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PROJECT SUMMARY

StatisticalMethodsFor Cooperatie Multi-Robot Mapping- Sebastiadhrun- CMU

We proposeresearcton a new family of statisticalalgorithmsfor mobile robotmappingof indoorervironments.The
problemof cooperatre multi-robotmappingis the problemof generatingconsistenmapsof unknavn ervironments,
basednsensodataacquireddistributedlyon multiple mobilerobotplatforms.Sincerobotsensor@ndrobotodometry
areerroneousandsincetherobotsmightbeunawvareof theirinitial positionrelative to eachother themappingproblem
implies a localizationproblem,thatis, a problemof determiningeachrobots’ pose(locationand headingdirection)
relative to eachotherandto themap. In addition,the mappingproblemalsoimpliesadistributedexplorationproblem.

Cooperatie mobilerobotmappings animportantproblemin theareaof robotics. Thisis becausalarge numberof
successfumobilerobotsystemgincludingseveralcommerciabystemshavigateusingmaps;yet, we still lackmethods
thatenableteamsof robotsto acquiremapsin reasonablyarge ervironmentsandto adaptto changesherein.

The projectfocuseson a new, statisticalframevork for concurrenmappingandlocalizationwith teamsof robots.
Theframavork poseghe problemof building mapsasa maximumlikelihood problem,of finding the mostlikely map
giventhe dataacquiredby a teamof robots. Explorationis posedasa maximuminformationgain problem,of moving
andsensingso asto maximally reducethe robots’ uncertainty Faststatisticalmethodssuchasthe well-known EM
algorithm,areemployedo solvethevariousestimatiorandmaximizationproblemswhile therobotsarein motion. The
projectplacesadditionalemphasi®n extensionsof the basicframewvork, thatwill

e minimize computationabnd communicatiorrequirementgmemory time, bandwidth),by using fast statistical
estimatiortechniquegin particular:EM andsampling-basethethods)andby utilizing compactpbject-centered
representationsf space.

« efficiently coordinate¢eamsof robotswhenexploring unknovn ervironments by applyinginformation-theoretic
measuresf informationgain,andby developinga communicatiorscheme&o communicatéintent.”

« rapidly adaptto changesn the ervironment,by invoking exponentiaffilters thatdecayinformationover time, and
by focusingexplorationon partsof the environmentwherethe mapis inconsistent.

e accommodateommunicatiorbottleneckspy developingflexible inter-robotcommunicatiorprotocolsthat min-
imize the amountof information transmittedbetweenthe robots, and that are robust to temporaryradio link
failures.

We have alreadyimplementeda limited (single-robot)proto-typeof our new approach. Initial results,presentedn
the body of this proposal, demonstrateinprecedentedcalability to large-scalesrvironments. The researctproposed
here,if successfulwill enableteamsof robotsto explore unknonvn ervironmentsin a coordinatedashion. They will
generateamapsthatare at last an order of magnitudedarger, moreaccuratemore compact,and more up-to-datethan
whatpreviousmethodsvereableto accomplish Albeit from developingthe basicframeavork andmethodsthis project
seekdo materializeour claimsanddocumenthemthroughthoroughsystematiempiricalverification.

Theresultsof this researchwill bedisseminatethoroughpublicationssoftwaresharing,andeducationaimeans.






PROJECT DESCRIPTION

________________________________________________________________________________________|]
StatisticalMethodsFor Cooperatie Multi-Robot Mapping- Sebastiadhrun- CMU

1 Intr oduction
1.1 Problem

Thisproposabddressethe problemof building mapsof indoorernvironmentswith teamsf mobilerobots. Theproblem
of mappings theproblemof determiningfrom sensodata thelocationsof quantities-of-nterest(obstaclesandmarks,
walls, objects,etc.) in aglobalframeof referencde.g.,a Cartesiarcoordinatesystem).A variety of factorsmakethis

problemchallenging:

1. Perceptual limitations. Sensomeasurementretypically corruptedby noise,makingit imperatve to integrate
andresole possibleconflictsbetweemmultiple sensomeasurementshenbuilding a map. The perceptuatange
of mostsensorss limited to a smallrangecloseto the robot. To acquiremapsof large-scaleervironmentsyobots
have to exploretheir ervironmentscollaboratvely.

2. Drift and slippage. Robotmotionis inaccurate. Odometricerrorsaccumulateover time. Thus,the problem
of mappingimplies a localizationproblem,thatis, the problemof determininga robot’s locationrelative to past
locations.

3. Multi-r obot alignment. If multiple robotscollaboratvely mapan environment,thereexists an additionallocal-
ization problem,which is the problemof determiningthe locationof eachrobot relative to all otherrobots. In
themostdifficult versionof cooperatie multi-robotmapping(which this proposalddressesjhe robotsmay not
know their initial locationrelative to eachother requiringthemto localizethemselesunderglobal uncertainty
while acquiringa map.

4. Dynamic ervironments. Ervironmentschangeconstantly;yet, virtually all existing mappingmethodsassume
staticervironments.

The problemof concurrenmappingandlocalizationis generallyacknavledgedasone of the mostsignificant‘open”

problemsn mobilerobotics[BEF96 Ren93 Cox91]. A largenumberof successfuinobilerobotarchitecturesrrebased
onmapgseevariouspapersn [CW90, Sim95 KBM98]), yetwe currentlylackmethodgor automaticallybuilding maps
thatscaleup to large ervironments. Thus, the ability to generatdarge-scalemapswill almostcertainlyleadto more
capableautonomousoboticsystemsandreducetheeffort requiredfor installinga mobilerobotin anew environment.

1.2 Deliverables

The centraldeliverableis a family of statisticalalgorithmsthat enablesa teamof robotsto collaboratvely explore an
unknown ervironmentand acquirea single, unified geometricmap. Assumingthatthis researchs successfulthese
algorithmswill advancethe state-of-the-arby enablingteamsof robots

o to build mapsof environmentghatare an order of magnituddargerthanmapsbuilt by previousmethodsthrough
usingnovel, statisticaimethodgor mappingandcoordinatedxploration,

« to geneate mapswhoseresolutionwill an order of magnitudehigher than what current methodsare able to
geneate,by replacingpreviousgrid-basedepresentatiothroughobject-centeredectorrepresentationgnd

o to adaptto changeqdynamics)n theervironmentpy usingefficient exponentialfilters andentropy-baseexplo-
rationmethodghatpermitrapidadaptatiorto changesn theervironment,

therebyovercomingproblemswith perceptualimitations,sensomnoise drift andslippage andenvironmentdynamics.

1.3 Practical Impact

We ervision thatthis researchwill have animpacton a variety of upcomingmobilerobotapplicationssuchas:

e Search and rescue:Robotsthatassesshesituationandfind survivorsin buildingsdamagedy catastrophesuch
asearthquakes.



e Serviceapplications: Robotsthat,for example,cleanlarge buildingssuchasdepartmenstores.
e Health-care: Robotsthat assistelderly and disabledpeoplein assistediving facilities, wherethey perform
functionssuchasguidancefind-and-fetchsureillance,mobile manipulationgtc.

