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Abstract

HOMER,theHumanOrientedMEssengerRobot,is astereo-
visionguidedmobilerobotfor performinghuman-interactive
tasks. Our designconceptfor HOMER combinesmobile
robotic techniquesfor navigation, localization, map build-
ing andobstacleavoidancewith humaninteractioncapacities
for personrecognition,speech,facialexpressionandgesture
recognition,andhumandynamicsmodeling. HOMER's ca-
pabilities are modularand independent,and are integrated
in a consistentand scalablefashionunder the umbrellaof
a decision-theoreticplanner, which modelstheuncertainef-
fectsof therobot'sactions.TheplannerusesfactoredMarkov
decisionprocesses,allowing for simplespeci�cationof tasks,
goalsandstatespaces.We demonstrateHOMERperforming
a messagedelivery task,which is rich andcomplex both in
robotnavigationandin humaninteraction.

Intr oduction
This paperdescribesour work on HOMER, the Human
OrientedMEssengerRobot,a mobile robot that communi-
catesmessagesbetweenhumansin a workspace.Themes-
sagedelivery taskis a challengingdomainfor aninteractive
robot. It presentsall the dif�culties associatedwith uncer-
tain navigation in a changingenvironment,aswell asthose
associatedwith exchanginginformation and taking com-
mandsfrom humansusinga naturalinterface.In designing
HOMER,however, weareconcernedwith themoregeneral
problemof building mobileroboticsystemswith capacities
to interactwith humansindependentlyof the taskthey are
asked to perform. Suchrobotswill neednavigation, map-
ping,localizationandobstacleavoidancecapabilitiesto deal
with moving aroundin anuncertainandchangingenviron-
ment. They will alsoneedto model the dynamicsof peo-
ple in anenvironment,includingtheir locationsin spaceand
their behavioral patterns.Finally, humanuserswill require
suchrobotsto presentclear, simpleandnaturalinteractive
interfaces,which enableeasyexchangesof informationbe-
tweenrobot andhuman. The systemsto dealwith eachof
theseproblemscanbemadefairly independent,andthuscan
beimplementedmodularly.

Theremainingchallengeis thento integratethemodules
to performagiventask.Thetaskspeci�cationshouldthere-
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fore bein a simplelanguagethatenablesef�cient extension
or re-assignmentof a robot's task. This paperpresentsour
modular and scalabledesignof HOMER's hardware and
software systems,which provides for easyintegration of
sensorandactuatormodulesfor a given taskspeci�cation.
Although we are describingHOMER's applicationto the
messagedelivery task,our systemcaneasilybeextendedor
re-assignedto otherhuman-interactivemobilerobotictasks.

Building servicerobotsto helppeoplehasbeenthesub-
jectof muchrecentresearch.Thechallengeis to achievere-
liable systemthat operatein highly dynamicenvironments
andhave easyto useinterfaces.This involvessolvingboth
the more traditional robot problemsof navigation and lo-
calizationandthemorerecentproblemsin human-robotin-
teraction.Anotherchallengearisesfrom the largescopeof
thesesystemsandthe many piecesthat mustbe integrated
togetherto make themwork. RHINO (Burgardet al. 1998),
wasoneof themostsuccessfulservicerobotsever built. It
wasdesignedasamuseumtourguide.RHINO successfully
navigateda very dynamicenvironmentusing lasersensors
andinteractedwith peopleusingpre-recordedinformation;
apersoncouldselectaspeci�c tourof themuseumby press-
ing oneof many buttonson therobot. RHINO's taskplan-
ning wasspeci�ed usingan extensionto the GOLOG lan-
guagecalledGOLEX; GOLEX is anextensionof �rst order
calculus,but with theaddedability to generatinghierarchi-
cal plansanda run-timecomponentmonitoringthe execu-
tion of thoseplans. MINERVA (Thrun et al. 1999), was
thesuccessorof RHINO. MINERVA differedfrom RHINO
in that it could generatetours of exhibits in real-time as
opposedto choosingone of several pre-determinedtours.
MINERVA alsoimprovedon the interactionby incorporat-
ing a steerableheadcapableof displayingdifferent emo-
tionalstates.

