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Abstract

In this paper we proposea human-pbotinterfacebased
on speeb andvision. Thisinterfaceallows a personto in-
teract with the robotasit explores. During exploration the
robot learns aboutits surroundingervironmentbuilding a
2D occupancygrid map and a databaseof more comple
visual landmarksand their locations. Sud knowledg en-
ablestherobotto actintelligently. It is a difficult taskfor a
robotto autonomouslylecidewhat are the mostinteresting
regionsto visit. Usingtheproposednterface a humanoper
ator guidestherobotduringthis exploration phase Because
of therobot'sinsuficienton-boad computationapower we
usea distributedarchitecture to realizeour system.

1 Introduction

We wish to implementrobotsto help people,especially
thedisabledandelderly, in performingdaily tasks.It is naive
to assumehatsomeonés familiarwith theuseof computers
or hasthetimeandpatiencdo learnhow to useone. We want
to build robotsthatareeasyandintuitiveto use.Soourfocus
is ondevelopinganinterfacebasednvisionandspeechthe
way peopleengagen inter-personatommunication.

Therobotmustperformrobustly andintelligently in dy-
namic ervironmentssuch as thosedesignedand occupied
by humans. It is often challengingto devise algorithmsto
achieve complicatedtaskssuch as speechrecognitionand
peopletracking, but it is even harderto make themrun ef-
ficiently and without exhaustingthe robot’s computational
resourcesSincearobotis usuallyequippedvith asingleon-
boardcomputerit doesnothave thecomputationapowerto
run mary complicatedasks.A robotcontrolarchitecturas
asystemthatallows a programmeto definethetasks,f and
how they exchangeinformation and which computerthey
runon.

There are mary different robot control architectures,
[6, 15]. In recentyears behaior-basedarchitectures|l, 3],
have gainedwide popularity for several reasons. Oneis
the highly parallelnatureof the architectureghat allows the
workload to be distributed amongmary CPU’s within the
sameworkstationor spreadver multiple workstationsn lo-
cal areanetworks. It alsoallows the modularizationof the
systemas eachtask can be developed,dehuggedand im-

Figurel: Eric, therobot.

proved mostly independentlyof all others. Thesemodules
arecalledbehaiors andeachis designedo solwe a specific
problem. Often, morethan one behaior mustbe active at
atime to solve complex problemsthata singlebehaior can
notsolwe by itself.

Althoughourlongtermgoalis to build ageneralinterface
for robotsthat canachiesze multiple tasks,in this paperwe
presentafirst systenthatallows a personto guidetherobot
duringexploration.

This paperis structuredasfollows. Section2 describes
the hardware we use. Section3 discusseghe hierarchical
organizatiorof thebehaiors andgivesa brief descriptionof
eachwith emphasigo the onesmostdirectly involved with
human-robotnteraction. Section4 explainshow a person
cangettherobot's attentionanddirectit to a specificareato
explore. In section5 we give anexampleof a userdirecting
therobot. We concludein section6.

2 TheRobot

Our work is centeredarounda Real World Interfaces
(RWI) B-14 mobile robot namedEric (seeFigurel). Eric
is equippedwith an Intel Plll-basedcomputerrunning the
Linux operatingsystem.He senseshe surroundingerviron-
mentwith his numerouson-boardsensors. Theseinclude
built-in sonarinfraredandtactile (bump)sensors.

Eric canseein 3D usinga Triclops stereovision system
from PointGrey Researctandin color with a SONY EVI-
G20 camera.Triclopsis a real-timetrinocularstereovision
systemthat we have usedextensvely in our lab for tasks
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Figure2: Diagramof therobotcontrolarchitecture.

suchasrobot navigation, mappingandlocalization,[9, 10,
12].

Erics’s on-boardcomputercommunicatesvith therestof
theworkstationsn ourlabusinga 10MbpswirelessCompaq
modem.

The color camerais necessaryor detectinghumanskin
tonein images,as describedn section4.3, sincethe Tri-
clops systemusesgray scalecameras. The color and Tri-
clops referencecameraare calibratedso that their images
match. Currentlywe do the calibrationmanuallyaswe are
in the processof upgradingto a color Digiclops stereosys-
temthatwill eliminatethe needfor a separateolorcamera.

Lastly, we have addedthreemicrophonesattachedo the
top of the the robot’s body. Two of the microphonesare
usedfor soundlocalizationandthe third is usedfor speech
recognition. The datafrom eachmicrophonearewirelessly
transmittedo two workstations The maximumrangeof the
transmitterss 50 meters. One workstationis dedicatedo
soundlocalizationwhere the receved signal is input to a
SoundBlasteL.ive soundcard. The secondworkstationis
dedicatedo speechrecognition.

