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Abstract

HOMER,theHumanOrientedMEssengeRobot,is a stereo-
vision guidedmobilerobotfor performinghuman-interactie
tasks. Our designconceptfor HOMER combinesmobile
robotic techniquesfor navigation, localization, map build-
ing andobstacleavoidancewith humaninteractioncapacities
for personrecognition,speechfacial expressiorandgesture
recognition,and humandynamicsmodeling. HOMER's ca-
pabilities are modular and independentand are integrated
in a consistentand scalablefashionunderthe umbrella of
a decision-theoretiplanner which modelsthe uncertainef-
fectsof therobot'sactions.TheplannemusesactoredVarkov
decisionprocessesllowing for simplespeci cationof tasks,
goalsandstatespacesWe demonstratélOMER performing
a message@lelivery task, which is rich andcomplex bothin
robotnavigationandin humaninteraction.

Intr oduction

This paperdescribesour work on HOMER, the Human
OrientedMEssengeRobot, a mobile robot that communi-
catesmessagebetweerhumansn a workspace.The mes-
sagedelivery taskis a challengingdomainfor aninteractive
robot. It presentsall the dif culties associatedvith uncer
tain navigationin a changingenvironment,aswell asthose
associatedvith exchanginginformation and taking com-
mandsfrom humansusinga naturalinterface. In designing
HOMER, however, we areconcernedvith themoregeneral
problemof building mobile robotic systemsawith capacities
to interactwith humansindependenthyof the taskthey are
asledto perform. Suchrobotswill neednavigation, map-
ping, localizationandobstacleavoidancecapabilitieso deal
with moving aroundin anuncertainandchangingenviron-
ment. They will alsoneedto modelthe dynamicsof peo-
plein anervironment,ncludingtheirlocationsin spaceand
their behavioral patterns.Finally, humanuserswill require
suchrobotsto presentclear simple and naturalinteractive
interfaceswhich enableeasyexchangef informationbe-
tweenrobotandhuman. The systemgo dealwith eachof
theseproblemscanbemadefairly independentandthuscan
beimplementednodularly

Theremainingchallenges thento integratethe modules
to performagiventask. Thetaskspeci cationshouldthere-
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fore bein asimplelanguageahatenablesf cient extension
or re-assignmendf a robot's task. This paperpresentour
modular and scalabledesignof HOMER's hardware and
software systems,which provides for easyintegration of
sensorand actuatormodulesfor a giventask speci cation.
Although we are describingHOMER's applicationto the
messagelelivery task,our systemcaneasilybe extendedor
re-assignedb otherhuman-interactie mobilerobotictasks.

Building servicerobotsto help peoplehasbeenthe sub-
jectof muchrecentresearchThechallengsds to achieve re-
liable systemthat operatein highly dynamicervironments
andhave easyto useinterfaces.This involvessolving both
the more traditional robot problemsof navigation and lo-
calizationandthe morerecentproblemsn human-robotn-
teraction. Anotherchallengearisesfrom the large scopeof
thesesystemsandthe mary piecesthat mustbe integrated
togethertto make themwork. RHINO (Burgardetal. 1998),
wasoneof the mostsuccessfuservicerobotsever built. It
wasdesignedasa museuntour guide.RHINO successfully
navigateda very dynamicervironmentusinglasersensors
andinteractedwith peopleusingpre-recordednformation;
apersorcouldselectaspeci ¢ tourof themuseumnby press-
ing oneof mary buttonson therobot. RHINO's taskplan-
ning was speci ed using an extensionto the GOLOG lan-
guagecalledGOLEX; GOLEX is anextensionof rst order
calculus,but with the addedability to generatinghierarchi-
cal plansanda run-time componenmonitoring the execu-
tion of thoseplans. MINERVA (Thrun et al. 1999), was
the successoof RHINO. MINERVA differedfrom RHINO
in that it could generatetours of exhibits in real-timeas
opposedto choosingone of several pre-determinedours.
MINERVA alsoimprovedon the interactionby incorporat-
ing a steerableheadcapableof displayingdifferentemo-
tional states.

More recently (Montemerlo et al. 2002) designed
PEARL, a robot for assistingthe elderly PEARLS main
taskis to escortpeoplearoundan assistediving facility.
Its navigationandlocalizationusesprobabilistictechniques
with lasersensors PEARL is morefocusedon theinterac-
tion side with an expressve faceand a speechrecognition
engine. PEARLSs largestcontrikution is the use of a par
tially obsenableMarkov decisionprocesgor modelingun-
certaintyat the highestlevel of taskspeci cation.