More recently, (Montemerlo et al. 2002) designed
PEARL, a robot for assistingthe elderly. PEARL's main
task is to escortpeoplearoundan assistedliving facility.
Its navigationandlocalizationusesprobabilistictechniques
with lasersensors.PEARL is morefocusedon the interac-
tion sidewith an expressive faceanda speechrecognition
engine. PEARL's largestcontribution is the useof a par-
tially observableMarkov decisionprocessfor modelingun-
certaintyat thehighestlevel of taskspeci�cation.

We begin this paperby introducing our mobile robot,
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Figure1: (a) HOMER the messengerrobot (b) closeupof
HOMER'shead

HOMER,describinghishardwareandsoftwaresystems.We
thenshow how HOMER navigatesthroughtheworld, maps
the world, localizeshimself, recognizesfacesandsearches
for people.Following this,we describehow HOMER plans
his actions. We then introduce the domain of message
delivery, and show resultsof someexperimentsshowing
HOMER'sperformancein a simpledomain.We discussthe
directionswearecurrentlypursuingandconcludethepaper.

Hardware
Our robot,HOMER, shown in Figure1(a), is a RealWorld
InterfaceB-14 robot,andhasa singlesensor:a PointGrey
Research1 Bumblebee�

�

stereovision camera.TheBum-
blebeeis mountedatopan LCD screenuponwhich is dis-
playeda pleasantanddynamicanimatedface. We call the
combinationof BumblebeeandLCD screenthehead. The
facedisplaysnon-verbalinvitationsto humansto approach
and speak,expressesemotions,or emphasizesor conveys
furtherinformation.Theheadis mountedonaDirectedPer-
ceptionpan-tilt unit, as shown in Figure 1(b), which pro-
vides lateral and dorsalmovementfor the camerasystem
andanimatedface,enablingvisualsearchandfollowing for
realisticinteraction.

The useof a singlestereocamerafor all sensingof his
environmentis what makesHOMER standout asa robot.
Vision providesrich, high bandwidth,two dimensionaldata
containinginformationaboutcolor, texture,depthandoptic
�o w, amongothers. This multi-modal datasourcecan be
exploited universallyfor the accomplishmentof many dif-
ferenttasks.It is a harmonioushostof informationabouta
robot's environment,andis an alternative to morespecial-
ized sensorssuchas sonaror laserrange�nders. Mount-
ing the stereocameraon a pan-tilt unit adds�e xibility to
HOMER's real-timenavigationandinteraction.

HOMER is equippedwith 4 on boardcomputersbased
on the Intel PentiumIII processorandrunningtheLINUX
operatingsystem.Thecomputerscommunicateamongeach
otherusinga100Mbpslocalareanetwork. A Compaqwire-
less10Mbpsnetwork connectionallows the robot's com-
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puterto communicatewith any othercomputerin our lab's
LAN for additionalcomputepower asneeded.The Bum-
blebeeunit outputs imagesand densestereomaps over
IEEE-1394(Firewire) connectionto one of the on board
workstations. Both imagesand stereomapsare usedby
HOMERto build two dimensionalmapsof hisenvironment,
to localizehimself with respectto that map,and to detect
and recognizeobjectsand people(Murray & Little 2000;
Elinaset al. 2002;Elinas& Little 2002). HOMER's on-
boardprocessorsareusedfor all moduleswhichneedexten-
siveandrapidaccessto imagedataor to themotors,includ-
ing the facerecognitionsoftwareandall lower controllers
for motion and pan-tilt action. The planningengineand
managermodulerun on two different off-board machines
asthey requirelessbandwidthfor communication.