3 Robot Control Architecture

Eric is driven by a behaior-basedcontrol architecture.
Theentiresystenconsistof anumberof differentprograms
working in parallel. Somearealwaysactive producingout-
put available acrossthe systemwhile othersonly run when
triggered.Thebehaiorsarehierarchicallyorganizedn low,
middleandhighlevels(Figure2). We have usedthesamear-
chitecturewith a smallvariationon the behaior setto build
anawardwinning roboticwaiter, [4].

Behaviors thatneeddirectaccesgo therobot's hardware
operateat the lowestlevel. Thesemodulesareresponsible
for controllingtherobot’'s motorsandcollectingsensodata.
Dataare madeavailableto othermodulesthrougha shared
memorymechanisnon the on-boardcomputer This forces
all low-level behaiorsto run onthelocal computer
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Figure3: Thefinite statediagramfor the supervisingpeha-
ior.

Themiddle-level behaviorsfall into two groups:mobility
andhuman-robotnteraction.Thefirst group,mobility, con-
sistsof thosebehaiors that control Eric’'s safe navigation
in adynamicervironment.Therearebehaiorsfor 2D occu-
pang grid mappingusingstereanformation,navigation,lo-
calizationandexploration. The secondgroup, human-robot
interaction,consistsof all the behaiors neededor Eric to
communicatevith people.Theseancludespeechrecognition
andsynthesisuserhead/gesturgacking,soundocalization
anduserfinding. Inputsto themiddlelevel behaiors arethe
outputsof otherbehaiors from all levels of the hierarchy
Dependingon the input requirementsi.e., if they needac-
cessto the sensordata,of eachmiddle-level behaior, they
run eitheron-boardthe robotor on aremoteworkstation.

At the highestlevel of this hierarchyexists the super
vising behaior (also referredto as the supervisoy It
performshigh-level planning. It satisfiesEric’s high-level
goals by coordinatingthe passingof information among
the middle-level behaiiors and also by selectvely activat-
ing/deactvating the middle-level behaiors as needed. It
communicatesvith all othersusingUNIX soclets.

Researclof othershasfocusedonthe coordinatiornof be-
haviors and the extensionof a robot’s abilities by dynam-
ically and autonomouslyadding nen behaiors. Our sys-
temis anexerciseto developingthe behaior setneededor
naturalhuman-robointeractionand so we have not added
the ability for the supervisorto learnwith experience.The
supervisors structureandabilities are pre-programmeand
hencefixed. The supervisingbehaior’s finite statediagram
is shovnin Figure3.

4 Human-Robot Interaction

For Eric to functionin a dynamicenvironment,he must
first gatherinformation aboutthe environments static fea-
tures. We placekEric in this spaceandlet him explore using
his explorationbehavior. Eric decideswhich areasto visit
first usingan algorithmthat evaluatesall possiblelocations
basedon the availableresources.e., batterypower remain-
ing, while trying to maximizeinformationgain. Theseare
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in 2D usingtwo microphonesThetwo microphonesirem;
andms, separatedby distanceb. « is the angleof incidence
andry, ro arethedistanceof eachmicrophoneto the sound
source.

constraintghat aredifficult to satisfyandsowe provide an
interfacefor a personto interruptthe robot andguideit to
thebestlocationto explore.

WhenEric hearshis name herespond$y moving out of
explorationmodeandturning toward the caller. Eric turns
to look at the personand applieshis vision algorithm for
locating peoplein images. OnceEric successfullylocates
the personshecanoptionally pointto a locationwhereshe
wantsEric to explore. Eric navigatesto that locationand
resumesxploration.

Eric locatesandtracksa persorthatheis communicating
with. Therearethreemiddle-level behaiors responsibldor
thesetasks. We continueto briefly describeeachof these
behaiors. Thenwe give anexampleof the systemat work.
4.1 Speech Recognition

We uselBM'’ s ViaVoicespeechrecognitionenginefor in-
terpretingspeechheardby Eric. ViaVoice is programmable
to operatewith either a speech-and-contrar a dictation
grammar We usethe former. We have specifieda simple
grammarthatallows about25 sentence$o be spolen.