We begin this paperby introducing our mobile robot,
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Figure 1. (a) HOMER the messengerobot (b) closeupof
HOMER's head

HOMER, describinchishardwareandsoftwaresystemsWe
thenshav how HOMER navigatesthroughtheworld, maps
the world, localizeshimself, recognizedacesand searches
for people.Following this, we describehow HOMER plans
his actions. We then introduce the domain of message
delivery, and showv resultsof some experimentsshowving
HOMER's performanceén a simpledomain.We discusshe
directionswe arecurrentlypursuingandconcludethepaper

Hardware

Ourrobot, HOMER, shownn in Figure1(a),is a RealWorld
InterfaceB-14 robot, and hasa single sensor:a Point Grey
Research Bumblebee stereovision camera.The Bum-
blebeeis mountedatopan LCD screenuponwhich is dis-
playeda pleasantand dynamicanimatedface. We call the
combinationof Bumblebeeand LCD screenthehead The
facedisplaysnon-werbalinvitationsto humansto approach
and speak,expressesemotions,or emphasize®r corveys
furtherinformation. Theheadis mountedon aDirectedPer
ception pan-tilt unit, as shavn in Figure 1(b), which pro-
vides lateral and dorsal movementfor the camerasystem
andanimatedace,enablingvisual searchandfollowing for
realisticinteraction.

The useof a single stereocamerafor all sensingof his
ervironmentis what makesHOMER standout asa robot.
Vision providesrich, high bandwidth two dimensionabata
containinginformationaboutcolor, texture,depthandoptic

o w, amongothers. This multi-modal datasourcecan be
exploited universallyfor the accomplishmenof mary dif-

ferenttasks.It is a harmonioushostof informationabouta
robot's ervironment,andis an alternatve to more special-
ized sensorssuchas sonaror laserrange nders. Mount-
ing the stereocameraon a pan-tilt unit adds e xibility to

HOMER'sreal-timenavigationandinteraction.

HOMER is equippedwith 4 on boardcomputershased
on the Intel Pentiumlll processormndrunningthe LINUX
operatingsystem.Thecomputercommunicateamongeach
otherusinga 100Mbpslocal areanetwork. A Compaagwire-
less 10Mbps network connectionallows the robot's com-
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Figure2: Control Architecture

puterto communicatevith any othercomputerin our lab's
LAN for additionalcomputepower asneeded. The Bum-
blebee unit outputsimagesand densestereo maps over
IEEE-1394 (Firewire) connectionto one of the on board
workstations. Both imagesand stereomapsare usedby
HOMER o build two dimensionamapsof his ervironment,
to localize himself with respectto that map, andto detect
and recognizeobjectsand people(Murray & Little 2000;
Elinaset al. 2002;Elinas& Little 2002). HOMER's on-
boardprocessorareusedfor all modulesvhich needexten-
sive andrapidaccesdo imagedataor to themotors,includ-
ing the facerecognitionsoftware and all lower controllers
for motion and pan-tilt action. The planningengineand
managemodulerun on two different off-board machines
asthey requirelessbandwidthfor communication.
HOMER'sactuatorsncludemotorsfor translatiorandro-

tationin two dimensionsmotorsfor movementof the head,
speechthroughon-boardmonospealers,andfacial expres-
siongeneratiornin theanimatedaceonthe LCD screen.

Software Ar chitecture

HOMER's software systemis designecarounda Behavior-

based architecture (Arkin  1998; Brooks 1986). For
HOMER, a behaior is an independentsoftware module
thatsolvesa particularproblem,suchasnavigation or face
recognition.We referto behaiors interchangeablasmod-
ulesin what follows. Behaviors exist at 3 differentlevels,
as shovn in Figure 2. The lowest level behaiors inter-

facewith the robot's sensorsand actuatorsrelaying com-
mandsto the motors or retrieving imagesfrom the cam-
era. Theseare describedmore fully elsevhere (Elinas &

