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1 100Robots

We describethe developmentof Centibots,a framework for very large teamsof
robotsthatareableto perceve, explore,plan andcollaboraten unknown erviron-
ments.The Centibotsteamcurrently consistof approximatelyl00 robots(Figure
1). The Centibotsteamcan be deployed in unexplored areas,and can ef ciently
distribute tasksamongthemseles;the systemalsomakesuseof a mixedinitiative
mode of interactionin which a usercanin uence missionsas necessaryln con-
trastto simulation-basedystemswhich abstractaway aspectf the ervironment
for thepurpose®f exploring componentechnologiesthe Centibotsdesignre ects
anintegratedend-to-endsystem.

S As part of DARPA's Soft-
ware for Distributed Robotics
(SDR) project, the Centibots
were testedon a mapping and
searchmission in a new, un-
known ervironment. This ex-
periment involved deployment
of Centibotsin threesuccessie
stages:(1) a mappingstage for
the coordinatedexploration of
the ervironmentwhile simulta-
neouslyconstructinga very high
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Fig. 1. 100 robots.Four of the robotsare Pioneerlls laserrange nder; (2) a seach
with SICK laserrange- nders.The restare Amigo- stage in which the environ-
botswith sonarsacamerandasmallPContop.The ment is exhaustvely searched
OOl is in thehandof oneof theauthors. for a prede ned object of inter
est(OO0l), chosersothatit couldbe easilydistinguishedwithin the ervironmentby
its shapeandits color; and(3) anintruder detectionstage in which robotsaredis-
tributedthroughouthe environmentto “guard” the OOI by continuouslysearching
the environmentfor humanintruders.This stageincludedrechaging a portion of
therobotsto provethe systemcouldcontinueinde nitely.
Previouswork haslargely focusedon isolatedaspectof our system,jncluding
multi-robot exploration[1], architecturg3], taskallocation[12], coordination9],




andhumarninteraction11]. Herewe describeheintegrationof varioustechnologies
to achieve anoperationatobotteam which wastestedunderrigorousconditionsby
SDR's outsideevaluationteamduringa nal demonstrationThe main criteria of
the evaluationfocussedon the effectivenessof the robotteamin performingthe
mappingandsuneillancetask(Section2.2and3.3) ..

Our approachto multirobot coordinationis signi cantly differentbetweenthe
mappingphaseandthe subsequensearchandsurweillance.Mappingis performed
with a small number(1-5) of robotsworking completelyautonomouslyoften out
of contactwith the basestation.Their interactionsaretightly focussedn solvinga
singletask, exhaustvely mappingan areain the shortestime. We developedspe-
cializedalgorithmsbasedon utility theoryto coordinatethe mappingrobots,under
theconditionof anunknown environment,intermittentcommunicatiorandno cen-
tralizedplannerIn searchandsurweillance,a muchlargernumberof robots( 100)
mustbecoordinatedandthetaskingis more e xible, e.g.,robotscanbecommanded
to watchover a given area.Here,issuesof spatialreasoningtaskdistribution, re-
sourceallocation,anduserinteractionbecomemuchmoreimportant.

In the following sectionswe describethe coordinationstratgy for mapping
andexploration,andgive theresultsof the evaluationfor this phase We thengive
anaccounbf searchandsurwillance,alongwith their results.

2 Distrib uted Mapping and Exploration

In the mappingphase multiple robotsexplore the ervironmentin orderto build
a mapthat canbe usedin the subsequensearchand suneillancephasesWe de-
velopeda decentralizegystemthat goesbeyond the stateof the artin multi-robot
mappingin thatit doesnot dependon reliablecommunicatiorbetweerrobotsand
makesno assumptiongbouttherobots' relative startlocations.