Theresearctproposedere,if successfulwill helpreducethe costsof deployingmobilerobots,by generatingnapsat
almostno costsandwithout the needfor humanintervention. At presentjnstallationcostsarea significantfraction of
the overall costsof a mobile robot system(Helpmate Cybermotion etc.). In addition,existing methodscannotadapt
well to changesn the environment,which occurregularly. The researctproposecdhereseeksto facilitate long-term
operationof mobilerobotsin dynamicernvironments.

ThePI closelycooperatesvith aleadingmobile roboticscompany, which commercializesoboticsolutionsfor the
applicationdomaindisted abore. An endorsemerietterhasbeenenclosed.

2 Approach

Thefocusof this projectis on a new approacto concurrentmappingJocalizationandexplorationfor teamsof mobile
robots. Our approachemploysefficient statisticalestimationtechniquego estimateboth, the map and the robots’
locations(currentandpast). All knowledgewill berepresenteth form of probability densityfunctions. For example,
arobot’'spose(a posecompriseghe z-y-locationof arobotandits headingdirection, ) is expressedy a probability
densityfunction that assignsto every possibleposea probability that reflectsits plausibility underthe sensordata.
Maps,too, arerepresentegrobabilistically In the mostsimplecase(for which we have animplementedsingle-robot
proto-type),a mapassigndo eachz-y locationprobabilitiesfor the variouspossibilities(e.g.,free, occupied part-of-
landmarketc.). Alternatively, amapis a probabilitydistributionover objectsin theworld, their size,shapeprientation,
location,etc. Dueto the penasive useof probabilisticrepresentationgjur approachis never certainaboutthe state
of the world. Instead,it maintainsmultiple beliefs, weightedby a numericalprobability factor The advantageof

probabilisticrepresentationsver corventionalones,which are usedin almostall existing approacheslies in their

increasedobustnesgo odometricerrors, sensor/controhoise, and changedn the environment. In addition, these
methodsarewell-suitedto solve globallocalizationproblemghatariseif initially , therobotsdo notknow theirlocation
relativeto eachother They provide effective waysto coordinatemulti-robotexploration.

2.1 Statistical Foundations

Our approachformulatesthe problemof mappingas a statisticalmaximumlikelihood estimationproblem [CB90,
TFB98a]. SupposeV robotsexplore anervironmentcollaboratvely. To generatex map,we assumehateachrobotis
givenastreanof data,denoted

d, = {0 uld) o u? = of

n »r-n r'n

=1 ull) o1}, (1)

n

Whereoﬁf) standdor anobservatiorthatthe n-th robotmadeattime, anduﬁf) for anactioncommanahatthis robot

executedbetweentime ¢ to time ¢t + 1. 7' denoteghe total numberof time stepsin the data,i.e.,t = 1,...,7, and
n =1 ..., N. Withoutlossof generalitywe assumehateachrobot'sdatasetd,, is analternatedsequencef actions
andobsenrations.Letd := {ds, .. ., d, } denotethesetof all data.

In statisticaterms,the problemof mappingis the problemof finding the mostlikely mapgiventhe data.Mapswill
bedenotedby m = {m. y}. . A mapis anassignmenof “properties"m, , to eachz-y-locationsin theworld.

The literatureactuallydistinguisheswo paradigmdor mobile robotmapping: metric[BK91, CL85, EIf87, EIf89,
Mor88] andtopological[EM92, KW94, KB91, Mat90, PK94, Tor94, YB96, Zim96]. In topologicalapproacheso
mappingtheproperties-of-interestreusuallylocationsof landmarkgCKK95] or, alternatvely, locationsof significant
places|[KB91, Cho9§. Metric approacheson the otherhand,usuallyusethe locationof obstaclesas properties-of-
interesCL85, Mor88, LM97, Thro8H. Our statisticaframavork encompassdsoth (see[TGF+98]).

Ourapproactassumethateaclrobotis giventwo basic probabilistionodels pnethatdescribesherobotkinematics
(robotmotion),andonethatmodelsits perception.

e Themotion model, denotedP (¢'|u, &), describesheprobabilitythattherobot'sposeis &', if it previouslyexecuted
actionu atposet. Here¢ is usedto denotea pose whereposerefersto the z-y-locationof arobottogethemith
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Figure 1: The robotsusedin our research:RHINO, XAVIER, and Figure 2: Probabilisticmodelof robotmotion: Accumulateduncer
AMELIA, RWI B14robot,andMINERVA. tainty aftermoving(a) 40 meter (b) 80 meter

its headingdirection. Figure? illustratesa probabilisticmotionmodel,by shaving the probability distribution for
& uponmoving asshowvn (40 and 80 meter). Notice thatin theseandotherdiagrams posesare projectedinto
z-y-spacegthe headingdirectionis omitted).

e The perceptual model, denotedP (o|m, £), modelsthe likelihood of observinge in situationswhereboth the
world m andtherobot’s pose¢ areknown. For low-dimensionakensorsuchasproximity sensorsa perceptual
modelscanreadilybefoundin theliterature[BFHS96 Mor88]. Figure3 illustratesa probabilisticmodelof robot
perceptiorfor a planar2D laserrangefinder. Figure3ashaws alaserscano anda mapm, andFigure3b shavs
thelikelihood P (o|m, ¢) for differentpose<t. Thedarkera posethe morelikely it is underthis obseration. As
canbeseerthere thelaserscandetermineshatwith high probabilitytherobotis somavherein themaincorridor.
Otherposesarelesslikely. Theexactposeis, of course notknown.

Thesethree quantities—thedata d, the motion model P(&'|u, &), and the perceptualmodel P(o|m, £)—form the
statisticalbasisof our approachfrom which everything elsefollows. Without lossof generality we assumehatall

robotsusethesamemotionmodelandperceptuamodel(theextensionto differentmotionmodelsandperceptuamodels
is straightforwardput complicateghe notation).

2.2 The Map Likelihood Function

In statisticalterms,the problemof mappingis the problemof finding the mostlikely mapgiventhe data

*

m* = amgmaxP(m|d). 2

As shavn in detailin [TFB98a,TFB98b],underappropriateassumptionghelikelihood functionis equivalentto

N T T-1
P(mld) = « / / [T PP 1m, &) TT Pef+V sy, ) de®, de@, ... det™). 3)
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wherea is a constan{normalizer)which cansafelybe ignoredwhenmaximizing P (m|d). Thevariable¢*) denotes
therobot's poseattime ¢t. Formally, Equation(3) makesa MarkovassumptiodChu6Q Put94, which stateghatnoise
in perceptiorandmotionareindependentandomvariables.This Markov assumptiors madethroughoutheliterature
onmappingocalization,andexploration(it is usuallyimplicit).

Equation(3) demonstratethat the maximizationproblemis well-defined,since P (m|d) is exclusively a function
of the datad, the perceptuamodel P(o|m, £), andthe motion model P(¢’|u, &). Unfortunately maximizing (3) is
computationallychallenging. This is becausdinding the mostlikely mapinvolvessearchin the spaceof all maps.
For the sizeervironmentsconsideredere, this spaceoften has10° dimensionsor more. To makemattersworse,the
evaluationof a singlemapwould requireintegratingover all possibleposef all robotsat all pointsin time,whichcan
easilyrequireintegrationover morethan1® variables.

