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PROJECT SUMMARY

StatisticalMethodsFor CooperativeMulti-RobotMapping � SebastianThrun � CMU

We proposeresearchon a new family of statisticalalgorithmsfor mobilerobotmappingof indoorenvironments.The
problemof cooperative multi-robotmappingis theproblemof generatingconsistentmapsof unknown environments,
basedonsensordataacquireddistributedlyonmultiplemobilerobotplatforms.Sincerobotsensorsandrobotodometry
areerroneous,andsincetherobotsmightbeunawareof their initial positionrelativeto eachother, themappingproblem
implies a localizationproblem,that is, a problemof determiningeachrobots’ pose(locationandheadingdirection)
relative to eachotherandto themap.In addition,themappingproblemalsoimpliesadistributedexplorationproblem.

Cooperativemobilerobotmappingis animportantproblemin theareaof robotics.Thisis becausealargenumberof
successfulmobilerobotsystems(includingseveralcommercialsystems)navigateusingmaps;yet,westill lackmethods
thatenableteamsof robotsto acquiremapsin reasonablylargeenvironmentsandto adaptto changestherein.

Theprojectfocuseson a new, statisticalframework for concurrentmappingandlocalizationwith teamsof robots.
Theframework posestheproblemof building mapsasa maximumlikelihoodproblem,of finding themostlikely map
giventhedataacquiredby a teamof robots.Explorationis posedasa maximuminformationgainproblem,of moving
andsensingso asto maximally reducethe robots’uncertainty. Faststatisticalmethods,suchasthe well-known EM
algorithm,areemployedto solvethevariousestimationandmaximizationproblemswhile therobotsarein motion.The
projectplacesadditionalemphasisonextensionsof thebasicframework, thatwill� minimize computationalandcommunicationrequirements(memory, time, bandwidth),by using fast statistical

estimationtechniques(in particular:EM andsampling-basedmethods),andby utilizing compact,object-centered
representationsof space.� efficiently coordinateteamsof robotswhenexploring unknown environments,by applyinginformation-theoretic
measuresof informationgain,andby developinga communicationschemeto communicate“intent.”� rapidlyadaptto changesin theenvironment,by invokingexponentialfilters thatdecayinformationover time,and
by focusingexplorationonpartsof theenvironmentwherethemapis inconsistent.� accommodatecommunicationbottlenecks,by developingflexible inter-robotcommunicationprotocolsthatmin-
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,presentedin
thebodyof this proposal,demonstrateunprecedentedscalabilityto large-scaleenvironments.Theresearchproposed
here,if successful,will enableteamsof robotsto exploreunknown environmentsin a coordinatedfashion. They will
generatemapsthatareat last an orderof magnitudelarger, moreaccurate,morecompact,andmoreup-to-datethan
whatpreviousmethodswereableto accomplish.Albeit from developingthebasicframework andmethods,thisproject
seeksto materializeourclaimsanddocumentthemthroughthoroughsystematicempiricalverification.

Theresultsof this researchwill bedisseminatedthoroughpublications,softwaresharing,andeducationalmeans.





PROJECT DESCRIPTION

StatisticalMethodsFor CooperativeMulti-RobotMapping � SebastianThrun � CMU

1 Intr oduction

1.1 Problem

Thisproposaladdressestheproblemof buildingmapsof indoorenvironmentswith teamsof mobilerobots.Theproblem
of mappingis theproblemof determining,fromsensordata,thelocationsof quantities-of-interest(obstacles,landmarks,
walls,objects,etc.) in a globalframeof reference(e.g.,a Cartesiancoordinatesystem).A varietyof factorsmakethis
problemchallenging:

1. Perceptual limitations. Sensormeasurementsaretypically corruptedby noise,makingit imperative to integrate
andresolve possibleconflictsbetweenmultiplesensormeasurementswhenbuilding a map.Theperceptualrange
of mostsensorsis limited to a smallrangecloseto therobot. To acquiremapsof large-scaleenvironments,robots
have to exploretheirenvironmentscollaboratively.

2. Drift and slippage. Robotmotion is inaccurate.Odometricerrorsaccumulateover time. Thus, the problem
of mappingimpliesa localizationproblem,that is, theproblemof determininga robot’s locationrelative to past
locations.

3. Multi-r obot alignment. If multiple robotscollaboratively mapanenvironment,thereexists anadditionallocal-
izationproblem,which is the problemof determiningthe locationof eachrobot relative to all otherrobots. In
themostdifficult versionof cooperative multi-robotmapping(which this proposaladdresses),therobotsmaynot
know their initial locationrelative to eachother, requiringthemto localizethemselvesunderglobal uncertainty
while acquiringa map.

4. Dynamic envir onments. Environmentschangeconstantly;yet, virtually all existing mappingmethodsassume
staticenvironments.

Theproblemof concurrentmappingandlocalizationis generallyacknowledgedasoneof themostsignificant“open”
problemsin mobilerobotics[BEF96, Ren93, Cox91]. A largenumberof successfulmobilerobotarchitecturesarebased
onmaps(seevariouspapersin [CW90, Sim95, KBM98]), yetwecurrentlylackmethodsfor automaticallybuildingmaps
thatscaleup to largeenvironments.Thus,the ability to generatelarge-scalemapswill almostcertainlyleadto more
capableautonomousroboticsystems,andreducetheeffort requiredfor installingamobilerobotin anew environment.

1.2 Deliverables

Thecentraldeliverableis a family of statisticalalgorithmsthatenablesa teamof robotsto collaboratively explorean
unknown environmentandacquirea single,unified geometricmap. Assumingthat this researchis successful,these
algorithmswill advancethestate-of-the-artby enablingteamsof robots� to build mapsof environmentsthatare anorderof magnitudelarger thanmapsbuilt bypreviousmethods,through

usingnovel, statisticalmethodsfor mappingandcoordinatedexploration,� to generate mapswhoseresolutionwill an order of magnitudehigher than what current methodsare able to
generate,by replacingpreviousgrid-basedrepresentationthroughobject-centeredvectorrepresentations,and� to adaptto changes(dynamics)in theenvironment,by usingefficient exponentialfilters andentropy-basedexplo-
rationmethodsthatpermitrapidadaptationto changesin theenvironment,

therebyovercomingproblemswith perceptuallimitations,sensornoise,drift andslippage,andenvironmentdynamics.

1.3 Practical Impact

Weenvision thatthis researchwill have animpactona varietyof upcomingmobilerobotapplications,suchas:� Search and rescue:Robotsthatassessthesituationandfind survivorsin buildingsdamagedby catastrophessuch
asearthquakes.
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� Serviceapplications: Robotsthat,for example,cleanlargebuildingssuchasdepartmentstores.� Health-care: Robotsthat assistelderly and disabledpeoplein assistedliving facilities, where they perform
functionssuchasguidance,find-and-fetch,surveillance,mobilemanipulation,etc.

Theresearchproposedhere,if successful,will helpreducethecostsof deployingmobilerobots,by generatingmapsat
almostno costsandwithout theneedfor humanintervention. At present,installationcostsarea significantfractionof
theoverall costsof a mobilerobotsystem(Helpmate,Cybermotion,etc.). In addition,existing methodscannotadapt
well to changesin the environment,which occurregularly. The researchproposedhereseeksto facilitate long-term
operationof mobilerobotsin dynamicenvironments.

ThePI closelycooperateswith a leadingmobileroboticscompany, which commercializesroboticsolutionsfor the
applicationdomainslistedabove. An endorsementletterhasbeenenclosed.