2.1 Overview of Exploration System

Multi-r obot Mapping Our technique for
multi-robot mappingis basedon a represen-
tation of local probabilistic constaints among
robot poses.Theseconstraintsarisefrom robot
motion (odometry)and matchinglaserrange-
nder scansFigure2 shavs alasermapalong
with thetrajectoryof arobot(gray)andthecon-
straintlinks (black). The trajectoryalsorepre-
sentsrobot motion links. The optimal position
of theposesds theonethatmaximizesheposte-
rior probability of all the constraintsAlthough
the constraintare nonlinear thereareef cient
approximationghatwork well in practice[4, 7,8]. Notethe ne detail of the laser
scanmapresultingfrom this optimization,shaving eventhethicknessof thewalls.

Fig. 2. Robot path (gray) and links
amongposeslmgrid shavn for size.

! Two otherteams,oneled by SAIC andoneby MIT, alsounderwenthe sameevaluation
processbut asof thiswriting we do not have accesdo their resultsfor comparison.
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Fig. 3. Poseconstraintshefore(left) andafter (right) linking the startandendof aloop.

The constraintnetwork is ideal for integratingmapinformationwith uncertain
alignment.Considerrst the caseof closinga loop: arobotreturnsto a positionit
haspreviously visited, but accumulatecabrror causest to be misaligned(Figure 3,
left). Herethe robot hastraversedan interruptedioop, going out of the top of the

gure beforecomingback.In theright side gure, scanmatchinghasestablished
links with posesat the beginning of the loop, andby optimizationthe loop canbe
closedcorrectly

The constraintrepresentatiomaturally
facilitatesthe memging of partial mapsbuilt
by different robots. For example, the left
side of Figure 4 shaws the robot posesof
two partialmapsbuilt independentlypy two
robots withoutary notionof wherethey are
Fig. 4. Zipperingtwo unregisteredpartial with respecto eachother Supposeave can
maps.Poses'l” arefoundto berelated link posesn onemap(labeled'1”) to poses
to poses2”. After joining, thenew poses in the othermap(“2”), by somegooddeci-
areaddedto the rst map, startingfrom  sjon process.Then, we can move the two
the join point; note the additionalloop  mapstogetherto registerthemin the same
closure(circledregion). metricspaceFinally, we go throughoneof
thepartialmapsandaddall of its scango the othermap,justasif all scanwerecol-
lectedby asinglerobot.In this processthetwo mapsarezipperedtogetheradding
connectionsesultingin a globally consistentmap.

Abstractly the zipperingprocesdets ustake ary partialmapsproducedby ary
robotsand put themtogether oncea commonlocation(colocatior) betweertheir
trajectorieshasbeenidenti ed (note that colocationis transitve). In orderto de-
terminethesecommonlocations,we developedan ef cient algorithmthat sequen-
tially estimateghe relative locationsbetweerrobot pairsasthey explore an envi-
ronment[6]. The approachconsidersonly pairsof robotssincethe complexity of
estimatingmapmatchess exponentialin the numberof robotsconsideredointly.
For eachrobotpair, thetechniqueusesanadaptedarticle Iter to estimatethe po-
sition of onerobotin theotherrobot's partialmap.By estimatingthe posteriorover
robotpositionshothinsideandoutsidethe partialmap,the approachs alsoableto
estimatevhetheror notthereis anoverlapbetweertherobots' maps.To accurately




determinethe overlapprobability, we developeda hierarchicalBayesiartechnique
thatlearnsa prior over the structuie of indoorernvironmentsandusesthe structural
modelto estimatehe certaintyof mapmatcheg2, 10].

Active Multi-r obot Colocation and Exploration Virtually ary map matching
techniguecangeneratdalse-positre matchesgspeciallyin large, highly symmet-
ric environments A wrongmapmatchbetweertwo robotscangeneratesubsequent
wrong mapmatcheswith otherrobots.Thus,undoinga wrong matchrequirescon-
sideringall other map matchesaswell. To avoid the compleity resulting from
wrong matchesye developeda techniquehatcoordinatesobotsto activelyverify
whetheror nota mapmatchhypothesiss correct.Theapproachis integratedinto a
decision-theoretimulti-robotexplorationstrateyy (see[6] for details).