2.3 Efficient Estimation

Fortunatelythereexistsanefficienttechniquefor hill-climbing in likelihood spacethe EM algorithm[DLR77], which
in the context of HiddenMarkov Modelsis oftenreferredto asBaum-VeIch or alpha-betaalgorithm[RJ8G. EM is a
hill-climbing routinein likelihood spacewhich alternategwo steps,an expectationstep(E-step)anda maximization
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Figure 3: Probabilisticmodelof perception:(a) Laserrangefinder scan,projectedinto a map built previously by the samerobot. (b) The sensor
scanconstraintgobot posesprobabilistically Shavn hereis the probabilisticmodelof laserscans,Prob(scan | pose, map), projectednto 2D.
Thedarkera pose themorelikely it is. Basedon a singlesensoiscan therobotassignsigh likelihood for beingsomeavherein the maincorridor.

step(M-step). In thecontet of robotmapping thesestepscorrespondoughlyto alocalizationstepanda mappingstep
(seealso[KS96, SK97,0HD97]):

1. IntheE-stepeachrobotcomputeglocally) probabilitiesP (¢, |m, d) for its pose<,, atthevariouspointsin times,
basednthe currentlybestavailablemapm (in thefirstiteration,therewill be nomap).

2. In the M-step,the societyof robotsdeterminethe mostlikely mapby maximizingamgmax,, P(m|¢, d), usingthe
locationestimatessomputedn the E-step. To do so, they first computemapslocally, which arethencombined
usingasimplemultiplicativerule.

TheE-stepcorrespondso a localizationstepwith a fixed map,whereaghe M-stepimplementsa mappingstepwhich
operatesindertheassumptiorthattherobots’locations(or, moreprecisely probabilisticestimateshereof)areknown.
Iterative applicationof bothrulesleadsto a refinemenof both,thelocationestimatesndthe map. As a sideeffect, the
robotslocalizethemselesrelative to eachother andthey alsoidentify errorsin theirodometry Thus,the multi-robot
localization problem (wheee is robot A relative to robot B?) is solved indirectly, by statistically“comparing” data
collectedby thedifferentrobotswhenconstructinghe mostlikely map(andlocalizingeachrobottherein).

EM is fast! In all our experiments EM convergedto the “right” solutionin 3-4 iterations—whichis muchfaster
thana comparableggradientdescenschemewould be. Like arny approactbasedon EM, however, our approachis a
hill-climbing procedurethat doesnot provide a guaranteef global optimality; giventhe compleity of the problem,
however, it is unclearwhethera computationallyfeasibleandglobally optimalroutineexists atall.

2.3.1 TheE-Step

In the E-step,eachrobotusesthe current-bestmapm alongwith its datad,, to computeprobabilitiesP(5,(1”|d, m) for

posesattimest = 1,...,7. With appropriateassumptionsP(gﬁf)|d, m) canbe expressedisthe normalizedproduct
of two terms
PEWd,m) = n PEDD, ... 0, m) PED LY, o) m) (4)

—a ) —p®

Here n is a normalizerthat ensuresthat the left-hand side of Equation(4) sumsup to one (see[TFB98a] for a
mathematicatlerivation). Both terms,aﬁf) andﬁ,(f), are computedseparately Computingthe first term amountsto
localizationforwardsin time, whereasomputingthe secondcorrespond$o localizationbadkwardsin time.

The readershould notice that the computationof the «-valuesis a versionof Markov localization which has
recentlybeenusedwith greatsuccesdgor robotlocalizationin knownernvironmentsby variousresearcherfBBFHS96,



KCK96, KS96,NPB95 SK9Y. The s-valuesaddadditionalknowledgeto the robot’s pose typically not capturedn
Markov-localization. They are,however, essentiafor revising pastbelief basedon sensoidatathatwasreceved later
in time, whichis anecessarprerequisitdor building large-scalemaps.

Computing the a-Values: Initially, one of the robots(the robot with index 1) is assumedo be at the centerof the
global referencérame,a(ll) is givenby aDirac distribution centeredat (0, 0, 0):

e 1, if ¢Y = (0,0,0
of = P&V lof”,m) = { 0, if & 2 Eo 0 0§ ©
) 1 g

If the startingposesof the otherrobotsrelative to thefirst areknown, their a;;” areinitialized correspondinglyin the
mostgeneraktasehowever, wherethe individualrobotsdo not know their relative startingpose,aﬁll) isinitialized by a
uniform distributionfor all otherrobotsn = 2, ..., N. In this casetheserobotscanlocalizethemselesrelative to the
firstright afterthefirst iterationof EM (in whichafirst mapis constructed).

(1)

Thevaluesa ! for ¢ = 2,...,T"arecomputedecursvely:
ag) = P(og)|£,(f), m) P({f(t)|0(l), o ult ) m) (6)

n n n

wheren is againa probabilisticnormalizer Therightmostterm of (6) canbe transformedo
PEDlol, . ulf™ m) = / PEDIuf™D,€07Y) o™V def =Y (7)

Substitutirg (7) into (6) yields a recursve rule for the computationof all ol See[TFB983 TFB98b]for a more

detailedderivation. Noticethata!! canbe computedocally on eachrobot.

Computing the g-Values: Thecomputatiorof ﬁn) is completelyanalogougut takesplacebackwards’;n time. The

“initial” ( ) , which expresseghe probability that the n-th robot’s final poseis £n 7 , is uniformly distributed,since
ﬁ,(LT) doesnot dependndata.All others-valuesarecomputedn backwardorder:
B = [ PELHII, )Pl eI, m) D dgle ®)

Thederivationof theequationsireanalogouso thatof thecomputatiorrule for a-valuesandcanbefoundin [TFB98a].
Theresultof the E-step the productaﬁf) ﬁ,(f) , is anestimateof the posesf eachrobot’s posefor eachpointin time.

2.3.2 The M-Step

The M-stepmaximizesP (m|é, d), thatis, in the M-stepthe robotscomputethe mostlikely map basedon the pose
probabilitiescomputedn the E-step. Generatingnapswith knownrobot poseswhich is basicallywhatthe M-step
amountdo, hasbeenstudiedextensiely in theliteratureon mobilerobotmapping(seee.g.,[BK91, EIf89, Mor88)).

By applyingBayesrule andwith the appropriateassumptionghe estimationproblemcanbe decomposehto

P(ml¢,d) = aHHP et m ©)
n=1t=1
wherex is anormalizerthatcansafelybeignoredin themaximization.It is commonpracticeto decomposéhe problem
spatially by solvingthe optimizationproblemindependentlyor differentz-y-locations:

argmaxP(m|£ d) {argmaxH JJREQ mw)} (10)
Moy p=1t=1 e,y

Theseocal maximumlikelihood estimationgproblemsarehighly tractable sinceeachof theminvolvesonly a single,

discreterandomvariable. In fact, the M-step(mapping)canbe brokendown into two steps,onein which eachrobot

computesamapbasednits own datad,,, andonewherethelocalmapsareintegratednto asingle,globalmap. Thus,

robotneedonly to communicatenaps(which aremuchmorecompacthanthe poseestimatesg,,).
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Figure 4: (a) Rawdata,obtainedn anernvironmentof size80 by 25 meters.The challengenherearisesfrom the circularnatureof the ervironment:
noticethatthefinal odometricerroris 24.9meter (b) Occupancygrid map,generatedisingour proto-typeimplementation.To our knowledge,no
otherapproachasevergenerateanapsof similarsize.