2 Approach
Thefocusof thisprojectis ona new approachto concurrentmapping,localizationandexplorationfor teamsof mobile
robots. Our approachemploysefficient statisticalestimationtechniquesto estimateboth, the map and the robots’
locations(currentandpast).All knowledgewill berepresentedin form of probabilitydensityfunctions.For example,
a robot’spose(a posecomprisesthe � - � -locationof a robotandits headingdirection, � ) is expressedby a probability
densityfunction that assignsto every possibleposea probability that reflectsits plausibility underthe sensordata.
Maps,too,arerepresentedprobabilistically. In themostsimplecase(for which we have animplementedsingle-robot
proto-type),a mapassignsto each� - � locationprobabilitiesfor thevariouspossibilities(e.g.,free,occupied,part-of-
landmark,etc.).Alternatively, amapis aprobabilitydistributionoverobjectsin theworld, theirsize,shape,orientation,
location,etc. Due to the pervasive useof probabilisticrepresentations,our approachis never certainaboutthe state
of the world. Instead,it maintainsmultiple beliefs, weightedby a numericalprobability factor. The advantageof
probabilisticrepresentationsover conventionalones,which areusedin almostall existing approaches,lies in their
increasedrobustnessto odometricerrors,sensor/controlnoise,and changesin the environment. In addition, these
methodsarewell-suitedto solvegloballocalizationproblemsthatariseif initially, therobotsdonotknow their location
relative to eachother. They provideeffective waysto coordinatemulti-robotexploration.

2.1 Statistical Foundations

Our approachformulatesthe problemof mappingas a statisticalmaximumlikelihood estimationproblem [CB90,
TFB98a].Suppose� robotsexploreanenvironmentcollaboratively. To generatea map,we assumethateachrobotis
givena streamof data,denoted��� 	 
���
 1 ������ 
 1 ���� ��
 2 ������ 
 2 ���������� ��
���� 1 �� ��� 
�� ���� ��
�� ���� �

(1)

where
� 
"! �� standsfor anobservationthatthe # -th robotmadeat time $ , and

� 
%! �� for anactioncommandthatthis robot
executedbetweentime $ to time $�& 1. ' denotesthe total numberof time stepsin the data,i.e., $ 	 1

�������(� ' , and# 	
1
��������� � . Without lossof generality, weassumethateachrobot’sdataset

���
is analternatedsequenceof actions

andobservations.Let
�

:
	)
��

1
��������� ��� �

denotethesetof all data.

In statisticalterms,theproblemof mappingis theproblemof finding themostlikely mapgiventhedata.Mapswill
bedenotedby * 	+
 *-,/. 0 � ,�. 0 . A mapis anassignmentof “properties” *1,�. 0 to each� - � -locationsin theworld.

Theliteratureactuallydistinguishestwo paradigmsfor mobilerobotmapping:metric [BK91, CL85,Elf87, Elf89,
Mor88] and topological [EM92, KW94, KB91, Mat90, PK94, Tor94, YB96, Zim96]. In topologicalapproachesto
mapping,theproperties-of-interestareusuallylocationsof landmarks[CKK95] or, alternatively, locationsof significant
places[KB91, Cho96]. Metric approaches,on the otherhand,usuallyusethe locationof obstaclesasproperties-of-
interest[CL85, Mor88, LM97, Thr98b]. Ourstatisticalframework encompassesboth(see[TGF2 98]).

Ourapproachassumesthateachrobotisgiventwobasic,probabilisticmodels,onethatdescribestherobotkinematics
(robotmotion),andonethatmodelsits perception.� Themotion model, denoted31465/798 �:� 5<; , describestheprobabilitythattherobot’sposeis 5/7 , if it previouslyexecuted

action
�

at pose5 . Here 5 is usedto denotea pose,whereposerefersto the � - � -locationof a robottogetherwith
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(a) (b)

Figure 1: The robotsusedin our research:RHINO, XAVIER, and
AMELIA, RWI B14 robot,andMINERVA.

Figure 2: Probabilisticmodelof robotmotion: Accumulateduncer-
taintyaftermoving(a)40 meter, (b) 80meter.

its headingdirection.Figure2 illustratesa probabilisticmotionmodel,by showing theprobabilitydistribution for5/7 uponmoving asshown (40 and80 meter). Notice that in theseandotherdiagrams,posesareprojectedinto� - � -space(theheadingdirectionis omitted).� The perceptual model, denoted3-4 � 8 * � 5<; , modelsthe likelihood of observing
�

in situationswhereboth the
world * andtherobot’spose5 areknown. For low-dimensionalsensorssuchasproximity sensors,a perceptual
modelscanreadilybefoundin theliterature[BFHS96, Mor88]. Figure3 illustratesa probabilisticmodelof robot
perceptionfor a planar2D laserrangefinder. Figure3ashows a laserscan

�
anda map * , andFigure3b shows

thelikelihood 314 � 8 * � 5<; for differentposes5 . Thedarkera pose,themorelikely it is underthis observation. As
canbeseenthere,thelaserscandeterminesthatwith highprobabilitytherobotis somewherein themaincorridor.
Otherposesarelesslikely. Theexactposeis, of course,notknown.

Thesethree quantities—thedata
�
, the motion model 314=5/7>8 �?� 5<; , and the perceptualmodel 314 � 8 * � 5<; —form the

statisticalbasisof our approach,from which everythingelsefollows. Without lossof generality, we assumethatall
robotsusethesamemotionmodelandperceptualmodel(theextensiontodifferentmotionmodelsandperceptualmodels
is straightforward,but complicatesthenotation).

2.2 The Map Likelihood Function

In statisticalterms,theproblemof mappingis theproblemof finding themostlikely mapgiventhedata*A@ 	
argmaxB 314C*D8 � ; � (2)

As shown in detail in [TFB98a,TFB98b],underappropriateassumptionsthelikelihood functionis equivalentto314C*D8 � ; 	 EGF ����� F HI�<J
1

�I! J 1

3-4 � 
"! �� 8 * � 5 
"! �� ; �K� 1I ! J 1

314=5 
%! 2 1 �� 8 � 
"! ��L� 5 
%! �� ; � 5 
 1 � � � 5 
 2 � �������(� � 5 
�� � � (3)

where
E

is a constant(normalizer)which cansafelybeignoredwhenmaximizing 314M*N8 � ; . Thevariable5 
"! � denotes
therobot’sposeat time $ . Formally, Equation(3) makesa Markovassumption[Chu60, Put94], whichstatesthatnoise
in perceptionandmotionareindependentrandomvariables.ThisMarkov assumptionis madethroughouttheliterature
onmapping,localization,andexploration(it is usuallyimplicit).

Equation(3) demonstratesthat themaximizationproblemis well-defined,since 3-4M*D8 � ; is exclusively a function
of the data

�
, the perceptualmodel 3-4 � 8 * � 5<; , andthe motion model 314=5/7>8 �:� 5<; . Unfortunately, maximizing(3) is

computationallychallenging. This is becausefinding the most likely mapinvolvessearchin the spaceof all maps.
For thesizeenvironmentsconsideredhere,this spaceoftenhas106 dimensionsor more. To makemattersworse,the
evaluationof asinglemapwould requireintegratingoverall possibleposesof all robotsatall pointsin time,whichcan
easilyrequireintegrationover morethan106 variables.