Little 2002). Behaviors at the middle level canbe grouped
in two broad categories: mobility and human-robotinter-

action(HRI). Mobility modulesperformmappinglocaliza-
tion and navigation (Murray & Little 2000). HRI modules
are for facerecognition,people nding, speechsynthesis,
facialexpressiorgenerationln thecomingmonthswe plan
to addmoremiddlelevel behaiors,includingspeechecog-
nition and naturallanguageunderstanding3D occupang



grid mappingfacialexpressiorrecognition soundlocaliza-
tion and gesturerecognition(Elinas & Little 2002). Mid-
dle level modulesinterfacewith the lowestlevel througha
sharednemorymechanismEachmiddle level moduleout-
putssomeaspecbf the stateof the environment.For exam-
ple, the facerecognitionmodulereportsa distribution over
peoples facesin its databasewnhile the navigation module
reportsthe currentlocationof the robotwith respecto the
maps. Theseoutputsare typically reportedto the highest
level modules.Eachmodulefurther offersa setof possible
actionsthe modulecan effect. All communicatioramong
themiddle andhigh level behaiorsis doneusingsoclets.

Therearetwo high-level modules:a manageanda plan-
ner. The managemapsbetweerthe outputof the modules
andthe inputsto the planningengine. The managemay
alsohave someinternalstatewhich it controls. The current
outputsof all the modules(andthe managerss state)is the
currentstateof therobot. The manages job is to integrate
all thestateinformationfrom the moduleswith its own, and
presenthe resultto the planningengine,which consultsa
policy of actionandrecommendsomeaction. The man-
agerthendelggateshis actionto whatezer modulesrespond
toit.

In an architectureof this style, the challengesarein the
task divisionsamongbehaiors, andin allowing for easily
constructeddehugged andextendednanagerandplanning
modules.In our pastwork (Elinasetal. 2002),we imple-
mentedthe managerand plannertogetheras a nite state
machine,which is typically dif cult to dehug and extend.
In this work we separatelanningand managementasks,
and usea Markov decisionprocess(MDP) domainrepre-
sentationfor the planner(Putermarnl994). This allows the
robot's tasksto be encodedat a high-level, and makesthe
high level modulesmucheasierto implementandextendin
thefuture.

Modules

Crucial to the designof a human-interactie mobile robot
is to is the ability to rapidly and easily modify the robot's
behaior, specifyingthe changesn a clearandsimplelan-
guageof high-level concepts. For example,we may wish
to modify our messagelelivery robotsothatit alsodelivers
coffee. The robotwill neednew hardware (an actuatorto
grabthe coffee with) and new sensorgto operatethe new
actuatorsto recognizecashmoney,...). Furtherit will need
to be ableto plan solutionsto dealwith the extendedstate
spaceof coffeedelivery. For example,it now needgo plan
for the situationin which onebuysfor andrecevesa coffee
from an attendant.Thesedesignconstraintscall for a mo-
bile robotto have a modularsoftware system,with a plan-
ning modulewritten in a simple and easyto uselanguage
for specifyingnew world statesand goals. The additional
resourcessensorsand actuatorsneededfor the additional
tasks,shouldbe simpleto addto the existing system. Fur-
ther, the solution conceptfor the robot mustbe easily ex-
pandedo includethe new facetsof its job. HOMER is an
implementationof a human-interactie mobile robot with
suchdesignprinciplesin mind. Independentlyoperating
modulesfrom the coreof HOMER's architectureasshown
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in Figure2. They reporttheir stateso a managerwho col-
lectsinformationfrom all therobot'smodulessynthesizes
currentworld state,which is reportedto a planningengine.
The planning enginereturnsan optimal action, which the
managedelgyatesto oneor moremodules. The following
sectiongresenthe differentmodulesthe managerandthe
planningengine. HOMER's currentmodulesperform nav-
igation, mappingand localization (Murray & Little 2000;
Se,Lowe, & Little 2002),facerecognition,andpersonoca-
tion modeling.Following thedescriptionf the modulesis
adescriptionof the manageandplanner