2.3.3 Distributed EM

For ateamof robotsto collaboratively build a map,EM mustbeimplementedn a distributedfashion. Fortunatelythe
basicEM algorithmlendsitself nicely to distributedmappingwith low-bandwidthcommunication.

The E-stepwill carriedout locally, usinga mapbuilt cooperatrely by the teamof robots. Thus,the datad and
thedistributionsa and 3, which consumehe majorbulk of memory arekeptlocally on eachrobot. The M-stepwiill
beimplementedy two steps,onein which eachrobot determines maplocally (leaving all probabilisticinformation
intact), and onewherethe robotscommunicateheir local mapsand build a single,global map. This decomposition
exploitsthefactthatEquation(10) canbedecomposeihto a productof mapsgeneratedby individualrobots.Only the
latter stepinvolvescommunication.Using commerciallyavailablewirelesscommunicatiorhardwarg(e.g, 2 Mbit/sec
Breezecom)transmissiomf mapsof the sizeandresolutionobtainedusingour existing prototyperequiredessthan0.1
secondperrobot. By moving from grid-representatioto object-centeregtectorrepresentatiorgsoutlinedbelow, we
expectto reducethe communicatioroverheadby at leastone orderof magnitude sincethe numberof objects(walls,
desks,..) aremuchsmallerthanthe numberof grid cells.

Wewill developaflexible communicatiorprotocol,whichwill taketheasynchronousatureof theinformationinto
account.In particular we will investigatewhetherinformationexchangeis neededor every M-step,or whetherit is
possibleto interleave multiple iterationsof local EM with a singlemapexchange.If sucha schemeworksin practice,
thecommunicatiorbetweerdifferentrobotscouldaccommodatenreliableradiolinks.

2.4 Initial Results

We have alreadyappliedthe approachsuccessfullyto the problemof single-robotmapping. As describedn more
detail elsavhere [TGFT 98], we useda mixture of grid-basedmethodsand Kalman-filter methodsfor representing
the variousprobability distributions(maps,poseestimates).Grid-basednethodssuffers from excessie memoryand
processingime requirementssincethe underlyingdensitiesare fairly complex. Kalmanfilters canonly modeluni-
modaldistributions;which is insufficientfor mappingdueto the large numberof ambiguities.While theinitial results
arepresentedo illustratethe potentialof the statisticalapproactproposechere,thereadershouldnot dismissthatwe
intendto move away entirely from suchrepresentationgndreplacethemby samplingtechniquegfor posest) and
object-centeredectorrepresentation§or mapsm), asdescribedurtherbelow.

Oneof our benchmarldatasetsis shavn in Figures4. This datasethasbeencollectedin our university building.
As Figure4aillustrates thefinal odometricerroris quite significant: 24.9meter Whatmakesthis dataseparticularly
challengingis the large circular hallway (60 by 25 meter). When traversingthe circle for the first time, the robot



Figure 5: Rawdatasehasbeenrecordedn the DinosaurHall of the CarnegieMuseumof NaturalHistory. Thefinal odometricerroris morethan
35metergtranslationjandmorethan80 degreegrotation). (b) Thefinal mapwasconstructedn lessthan60 minutes,includingthe datacollection.
(c) Map generatedor the Smithsoniars NationalMuseumof AmericanHistory (60 by 40 meter). Basedon this map,our robotMINERVA reliably
navigatedfor 2 weeks(44 km, approx.50,000visitors), usingthelocalizationmethodsdescribechere(the o values).

cannotexploit landmarkgo improve its poseestimatesthus,it accumulate®dometricerror. Sincesignificantplaces
areindistinguishableijt is difficult to determingherobot’s positionwhenthecircle is closedfor thefirst time (herethe

odometricerroris largerthan14 meter). Only asthe robot proceedshroughknown territory it canuseits perceptual
cluesto estimatewhereit is (andwas), in orderto build a consistenimap. Figure 4b shows the resultof mapping,
representedsaoccupang grid map[BK91, EIf89, Mor88]. This mapis well-suitedfor our currentnavigationroutines
[GN97, TBB*98|.

Other examplesare shovn in Figures5. The map shaowvn in Figures5c (right diagram)was constructedn the
Smithsoniars National Museumof AmericanHistory (NMAH), whereone of our robots(Minerva) wasusedas a
tour-guidefor visitors. Basedon this map,Minervalocalizeditself successfullydespitethe fact thattherewerecrowvds
of peopleblockingits sensorsFor localization,we usedthe very statisticalapproactoutlinedabore: Thevaluesa are
poseestimate®f therobot,andcomputingx is knowvn asMarkovlocalizationBFHS96 KCK96, KS96,NPB95 SK95].
Therobottrackedits positionsuccessfullyduring almost100 hoursof operationduringwhich it traversedmorethan
44 km, demonstratingnunprecedentelével of robustnesswhich we attributeto the statisticahatureof ourapproach.

We also performedpreliminary experimentsto checkthe feasibility of applying our approachto multi-robot ex-
ploration. One of the difficult problemsis thatthe robotshave to find out wherethey arerelative to eachother—see
the E stepabove. Thus,for our approacho be successfulrobotsmustbe ableto globally localizethemselesin the
learnedmap. In all experimentsconductedhusfar, we found that our statisticalapproachs well-suitedfor global
localization. For example,in the NMAH we repeatedlyinitialized our robot underglobal uncertainty andit always
localizeditself successfully An exampleis shavn in Figure6. HereMinerva localizesitself in a previously learned
map—strictlyspeakingthis datahasbeencollectedby onerobot only, but the resultscanbe directly transferredo a
multi-robotscenariovhereonerobotlocalizesitself in a maplearnedby oneor moreotherrobots. Figure6adepicts
the poseestimateP (¢) afterincorporatinga singlesensorscan(laserrangescan),Figure6b depictsthe poseestimate
afterintegratinga second As is easyto be seerthere,afteronly integratingtwo rangescanstherobotknows with high
certainty(andaccurag) its position,eventhoughinitially it didn’t. Theseresults,which canbeviewedasa restricted
versionof the EM schemeproposecdhere(it is restrictedoecausehereis no propagatiorof 3 values).demonstrat¢he
feasibility of our proposedapproach.
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Figure 6: A seconddatasets integratednto thefirst, both collectedin the SmithsoniaNMAH. (a) Poseprobability distribution afterintegrating
afirst laserscan(projectednto 2D), (b) afterintegratinga few more,the robotknowsits posewith high certainty/accuracyGloballocalizationis
essentiafor cooperatve multi-robotmapping asrobotshave to determingheir poserelative to eachother

To ourknawledge themapsshavn hereandelsevhere[TFB98a,TFB98H areanorderof magnituddargerthanthe
mapsproducedy ary otheralgorithm. We attributethis differenceo the useof statisticatechniqueswhich canhandle
ambiguitiesanduncertaintyin a mathematicallyelegantway, andwhich provide naturalmeandor belief revision. All
mapsshovn in this proposalwere generatedn lessthan2 hourscomputationatime; with the bulk of time required
becauseve usedgrid-basedepresentationsWith our new representationdescribedoelon, we hopeto reducethe
computationatime by atleastanorderof magnitude.