HOMER'sactuatorsincludemotorsfor translationandro-
tationin two dimensions,motorsfor movementof thehead,
speechthroughon-boardmonospeakers,andfacialexpres-
siongenerationin theanimatedfaceon theLCD screen.

SoftwareAr chitecture
HOMER's softwaresystemis designedarounda Behavior-
based architecture (Arkin 1998; Brooks 1986). For
HOMER, a behavior is an independentsoftware module
thatsolvesa particularproblem,suchasnavigationor face
recognition.We referto behaviors interchangeablyasmod-
ulesin what follows. Behaviors exist at 3 different levels,
as shown in Figure 2. The lowest level behaviors inter-
facewith the robot's sensorsandactuators,relayingcom-
mandsto the motors or retrieving imagesfrom the cam-
era. Theseare describedmore fully elsewhere(Elinas &
Little 2002). Behaviors at themiddle level canbe grouped
in two broadcategories: mobility and human-robotinter-
action(HRI). Mobility modulesperformmapping,localiza-
tion andnavigation (Murray & Little 2000). HRI modules
are for facerecognition,people�nding, speechsynthesis,
facialexpressiongeneration.In thecomingmonthswe plan
to addmoremiddlelevel behaviors,includingspeechrecog-
nition and natural languageunderstanding,3D occupancy



grid mapping,facialexpressionrecognition,soundlocaliza-
tion andgesturerecognition(Elinas& Little 2002). Mid-
dle level modulesinterfacewith the lowestlevel througha
sharedmemorymechanism.Eachmiddlelevel moduleout-
putssomeaspectof thestateof theenvironment.For exam-
ple, the facerecognitionmodulereportsa distribution over
people's facesin its database,while thenavigationmodule
reportsthe currentlocationof the robot with respectto the
maps. Theseoutputsare typically reportedto the highest
level modules.Eachmodulefurtheroffersa setof possible
actionsthe modulecaneffect. All communicationamong
themiddleandhigh level behaviors is doneusingsockets.

Therearetwo high-level modules:a manageranda plan-
ner. Themanagermapsbetweentheoutputof themodules
and the inputs to the planningengine. The managermay
alsohave someinternalstatewhich it controls.Thecurrent
outputsof all the modules(andthe manager's state)is the
currentstateof therobot. Themanager's job is to integrate
all thestateinformationfrom themoduleswith its own, and
presentthe result to the planningengine,which consultsa
policy of actionand recommendssomeaction. The man-
agerthendelegatesthisactionto whatevermodulesrespond
to it.

In an architectureof this style, the challengesarein the
taskdivisionsamongbehaviors, andin allowing for easily
constructed,debugged,andextendedmanagerandplanning
modules.In our pastwork (Elinaset al. 2002),we imple-
mentedthe managerand plannertogetheras a �nite state
machine,which is typically dif�cult to debug and extend.
In this work we separateplanningandmanagementtasks,
and usea Markov decisionprocess(MDP) domainrepre-
sentationfor theplanner(Puterman1994). This allows the
robot's tasksto be encodedat a high-level, andmakesthe
high level modulesmucheasierto implementandextendin
thefuture.

Modules
Crucial to the designof a human-interactive mobile robot
is to is the ability to rapidly andeasilymodify the robot's
behavior, specifyingthechangesin a clearandsimplelan-
guageof high-level concepts.For example,we may wish
to modify our messagedelivery robotsothatit alsodelivers
coffee. The robot will neednew hardware(an actuatorto
grabthe coffee with) andnew sensors(to operatethe new
actuators,to recognizecashmoney,...). Furtherit will need
to be ableto plan solutionsto dealwith the extendedstate
spaceof coffeedelivery. For example,it now needsto plan
for thesituationin whichonebuysfor andreceivesa coffee
from an attendant.Thesedesignconstraintscall for a mo-
bile robot to have a modularsoftwaresystem,with a plan-
ning modulewritten in a simpleandeasyto uselanguage
for specifyingnew world statesandgoals. The additional
resources,sensorsand actuatorsneededfor the additional
tasks,shouldbe simpleto addto theexisting system.Fur-
ther, the solution conceptfor the robot must be easily ex-
pandedto includethe new facetsof its job. HOMER is an
implementationof a human-interactive mobile robot with
such designprinciples in mind. Independentlyoperating
modulesfrom thecoreof HOMER's architecture,asshown
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Figure3: Fromstereoimagesto radialmaps.(a) greyscale
image(b) disparity image (black indicatesinvalid, other-
wise brighter indicatescloserto the cameras)(c) depthvs
columnsgraph(depthin cm) (d) the resultantestimateof
clear, unknown and occupiedregions (light grey is clear,
blackis occupiedanddarkgrey is unknown)