2.3 Efficient Estimation

Fortunately, thereexistsanefficient techniquefor hill-climbing in likelihoodspace:theEM algorithm[DLR77], which
in thecontext of HiddenMarkov Modelsis oftenreferredto asBaum-Welch or alpha-betaalgorithm [RJ86]. EM is a
hill-climbing routinein likelihood space,which alternatestwo steps,anexpectationstep(E-step)anda maximization
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(a) laserscanandmap (b) probabilitydistributionfor differentposes

Figure 3: Probabilisticmodelof perception:(a) Laserrangefinderscan,projectedinto a mapbuilt previously by the samerobot. (b) Thesensor
scanconstraintsrobotposesprobabilistically. Shown hereis theprobabilisticmodelof laserscans,OKPRQ�S(T6U(V>WRXZY\[]Q�U9^�_C`aWb[]c , projectedinto 2D.
Thedarkerapose,themorelikely it is. Basedon asinglesensorscan,therobotassignshigh likelihoodfor beingsomewherein themaincorridor.

step(M-step).In thecontext of robotmapping,thesestepscorrespondroughlyto a localizationstepandamappingstep
(seealso[KS96, SK97,OHD97]):

1. In theE-step,eachrobotcomputes(locally) probabilities314=5 � 8 * � � ; for its poses5 � atthevariouspointsin times,
basedon thecurrentlybestavailablemap * (in thefirst iteration,therewill benomap).

2. In theM-step,thesocietyof robotsdeterminethemostlikely mapby maximizingargmaxB 314C*D8 5 � � ; , usingthe
locationestimatescomputedin the E-step. To do so, they first computemapslocally, which arethencombined
usinga simplemultiplicativerule.

TheE-stepcorrespondsto a localizationstepwith a fixedmap,whereastheM-stepimplementsa mappingstepwhich
operatesundertheassumptionthattherobots’locations(or, moreprecisely, probabilisticestimatesthereof)areknown.
Iterativeapplicationof bothrulesleadsto a refinementof both,thelocationestimatesandthemap.As a sideeffect, the
robotslocalizethemselvesrelative to eachother, andthey alsoidentify errorsin their odometry. Thus,themulti-robot
localizationproblem(where is robot A relative to robot B?) is solved indirectly, by statistically“comparing” data
collectedby thedifferentrobotswhenconstructingthemostlikely map(andlocalizingeachrobottherein).

EM is fast! In all our experiments,EM convergedto the “right” solutionin 3-4 iterations—whichis muchfaster
thana comparablegradientdescentschemewould be. Like any approachbasedon EM, however, our approachis a
hill-climbing procedurethat doesnot provide a guaranteeof global optimality; given the complexity of the problem,
however, it is unclearwhethera computationallyfeasibleandgloballyoptimalroutineexistsatall.

2.3.1 The E-Step

In theE-step,eachrobotusesthecurrent-bestmap * alongwith its data
� �

to computeprobabilities314=5 
"! �� 8 � � *A; for
posesat times $ 	 1

�������9� ' . With appropriateassumptions,314=5 
%! �� 8 � � *d; canbeexpressedasthenormalizedproduct
of two terms31465 
"! �� 8 � � *d; 	 e 31465 
"! �� 8 � 
 1 ������������ � 
"! ��L� *A;f g�h i

:
Jkjml�n=op 31465 
"! �� 8 � 
"! 2 1 �� ��������� � 
�� ���� *d;f g�h i

:
Jrq l n=op (4)

Here
e

is a normalizerthat ensuresthat the left-hand side of Equation(4) sumsup to one (see[TFB98a] for a
mathematicalderivation). Both terms,

E 
%! �� and s 
"! �� , arecomputedseparately. Computingthe first termamountsto
localizationforwardsin time, whereascomputingthesecondcorrespondsto localizationbackwardsin time.

The readershouldnotice that the computationof the
E

-valuesis a versionof Markov localization, which has
recentlybeenusedwith greatsuccessfor robot localizationin knownenvironmentsby variousresearchers[BFHS96,
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KCK96, KS96,NPB95, SK95]. The s -valuesaddadditionalknowledgeto therobot’spose,typically not capturedin
Markov-localization.They are,however, essentialfor revising pastbelief basedon sensordatathatwasreceivedlater
in time,which is anecessaryprerequisitefor building large-scalemaps.

Computing the
E

-Values: Initially, oneof the robots(therobot with index 1) is assumedto beat the centerof the
globalreferenceframe,

E 
 1 �
1 is givenby aDiracdistributioncenteredat 4 0 � 0 � 0; :E 
 1 �

1

	 314=5 
 1 �1 8 � 
 1 �1
� *d; 	ut 1

�
if 5 
 1 �1

	 4 0 � 0 � 0;
0
�

if 5 
 1 �1 v	 4 0 � 0 � 0; (5)

If thestartingposesof theotherrobotsrelative to thefirst areknown, their
E 
 1 �� areinitialized correspondingly. In the

mostgeneralcase,however, wheretheindividualrobotsdonot know their relativestartingpose,
E 
 1 �� is initializedby a

uniformdistributionfor all otherrobots# 	
2
��������� � . In this case,theserobotscanlocalizethemselvesrelative to the

first right afterthefirst iterationof EM (in whicha first mapis constructed).

Thevalues
E 
"! �� for $ 	 2

�������9� ' arecomputedrecursively:E 
"! �� 	�e 314 � 
"! �� 8 5 
"! ���� *d;w31465 
"! �� 8 � 
 1 �������������� 
"!x� 1 �� � *d; (6)

where
e

is againa probabilisticnormalizer. Therightmosttermof (6) canbetransformedto31465 
"! �� 8 � 
 1 �� �������9��� 
"!x� 1 �� � *A; 	 F 314=5 
"! �� 8 � 
"!>� 1 �� � 5 
"!x� 1 �� ; E 
"!x� 1 �� � 5 
"!x� 1 ��
(7)

Substituting (7) into (6) yields a recursive rule for the computationof all
E 
"! �� . See[TFB98a, TFB98b] for a more

detailedderivation. Noticethat
E 
"! �� canbecomputedlocally oneachrobot.

Computing the s -Values: Thecomputationof s 
"! �� is completelyanalogousbut takesplacebackwardsin time. The
“initial” s 
�� ��

, which expressesthe probability that the # -th robot’s final poseis 5 
�� ��
, is uniformly distributed,sinces 
�� ��

doesnot dependondata.All other s -valuesarecomputedin backwardsorder:s 
"! �� 	 e F 314=5 
%! 2 1 �� 8 � 
"! ��L� 5 
%! �� ;(314 � 
%! 2 1 �� 8 5 
"! 2 1 �� � *A;Ks 
"! 2 1 �� � 5 
%! 2 1 ��
(8)

Thederivationof theequationsareanalogousto thatof thecomputationrulefor
E

-valuesandcanbefoundin [TFB98a].
Theresultof theE-step,theproduct

E 
"! �� s 
%! �� , is anestimateof theposesof eachrobot’sposefor eachpoint in time.

2.3.2 The M-Step

The M-stepmaximizes314M*N8 5 � � ; , that is, in the M-stepthe robotscomputethe most likely mapbasedon the pose
probabilitiescomputedin the E-step. Generatingmapswith knownrobot poses,which is basicallywhat the M-step
amountsto, hasbeenstudiedextensively in theliteratureonmobilerobotmapping(seee.g.,[BK91, Elf89, Mor88]).