3 Reseachlssues

We seelto furtherdevelopthebasicmathematicairamevork with thegoalof devisinganew setof statisticaklgorithms
for efficient multi-robot mapping. Apart from the researctissuesmentionedabove (which will includethe transition
from single-roboto multi-robotalgorithms) this projectwill pursueresearcionthefollowingissues:

3.1 Vector-Basedand Sampling-BasedRepresentations

A primary goal of this researchis to move avay from grid-basedrepresentationssince their memory-and time-
compleity imposesnherentscalinglimitations. To thisend,our researchwill developnew representationfor thetwo
probabilitydistributionsinvolved: Map andposedistributions.

The proposedapproachif successfulwill be animprovementover previous methodsn thatis scalesmuchbetter
to complex ervironments. It will alsoyield qualitatively different maps. Insteadof breakingenvironmentsinto
equally-sizedyrid cells, it will generatemapsthatarecomposedf “typical” objectsin indoor ervironments. These
representationsremorecompacthanpreviousrepresentationgndhencemorescalableandthey arealsobettersuited
for trackingchangeshatinevitably occut

e Object-centered representationsfor maps. We will investigatethe utility of object-centexd vectorrepresen-
tationsfor representingnaps. Theserepresentation&ill composanapsasa superpositiorof genericprototype
objects.Eachobjectis annotatedvith a parametervector, specifyingshapesize,andlocationof the objectwithin
the map’s global coordinateframe. We believe that the samestatisticalmethodscan be appliedto suchobject-
centeredmaps. Insteadof estimatingdistributionsfor the occupang of grid cells {x, y), our new approactwill
estimatalistributionsover object-specifiparametevectorg Equation(10) is modifiedaccordingly).To determine
theappropriatenumberof objects Occams razorwill beusedfor mapregularization.Occams razorwill penalize
complex maps(mary objects)to avoid fragmentatiorof larger objects(suchaslong walls).

Initially, our library of atomicobjectswill containwalls, rectangulaobjects(chairs,tables),andcurved objects.
Eachobjectwill possesagenericsetof parameteréwidth, length,orientation,diameteretc.). If thesetof atomic
objectsis insufiicient, we will augmentt by polygonsor, possibly hierarchicalcompositionsf atomicobjects.
While or currentgrid-basednapsoften containas mary as10° entities,we expecttypical ervironmentsto be
decomposablmto amuchsmallemumberof atomicobjects(10° or less). Thus,theresultingmapswill reducehe
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Figure 7: (a) Sampling-basednethodsrepresenprobability distributions by samplesdrawn from this distribution. The examplehereis taken
from a proto-typeimplementationwhich led to a hundred-foldincreasein speedover a previous grid-basedmplementation.(b) Samplesetsare
approximatedisingoct-trees.Oct-treesareextremelyfastto accessandtheyadaptvely placeresolutionwhereneeded.Both diagramshave been
obtainedusinga proto-typeimplementation.

computationahndmemorycompleity of our approachandthey will alsoreducethe communicatioroverhead
whenteamsof robotcollaboratiely build maps.

Sampling-basedmethodsfor poseestimation. We will investigatethe utility of sampling-basednethodsfor

representingosedensities—irfact,wehave alreadyimplementedfirst proto-typeusingsampling-basechethods.
Currently posedistributions(e.g., P (&), «, 5) arerepresentethy evenly spacedyrids. Their enormousmemory
andtime compleity hasforcedusto work with extremely coarserepresentationgl meterspatialresolution,5

degreeangularresolution).

Sampling-basednethodsplace computationand memorywhere needed. The ideais to represenfprobability
distributionsthroughsampleswherethe densityof samplescorrespondgo their likelihood Figure7ashavs an
example: Insteadof representing’ (£) asagrid, it is representethrougha setof samplesTheideaof samplingto
representlistributionsis commonlyusedin statistics:likelihood-weighedsamplingis the basisof the Metropolis
algorithmfor stochastidntegration[Win95], andsimilar methodshave recentlybeenappliedfor visualtracking
of deformableobjectswith remarkablesuccesgIB98]. However, to our knowledgethe use of sampling-based
methodsn mappingis new.

To apply sampling-basedethodsto localization(i.e., whencomputinga and ), theinitial posea(llJ (theonly
“known” pose)is initialized using a single sample(0,0,0). All otherposeestimate&xﬁll) (n # 1)and ﬁ,(f) are
initialized using a setof samplesgyeneratedaccordingto a uniform distribution (to reflectuniform uncertainty
c.f.,, Section2.3.1). When computingaﬁf) (with ¢ > 1), our approachwill first samplefrom aﬁf_l) according
to the conditional probability density P(¢'|u, £) (the motion model). This is doneby draving samplesfrom
aliY randomly andthenapplyingthemotionmodelby randomly“guessing”specificerrorparametersNext, the
likelihoodof eactresultingsamplds re-assessagsingtheperceptuamodel(theconditionalikelihood P (o|m, £)).
This assessmemthasewill weighthelikelihood of eachsampleaccordingto the perceptuatonsisteng with the
map. Sincesamplesare generatediccordingto likelihood, the computationwill predominatelyfocus on high-

likelihood poses.(Theprocesdor samplings-valuesis fully analogous.)

Theonly complicationariseswhencombiningaﬁf) andﬁ,(f) to obtainP(é’,(f) |d, m), asprescribedy Equation(4).

Herewe have to multiply two probability densitiesrepresentedby two differentsetsof samples. Our proposal
is to transformeachsamplesetinto an oct-treg as previously proposedn a differentcontext by several other
researcherflBDFC98 KF98 Sam89bSam89aMo090, Moo99. Figure7bshavsanexampletree. Oct-treexan
begeneratedothateachleaf coversapproximatelythesamenumberof samplestherebyplacinghigherdensityat

morelikely posesWhencomputingP(é,(f)|d, m), samplegrom oneset(aﬁf) orﬁ,(f)) will beweightedaccording
to thelikelihood obtainedhroughatreeconstructedrom therespectie otherdistribution.

In preparatiorof developing this researctproposal,we recentlyimplementeda proto-typealgorithm usingthe
samplingdea.Ininitial testausingsmalldatasetsywemanagedo reducghecomputationatompleity consistentt
by two ordersof magnitudevhencomparedvith ourhighly-optimizedgrid-basednethodswhile slightly increasing



thespatialresolutionwhencomparedo the grid-basednapper Theseresultsrequiresystematiaerification;yet,
they demonstrat¢he advantageof sampling-basethethods.

3.2 CooperativeMulti-Robot Exploration

Extendingour statisticalframeavork, we will pursueresearcton algorithmsfor cooperatie exploration. Our previous

researchthasledto severalefficient algorithmsfor single-robotexploration[CNT98, Thr98H. This projectwill address
the question:How can a teamof robotsmaximizethe knowledgegainedwhencollaboratively exploring and mapping
anunknownrervironment?