Figure 5(b) shavs an examplerun using our coordinationtechnique.The two
robots,A andB, startfrom different,unknown locations.nitially, therobotsexplore
ontheirown. As they explore, eachrobotestimateghe otherrobot's locationin its
own map,usingthemodi ed particle Iter mentionedabore. Whendecidingwhere
to move next, both A andB considerwhetherit is betterto move to an unexplored
area(frontier), or to verify a hypothesidor theotherrobot'slocation.At onepoint,
B decidego verify a hypothesidor A'slocation.It sendsA the messagé¢o stopand
movesto A's hypothesizedbcation.Uponreachinghis location,bothrobotscheck
thepresencef theotherrobotusingtheirlaserrange- ndergrobotsaretaggedwith
highly re ectivetape) Whenthey detecteachother, theirmapsarememgedusingthe
zipperingprocesslescribedabove. Fromthenon, they explore the ervironmentin
a coordinatedway. If a hypothesisveri cation fails, on the other hand,thenthe
hypothesiss simply deleted andall robotskeepon exploring.

Our coordinationtechniqueworks for more than two robots. Multiple robots
cansharea commonmapand coordinateto explore andverify hypothesegor the
locationsof otherrobots. Sinceeachmap memge operationincreaseshe number
of robotssharinga commonmap,teamcoordinationimprovesover time. Howard
etal. [5] alsouserobotdetectiongo meige maps(andcloseloops).In contrastto
our active colocationtechniquetheir approachs purely passie in thatrobotshave
to detecteachother coincidentally Passie map meiging canresultin signi cant
delays,for example,whenonerobotfollows the pathof the otherrobotandnever
actuallydetectst.

Exploration with Limited Communication Robotsform so-calledexploration
clusterswhich aregroupsof robotsthatsharea commonmap.A teamleademrobot
usesthis mapto coordinatethe otherrobots.New robotscanbe addedto a cluster
oncetheir relative locationwith respecto the clustermapis determinedMapsare
represented¢ompactlyassetsof laserrange-scanannotatedvith robotposesand
probabilisticlinks (scansarerecordedonly every 50cm).Eachrobotintegratesits
obsenationsinto its own map,andbroadcastshe informationto the otherrobots.
While mostof theotherrobotsonly storethis data,theteamleaderintegratesall the
sensolinformationit receves. Thusthe teamleaderhasa completeandconsistent
maprepresentinghedatacollectedby all robotsin the cluster Frequentlythis map
is broadcasto the otherrobots,in orderto guaranteeonsisteng. The datacanbe
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Fig. 5. (a) Map overlayedwith thegroundtruth CAD modelof thebuilding. The CAD model
was generatedy manuallymeasuringthe locationsand extensionsof roomsand objects.
(b) Map andpathsof an explorationrun. The two robotsstartexploring from different,un-
known locations After nding agoodhypothesidor theirrelative locations they meetatthe
meetingpoint, meige their maps,andcontinuecoordinatedexploration.

sentvery compactlysinceonly updatedobotposesandlinks haveto betransmitted
(scansarealreadystoredby the otherrobots). The mostcomplex broadcasfollows
whenever a robotclosesaloop, sincethe optimizationoperationmodi es all robot
posesn amap.

Our explorationsystemachievesrobustnesso communicatioriossby enabling
every robotto explore the ervironmenton its own. Wheneer arobotin an explo-
rationclusterreacheanassignedjoal point, it keepson exploring basednits own
mapuntil it recevesa new goalpoint. Thus,if a robot movesoutsidethe commu-
nicationrangeof its cluster it automaticallykeepson building its own mapuntil it
getsbackinto communicatiorrange After gettingbackinto communicationfobots
exchangeall the relevant datathatwaslost. Sucha 'sync' operationonly involves
the communicatiorof rathersmall datasets.The approachs alsorobustto lossof
the teamleader sinceary otherrobotin the clustercanexplore on its own or take
over the teamleaderrole. In the extreme,if noneof the robotscan communicate
with eachother eachrobotwill exploretheervironmentindependentlyf theother
robots.Theresultwill still beacompletemap;only built lessef ciently .