Mapping, Localization and Navigation

HOMER uses2D occupanyg grid mapsfor navigation and
localization. Figure 3 shows the constructionof the 2D oc-
cupang grid sensorreadingfrom a single 3D stereoim-
age. Figure 3(a) shaws the referencecameragreyscaleim-
age(320x240pixels),and(b) the resultingdisparityimage.
Black regionsindicateimageareaswhich wereinvalidated.
Otherwise brighterareasndicatehigherdisparities(closer
to the camera). The maximumdisparitiesin eachcolumn
arecorvertedto depthto producearadial map asshavnin
Figure3(c). Figure3(d) shavs thesedepthvaluescorverted
into an occupang grid representationtight grey indicates
clearregions, black indicatesoccupied,and dark grey in-
dicatesunknown areas.The procesdllustratedin Figure3
generateghe input into our stereovision occupang grid.
Becauséhe cameras mountedon a pan-tilt unit, caremust
betakento transformtheseoccupang valuesto therobot's
coordinateframe before addingthem to the global occu-
pang grid. The mappingmoduleintegratesthe local maps



over time, keepingthe global map currentover time. We
identify an obstacleat all locationsin the occupanyg grid
wherethevalueis above athreshold.

Safe mobility involves simultaneouslocalization and
mapping(SLAM). Therobotmustbuild a mapof the ervi-
ronmentandtrackits positionrelative to thatervironment.
However, accuratelocalizationis a prerequisitefor build-
ing agoodmap,andhaving anaccuratemapis essentiafor
goodlocalization. This problemhasbeena centralresearch
topic for the pastfew years(Simmons& Koenig 1995;
Burgardet al. 1998; Dellaertet al. 1999; Thrun 2000).
Our vision-basedsLAM algorithmusesstereodataof fea-
tures detectedby the Scale Invariant Feature Transform
(SIFT) (Se, Lowe, & Little 2002). Simply put, HOMER
nds outwhereheis by recognizingandlocatingpreviously
obsenedvisual featuresin his ervironment. SIFT features
areinvariantto imagetranslation scaling,rotation,andpar
tially invariantto illumination changesndaf ne or 3D pro-
jection. Thesecharacteristicsnake SIFT featuressuitable
landmarkgor mappingandlocalization,sincewhenmobile
robotsaremoving aroundin anervironment,landmarksare
obsenedfrom differentanglesdistancesindunderdifferent
illuminations.

The navigationtaskis to nd the shortestandsafestpath
connectingwo locationsgiventheoccupang grid map,The
pathplanningalgorithmwe useis a mixture of shortespath
andpotential eld methods.In clearareasthe methodop-
eratesas a shortestpath plannerwith a x ed distancecon-
straintfrom obstacles.In clutteredareasthe methodturns
into a potential eld planner to avoid getting stuck. The
combinationof the two allows the robot to navigate ef -
ciently in clearernvironmentswithout getting stuckin clut-
teredareas.Our navigatoris describednorefully in (Mur-
ray & Little 2000).

Facerecognition

Our face detectionand recognitionprocesstakes placein
two stepsat eachframe. It rst searchegor candidatdface
regions using skin color seggmentation,followed by con-
necteccomponentanalysis Althoughwe have foundthisto
bearelatively robustmethodfor detectingcandidatdacere-
gions,it canfail dueto changindighting conditions.A more
sophisticateépproachmaybedesirablan thefuture (Viola
& Jone2001).We maintaina setof colortemplatesf peo-
ple's facesin a databaseand a setof mappingsfrom skin
color sgmentedregionsto color templatematches.These
mappingsallow the faceregion to be found regardlessof
how the skin segmentatioralgorithmrespondgo givenper
son's skin color. A new imageis rst segmentedand the
largestskin-coloredregions are found. The mappingsare
thenappliedto eachregion for eachtemplate andtheinput
imageregionsare correlatedwith the templatesusing raw
squaredmatchscores. A small local search ne-tunesthe
locationof the match,andthelog likelihoodof the obsena-
tion given eachtemplate, , canbe estimated.A
probabilitydistributionover  persons, ,can
thenbe estimatedisingBayes'rule by summingoverall the
templatesof that personin the databaseweightedby this

time persor

images skin oo

_— 101
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Figure 4. Facerecognition. Top row shows a databasef
exemplarsfor threepersonsBottomrow shovs someinput
images,linked to their mostlikely exemplar Most likely
matchscoresandreportedpersonarealsoshown.

likelihood.