The key ideaof our approactwill be to usethe entropyin a robot’s internalbelief to drive exploration (seealso
[BFT97, FBT98a]). The entropyis a statisticalmeasurdor the uncertaintyof an estimator(suchas a map). By
maximizingtherateatwhich entropyis diminished robotscanexplore their ervironmentefficiently.

More specifically let ua. o, denotethe actionof moving (Az, Ay) relative to a robot’s currentlocation. Each
possibleactionhasaneffect on the expectedentropy:

Him] = =Y P(mgy, =r)logP(m,, =7) (11)

is the entropyof map m, wherer sumsover all possiblevaluesa map cantake at eachlocation (e.g., occupied,
unoccupiedpart-of-objects). In fact, the entropycanbe computedseparatelyor eachmaplocation(Az, Ay). H[m]
is the cumulativeentropy of the mapm, thatis, it is a quantitatve measurdor the uncertaintyin m. The expected
entopyuponexecutingactionw in poset, denotedd [m|u, £], is definedasthe entropyoneexpectsto resultif therobot
executesactionu at positioné (see[BFT97, FBT98a]for a precisemathematicatlefinition). Sincetherobotdoesnot
know whereit is, the expectedentropyuponexecutingactionu is givenby

Himlu] = / Hlmlu,€] P(€) d¢ (12)

Therateof entiopyloss thus,is thequotientof H[m]— H[M |u], dividedby thetime requiredto executeactionu. In our
previouswork [BFT97,FBT98a,Thro8l, we devisedanalgorithmfor estimatinghistime. More specifically we have
alreadydeviseda planningalgorithmfor executingactionsunderuncertaintyin the robot’s position. This algorithm,
whichusesdynamicprogrammindgor motionplanning[Bel57], computesheexpectedimeit takeso executeanaction
basedon a mapm anda posebelief P(¢). By putting boththingstogethey the expectedentropylossandthe results
of this planner the resultingactionselectionrmechanisnwill selectactionsthatmaximizethe rateof knowledgegain,
thus,leadto efficientexploration.

To extend this algorithmto multi-robot exploration, we will devise a communicatiorschemeor communicating
robotintent Noticethatthe generakxplorationproblemis NP-hard(in thenumberof robots)[Rei79 CD8§; thus,ary
practicalstratgyy will only approximatehe theoreticallyoptimal solution. Our approachwill rely on the obsenration
thatthe entropy—andwith it, the expectedchangedn entropy—carbe evaluatedfor eachmaplocationseparately To
coordinatethe exploration, eachrobot determinedocally the actionthat bestsuitsthe knowledgegain, as described
abose. The actionis thenprojectedinto a mapthat describeghe expectedreductionin uncertaintyupon executing
this action, evaluatedseparatelyfor eachlocation (x, y). This map (called the expectedentropy reductionmap) is
thencommunicatedo all otherrobots,which will thenreassestheir optimal explorationactionsaccordingly Thus,
our approachwill enablemultiple robotsto coordinatetheir exploration efforts, while still performingthe necessary
computatioriocally (on-board)andin real-time.

Theapproaciproposedheref successfulyill beanimprovemenbver previousmobilerobotexplorationtechniques
developedby thePl andotherdCNT98, Thr98h YB96]. Previousmobilerobotexplorationtechniquesverewell-suited
for exploring unknownn terrain. However, they areincapableof takingtherobot’s uncertaintyinto accountj.e., they all
assumehat placesthat were oncevisited by the robot aremappedcorrectly. Thisis animportantdeficieng. If the
robotsarenot quite certainaboutthe shapeof the map(a commonsituationin our experiment) they sometimeshave to
traversepreviously exploredterrainto gathemoreinformation. The proposednethodwill automaticallybalancehese
two explorationgoals—meing to unexploredterrainto extend the map andtraversingknown terrainto improve the
map—througla singleobjective: minimizing expectedentropy
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3.3 Continual Adaptation to Dynamic Environments

Finally, we will extendour approacho onethatenablegsobotteamgo maptheirenvironmentcontinuouslysothatthey
canoperateover long periodsof time. Virtually all indoorenvironmentschangeat somepoint, yet the vastmajority of
existing methodsfor mobile robot mapping(with the exceptionof [BCF*+98a,Thr98h YLS*98]) canonly copewith
staticernvironments. We seekto extendthe basicstatisticalframevork in a way thatit canaccommodatehangesn
theervironments.This is importantfor virtually all practicalapplicationsasvirtually all indoorervironmentstendto
changeovertime.

To copewith ervironmentdynamics,we proposeto extend our approachby an exponentialfilter, which will be
appliedto sensorevidence. More specifically in the M-stepsensora/idenceoﬁf) will beweightedby a factory” —*

whereT' is thecurrenttime, ¢ is thetime o) wasrecordedand~ is anexponentialdecayfactorthatis smallerthan1.
Thus,themodifiedM-stepbecomes

Ma,y n=1t=1

N T
argmaxpP (m|¢, d) = {argmaXH H’YT_tP(Og)|€r(f);mx,y)} (13)
m T,y

This modifiedM-step(cf. Equation(10)) weighsmorerecentsensoreadingsxponentiallystrongetthanmoredistant
ones. The underlyingprobabilisticassumptiorhereis that ernvironmentschangerandomly with a fixed probability
(1 — ~) pertimeinterval.

Differentobjectschangeat differentrates. For example,the locationof walls changemuchlessfrequentlythan
thatof chairs. Cornventionalgrid-basedandothericonic representationsannotdifferentiatebetweerdifferentobjects.
Thus,akey adwantageof our proposedbject-centeredepresentationSection3) is thatdifferenttime constantsy can
be usedfor differenttype objects. We will generallyassumehatobjectssuchaschairsandtableshave afasterdecay
ratethanwalls andotherlarge objects.Ourresearchwill characterizempiricallytheability of the proposedapproach
to constructmapsin changingervironments.

Sinceourcurrentstatisticamethodre-estimateposedackwardsn time, thetimerequiredor eachupdateéncreases
linearly with 7", andthe basicapproachis not applicablefor continuous'lifelong” mapping. To remedythis problem,
we proposeto developa methodthat considersa fixed historywindow whenestimationposesackwardsn time. For
posedeyondthe historywindow, the Viterbi algorithm[RJ84 will beappliedto calculatethe mostlikely poseswhich
will thenbecompiledincrementallyinto afixedmap. As aresult,only afew, pastposeswill beestimatedncrementally
whereaghebulk of poseawill be assumedo be known. Theresultingapproactshouldinherit the advantagef the
approactproposedere,while enablingrobotsto maptheir ervironmentcontinuouslyover extensive periodsof time.

Our statisticalapproactasaninterestingsideeffect on exploration: Whenthe environmentchangesthe certainty
in themapis reducedhenceherobotswill directtheir explorationtowardssuchareagtrying to exploit theopportunity
to reduceentropy).As aresult,we projectthatoncea changehasbeenspottedyobotswill move thereto rapidly adjust
their map. We will run experimentsto characterizehis effect and evaluatethe benefitsof entropy-base@xploration
methodsn dynamicervironments.