in Figure2. They reporttheir statesto a manager, who col-
lectsinformationfrom all therobot'smodules,synthesizesa
currentworld state,which is reportedto a planningengine.
The planningenginereturnsan optimal action, which the
managerdelegatesto oneor moremodules.The following
sectionspresentthedifferentmodules,themanagerandthe
planningengine.HOMER's currentmodulesperformnav-
igation, mappingand localization(Murray & Little 2000;
Se,Lowe,& Little 2002),facerecognition,andpersonloca-
tion modeling.Following thedescriptionsof themodulesis
adescriptionof themanagerandplanner.

Mapping, Localization and Navigation

HOMER uses2D occupancy grid mapsfor navigation and
localization.Figure3 shows theconstructionof the2D oc-
cupancy grid sensorreadingfrom a single 3D stereoim-
age. Figure3(a)shows the referencecameragreyscaleim-
age(320x240pixels),and(b) theresultingdisparityimage.
Black regionsindicateimageareaswhich wereinvalidated.
Otherwise,brighterareasindicatehigherdisparities(closer
to the camera). The maximumdisparitiesin eachcolumn
areconvertedto depthto producea radial map, asshown in
Figure3(c). Figure3(d)showsthesedepthvaluesconverted
into an occupancy grid representation;light grey indicates
clear regions, black indicatesoccupied,and dark grey in-
dicatesunknown areas.The processillustratedin Figure3
generatesthe input into our stereovision occupancy grid.
Becausethecamerais mountedon a pan-tilt unit, caremust
betakento transformtheseoccupancy valuesto therobot's
coordinateframe beforeadding them to the global occu-
pancy grid. Themappingmoduleintegratesthe local maps



over time, keepingthe global map currentover time. We
identify an obstacleat all locationsin the occupancy grid
wherethevalueis abovea threshold.

Safe mobility involves simultaneouslocalization and
mapping(SLAM). Therobotmustbuild a mapof theenvi-
ronmentandtrack its positionrelative to thatenvironment.
However, accuratelocalizationis a prerequisitefor build-
ing a goodmap,andhaving anaccuratemapis essentialfor
goodlocalization.This problemhasbeena centralresearch
topic for the past few years (Simmons& Koenig 1995;
Burgard et al. 1998; Dellaert et al. 1999; Thrun 2000).
Our vision-basedSLAM algorithmusesstereodataof fea-
tures detectedby the Scale Invariant FeatureTransform
(SIFT) (Se, Lowe, & Little 2002). Simply put, HOMER
�nds outwhereheis by recognizingandlocatingpreviously
observedvisual featuresin his environment. SIFT features
areinvariantto imagetranslation,scaling,rotation,andpar-
tially invariantto illuminationchangesandaf�ne or 3D pro-
jection. Thesecharacteristicsmake SIFT featuressuitable
landmarksfor mappingandlocalization,sincewhenmobile
robotsaremoving aroundin anenvironment,landmarksare
observedfromdifferentangles,distancesandunderdifferent
illuminations.