where isthenumberof templates, is theprob-
ability of eachtemplategiven the person,and is
the prior probability of observingeachperson. We have
found that this methodworks relatively well with a small
databasef few people.However, anapproachusingEigen-
faces(Turk & Pentland1991), may be more desirablefor
a larger databaseFigure4 (top row) shaws a setof exem-
plarsin a databasef threepersons.Along the bottomrow
is shawvn a seriesof inputimageslinkedto their best-match
exemplars. Also shawn is the skin sggmentationfor each
image. Below eachimageis the bestmatchscoreandthe
reportedpersonamongnone, other personl, person2 or
person3. Thefacerecognitionmodulewaitsfor aninstruc-
tion from the managetrto start classifyingary facesin its
eld of view. It thenanalyzes veimagegakenoverabouta
10-20secondperiod,andclassi eseachashaving no face,
an other face, or the faceof thengets
reportedonly if threeor more(outof ve)imagesarecon-
sistentlyreportingthat personasthe mostlikely candidate.
The systemreportsan other faceif therearevalid skin re-
gions,but novalid templatematch,andotherwisereportsno
face.

Locating People

In orderto nd messageecipients HOMER mustmaintain
somemodel of peoples behaiors and their usualwhere-
abouts At presentHOMER's people- ndingmodulemain-
tainsalocationlikelihoodfunctionof nding the  person
ateachlocation, , in themap: . Thesemapsareini-

tially constructedyy the designerandare updateddynami-
cally astherobotrecognizepeopleduringhisquestsWhen
searchingor amessageecipient, HOMER maintainsa dy-

namicversionof thelikelihoodfunction, , for thesubject
of the searchat eachtime, . Whenstartingthe searchfor



person , . Thepeople nding modulethen
reportstheclosesunvisitedmaximumof  asthenext best
locationto searchfor the messageecipient. The dynamic
mapis updatedasthe searchprogresseand HOMER dis-
coversthattherecipientis not presentt variouslocations.

Our experimentsn variouslocationshave shavn thatthis
likelihoodfunction produceseasonablegoals. If noinfor-
mationabouta persoris available, HOMER will wanderthe
room in an exploratoryfashion. Otherwise, HOMER wiill
startgoing throughall the possiblelocationsstartingfrom
the oneclosestto him. Onceall possibleknown locations
are searchedthe people nding moduleindicatesthat the
recipientis not currentlyreachable However, moresophis-
ticatedpeoplebehaior modelscould beimplemented.For
example,personfollowing behaiors may be necessaryor
HOMER to chasedown a persorwhois onthe move. Mod-
elingpeoplestemporabehaior patterngnayalsobeuseful
for nding peoplewho have recentlybeenobsened (Ben-
newitz, Burgard,& Thrun2002).

Managementand Planning

The managercollectsinformation from eachmodule, and
integratedt togetheiinto asingle,fully obsenablestatevec-
tor. Thatis, the stateof the systemis describecby a vector

,where isthestatevectorfor eachmodule
and is the numberof modules. The manages job is to
map betweenthe outputsof the modulesandthe inputsto
the planningdomainspeci cation. Sincewe usea planner
which requiresfull obsenability of the state,the manager
may be responsibldor compressinghe probabilisticbelief
statereportedby a moduleby choosinga maximumvalue.
For example,the facerecognitionmodulereportsa vector
of . The managemustthenreportto
the plannera binary vectordescribingthe presencef each
person . To doso,it mustbeableto thresholdthe
input vector Of course the moduleitself cantake careof
thethresholdingin which case¢hemanagesimply appends
it to the statevector

This belief compressiottechniqueclearly removesinfor-
mationwhich may be usefulto the planner In general the
moduleswill notonly reporttheir state but alsosomevari-
anceinformation aboutthe measuremenof the state. If
this informationis includedin the messagdrom manager
to planner the planner to take bestadvantageof all infor-
mationavailable,shouldusea partially obsenable Markov
decisionproces§POMDP). However, it is P-SRACE hard
in the generalcaseto nd policiesfor POMDPs. Approxi-
mateor hierarchicaltechniquesave beenusedfor robotics
applications(Simmons& Koenig1995; TheocharousRo-
hanimanesh% Mahad&an2001;Montemerloetal. 2002).
HOMER malkes the simplifying approximationof full ob-
senability asafair tradeof betweertheextracomputational
burdenimposedon the managerandthattakenby the plan-
ner. In general,however, modelingthe uncertaintyin the
robot's measurementsf tractable,will improve the high-
level plansgeneratedA POMDPplannercouldbeeasily t
into HOMER's architecturéf needed.