3.4 Evaluation

Theapproactwill bedevelopedandevaluatedusingarangeof mobilerobotplatforms,includingthoseshavnin Figure
1. If funded,we will performsystematicevaluationsin several ervironments,including office buildings, museums,
privatehomesandpossiblyervironmentssuchasassistediving facilities (seethe enclosecendorsemerietter).

Ourevaluationswill characterizéhescalabilityof thebasicalgorithmsin termsof sizeof theernvironment structural
regularity/compleity, dynamicsamountof sensomoise,andsoon. It is our goalto integratethe resultsof this work
into RWI' sBeeSoftnavigationpackagdseebelow), to facilitateits disseminatiornto the scientificcommunityatlarge.
However, the requestedundswill exclusively be usedto supportbasicresearchactiities; fundsfor integratingthe
practicalresultsof thisresearchinto BeeSoftwill be coveredthroughothersources.

4 RelatedWork

Over the lastdecadetherehasbeena flurry of work on mapbuilding for mobile robots(seee.g.,[CL85, LDWC92,
Ren93Thr98b]). A detailedsuney of recentliteratureon mapbuilding canbefoundin [Thr984. Ourapproactdiffers
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from otherwork in thefield (seethe surneysin [Thr98b, LM97]) in four importanttechnicalaspects.

1. First, robot posesare revised forward and backwardsn time—aspointedout by Lu and Milios [LM97], most
existing approacheglo not revise pose estimationsbackwardsin time. The ability to revise pose estimates
backwardsn time is essentiato build large-scalenaps,specificallyin cyclic environments.

2. Secondpy using probabilisticrepresentationghe approachconsideramultiple hypothesessto wherea robot
might have beenwhich facilitatesthe recovery from errors.

3. Third, the probabilisticnatureof the approachmakespossiblethat multiple robotscollaboratiely mapunknovn
ervironments. Existing approachesre unableto localize robotsrelative to eachother; thusfail to integrate
informationcollectedon multiple platform.

4. Fourth, our proposedobject-centeredepresentationsill generatemore naturaland more compactmapsthan
previousmethodswhich alsofacilitate adaptatiorto change®vertime.

Recentlyseveralgroupshave proposedilgorithmsthatrevise estimatedackwardsn time, therebyovercomingthefirst
limitation listedabore. KoenigandSimmonsnvestigatedheproblemundertheassumptiotthata topologicallycorrect
sketchof the environmentis available,which simplifiesthe problemsomevhat[KS96]. They proposed probabilistic
framewvork similar to the onedescribechere(in fact, it is a specialcase) but by relying on a sketchof theervironment,
their approactis unableto generatanapsfrom scratch. Shatkayand Kaelbling [SK97] generalizedhis approactfor
mappingin the absenceof prior information. Their approachconsultslocal geometricinformationto disambiguate
differentlocations. Both approachesliffer from oursin thatthey build only topologicalmaps. They do not explicitly
estimateglobalgeometricdnformation(i.e., z-y-6 positions).As acknavledgedin [SK97], the latterapproacHails to
takethe cumulative natureof rotationalodometricerrorinto account. It alsoviolatesa basic“additivity property” of
geometry(see[SK97]). Evenin the absenceof odometricerror, it is still unclearto us if the approachwill always
producethe correctmap.

Lu andMilios [LM97] have proposeda methodthat matchedaserscansinto partially built maps,using Kalman
filtersfor positioning. Togethemwith GutmanriGut964), they have demonstratetheappropriateness thisalgorithmfor
mappingenvironmentswith cycles. Theirapproachs incapableof representingmbiguitiesandmulti-modaldensities.
It canonly compensatea limited amountof odometricerrorin z-y-8-space,dueto the requiremenbf a “sufficient
overlapbetweerscans’[LM97]. In all casestudiedin [Gut96 LM97], theodometricerrorwasanorderof magnitude
smallerthan even the onereportedin out initial experiments. In addition, the approachis largely specificto robots
equippedwith laserrangefinders.lt is unclearo usif theapproactcancopewith lessaccuratesensorsuchassonars.

To the bestof our knowledge,the topic of collaborative multi-robotmappinghaspreviously only beenstudiedby
Lopezandcolleague$l LdAMS97]. Like ours,theirapproachmodelsthe uncertaintyof arobot'slocationexplicitly, and
it alsotakegthis uncertaintyinto accounwhenbuilding maps.However, theirapproachacksa methodfor localization.
As the uncertaintygrows larger thana prespecifiedhreshold mappingis simply terminatedtherebyimposingtight,
intrinsicboundsonthesizeof ervironmentghatcanbe mappedthey areverysmall!). Dueto thelack of alocalization
componenttobotscannotocalizethemselesin anotherobot'smap. Thus,therobotsmustknow their positionrelative
to eachother

While the issueof efficient robot explorationhasbeenstudiedby the Pl and others[YB96, Thr984, theissueof
collaboratve multi-robot explorationhasnever beeninvestigated.Most approacheso multi-robotcollaborationonly
invokelocal behaiors; thus,do not necessarilyeadto coordinatednappingbehaior [Par96,Mat97,LLdMS97].

Theapproactproposederealsorelateso work in thefield of Markov localization.Markov localizationaddresses
the problemof localizing a robot underthe assumptiorthata mapto be given. Accordingto Cox [Cox91], “Using
sensorynformationto locatetherobotin its ervironmentis the mostfundamentaproblemto providing amobilerobot
with autonomougapabilities. Recently Markov localizationhasbeenemployedby variousgroupswith remarkable
succes$BFHS96 KCK96, KS96,NPB95 SK95, TBB198, Thr98a]. In our own work, Markov localizationplayeda
key role in arecentinstallationin the DeutschedMuseumBonn, whereoneof our robotsprovidedinteractive toursto
visitors[BACt98,BCFF98H. In morethan18.5kmof autonomousobotnavigationin adenselycrovdedervironment
(topspeed0 cm/secaveragespeed36 cm/sec)Markov localizationwasabsolutelyessentiafor therobot's safetyand
succes$FBTI8D].

Technically Markov localizationis equivalentto the computationof the «-values(cf. Section2.3.1). Thus,the
statisticalframeavork proposecheredirectly subsume&larkov localization,and extendsit by a mappingcomponent.
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If this researchis successfulmapsdo not have to be craftedmanuallybut cannow be generatedautomaticallyfor
futureinstallationsof the tour-guiderobot. Thiswill effectively reducethe installationtime of the robot’s navigation
componenfrom several daysto only afew hours.

5 Long-Term Goals

The proposedesearclis partof a largerresearcteffort carriedout by the Pl. Our long-termobjective is to contribute
to the basicscientificfoundationsof an upcominggeneratiorof mobile servicerobots,suchas mobile assistantsn
industrialsettingsandin the privateor medicalsectoy or personahssistant$or elderlyanddisabledpeople.