Thenavigationtaskis to �nd theshortestandsafestpath
connectingtwo locationsgiventheoccupancy grid map,The
pathplanningalgorithmweuseis amixtureof shortestpath
andpotential�eld methods.In clearareas,themethodop-
eratesasa shortestpathplannerwith a �x ed distancecon-
straintfrom obstacles.In clutteredareas,themethodturns
into a potential �eld planner, to avoid getting stuck. The
combinationof the two allows the robot to navigate ef�-
ciently in clearenvironmentswithout gettingstuckin clut-
teredareas.Our navigator is describedmorefully in (Mur-
ray& Little 2000).

Facerecognition

Our facedetectionand recognitionprocesstakes place in
two stepsat eachframe. It �rst searchesfor candidateface
regions using skin color segmentation,followed by con-
nectedcomponentsanalysis.Althoughwehavefoundthisto
bearelatively robustmethodfor detectingcandidatefacere-
gions,it canfail dueto changinglighting conditions.A more
sophisticatedapproachmaybedesirablein thefuture(Viola
& Jones2001).Wemaintainasetof color templatesof peo-
ple's facesin a database,anda setof mappingsfrom skin
color segmentedregionsto color templatematches.These
mappingsallow the faceregion to be found regardlessof
how theskinsegmentationalgorithmrespondsto givenper-
son's skin color. A new imageis �rst segmentedand the
largestskin-coloredregionsare found. The mappingsare
thenappliedto eachregion for eachtemplate,andtheinput
imageregionsarecorrelatedwith the templates,usingraw
squaredmatchscores.A small local search�ne-tunes the
locationof thematch,andthelog likelihoodof theobserva-
tion giveneachtemplate,

�
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 canbe estimated.A
probabilitydistributionover ��� persons,�	���

���������

��� , can
thenbeestimatedusingBayes'ruleby summingoverall the
templatesof that personin the database,weightedby this
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Figure4: Facerecognition. Top row shows a databaseof
exemplarsfor threepersons.Bottomrow shows someinput
images,linked to their most likely exemplar. Most likely
matchscoresandreportedpersonarealsoshown.
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the prior probability of observingeachperson. We have
found that this methodworks relatively well with a small
databaseof few people.However, anapproachusingEigen-
faces(Turk & Pentland1991),may be more desirablefor
a largerdatabase.Figure4 (top row) shows a setof exem-
plarsin a databaseof threepersons.Along thebottomrow
is shown a seriesof input imageslinkedto their best-match
exemplars. Also shown is the skin segmentationfor each
image. Below eachimageis the bestmatchscoreand the
reportedpersonamongnone,other, person1, person2 or
person3. Thefacerecognitionmodulewaits for aninstruc-
tion from the managerto start classifyingany facesin its
�eld of view. It thenanalyzes� ve imagestakenoverabouta
10-20secondperiod,andclassi�eseachashaving no face,
an other face,or the faceof 354�687)9;:

� . *�4)6<7)9;:
� thengets

reportedonly if threeor more(out of � ve) imagesarecon-
sistentlyreportingthatpersonasthemostlikely candidate.
The systemreportsan other faceif therearevalid skin re-
gions,but novalid templatematch,andotherwisereportsno
face.

Locating People
In orderto �nd messagerecipients,HOMER mustmaintain
somemodel of people's behaviors and their usualwhere-
abouts.At present,HOMER'speople-�ndingmodulemain-
tainsa locationlikelihoodfunctionof �nding the =

/2> person
at eachlocation, ?

@ , in themap: A
�

��?

@


 . Thesemapsareini-
tially constructedby thedesignerandareupdateddynami-
cally astherobotrecognizespeopleduringhisquests.When
searchingfor a messagerecipient,HOMER maintainsa dy-
namicversionof thelikelihoodfunction, ACB

/

, for thesubject
of the searchat eachtime, D . Whenstartingthe searchfor
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 . Thepeople�nding modulethen
reportstheclosestunvisitedmaximumof ACB asthenext best
locationto searchfor the messagerecipient. The dynamic
mapis updatedasthe searchprogressesandHOMER dis-
coversthattherecipientis notpresentat variouslocations.