Theplannerthasaccesso aspeci cationof thedomainin
termsof therandomvariabledor eachmodule,andary oth-

ersthe managemay needto de ne independentlyandto a
utility, or reward,functionwhichencodeshegoalsandpref-
erence®f therobotin its domain. The plannermodelsthe
temporalprogressiorof the statevariablesreportedto it by
the managemwith a fully obsenable Markov decisionpro-
cess(MDP). Markov decisionprocesseg§MDPs) have be-
comethe semanticmodel of choicefor decisiontheoretic
planning(DTP) in the Al planningcommunity (Puterman
1994).They aresimplefor domainexpertsto specify or can
be learnedfrom data. They arethe subjectof muchcurrent
researchand have mary well studiedpropertiesincluding
approximatesolutionandlearningtechniquesAn MDP is a
tuple , Where is a nite setof statesand
isa nite setof actions.Actionsinducestochastistatetran-
sitions,with denotingthe probability with which
state is reachedvhenaction is executedat state .
is areal-valuedrewardfunction,associatingvith eachstate
its immediateutility

We use a factored, structured, MDP solwer,
SPUDD (Hoey et al. 1999), which takes as input the
conditional probabilities, , and the reward function

, and computesan optimal in nite-horizon policy of
actionfor eachstate,assuminga expectedotal discounted
reward asour optimality criterion. SPUDD usesthe value
iterationalgorithmto computethe policy. The policy can
then be queriedwith the current state vector reportedby
the manager and returnsthe optimal actionto be taken.
The managerthen delegatesthis action commandto the
appropriatesetof modules.

SPUDDusesa structuredrepresentationf MDPs asde-
cisiondiagrams.lt is ableto take advantageof structurein
theunderlyingprocesgo make computatiormoreef cient,
andis thereforescalabletowardslarger ervironments. The
modularityof our systemmalkesrepresentatioasafactored
MDP simple and typically resultsin a sparselyconnected
Markov network. Suchsparseneskeadsto very ef cient
calculationsvhenusinga structuredsolutionapproactasin
SPUDD.However, sincethe optimal policy is de ned over
theentirestatespacetheresultingstructurecanbecomen-
tractablylarge. Suchsituationsrequirethe useof hierarchi-
cal models,or of approximatiortechniques.

Messagedelivery

HOMER's messagéeliverytaskconsistof acceptingnes-
sages,nding recipientsanddeliveringmessageslrheplan-
ner modelsthis ervironmentusing six variables. The rst

describesf HOMER hasa messag®r not (has messagg

Thenext threeencodevhetherHOMER hasa goallocation
(has_goal), whetherhe hasreachedhatgoal (at_goal), and
if the goalis deemedunreachablégoal_.unreachabl§. Fi-

nally, the lasttwo describewhetherHOMER hasa sender
(has.sendel) and a recipient(has.recipienf). HOMER's

high-level actionsareshavn in Table1, alongwith themod-
ule thatis responsiblefor performingeachaction, andthe
main statevariableswhich are effectedby the action. The
receptionanddelivery of messagewill eventuallybe dele-
gatedto a speechrecognitionandfacial expressioninterac-
tion module,but is currentlyhandledby the manager The
optimal policy for this domainspeci cationis to accepta



action module effects
i.d. person facerecognition hassender
hasrecipient
getgoal people nder has goal
at_goal
navigate navigator at_goal
has goal
receve message manager has message
delivermessage manager hasmessage

Table1: Homer's high-level actions the moduleswhich ef-
fectthem,andthe effectsof the actionson the robot's state.

messagérom a sender navigateto potentialrecipientloca-
tions,attemptto recognizeéherecipientateachlocation,and
deliver the messag®ncetherecipientis recognized.There
arethreemajorcomponentso thistask. The rst istheinter-

actionwith humanswvhenacceptingr deliveringmessages.

The secondis the modelingof peoples behaior within a
workspacewhich allows the messagelelivery robotto in-
fer whereto nd agivenmessageecipient. Thethird is the
navigation and localizationnecessaryo get from placeto
place.

In his quiescentstate, HOMER waits for a call from a
messageender A potentialsendercaninitiate an interac-
tion with HOMER by calling hisname or by presentindher
selfto the robot. HOMER usesfacerecognitionto nd the
personwho hascalledhim. Oncea personhasbeenrecog-
nized,HOMER acceptsaa messagewhich includesarecip-
ient's name. In the future, HOMER will usespeechfacial
expressionandgesturerecognitionduring interactionwith
people.At presentwe planto implementtheseasseparate
modules. However, due to the inherentcoupling between
thesecommunicatiormodalities,we may wish to integrate
theminto a singlemodulein thefuture.