2.2 Experimental Evaluation of Mapping

The SDR projectis uniguein having an experimentalvalidationconductedoy an
outsidegroup.For a weekin January2004,the Centibotsweretestedat a
building in Ft. A.P. Hill, Virginia. We weretestedundercontrolledconditionswith
a singleoperatorin chage of the robotteamsvia the mixedinitiative interfacede-
scribedin the next section.The evaluationcriteria for mappingincludedtime to
createa map,topologicalaccurag, and percentof areamapped Groundtruth for
mappingwasgivenby amanuallyconstructeanap(Figure5(a));in fact,therobot's
mapsweremoreaccurateExtensve softwaretuningwascircumwentedby limiting
accesso only half of the experimentalareaduringtestruns.

Theresultsfor four of cial mappingrunsaresummarizedn Tablel. In all runs,
therobotswereableto autonoumouslgenerate highly accuratenapof thewhole
ervironment.The averagemappingtime for singlerobot explorationwas 24 min-
utes;thistimewasreducedo 18 minuteswhenusingtwo robots We alsoperformed



Fig. 6. Mapsbuilt duringthreeautonomousgxplorationruns.Themapslook almostidentical,
eventhoughthey werebuilt undervery differentcircumstances(left to right) by onerobot,
by two robotsstartingfrom the samelocation, and by two robotsstartingfrom different,
unknavn locations.The similarity betweerthe mapsillustratesthe robustnesof the system
andsupportsour belief thatthesemapsaremoreaccuratehanthe hand-hiilt map.

additionalexperimentalruns.In onesetup,threerobotswereableto mapthe area
in 15 minutes.Two robotsstartingfrom different,unknownn locationsgeneratech

completemapwithin 26 minutes(this run is shovn in Figure5(b)). All generated
mapslookedvirtually identically, asshavn in Figure6.

3 Search and Surveillance

In this phaseof themission,thechallengeof coordinatinghe robotsbecomesnore
dif cult becausef thefollowing factors.

Thenumberof robotsis large(  100).

Themissiongoalsarenot predeterminedandcanchangeduringthe mission.
Thegoalsshouldbe speci edatahighlevel, e.g.,“searchthe building”
Therobotsmustestablistandmaintaina communicationsietwork.

All robotsmustbecontrolledandcoordinatedy a singleoperator

In Centibotstherewere only two high-level missions:the searchfor OOI and
the protectionof the OOI. In both caseshe rst stepwasto determinewhere to
sendtherobotsto achieve themission:how therobotscancoverthemostfreespace
while maintainingotherobjectvessuchasa communicatiorbackboneln the Cen-
tibots system a spatialreasonedeterminesan optimal or nearoptimalassignment
of robotsto positionsin the spacewhile a separateoordinationmodule(the dis-
patcher) implementsan assignmenthat follows the plan, and also monitorsand
adaptghe planasrobotsfail.

Many interestinglow-level behaiors arebuilt into the searchrobots,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,andevento performsimple traf c-control
behavior suchasstayingto therightin acorridor. In searchindgor the OOI, thereare
behaiorsto scanin acircle, to detectthe object,andto transmitinformationabout
its location. Finally, eachrobot hasa single cameraand algorithmsfor detecting
peopleasmoving objectsandreportingtheir position.



3.1 SPARE

The SFARE componen{for SRAtial-REasoning)is a generalsystemdedicatedo
thespatialallocationsin Centibots SFARE is structuredn two parts:spatialrepre-
sentatiorngeneratiorandspatialreasoning.