By applyingBayesruleandwith theappropriateassumptions,theestimationproblemcanbedecomposedinto314C*D8 5 � � ; 	 EyHI�<J
1

�I! J 1

314 � 
%! �� 8 5 
"! ���� *A; (9)

where
E

is anormalizerthatcansafelybeignoredin themaximization.It is commonpracticetodecomposetheproblem
spatially, by solvingtheoptimizationproblemindependentlyfor different � - � -locations:

argmaxB 314M*N8 5 � � ; 	ut
argmaxB{z\|�} HI�<J

1

�I! J 1

314 � 
%! �� 8 5 
"! ���� *1,�. 0/;�~ ,�. 0 (10)

Theselocal maximumlikelihood estimationsproblemsarehighly tractable,sinceeachof theminvolvesonly a single,
discreterandomvariable. In fact, the M-step(mapping)canbebrokendown into two steps,onein which eachrobot
computesamapbasedon its own data

� �
, andonewherethelocalmapsareintegratedinto asingle,globalmap.Thus,

robotneedonly to communicatemaps(whicharemuchmorecompactthantheposeestimates5 � ).
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(a) (b)

Figure 4: (a) Rawdata,obtainedin anenvironmentof size80 by 25 meters.Thechallengeherearisesfrom thecircularnatureof theenvironment:
noticethat thefinal odometricerroris 24.9meter. (b) Occupancygrid map,generatedusingour proto-typeimplementation.To our knowledge,no
otherapproachhasevergeneratedmapsof similarsize.

2.3.3 Distrib uted EM

For a teamof robotsto collaboratively build a map,EM mustbeimplementedin a distributedfashion.Fortunately, the
basicEM algorithmlendsitself nicely to distributedmappingwith low-bandwidthcommunication.

The E-stepwill carriedout locally, usinga mapbuilt cooperatively by the teamof robots. Thus,the data
�

and
thedistributions

E
and s , which consumethemajorbulk of memory, arekept locally on eachrobot. TheM-stepwill

beimplementedby two steps,onein which eachrobotdeterminesa maplocally (leaving all probabilisticinformation
intact),andonewherethe robotscommunicatetheir local mapsandbuild a single,global map. This decomposition
exploits thefact thatEquation(10)canbedecomposedinto a productof mapsgeneratedby individualrobots.Only the
latterstepinvolvescommunication.Usingcommerciallyavailablewirelesscommunicationhardware(e.g,2 Mbit/sec
Breezecom),transmissionof mapsof thesizeandresolutionobtainedusingourexistingprototyperequireslessthan0.1
secondsperrobot. By moving from grid-representationto object-centeredvectorrepresentation,asoutlinedbelow, we
expectto reducethecommunicationoverheadby at leastoneorderof magnitude,sincethenumberof objects(walls,
desks,...) aremuchsmallerthanthenumberof grid cells.

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

2.4 Initial Results

We have alreadyappliedthe approachsuccessfullyto the problemof single-robotmapping. As describedin more
detail elsewhere[TGF2 98], we useda mixture of grid-basedmethodsand Kalman-filter methodsfor representing
thevariousprobabilitydistributions(maps,poseestimates).Grid-basedmethodssuffers from excessive memoryand
processingtime requirements,sincethe underlyingdensitiesarefairly complex. Kalmanfilters canonly modeluni-
modaldistributions;which is insufficient for mappingdueto thelargenumberof ambiguities.While theinitial results
arepresentedto illustratethepotentialof thestatisticalapproachproposedhere,thereadershouldnot dismissthatwe
intendto move away entirely from suchrepresentations,andreplacethemby samplingtechniques(for poses5 ) and
object-centeredvectorrepresentations(for maps* ), asdescribedfurtherbelow.

Oneof our benchmarkdatasetsis shown in Figures4. This datasethasbeencollectedin our universitybuilding.
As Figure4aillustrates,thefinal odometricerror is quitesignificant:24.9meter. Whatmakesthis datasetparticularly
challengingis the large circular hallway (60 by 25 meter). When traversingthe circle for the first time, the robot
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(a)

(b)

(c)

Figure 5: Rawdatasethasbeenrecordedin theDinosaurHall of theCarnegieMuseumof NaturalHistory. Thefinal odometricerroris morethan
35meters(translation)andmorethan80 degrees(rotation).(b) Thefinal mapwasconstructedin lessthan60minutes,includingthedatacollection.
(c) Mapgeneratedfor theSmithsonian’sNationalMuseumof AmericanHistory (60by 40 meter).Basedon this map,our robotMINERVA reliably
navigatedfor 2 weeks(44 km, approx.50,000visitors),usingthelocalizationmethodsdescribedhere(the � values).

cannotexploit landmarksto improve its poseestimates;thus,it accumulatesodometricerror. Sincesignificantplaces
areindistinguishable,it is difficult to determinetherobot’spositionwhenthecircle is closedfor thefirst time (herethe
odometricerror is larger than14 meter). Only astherobotproceedsthroughknown territory it canuseits perceptual
cluesto estimatewhereit is (andwas), in orderto build a consistentmap. Figure4b shows the resultof mapping,
representedasaoccupancy grid map[BK91, Elf89,Mor88]. Thismapis well-suitedfor ourcurrentnavigationroutines
[GN97, TBB 2 98].

Other examplesare shown in Figures5. The map shown in Figures5c (right diagram)was constructedin the
Smithsonian’s NationalMuseumof AmericanHistory (NMAH), whereoneof our robots(Minerva) wasusedas a
tour-guidefor visitors. Basedon this map,Minerva localizeditself successfullydespitethefact thattherewerecrowds
of peopleblockingits sensors.For localization,weusedthevery statisticalapproachoutlinedabove: Thevalues

E
are

poseestimatesof therobot,andcomputing
E

is knownasMarkovlocalization[BFHS96, KCK96, KS96,NPB95, SK95].
Therobot trackedits positionsuccessfullyduringalmost100hoursof operation,duringwhich it traversedmorethan
44km, demonstratinganunprecedentedlevel of robustness,whichweattributeto thestatisticalnatureof ourapproach.

We alsoperformedpreliminaryexperimentsto checkthe feasibility of applyingour approachto multi-robot ex-
ploration. Oneof the difficult problemsis that the robotshave to find out wherethey arerelative to eachother—see
theE stepabove. Thus,for our approachto besuccessful,robotsmustbeableto globally localizethemselvesin the
learnedmap. In all experimentsconductedthus far, we found that our statisticalapproachis well-suitedfor global
localization. For example,in the NMAH we repeatedlyinitialized our robot underglobal uncertainty, andit always
localizeditself successfully. An exampleis shown in Figure6. HereMinerva localizesitself in a previously learned
map—strictlyspeaking,this datahasbeencollectedby onerobot only, but theresultscanbedirectly transferredto a
multi-robotscenariowhereonerobot localizesitself in a maplearnedby oneor moreotherrobots. Figure6adepicts
theposeestimate31465<; after incorporatinga singlesensorscan(laserrangescan),Figure6b depictstheposeestimate
afterintegratinga second.As is easyto beseenthere,afteronly integratingtwo rangescans,therobotknowswith high
certainty(andaccuracy) its position,eventhoughinitially it didn’t. Theseresults,whichcanbeviewedasa restricted
versionof theEM schemeproposedhere(it is restrictedbecausethereis no propagationof s values),demonstratethe
feasibilityof ourproposedapproach.
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(a) (b)

robot �posedistribution �

Figure 6: A seconddatasetis integratedinto the first, bothcollectedin theSmithsonianNMAH. (a) Poseprobabilitydistribution after integrating
a first laserscan(projectedinto 2D), (b) after integratinga few more,the robotknows its posewith high certainty/accuracy. Global localizationis
essentialfor cooperativemulti-robotmapping,asrobotshaveto determinetheirposerelative to eachother.