We programmedhe speechrecognitionbehavior using
the JAVA SpeectAPI (JSAPI)undertheMicrosoftWindows
operatingsystem.This behavior outputsa uniqueintegerfor
eachsentencen the grammay whenthat sentences heard.
Theinputis thevoice signalrecevedover awirelessmicro-
phone. For efficiency we have dedicateda workstationjust
for speechrecognition.

4.2 Sound Localization

Eric getsan approximatdadeaof wherea persontalking
to him is, by localizing on the persons voice. Soundlocal-
izationis the procesf determiningthelocationof a sound
sourceusingtwo or moremicrophoneseparatedh space.

We usetwo microphonest a distanceof 20cm. The mi-
crophonesaremountedon top of the robot. The signalcap-
turedby eachof themis inputto a soundcardandbothare
processetb computehedirectionto thesoundsource With
two microphonesve canonly determinghedirectiononthe
planeparallelto thefloor. The soundlocalizationalgorithm
we useis describedn [11]. The geometryfor the problem
in 2D is shawvn in Figure4. Sinceour robotoperatesn a 3D
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Figure 5: The soundlocalization error function given by
Equation2.

world, usingthe simplified 2D casefor soundlocalization
might at first appearinadequatehowever, our experiments
have shavn that soundlocalizationin this simpleform per
formsadequatelgnoughfor thetaskathand.Thealgorithm
computedhetime delayn, betweerthe signalscapturedoy
thetwo microphonesThedirectionto the soundsourceasa
functionof this delayis givenby:

_m
-

wherec is thespeedf soundn is thetime delayin samples,
f isthesamplingfrequeny andb is thedistancebetweerthe
microphones.The rangeof discernibleanglesrangesfrom
a = 0for (n = 0) toa = 90 for (n = 14). Thesituation
is symmetricfor a userto theleft or right of therobot. Our
setupallows for a total of 27 anglesin the range[—90, 90]
degrees.

Thelocalizationerrorcanbe computedoy differentiating
Equationl. It is givenby:

_d( ien) _ i
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Figure5 shavs a plot of Equation2. Onenoticesthat the
localization error increasesrapidly for angleslarger than
70(n = 10) degrees.

The outputof this behaior is the directionto the sound
source. It localizeson all soundswith power above a cer
tain ervironmentalnoisethresholddeterminecduringa cal-
ibration phaseat start. The supervisomonitorsthe output
of the soundlocalizationbehaior andit only interruptsthe
robot (stopsexploration)whenthereis a valid sounddirec-
tion andthe speechrecognitionbehaior returnsthe nameof
therobot.

4.3 People Finding

WhenEric hearshis nameandhasan estimateof the di-
rection his namewas spolen from, he turnsto look at the

)
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Figure6: A simplemodelof a humanincludingthe dimen-
sionsof the head shouldersarmsandoverall height.

user He mustthenlocatethe userpreciselyin the images
capturedwith histwo cameras.

We start with the estimateof the users headlocation
guidedby the soundlocalizationresults. If soundlocaliza-
tion hadno errorthenthe userwould alwaysbefoundin the
centerof theimages. Sincethis is not the case,we useour
estimateof the localizationerror to definea region around
the centerof the imagewhereit is mostlikely to find the
user Thisregiongrows asthelocalizationerrorgrows andit
reachesnaximumat angledargerthan60 degrees.

We thenproceedo identify candidatdaceregionsin the
image.We segmentthe colorimagesearchindor skintone,
[5, 13, 14]. We transformthe color imagefrom the Red-
Green-BlugRGB)to theHue-Saturation-glue(HSV) color
space.During an offline calibrationstagewe determinethe
hue of humanskin by selectingskin coloredpixels for ses-
eral differentpeople.Figure7 (a) and(b) shav the original
imageandtheskin pixelsdetectedWe thenapplya 3x3 me-
dianfilter to remove noisepixelsandfill-in theregionsof the
facethatarenot skin color suchasthe eyesandthe mouth.
Finally, we performconnecteccomponengnalysis[7], on
thebinaryimageresultingfrom the skin color sgmentation.

Onceall the connecteccomponenthiave beenidentified
we computea scorefor eachcomponenbeinga usersface.
The componentvith the higherscoreis selectedasthe user
This scoreis a function of threevariables: a facetemplate
matchcost,anexpectecheadsizefunctionalandanexpected
distanceof the persorto therobotpenaltyterm. Finally, the
entirescoreis multiplied with the valueof alinearfunction
with slopethat dependson our confidenceto the soundlo-
calizationresults. Equation3, below expressthis morefor-
mally:

s(ci) = Fi x (wy x S5 + w2 x S +wz x D;(i))  (3)
wherec; is thei-th componentyw; is the weightof the j-th
attribute, F; is alinearfunction determinedoy thelocaliza-
tion errorandthelocationof thecomponenin theimage,S,
isthesizeattribute, S; is thematchingcostof thecomponent
grayscaleimageandatemplateof theusersfaceandfinally
D, (i) is apenaltytermfor componentshataretoo closeor
too far from the camera.The threeweightsare determined
beforehandxperimentallyto yield the bestresults.

