 50% 8 sec
3 17 min (2 robots) 95% 43 16min / 0 20cm/ none 25%2 8 sec
4 19 min (2 robots) 96% 42 Missed/ 2 NA 100% 48sec

Avg. 21min 96% 51 30 min / 0.75 14cm/ none 62% 18sec

Table1. Resultsof the4 evaluationruns.
2 Causedby a miscon�guredtracking�lter , �x edbeforethenext run.



4 Conclusions
It is a measureof thestateof maturityof mobileroboticsthat it is possibleto �eld
andevaluatealarg teamsof robotsin theshort18monthsof thisproject.OurCenti-
botsteamusesinexpensiveCOTSmobilerobots,cameras,andprocessors;thealgo-
rithms we have developedfor mapping,planningandmixed-initiative deployment
will work in real-time,in a distributed fashion,with unreliablecommunications,
in anunknown environment.Thesearesomeof thetoughestreal-world conditions
yet imposedon a roboticsproject.We believe thatevaluationslike this onearean
importantstepto moving AI roboticsinto therealworld.
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