To ourknowledge,themapsshownhereandelsewhere[TFB98a,TFB98b] areanorderof magnitudelargerthanthe
mapsproducedby any otheralgorithm.Weattributethisdifferenceto theuseof statisticaltechniques,whichcanhandle
ambiguitiesanduncertaintyin a mathematicallyelegantway, andwhich providenaturalmeansfor belief revision. All
mapsshown in this proposalweregeneratedin lessthan2 hourscomputationaltime; with the bulk of time required
becausewe usedgrid-basedrepresentations.With our new representationsdescribedbelow, we hopeto reducethe
computationaltime by at leastanorderof magnitude.

3 Research Issues
Weseekto furtherdevelopthebasicmathematicalframework with thegoalof devisinganew setof statisticalalgorithms
for efficient multi-robotmapping.Apart from theresearchissuesmentionedabove (which will includethe transition
from single-robotto multi-robotalgorithms),thisprojectwill pursueresearchon thefollowing issues:

3.1 Vector-Basedand Sampling-BasedRepresentations

A primary goal of this researchis to move away from grid-basedrepresentations,sincetheir memory-and time-
complexity imposesinherentscalinglimitations. To thisend,our researchwill developnew representationsfor thetwo
probabilitydistributionsinvolved: Mapandposedistributions.

Theproposedapproach,if successful,will beanimprovementover previousmethodsin that is scalesmuchbetter
to complex environments. It will also yield qualitatively different maps. Insteadof breakingenvironmentsinto
equally-sizedgrid cells, it will generatemapsthat arecomposedof “typical” objectsin indoorenvironments. These
representationsaremorecompactthanpreviousrepresentations,andhencemorescalable,andthey arealsobettersuited
for trackingchangesthatinevitably occur.� Object-centered representationsfor maps. We will investigatethe utility of object-centered vectorrepresen-

tationsfor representingmaps.Theserepresentationswill composemapsasa superpositionof genericprototype
objects.Eachobjectis annotatedwith aparametervector, specifyingshape,size,andlocationof theobjectwithin
the map’s global coordinateframe. We believe that the samestatisticalmethodscanbe appliedto suchobject-
centeredmaps. Insteadof estimatingdistributionsfor the occupancy of grid cells �>� � �/� , our new approachwill
estimatedistributionsoverobject-specificparametervectors(Equation(10)is modifiedaccordingly).To determine
theappropriatenumberof objects,Occam’s razorwill beusedfor mapregularization.Occam’s razorwill penalize
complex maps(many objects),to avoid fragmentationof largerobjects(suchaslongwalls).

Initially, our library of atomicobjectswill containwalls, rectangularobjects(chairs,tables),andcurvedobjects.
Eachobjectwill possessagenericsetof parameters(width, length,orientation,diameter, etc.). If thesetof atomic
objectsis insufficient, we will augmentit by polygonsor, possibly, hierarchicalcompositionsof atomicobjects.
While or currentgrid-basedmapsoften containasmany as106 entities,we expect typical environmentsto be
decomposableinto amuchsmallernumberof atomicobjects(103 or less).Thus,theresultingmapswill reducethe
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(a) (b)

Figure 7: (a) Sampling-basedmethodsrepresentprobability distributions by samplesdrawnfrom this distribution. The examplehereis taken
from a proto-typeimplementation,which led to a hundred-foldincreasein speedovera previousgrid-basedimplementation.(b) Samplesetsare
approximatedusingoct-trees.Oct-treesareextremelyfastto access,andtheyadaptively placeresolutionwhereneeded.Both diagramshave been
obtainedusinga proto-typeimplementation.

computationalandmemorycomplexity of our approach,andthey will alsoreducethe communicationoverhead
whenteamsof robotcollaboratively build maps.� Sampling-basedmethodsfor poseestimation. We will investigatethe utility of sampling-basedmethodsfor
representingposedensities—infact,wehavealreadyimplementedafirstproto-typeusingsampling-basedmethods.
Currently, posedistributions(e.g., 314=5<; � E � s ) arerepresentedby evenly spacedgrids. Their enormousmemory
andtime complexity hasforcedus to work with extremelycoarserepresentations(1 meterspatialresolution,5
degreeangularresolution).

Sampling-basedmethodsplacecomputationand memorywhereneeded. The idea is to representprobability
distributionsthroughsamples,wherethedensityof samplescorrespondsto their likelihood. Figure7ashows an
example:Insteadof representing3-4=5<; asagrid, it is representedthroughasetof samples.Theideaof samplingto
representdistributionsis commonlyusedin statistics:likelihood-weightedsamplingis thebasisof theMetropolis
algorithmfor stochasticintegration[Win95], andsimilar methodshave recentlybeenappliedfor visual tracking
of deformableobjectswith remarkablesuccess[IB98]. However, to our knowledgethe useof sampling-based
methodsin mappingis new.

To applysampling-basedmethodsto localization(i.e., whencomputing
E

and s ), the initial pose
E 
 1 �

1 (theonly

“known” pose)is initialized usinga singlesample(0,0,0). All otherposeestimates
E 
 1 �� ( # v	 1) and s 
%! �� are

initialized usinga setof samplesgeneratedaccordingto a uniform distribution (to reflectuniform uncertainty,
c.f., Section2.3.1). Whencomputing

E 
"! �� (with $1� 1), our approachwill first samplefrom
E 
"!x� 1 ��

according
to the conditionalprobability density 314=5/7>8 �?� 5<; (the motion model). This is doneby drawing samplesfromE 
"!>� 1 ��

randomly, andthenapplyingthemotionmodelby randomly“guessing”specificerrorparameters.Next, the
likelihoodof eachresultingsampleis re-assessedusingtheperceptualmodel(theconditionallikelihood 3-4 � 8 * � 5<; ).
This assessmentphasewill weighthelikelihood of eachsampleaccordingto theperceptualconsistency with the
map. Sincesamplesaregeneratedaccordingto likelihood, the computationwill predominatelyfocuson high-
likelihoodposes.(Theprocessfor samplings -valuesis fully analogous.)

Theonly complicationariseswhencombining
E 
"! �� and s 
"! �� to obtain 31465 
"! �� 8 � � *d; , asprescribedby Equation(4).

Herewe have to multiply two probability densitiesrepresentedby two differentsetsof samples.Our proposal
is to transformeachsampleset into an oct-tree, as previously proposedin a differentcontext by several other
researchers[BDFC98, KF98, Sam89b,Sam89a, Moo90, Moo98]. Figure7bshowsanexampletree.Oct-treescan
begeneratedsothateachleafcoversapproximatelythesamenumberof samples,therebyplacinghigherdensityat
morelikely poses.Whencomputing31465 
"! �� 8 � � *d; , samplesfrom oneset(

E 
"! �� or s 
%! �� ) will beweightedaccording
to thelikelihoodobtainedthroughatreeconstructedfrom therespective otherdistribution.

In preparationof developing this researchproposal,we recentlyimplementeda proto-typealgorithmusingthe
samplingidea.In initial testsusingsmalldatasets,wemanagedto reducethecomputationalcomplexity consistently
bytwoordersof magnitudewhencomparedwith ourhighly-optimizedgrid-basedmethods,whileslightly increasing
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thespatialresolutionwhencomparedto thegrid-basedmapper. Theseresultsrequiresystematicverification;yet,
they demonstratetheadvantageof sampling-basedmethods.