Occupang Map SkeletonMap  SpatialReasoning

The outputof the mappingphaseof the missionis an occupang map, specifying
occupiedunoccupiedandunknonnregions.Fromthis,therepresentatiogenerator
constructsan abstractskeletonmap of nodesand connectiondbetweenthe nodes.
Theskeletonmapis usedby spatialreasoningrocesset searctor robotlocations
thatmaximizetheir utility for agiventask.

Spatial Representation The spatial representatiorcreatesan abstractionof the
map,calledthetopolagical graph(TG), thathasthefollowing characteristics:

It is topologicallycorrect.

It is compact.

All pointsarereachabldy therobots.

It canbeusedfor a quick but correctpathplanningcomputation.

It containsenoughpointsto nd goodsolutions,but nottoo mary to make the
searchcomputationallyunfeasable.

To createthe TG, we rst computea Voronoidiagram(VD) from theinput oc-
cupang map(a 2D grid). TG is thengeneratedrom VD by Itering, featureiden-
ti cation, andexpansion.Figure 7 shovs somestepsin the generationof TG. In
general,TG consistf a setof nodesandlinks thatcoverthe areain a mannerthat
facilitatessearchingandvisibility.

Fig. 7. VD componentsassociatedvith verticesand edgesof TG, and additional vertices
addedby the expansionstep.

Spatial Reasoning For ary given mission, we abstractthe problem of placing
robotsin the ervironmentto the task of assigningrobotsto nodesof TG. We as-
sumeall the robotsarehomogenousso ary robotcanful Il any taskrequirement.
An assignment is a mappingfrom the nodesof TG to 1 or O (robotor no robot).

It would be a simplemaodi cation to changethe booleanvalueto a setof valuesto

accounffor classef robots.

Thecost is ascalarfunctionof theassignmentSincethenumberof assign-
mentsis exponentialin the numberof nodeswe decomposéhe costinto subcosts
thatcanbe easily calculated and usean approximatemethodto determinea good
assignmengSection3.1).In generalwe wantcoststo belocalto asinglenode or at
leastto asmallneighborhooaf nodessothatincrementabptimizationalgorithms



will work well. To thisend,we determingheglobalcostby a summatiorof smaller
costfunctions:

(1)

where isthenumberof nodesn TG, and isthenumberof costfunctions.The
areweightsthatcanbe changedo re ect the type of missionunderconsideration.
The weightswere chosenempirically, to re ect the differentpriorities in the two
missionsof searchingor the OOl andprotectingthe OOI.

Notethat, potentially each"local” costfunction couldinvolve thewhole as-
signmentln practice we have developedl0 local costfunctions,of which 8 relate
to a singlenode, 1 to a local neighborhoodand one which tries to minimize the
numberof robots,andso useshewholeassignment.

Finding Good Assignments The problemis to identify the n-tuple
thatoptimizes with aweightdistribution  speci ¢ to the mission.The search
spacesizeis  where isthenumberof verticesin TG (typically, afew hundred).
In sucha hugesearchspaceandin the context of our application,our goalwasnot
to nd anoptimalsolutionbut a satis cing onein a reasonabld¢ime (within a few
minutes).The quality of a solutionis determinedoy a humanexpert: a solutionis
consideredgood if no misallocationis detectedby a humananalysingthe result.
We have foundthata standardgsimulatedannealingalgorithmworkswell in nding
reasonablsolutions.
The SPARE system
has beentried 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

Fig. 8. TG shavn with superimposedssignmenfsquaresjor - This tuning is done

aguardingoperationThe OOl is in the upperright room; the k?yt“a' anderror' Ir;p;gc-
operatoris at the lower right. All roomsare coveredfor in- tice, oncea weight dis-

truderdetection andthe commsbackbonéhasa maxdistance tr_ibution is found fqr a
of 10mperrobot. given task, the weight

distribution staysef cient onothermapsFor instancefor thesearchingandprotect-
ing tasksperformedatthedemonstratiositein acompletelyunknovn ervironment,
no new tuning of the weightdistributionswerenecessaryvenif the optimality of



thesolutionreturnedby SFARE is impossibleto evaluateformally, the costdiminu-
tion betweertheinitial randomsolutionandthe nal oneis considerabléby afactor
of 100on average) Figure8 shavsthe TG anda guardingassignmentor oneof the
evaluationruns.