Ourexperimentsin variouslocationshaveshown thatthis
likelihoodfunction producesreasonablegoals. If no infor-
mationaboutapersonis available,HOMERwill wanderthe
room in an exploratory fashion. Otherwise,HOMER will
startgoing throughall the possiblelocationsstartingfrom
the oneclosestto him. Onceall possibleknown locations
are searched,the people�nding moduleindicatesthat the
recipientis not currentlyreachable.However, moresophis-
ticatedpeoplebehavior modelscouldbe implemented.For
example,personfollowing behaviors may be necessaryfor
HOMERto chasedown apersonwho is on themove. Mod-
elingpeople'stemporalbehavior patternsmayalsobeuseful
for �nding peoplewho have recentlybeenobserved (Ben-
newitz, Burgard,& Thrun2002).

Managementand Planning
The managercollectsinformation from eachmodule,and
integratesit togetherinto asingle,fully observablestatevec-
tor. That is, thestateof thesystemis describedby a vector
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� , where
�

� is thestatevectorfor eachmodule
and � is the numberof modules.The manager's job is to
mapbetweenthe outputsof the modulesandthe inputs to
the planningdomainspeci�cation. Sincewe usea planner
which requiresfull observability of the state,the manager
mayberesponsiblefor compressingtheprobabilisticbelief
statereportedby a moduleby choosinga maximumvalue.
For example,the facerecognitionmodulereportsa vector
of *	���	� � ��
.� =

� � � ���

��� . Themanagermustthenreportto
theplannera binaryvectordescribingthepresenceof each
person

����� � ���

�
� . To doso,it mustbeableto thresholdthe

input vector. Of course,the moduleitself cantake careof
thethresholding,in whichcasethemanagersimplyappends
it to thestatevector.

This belief compressiontechniqueclearlyremovesinfor-
mationwhich maybeusefulto theplanner. In general,the
moduleswill not only reporttheir state,but alsosomevari-
anceinformation about the measurementof the state. If
this information is includedin the messagefrom manager
to planner, the planner, to take bestadvantageof all infor-
mationavailable,shouldusea partially observableMarkov
decisionprocess(POMDP).However, it is P-SPACE hard
in thegeneralcaseto �nd policiesfor POMDPs.Approxi-
mateor hierarchicaltechniqueshave beenusedfor robotics
applications(Simmons& Koenig1995;Theocharous,Ro-
hanimanesh,& Mahadevan2001;Montemerloet al. 2002).
HOMER makes the simplifying approximationof full ob-
servability asafair tradeoff betweentheextracomputational
burdenimposedon themanager, andthattakenby theplan-
ner. In general,however, modelingthe uncertaintyin the
robot's measurements,if tractable,will improve the high-
level plansgenerated.A POMDPplannercouldbeeasily�t
into HOMER'sarchitectureif needed.

Theplannerhasaccessto aspeci�cationof thedomainin
termsof therandomvariablesfor eachmodule,andany oth-

ersthemanagermayneedto de�ne independently, andto a
utility, or reward,functionwhichencodesthegoalsandpref-
erencesof the robot in its domain.Theplannermodelsthe
temporalprogressionof thestatevariablesreportedto it by
the managerwith a fully observableMarkov decisionpro-
cess(MDP). Markov decisionprocesses(MDPs) have be-
comethe semanticmodel of choicefor decisiontheoretic
planning(DTP) in the AI planningcommunity(Puterman
1994).They aresimplefor domainexpertsto specify, or can
belearnedfrom data.They arethesubjectof muchcurrent
research,andhave many well studiedpropertiesincluding
approximatesolutionandlearningtechniques.An MDP is a
tuple

���

���	� ��� �	� � , where
�

is a �nite setof statesand �

is a �nite setof actions.Actionsinducestochasticstatetran-
sitions,with ���)��7 �	
5�+D+
 denotingtheprobabilitywith which
stateD is reachedwhenaction 
 is executedat state7 . �1��7)


is a real-valuedrewardfunction,associatingwith eachstate
7 its immediateutility � ��7;
 .