3.2 CooperativeMulti-Robot Exploration

Extendingour statisticalframework, we will pursueresearchon algorithmsfor cooperative exploration. Our previous
researchhasled to severalefficientalgorithmsfor single-robotexploration[CNT98,Thr98b]. Thisprojectwill address
thequestion:How cana teamof robotsmaximizetheknowledgegainedwhencollaborativelyexploring andmapping
anunknownenvironment?

The key ideaof our approachwill be to usethe entropy in a robot’s internalbelief to drive exploration(seealso
[BFT97, FBT98a]). The entropyis a statisticalmeasurefor the uncertaintyof an estimator(suchas a map). By
maximizingtherateatwhichentropyis diminished,robotscanexploretheirenvironmentefficiently.

More specifically, let
�

∆ ,�. ∆ 0 denotethe action of moving � ∆ � � ∆ �/� relative to a robot’s current location. Each
possibleactionhasaneffect on theexpectedentropy:��� *�� 	 ��� ,/. 0 �/� 314M* ,/. 0 	�� ; log 314M* ,/. 0 	�� ; (11)

is the entropyof map * , where
�

sumsover all possiblevaluesa map can take at eachlocation (e.g., occupied,
unoccupied,part-of-object-� ). In fact, theentropycanbecomputedseparatelyfor eachmaplocation � ∆ � � ∆ �/� . ��� *G�
is the cumulativeentropy of the map * , that is, it is a quantitative measurefor the uncertaintyin * . The expected
entropyuponexecutingaction

�
in pose5 , denoted

��� *N8 �?� 5�� , is definedastheentropyoneexpectsto resultif therobot
executesaction

�
at position 5 (see[BFT97, FBT98a]for a precisemathematicaldefinition). Sincetherobotdoesnot

know whereit is, theexpectedentropyuponexecutingaction
�

is givenby��� *N8 � � 	 Fy��� *D8 �:� 5��m314=5<; � 5 (12)

Therateof entropyloss, thus,is thequotientof
��� *�� � ����� 8 � � , dividedby thetimerequiredto executeaction

�
. In our

previouswork [BFT97,FBT98a,Thr98b], wedevisedanalgorithmfor estimatingthistime. Morespecifically, wehave
alreadydeviseda planningalgorithmfor executingactionsunderuncertaintyin therobot’s position. This algorithm,
whichusesdynamicprogrammingfor motionplanning[Bel57], computestheexpectedtimeit takesto executeanaction
basedon a map * anda posebelief 31465<; . By puttingboth thingstogether, theexpectedentropylossandthe results
of this planner, theresultingactionselectionmechanismwill selectactionsthatmaximizetherateof knowledgegain,
thus,leadto efficientexploration.

To extendthis algorithmto multi-robotexploration,we will devise a communicationschemefor communicating
robotintent. Noticethatthegeneralexplorationproblemis NP-hard(in thenumberof robots)[Rei79, CD88]; thus,any
practicalstrategy will only approximatethe theoreticallyoptimal solution. Our approachwill rely on theobservation
that theentropy—andwith it, theexpectedchangein entropy—canbeevaluatedfor eachmaplocationseparately. To
coordinatethe exploration,eachrobot determineslocally the actionthat bestsuits the knowledgegain,asdescribed
above. The actionis thenprojectedinto a mapthat describesthe expectedreductionin uncertaintyuponexecuting
this action,evaluatedseparatelyfor eachlocation ��� � ��� . This map (called the expectedentropy reductionmap) is
thencommunicatedto all otherrobots,which will thenreassesstheir optimalexplorationactionsaccordingly. Thus,
our approachwill enablemultiple robotsto coordinatetheir explorationefforts, while still performingthe necessary
computationlocally (on-board),andin real-time.

Theapproachproposedhere,if successful,will beanimprovementoverpreviousmobilerobotexplorationtechniques
developedby thePI andothers[CNT98, Thr98b, YB96]. Previousmobilerobotexplorationtechniqueswerewell-suited
for exploring unknown terrain.However, they areincapableof takingtherobot’suncertaintyinto account,i.e., they all
assumethat placesthatwereoncevisited by the robot aremappedcorrectly. This is an importantdeficiency. If the
robotsarenotquitecertainabouttheshapeof themap(a commonsituationin ourexperiment),they sometimeshave to
traversepreviouslyexploredterrainto gathermoreinformation.Theproposedmethodwill automaticallybalancethese
two explorationgoals—moving to unexploredterrainto extendthemapandtraversingknown terrainto improve the
map—througha singleobjective: minimizingexpectedentropy.
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3.3 Continual Adaptation to Dynamic Envir onments

Finally, wewill extendourapproachto onethatenablesrobotteamsto maptheirenvironmentcontinuously, sothatthey
canoperateover long periodsof time. Virtually all indoorenvironmentschangeatsomepoint,yet thevastmajorityof
existing methodsfor mobilerobotmapping(with theexceptionof [BCF2 98a,Thr98b, YLS 2 98]) canonly copewith
staticenvironments.We seekto extendthe basicstatisticalframework in a way that it canaccommodatechangesin
theenvironments.This is importantfor virtually all practicalapplications,asvirtually all indoorenvironmentstendto
changeover time.

To copewith environmentdynamics,we proposeto extendour approachby an exponentialfilter, which will be
appliedto sensorevidence. More specifically, in the M-stepsensorevidence

� 
%! �� will beweightedby a factor � ���r!
where' is thecurrenttime, $ is thetime

� 
"! �� wasrecorded,and � is anexponentialdecayfactorthatis smallerthan1.
Thus,themodifiedM-stepbecomes

argmaxB 314M*N8 5 � � ; 	 t
argmaxB z\|�} HI�<J

1

�I! J 1

� �K��! 314 � 
"! �� 8 5 
%! �� � *-,/. 0�; ~ ,�. 0 (13)

ThismodifiedM-step(cf. Equation(10)) weighsmorerecentsensorreadingsexponentiallystrongerthanmoredistant
ones. The underlyingprobabilisticassumptionhereis that environmentschangerandomly, with a fixed probability
(1

� � ) pertime interval.

Dif ferentobjectschangeat differentrates. For example,the locationof walls changemuchlessfrequentlythan
thatof chairs.Conventionalgrid-basedandothericonic representationscannotdifferentiatebetweendifferentobjects.
Thus,akey advantageof ourproposedobject-centeredrepresentations(Section3) is thatdifferenttimeconstants� can
beusedfor differenttypeobjects.We will generallyassumethatobjectssuchaschairsandtableshave a fasterdecay
ratethanwallsandotherlargeobjects.Our researchwill characterizeempiricallytheability of theproposedapproach
to constructmapsin changingenvironments.

Sinceourcurrentstatisticalmethodre-estimatesposesbackwardsin time,thetimerequiredfor eachupdateincreases
linearly with ' , andthebasicapproachis not applicablefor continuous“lifelong” mapping.To remedythis problem,
weproposeto developa methodthatconsidersa fixedhistorywindow whenestimationposesbackwardsin time. For
posesbeyondthehistorywindow, theViterbi algorithm[RJ86] will beappliedto calculatethemostlikely poses,which
will thenbecompiledincrementallyinto afixedmap.As aresult,onlyafew, pastposeswill beestimatedincrementally,
whereasthebulk of poseswill beassumedto beknown. Theresultingapproachshouldinherit theadvantagesof the
approachproposedhere,while enablingrobotsto maptheir environmentcontinuously, over extensive periodsof time.