3.2 Hierar chical Dispatching

Oncewe have all thegoalsgeneratedby SFARE, the operatorassigna missionto a
numberof robots.The operatorcanre ne the assignmenby creatingsub-teamso
achieve partof missionindependentlyor let thesystemcoordinateheentirepool of
robots.For example,oneteamcould be assignedo createa communicationdack-
bonefor thesearchtask.Within ateam,amanagenr dispatderis choserto assign
tasksto individual robots.Robotsregisterwith oneor moredispatchersndreceve
an assignmenfrom the setof goalsavailableto the team.A robot canregisterto
severaldispatchersyith onepreferredlf thereareno moregoalsto bedonefor the
preferreddispatchertherobotwill askotherdispatcher$or work, whichis away of
load-balancingWhenthegoalis nished, therobotcallsbackin to reportthe com-
pletion, saysthatit is available,andrequestsa newv goalfrom the dispatcherThe
dispatchercanalsoallocatea setof goalsatoncefor arobotto do,andtherobotwill
only re-contacthedispatchewhenit has nished all of them.Thedispatcheis de-
signedasa network servicethatresidegphysicallyanywhereon the network. It can
runonary teammembeiandonly requiredocal communicatiorwithin theteam.In
every experimentwith Centibotsthe operatoronly formedoneteam,thereforeour
hierarchicaldispatchingwas equivalentto a centralizedapproach.This approach
wasquite effective becaus¢heteamwaslimited in size (lessthan50).

3.3 Experimental Evaluation of Search and Surveillance

For searchingthe evaluationcriteria weretime to locate OOI(s), positionalaccu-
ragy, andfalsedetectionsFor the protectionstage the criteriaweredetectionof in-
truders,andtimeto rst detectionTherewerefour evaluationruns,andtheresults
areshown in the Table 1. They shawv thatthe teamwashighly effective in nding
the objectandsettingup a guardperimeter Note that we usedvery simplevisual
detectionhardware and algorithms,sincewe hadlimited computationalesources
ontherobots—falseandmisseddetectionsvereafailure of thesealgorithms rather
thanthe spatialreasoninganddispatchingprocesses.

Run| MappingTime | Map | Search| SearchTlime | PositionError/ | Intruder| Timeto
Area| Robots| FalsePos TopoError Detect | Detect

1 22min 96%/| 66 34min/0 1llcm/none | 75% 8sec
2 26 min 97%| 55 76min/1 | 24cm/none | 50% 8sec
3 |17min (2robots) 95%| 43 16min/0 | 20cm/none | 25% 8sec
4 [19min(2robots) 96%| 42 Missed/ 2 NA 100% | 48sec
Avg. 21min 96%| 51 |30min/0.75 14cm/none | 62% | 18sec

Table 1. Resultsof the4 evaluationruns.
2 Causedy a miscon guredtracking Iter , x edbeforethenext run.



4 Conclusions

It is a measuredf the stateof maturity of mobile roboticsthatit is possibleto eld
andevaluatealarg teamsof robotsin theshort18 monthsof this project.Our Centi-
botsteamusesnexpensive COTS mobilerobots,camerasandprocessorghealgo-
rithms we have developedfor mapping,planningand mixed-initiative deployment
will work in real-time,in a distributed fashion,with unreliablecommunications,
in anunknavn environment. Theseare someof the toughesteal-world conditions
yetimposedon a roboticsproject. We believe that evaluationslik e this onearean
importantstepto moving Al roboticsinto therealworld.
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