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

� ��7;
 , and computesan optimal in�nite-horizon policy of
actionfor eachstate,assuminga expectedtotal discounted
reward asour optimality criterion. SPUDDusesthe value
iterationalgorithmto computethe policy. The policy can
then be queriedwith the current statevector reportedby
the manager, and returnsthe optimal action to be taken.
The managerthen delegatesthis action commandto the
appropriatesetof modules.

SPUDDusesa structuredrepresentationof MDPsasde-
cisiondiagrams.It is ableto take advantageof structurein
theunderlyingprocessto make computationmoreef�cient,
andis thereforescalabletowardslargerenvironments.The
modularityof oursystemmakesrepresentationasafactored
MDP simple and typically resultsin a sparselyconnected
Markov network. Suchsparsenessleadsto very ef�cient
calculationswhenusingastructuredsolutionapproachasin
SPUDD.However, sincetheoptimalpolicy is de�ned over
theentirestatespace,theresultingstructurecanbecomein-
tractablylarge. Suchsituationsrequiretheuseof hierarchi-
calmodels,or of approximationtechniques.

Messagedelivery
HOMER'smessagedeliverytaskconsistsof acceptingmes-
sages,�nding recipientsanddeliveringmessages.Theplan-
ner modelsthis environmentusingsix variables. The �rst
describesif HOMER hasa messageor not (has message).
Thenext threeencodewhetherHOMER hasa goal location
(has goal), whetherhehasreachedthatgoal (at goal), and
if thegoal is deemedunreachable(goal unreachable). Fi-
nally, the last two describewhetherHOMER hasa sender
(has sender) and a recipient (has recipient). HOMER's
high-levelactionsareshown in Table1, alongwith themod-
ule that is responsiblefor performingeachaction,and the
main statevariableswhich areeffectedby the action. The
receptionanddelivery of messageswill eventuallybedele-
gatedto a speechrecognitionandfacialexpressioninterac-
tion module,but is currentlyhandledby themanager. The
optimal policy for this domainspeci�cation is to accepta



action module effects
i.d. person facerecognition has sender

has recipient
getgoal people�nder has goal

at goal
navigate navigator at goal

has goal
receivemessage manager has message
delivermessage manager has message

Table1: Homer'shigh-level actions,themoduleswhich ef-
fect them,andtheeffectsof theactionson therobot'sstate.

messagefrom a sender, navigateto potentialrecipientloca-
tions,attemptto recognizetherecipientateachlocation,and
deliver themessageoncetherecipientis recognized.There
arethreemajorcomponentsto thistask.The�rst is theinter-
actionwith humanswhenacceptingor deliveringmessages.
The secondis the modelingof people's behavior within a
workspace,which allows themessagedelivery robot to in-
fer whereto �nd a givenmessagerecipient.Thethird is the
navigation and localizationnecessaryto get from placeto
place.

In his quiescentstate,HOMER waits for a call from a
messagesender. A potentialsendercaninitiate an interac-
tion with HOMERby callinghisname,or by presentingher-
self to therobot. HOMER usesfacerecognitionto �nd the
personwho hascalledhim. Oncea personhasbeenrecog-
nized,HOMER acceptsa message,which includesa recip-
ient's name.In the future,HOMER will usespeech,facial
expression,andgesturerecognitionduring interactionwith
people.At present,we plan to implementtheseasseparate
modules. However, due to the inherentcoupling between
thesecommunicationmodalities,we may wish to integrate
theminto asinglemodulein thefuture.