Ourstatisticalapproachhasaninterestingsideeffect onexploration: Whentheenvironmentchanges,thecertainty
in themapis reduced;hencetherobotswill directtheirexplorationtowardssuchareas(trying to exploit theopportunity
to reduceentropy).As a result,weprojectthatonceachangehasbeenspotted,robotswill move thereto rapidlyadjust
their map. We will run experimentsto characterizethis effect andevaluatethe benefitsof entropy-basedexploration
methodsin dynamicenvironments.

3.4 Evaluation

Theapproachwill bedevelopedandevaluatedusingarangeof mobilerobotplatforms,includingthoseshown in Figure
1. If funded,we will performsystematicevaluationsin several environments,including office buildings, museums,
privatehomes,andpossiblyenvironmentssuchasassistedliving facilities(seetheenclosedendorsementletter).

Ourevaluationswill characterizethescalabilityof thebasicalgorithmsin termsof sizeof theenvironment,structural
regularity/complexity, dynamics,amountof sensornoise,andsoon. It is our goal to integratetheresultsof this work
into RWI’sBeeSoftnavigationpackage(seebelow), to facilitateits disseminationinto thescientificcommunityatlarge.
However, the requestedfundswill exclusively be usedto supportbasicresearchactivities; funds for integratingthe
practicalresultsof this researchinto BeeSoftwill becoveredthroughothersources.

4 RelatedWork
Over the lastdecade,therehasbeena flurry of work on mapbuilding for mobile robots(seee.g.,[CL85, LDWC92,
Ren93, Thr98b]). A detailedsurvey of recentliteratureonmapbuilding canbefoundin [Thr98b]. Ourapproachdiffers
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from otherwork in thefield (seethesurveys in [Thr98b, LM97]) in four importanttechnicalaspects.

1. First, robot posesarerevisedforward and backwardsin time—aspointedout by Lu andMilios [LM97], most
existing approachesdo not revise poseestimationsbackwardsin time. The ability to revise poseestimates
backwardsin time is essentialto build large-scalemaps,specificallyin cyclic environments.

2. Second,by usingprobabilisticrepresentations,the approachconsidersmultiple hypothesesas to wherea robot
mighthave been,which facilitatestherecovery from errors.

3. Third, theprobabilisticnatureof theapproachmakespossiblethatmultiple robotscollaboratively mapunknown
environments. Existing approachesare unableto localize robots relative to eachother; thus fail to integrate
informationcollectedonmultipleplatform.

4. Fourth, our proposedobject-centeredrepresentationswill generatemore naturalandmore compactmapsthan
previousmethods,whichalsofacilitateadaptationto changesover time.

Recently, severalgroupshaveproposedalgorithmsthatreviseestimatesbackwardsin time,therebyovercomingthefirst
limitation listedabove. KoenigandSimmonsinvestigatedtheproblemundertheassumptionthata topologicallycorrect
sketchof theenvironmentis available,which simplifiestheproblemsomewhat[KS96]. They proposeda probabilistic
framework similar to theonedescribedhere(in fact, it is a specialcase),but by relyingona sketchof theenvironment,
their approachis unableto generatemapsfrom scratch.ShatkayandKaelbling[SK97] generalizedthis approachfor
mappingin the absenceof prior information. Their approachconsultslocal geometricinformation to disambiguate
differentlocations.Both approachesdiffer from oursin that they build only topologicalmaps.They do not explicitly
estimateglobalgeometricinformation(i.e., � - � - � positions).As acknowledgedin [SK97], the latterapproachfails to
takethecumulative natureof rotationalodometricerror into account.It alsoviolatesa basic“additivity property”of
geometry(see[SK97]). Even in the absenceof odometricerror, it is still unclearto us if the approachwill always
producethecorrectmap.

Lu andMilios [LM97] have proposeda methodthatmatcheslaserscansinto partially built maps,usingKalman
filtersfor positioning.Togetherwith Gutmann[Gut96], they havedemonstratedtheappropriatenessof thisalgorithmfor
mappingenvironmentswith cycles.Theirapproachis incapableof representingambiguitiesandmulti-modaldensities.
It canonly compensatea limited amountof odometricerror in � - � - � -space,dueto the requirementof a “sufficient
overlapbetweenscans”[LM97]. In all casesstudiedin [Gut96, LM97], theodometricerrorwasanorderof magnitude
smallerthaneven the onereportedin out initial experiments. In addition, the approachis largely specificto robots
equippedwith laserrangefinders.It is unclearto usif theapproachcancopewith lessaccuratesensorssuchassonars.

To thebestof our knowledge,the topic of collaborative multi-robotmappinghaspreviously only beenstudiedby
Lopezandcolleagues[LLdMS97]. Like ours,theirapproachmodelstheuncertaintyof arobot’slocationexplicitly, and
it alsotakesthisuncertaintyinto accountwhenbuildingmaps.However, theirapproachlacksamethodfor localization.
As the uncertaintygrows larger thana prespecifiedthreshold,mappingis simply terminated,therebyimposingtight,
intrinsicboundsonthesizeof environmentsthatcanbemapped(they areverysmall!). Dueto thelackof a localization
component,robotscannotlocalizethemselvesin anotherrobot’smap.Thus,therobotsmustknow theirpositionrelative
to eachother.

While the issueof efficient robot explorationhasbeenstudiedby the PI andothers[YB96, Thr98b], the issueof
collaborative multi-robotexplorationhasnever beeninvestigated.Most approachesto multi-robotcollaborationonly
invokelocalbehaviors; thus,donot necessarilyleadto coordinatedmappingbehavior [Par96,Mat97,LLdMS97].

Theapproachproposedherealsorelatesto work in thefield of Markov localization.Markov localizationaddresses
the problemof localizing a robot underthe assumptionthat a mapto be given. Accordingto Cox [Cox91], “Using
sensoryinformationto locatetherobotin its environmentis themostfundamentalproblemto providing amobilerobot
with autonomouscapabilities.” Recently, Markov localizationhasbeenemployedby variousgroupswith remarkable
success[BFHS96, KCK96, KS96,NPB95, SK95,TBB 2 98, Thr98a]. In our own work, Markov localizationplayeda
key role in a recentinstallationin theDeutschesMuseumBonn,whereoneof our robotsprovidedinteractive toursto
visitors[BAC2 98,BCF2 98b]. In morethan18.5kmof autonomousrobotnavigationin adenselycrowdedenvironment
(topspeed80cm/sec,averagespeed36cm/sec),Markov localizationwasabsolutelyessentialfor therobot’ssafetyand
success[FBT98b].

Technically, Markov localizationis equivalentto the computationof the
E

-values(cf. Section2.3.1). Thus,the
statisticalframework proposedheredirectly subsumesMarkov localization,andextendsit by a mappingcomponent.
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If this researchis successful,mapsdo not have to be craftedmanuallybut cannow be generatedautomaticallyfor
future installationsof the tour-guiderobot. This will effectively reducethe installationtime of therobot’s navigation
componentfrom severaldaysto only a few hours.

5 Long-Term Goals
Theproposedresearchis partof a larger researcheffort carriedout by thePI. Our long-termobjective is to contribute
to the basicscientific foundationsof an upcominggenerationof mobile servicerobots,suchasmobile assistantsin
industrialsettingsandin theprivateor medicalsector, or personalassistantsfor elderlyanddisabledpeople.