The societalneedfor servicerobotsis enormoug(cf. [VN94, FKAM84]). For example,accordingto the U.S.
SenateSpecialCommitteeon Aging (1982),morethan80% of the populationover 65 have atleastonechronicillness,
the mostfrequentbeingarthritis. Arthritis may causdimitations of functionsin oneor moreactiities of daily living.
Whenfine handmovementandmobility becomesererelyimpaired,independenself-carebecomegainfully difficult
or even impossible. Currently 12.5% of US populationis over 65 andthis fractionis expectedto doubleby 2050.
Nursinghomescost$30-60,00annually part-timehomecareis about$10,000/yeawhile full-time homecareis over
$100,000/yearThecurrentnursinghomepopulationis 1,800,000andhomehealthcarecostshave grown by 25%over
thelastthreeyearsandis expectedo grow atthis rateinto thenext century TheAlliancefor Aging Researclestimates
thatfor every monththat we postponeentry into a nursinghomefor thosewho will go, the economicbenefitis $3
billion, notto mentionimpacton the quality of life. Evenwith carefulestimatesteducingthe needfor nursinghomes
by aslittle as1% with robotsthatcostup to $10,000would save $2 to $4 billion annually It is importantthattheU.S.
will notlooseits leadingpositionto its majorcompetitorgJaparin particular) aspartially happenedh otheraspect®f
robotics. While robotsthat provide assistancéo elderlyandhandicappegeoplearestill out of reachwe believe that
theability to acquiremapsandlocalizerobotsusingsuchmapswill becomeanessentiaenablingcomponenfor such
applications. Map-basechavigation is the mostsuccessfuparadigmin mobile robot navigation to date;yet without
methoddor acquiringandmaintainingmapsit is not possibleto deploysuchrobotsat low costsin ervironmentssuch
astheonestargetedhere.

As partof oureffort towardsthislong-termgoal,we have developedanintegratedmulti purposanobilerobotcontrol
architecturgcalled“BeeSoft"). BeeSoftis a genericsoftwarepackagefor autonomousobot navigation and human
robotinteraction(see[TBB198, BBC*95]). It currentlyconsistof thefollowing components:

1. afast,reactve modulefor collision avoidance[FBT96, FBT97,FBT98b],

aMarkov localizationmethodthatcanreliably localizethe robot providedthata mapis given[BFHS96 BFH97,
BFT97, FBT98a]—infact, this methodcanbeviewed asa specialcaseof thetopic proposechere,
apoint-to-poirt pathpathplanner(basecn anary-time algorithm)[Thr93, Thro84,
afastsegmentation-basedsion systentor finding obstaclesindidentifying specificobjectsBBC*95,MT98],
asystemfor trackingpeopleandfacesin real-time[WTRM98, WTR98],

agesture-basecdontrolinterfacefor mobilerobotsf]WTRM98, WTR98],
amission-controprogrammingnterface[BFT97, HBL98],

areal-timesterecsystemfor obstacleavoidanceandmapbuilding [FB96b, FB964,
agraphicalcontrolandtele-operatiorninterface,and

10. agraphical,interactive simulator

n

©oNO AW

Mobile robotscontrolledby our softwarecan navigatethroughunknonvn populatedervironmentswith a speedof up
to 1.6 meter/seavhile avoiding collisionswith obstacles.Several of our robotshave successfullypeenemployedfor
finding andfetchingsmallfree-standingbjectssuchassodacans,instructedby humanghroughgestures.

To makethepublicawareof thepotentiaimpactof mobilerobotics,andto furthertesttherobustnessf ourapproach
in “realistic” settings,we recentlyinstalledmobile robotsin the DeutschedluseumBonn, andin the Smithsoniars
NationalMuseumof AmericanHistory[BACt98,BCF+98a,Thr97a Thro8c]. Ourfirst robot,“RHINO,” guidedmore
than2,000visitorsthroughthe museunduringa six-dayinstallationperiod,at a top speedf 80 cm/secandfor atotal
distanceof over 18.5km. “Minerva; which operatedat the NationalMuseumof AmericanHistory for 2 weeks,led
approximately50,000people,at top speedf 163 cm/secandfor a total distanceof 44.0km. Both robotssparked
enthusiasnamongpeoplein all agegroups,but especiallyin the youngergeneration. Both robots navigatedusing
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maps—thanuseumsverenot modifiedin any way. While Rhino’smapwasconstructeananually Minerva’s mapwas
learnedusingthe prototypedescribedn this proposal.

Otherrobotscontrolledby the BeeSoftarchitecturavon first, and second price at the AAAI autonomousnobile
robot competitionsin 1996, and 1994, respectiely [BBC*T95, TBB*T98, Thr97l. The BeeSoftarchitectureis also
distributedby RealWorld Interfacelnc., asthe only navigation softwaredistributedwith their top-of-the-line mobile
robots. It is alreadybeingusedat 20 (or more) academicsitesworldwide, and this numberseemso be increasing
rapidly.

Building mapsof indoorervironmentswith teamsof robotsis a key openproblem.lt is oneof themajortechnical
obstaclesn deployingrobotsin health carefacilities and private homes. Private homesin particular poseunique
challengesn the flexibility and robustnesf the approachthatgo beyond the difficulties encounteredn structured
laboratoryervironments. On the one hand,the architecturaldiversity of private homesis enormous. On the other
hand,it is generallyundesirabléo generatenapsof privatehomesby hand. Methodsthatenablea humanoperatorto
teach-inthe systemwith alimited amountof time andtechnicalunderstandingreclearlyneededbut notyet available.
The proposedesearchaimsat filling this gap. However, the fundsrequestederewill not be usedto develop robot
applicationgsuchastheservicerobotsdescribedere).Insteadthey will beusedo pursuethebasicscientificresearch
necessaryor thedevelopmenbof morescalablemappingtechnology

6 Work Plan

Year 1. We will develop andimplementthe basicmulti-robot mappingandlocalizationapproachasoutlinedabore.
We will develop an efficient communicationprotocol for teamsof robots, and a synchronizatiorschemefor
coordinatinghelocal EM on multiple robots. We will begin researcton multi-robotexploration,object-centered
representationandsamplingmethoddor efficientdensitypropagation.

Year 2. We will developandimplementthe distributedexplorationasoutlinedabove. We will furtherdevelop object-
centeredepresentationsamplingmethoddor efficientdensitypropagationandinitiate or work onandextending
ourapproactto dynamicervironments.

Year 3. We will fully develop our approachon all aspectsof object-centeredepresentationand sampling-based
methodsandfully develop our methodsor dynamicenvironments. We will thoroughlytestanddocumenthis
researchysingtestbedsimilar in natureto thosewe usedin the past(e.g.,a museum).

Theresultsof thisresearchwill bedisseminatethrough(1) conferencandjournalpublications(2) codesharinglusing
BeeSoftasvehicle, and using the infrastructureprovided by DARPA's “Tactical Mobile Robotics” program,which
partially supportghe Pl (the scopeof this researchs beyond CMU’s TMR contract)(3) by creatingup a Web sitethat
documentghe latestproblems,solutions,andresults,and (4) by usingsomeof the resultsof this researchascourse
material bothat theundegraduateandthe graduatdevel.

7 BudgetJustification

The fundswill be usedto supporttwo enthusiastigraduatestudents NicholasRoy and Frank Dellaert, who have
contributedto the currentresearcrandwho, if this projectis funded,arevery likely to write Ph.D.theseson thetopic
proposedere. No fundsarerequestedor faculty supportor robotic hardware gventhoughthe Pl expectsto dedicate
significanttime to this project.
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