OnceHOMER hasa messageto deliver, hemust�nd the
recipient. This requiressomemodelof the typical behav-
ioral patternsof peoplewithing HOMER's workspace.We
useastaticmapof personlocations,which is updatedwhen
new informationis obtainedaboutthe presenceor absence
of persons. This map allows HOMER to assessthe most
likely locationto �nd a personat any time. Navigation to
that locationis thenattempted.If the locationis not reach-
able, HOMER �nds anotherlocation and re-plans. If the
locationis reached,thenHOMER attemptsto �nd a poten-
tial receiver usingfacerecognitionandsoundlocalization.
Uponverifying thereceiverspresence,HOMERdeliversthe
message.

Experiments
We have run somesimple testsof HOMER's messagede-
livery capabilitiesin our laboratory. We �rst built anoccu-
pancy grid mapof our laboratory, asshown in Figure5 (a).
We thengathered� ve templatesof eachof threepersons'
faces,someexamplesof which areshown in Figure4. Fi-
nally, wemanuallyspeci�edthelocationlikelihoodfor each
person.

HOMER waited at homebase,attemptingto recognize

(a) (b) (c)
time1 2 3

Figure5: HOMER test run. Black: obstacles,light grey:
free space,dark grey: unexplored area,white: A B , star:
HOMER, disk: mostlikely recipientlocation. (a) HOMER
startsand (b) navigatesto the �rst location. Having not
foundtherecipientthere,he (c) navigatesto thesecondlo-
cation,�nds therecipientandnavigateshome.

peopleby their faces.The �rst personhe recognized,per-
son1, wastakenasthesenderof themessage,asshown at
time 1 in Figure4. The messagesconsistedsolely of a re-
cipient'sname,person2, who HOMER setout to �nd. Fig-
ure5 (a)showsHOMER'smap,thelocationlikelihoodfunc-
tion at the startof the run, andHOMER's initial position.
Theoccupancy grid mapis shown with obstaclesmarkedas
black,freespaceaslight grey, andunexploredspaceasdark
grey. Thelocationlikelihoodfunction, A

B , is shown in white.
HOMER is shown asa star. while themostlikely recipient
locationis shown asa disk. HOMER proceedsto themost
likely recipientlocation,asshown in Figure5 (b). Figure4
shows how, at time 2, HOMER found someunknown per-
sonthere(not in his facedatabase),which promptedhim to
move to a secondlocation,at which hesuccessfullyrecog-
nizedtherecipient,person2, asshown in Figure4 at time3.
After deliveringthemessage,HOMER returnedhome.The
completerobot trajectoryis shown in Figure5 (c). We also
enabledHOMER to receive a returnmessagefrom the re-
cipient,atwhichpoint therecipientbecomesthesender, and
theprocessrepeats.We alsoperformedexperimentswhere
HOMERis notableto locatetherecipient,atwhichpointhe
returnsto thesenderandreportsthesituation.

Conclusionand Future Work
In this paper, we presentedtheHumanOrientedMEssenger
Robot(HOMER).HOMER is a robotdesignedto solve the
problemof messagedeliveryamongpeoplein a workplace.
Even thoughthe robot is designedwith a speci�c task in
mind, we areusingalgorithmsandsoftwarein sucha way
asto enableus to create,ina straightforwardmanner, other
robotsto perform different tasks. Sucheasecomesfrom
building re-usablesoftwarecomponentsin adistributedcon-
trol architecturewhile task speci�cation is doneat a high
level by anexpertof thedomainusinganMDP-basedplan-
ner. We have presentedexperimentalresultsof HOMER
successfullyreceiving and delivering a simple messagein



a dynamicenvironment.
In thenearfuture,we planto integratecomponentsfrom

ourpreviouswork in soundlocalization,gesturerecognition
andfacial expressionanalysisandimprove the facerecog-
nition module. We arealsoin the processof developinga
modulefor creating3D occupancy grid mapsthatwe hope
to usefor betternavigation,people�nding andinteraction.
Later, we will focus on addinga natural languageunder-
standingmodulein order to remove the restrictionon the
interactionamongpeopleandtherobot.
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