OnceHOMER hasa messag¢o deliver, hemust nd the
recipient. This requiressomemodel of the typical behar-
ioral patternsof peoplewithing HOMER's workspace.We
usea staticmapof personlocationswhichis updatedvhen
new informationis obtainedaboutthe presenceor absence
of persons. This map allows HOMER to assesghe most
likely locationto nd a personat ary time. Navigationto
thatlocationis thenattempted.If thelocationis not reach-
able, HOMER nds anotherlocation and re-plans. If the
locationis reachedthenHOMER attemptsto nd a poten-
tial recever usingfacerecognitionand soundlocalization.
Uponverifying thereceverspresencetllOMER deliversthe
message.

Experiments

We have run somesimple testsof HOMER's messagele-
livery capabilitiesin our laboratory We rst built anoccu-
pang grid mapof our laboratory asshowvn in Figure5 (a).
We then gathered ve templatesof eachof threepersons'
faces,someexamplesof which areshovn in Figure4. Fi-
nally, we manuallyspeci edthelocationlik elihoodfor each
person.

HOMER waited at home base,attemptingto recognize
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Figure5: HOMER testrun. Black: obstacleslight grey:
free space,dark grey: unexplored area,white: , star:
HOMER, disk: mostlikely recipientlocation. (a) HOMER
startsand (b) navigatesto the rst location. Having not
foundtherecipientthere,he (c) navigatesto the secondo-
cation, nds therecipientandnavigateshome.

peopleby their faces. The rst personhe recognizedper

sonl, wastakenasthe senderof the messageasshavn at
time 1 in Figure4. The messagesonsistedsolely of are-
cipient's name person2, who HOMER setoutto nd. Fig-

ure5 (a) shovsHOMER'smap thelocationlik elihoodfunc-
tion at the startof the run, and HOMER's initial position.
Theoccupang grid mapis shovn with obstaclesnarkedas
black,freespaceaslight grey, andunexploredspaceasdark
grey. Thelocationlik elihoodfunction, ,isshovnin white.
HOMER is shawvn asa star while the mostlikely recipient
locationis shavn asa disk. HOMER proceedgo the most
likely recipientlocation,asshavn in Figure5 (b). Figure4

shavs how, attime 2, HOMER found someunknawvn per

sonthere(notin his facedatabase)which promptedhim to

move to a secondocation,at which he successfullyrecog-
nizedtherecipient,persorn2, asshavn in Figure4 attime 3.

After deliveringthe messagelHlOMER returnedhome. The
completerobottrajectoryis shovn in Figure5 (c). We also
enabledHOMER to receve a return messagdrom the re-

cipient,atwhich pointtherecipientbecomeshesenderand
the procesgepeats.We alsoperformedexperimentswvhere
HOMERIs notableto locatetherecipient,atwhich pointhe
returnsto the sendeandreportsthe situation.

Conclusionand Future Work

In this paperwe presentedhe HumanOrientedVIEssenger
Robot(HOMER). HOMER is arobotdesignedo solve the
problemof messagelelivery amongpeoplein a workplace.
Even thoughthe robot is designedwith a speci ¢ taskin
mind, we are usingalgorithmsand softwarein sucha way
asto enableusto create,ina straightforvard manney other
robotsto performdifferenttasks. Sucheasecomesfrom
building re-usablesoftnarecomponentin adistributedcon-
trol architecturewhile task speci cationis doneat a high
level by anexpertof the domainusingan MDP-basedlan-
ner We have presentedexperimentalresultsof HOMER
successfullyrecevving and delivering a simple messagen



adynamicervironment.

In the nearfuture, we planto integratecomponentgrom
our previouswork in soundocalization,gestureecognition
andfacial expressionanalysisandimprove the facerecog-
nition module. We arealsoin the processof developinga
modulefor creating3D occupang grid mapsthatwe hope
to usefor betternavigation, people nding andinteraction.
Later, we will focuson addinga naturallanguageunder
standingmodulein orderto remove the restrictionon the
interactionamongpeopleandtherobot.
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