The societalneedfor servicerobotsis enormous(cf. [VN94, FKAM84]). For example,accordingto the U.S.
SenateSpecialCommitteeonAging (1982),morethan80%of thepopulationover 65have at leastonechronicillness,
themostfrequentbeingarthritis. Arthritis maycauselimitationsof functionsin oneor moreactivities of daily living.
Whenfine handmovementandmobility becomeseverely impaired,independentself-carebecomespainfully difficult
or even impossible. Currently12.5%of US populationis over 65 and this fraction is expectedto doubleby 2050.
Nursinghomescost$30-60,000annually, part-timehomecareis about$10,000/year, while full-time homecareis over
$100,000/year. Thecurrentnursinghomepopulationis 1,800,000,andhomehealthcarecostshavegrown by 25%over
thelastthreeyearsandis expectedto grow at this rateinto thenext century. TheAlliancefor Aging Researchestimates
that for every monththat we postponeentry into a nursinghomefor thosewho will go, the economicbenefitis $3
billion, not to mentionimpacton thequalityof life. Evenwith carefulestimates,reducingtheneedfor nursinghomes
by aslittle as1%with robotsthatcostup to $10,000wouldsave $2 to $4billion annually. It is importantthattheU.S.
will not looseits leadingpositionto its majorcompetitors(Japanin particular),aspartiallyhappenedin otheraspectsof
robotics.While robotsthatprovide assistanceto elderlyandhandicappedpeoplearestill out of reach,we believe that
theability to acquiremapsandlocalizerobotsusingsuchmapswill becomeanessentialenablingcomponentfor such
applications.Map-basednavigation is the mostsuccessfulparadigmin mobile robot navigation to date;yet without
methodsfor acquiringandmaintainingmaps,it is not possibleto deploysuchrobotsat low costsin environmentssuch
astheonestargetedhere.

Aspartof oureffort towardsthislong-termgoal,wehavedevelopedanintegratedmulti purposemobilerobotcontrol
architecture(called“BeeSoft”). BeeSoftis a genericsoftwarepackagefor autonomousrobot navigationandhuman
robotinteraction(see[TBB 2 98, BBC2 95]). It currentlyconsistsof thefollowing components:

1. a fast,reactive modulefor collisionavoidance[FBT96, FBT97,FBT98b],
2. a Markov localizationmethodthatcanreliably localizetherobotprovidedthata mapis given[BFHS96, BFH97,

BFT97, FBT98a]—infact, thismethodcanbeviewedasaspecialcaseof thetopicproposedhere,
3. apoint-to-point pathpathplanner(basedonanany-timealgorithm)[Thr93, Thr98b],
4. a fastsegmentation-basedvisionsystemfor findingobstaclesandidentifyingspecificobjects[BBC 2 95,MT98],
5. asystemfor trackingpeopleandfacesin real-time[WTRM98, WTR98],
6. agesture-basedcontrolinterfacefor mobilerobots[WTRM98, WTR98],
7. amission-controlprogramminginterface[BFT97, HBL98],
8. areal-timestereosystemfor obstacleavoidanceandmapbuilding [FB96b, FB96a],
9. agraphicalcontrolandtele-operationinterface,and

10. agraphical,interactivesimulator.

Mobile robotscontrolledby our softwarecannavigatethroughunknown populatedenvironmentswith a speedof up
to 1.6 meter/secwhile avoiding collisionswith obstacles.Several of our robotshave successfullybeenemployedfor
findingandfetchingsmall free-standingobjectssuchassodacans,instructedby humansthroughgestures.

Tomakethepublicawareof thepotentialimpactof mobilerobotics,andto furthertesttherobustnessof ourapproach
in “realistic” settings,we recentlyinstalledmobile robotsin the DeutschesMuseumBonn, andin the Smithsonian’s
NationalMuseumof AmericanHistory[BAC2 98,BCF2 98a,Thr97a, Thr98c]. Ourfirst robot,“RHINO,” guidedmore
than2,000visitorsthroughthemuseumduringa six-dayinstallationperiod,at a top speedof 80cm/secandfor a total
distanceof over 18.5km. “Minerva,” which operatedat the NationalMuseumof AmericanHistory for 2 weeks,led
approximately50,000people,at top speedsof 163 cm/secandfor a total distanceof 44.0km. Both robotssparked
enthusiasmamongpeoplein all agegroups,but especiallyin the youngergeneration.Both robotsnavigatedusing
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maps—themuseumswerenotmodifiedin any way. While Rhino’smapwasconstructedmanually, Minerva’smapwas
learnedusingtheprototypedescribedin thisproposal.

Otherrobotscontrolledby theBeeSoftarchitecturewon first, andsecond,priceat the AAAI autonomousmobile
robot competitionsin 1996,and1994, respectively [BBC 2 95, TBB 2 98, Thr97b]. The BeeSoftarchitectureis also
distributedby RealWorld InterfaceInc., asthe only navigationsoftwaredistributedwith their top-of-the-line mobile
robots. It is alreadybeingusedat 20 (or more)academicsitesworldwide, and this numberseemsto be increasing
rapidly.

Building mapsof indoorenvironmentswith teamsof robotsis a key openproblem.It is oneof themajortechnical
obstaclesin deployingrobots in healthcarefacilities and private homes. Private homesin particularposeunique
challengeson the flexibility androbustnessof the approachthatgo beyond the difficultiesencounteredin structured
laboratoryenvironments. On the onehand,the architecturaldiversity of privatehomesis enormous. On the other
hand,it is generallyundesirableto generatemapsof privatehomesby hand.Methodsthatenablea humanoperatorto
teach-inthesystemwith a limited amountof timeandtechnicalunderstandingareclearlyneeded,but notyetavailable.
Theproposedresearchaimsat filling this gap. However, the fundsrequestedherewill not be usedto develop robot
applications(suchastheservicerobotsdescribedhere).Instead,they will beusedto pursuethebasicscientificresearch
necessaryfor thedevelopmentof morescalablemappingtechnology.

6 Work Plan
Year 1. We will develop andimplementthe basicmulti-robotmappingandlocalizationapproachasoutlinedabove.

We will develop an efficient communicationprotocol for teamsof robots,and a synchronizationschemefor
coordinatingthelocalEM onmultiple robots.We will begin researchonmulti-robotexploration,object-centered
representationsandsamplingmethodsfor efficientdensitypropagation.

Year 2. We will developandimplementthedistributedexplorationasoutlinedabove. We will furtherdevelopobject-
centeredrepresentations,samplingmethodsfor efficientdensitypropagation,andinitiateor work onandextending
ourapproachto dynamicenvironments.

Year 3. We will fully develop our approachon all aspectsof object-centeredrepresentationsand sampling-based
methods,andfully developour methodsfor dynamicenvironments.We will thoroughlytestanddocumentthis
research,usingtestbedssimilar in natureto thoseweusedin thepast(e.g.,a museum).

Theresultsof thisresearchwill bedisseminatedthrough(1) conferenceandjournalpublications,(2) codesharing(using
BeeSoftasvehicle, andusing the infrastructureprovided by DARPA’s “Tactical Mobile Robotics”program,which
partiallysupportsthePI (thescopeof this researchis beyondCMU’sTMR contract),(3) by creatingupaWebsitethat
documentsthe latestproblems,solutions,andresults,and(4) by usingsomeof the resultsof this researchascourse
material,bothat theundergraduateandthegraduatelevel.

7 BudgetJustification
The fundswill be usedto supporttwo enthusiasticgraduatestudents,NicholasRoy and FrankDellaert, who have
contributedto thecurrentresearchandwho, if this projectis funded,arevery likely to write Ph.D.theseson thetopic
proposedhere.No fundsarerequestedfor facultysupportor robotichardware,eventhoughthePI expectsto dedicate
significanttime to thisproject.
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