S; is thestandarchormalizedcross-correlatiowostcom-
putedusingtheimageandtemplatesf the users face. The
userprovidesa full frontal view of his/herfaceandimages
are capturedfor useastemplates.We centerand scalethe

templateto the componens location and size respectiely
andthenwe compute:

o _ S S ol UK
t = ™ T
V2 ke X F21k, 1]

whereg denotegshem x n facetemplateand f denoteshe
m x n faceregionin thegrayscaleimage.

Theseconderm, S, is afunctionof the sizeof thecom-
ponentand the expectedsize at the componens distance
from therobot. It is givenby:

(4)

Sizeexpected y ]
Sy =4 Teowwar  DiCactual > SiZeeapected g
s SSWM otherwise

1Z€expected

whereSize,tuq iS theareaof thecomponentn pixelsand
Sizeexpected is determinedusing a model of a persons
headat the componens distance. The modelis shavn in
Figure6.

Thelastterm, we referto asthe distancepenaltyandwe
defineit as:

0 if 2 < 3.0mandz > 5.0m
a x z otherwise

D.() ={ ©)

wherea is setto —0.5. So, we penalizea componenthe
furtheraway from the camerahatit is.

Figure7 shavsanexampleof findingtheuser Noticethat
theuserneednot be standing.Our approackcandistinguish
betweerthe faceandthetwo handcomponentgventhough
they have similar sizes.

4.4 User Head/Gesture Tracking

Oncewe identify the users headlocationin the image,
we keepthislocationcurrentby trackingthe headovertime.
We also needto be ableto tell wherethe useris pointing
for Eric to move there. In the following two sections,we
describeéhow we solve thesetwo problems.

44.1 Head Tracking

We emplogy a headtracker very similar to the one pre-
sentecby S. Birchfieldin [2]. Birchfield'sis acontourbased
tracker with a simple predictionschemeassumingconstant
velocity. The contourtracked s the ellipsea persons head
tracesin theedgeimage,[8].

We make oneadditionto thealgorithmto increaseobust-
nessby takingadvantageof the stereanformationavailable
at no significantcomputationatost. We begin by selecting
theskin coloredpixelsin asmallregionaroundeachhypoth-
esizedheadlocation. Then,we computethe meandepthof
thesepixelsandwe usethis valueto depthsegmenttheim-
ageusingour stereodata. This allows usto robustly remove
the backgroundpixels. The trackingalgorithm canrun in
real-time(30fps)but we limit it to runningat 5fpsfor com-
putationalreasonsespeciallysince our experimentsreveal
thatthisis sufficiently fast.
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Figure7: Exampleof findingtheuserin images.(a) Thecolorimage,(b) theskinregions,(c) the connectedcomponentsind
(d) the Triclopsimageannotatedvith thelocationof the users headshovn with a square.
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Figure8: Exampleof gesturetrackingshaving two of the stepsin the algorithm, (a) the selectedoregroundpixelsin the
grayscaleimageand(b) thefinal resultshaving thedirectionselectedandthelocationof the users headandshoulders.



4.4.2 Gesture Recognition

The userpointsto a location on the floor and instructs
Eric to move there. Eric computeghis locationandreports
theresultswaiting for the users confirmation.

The processs guidedby the alreadyknown location of
the users headtaking advantageof color and stereoinfor-
mationalongwith our model of the body of a human(see
Figure6). We proceedasfollows:

1. Getthegray, colorandstereamagesdenoted,, I, and
I, respectiely. Thesearetheinput dataalongwith the
lastknown locationof theusersheadcqq.

2. Selectthe skin pixelsin the neighborhoof Ij..4, and
generatehe setof skin pixels V.

3. Computetheaveragedepth,dy, of thepixelsin V.

4. Sggmentthecolorandgrayimagesusingdy asaguide,
Figure8 (a).

5. Selectthe skin pixelsin the segmentedmageforming
the setof foregroundpixels M.

6. Computethe connectedcomponentsn M.

7. Selectthecomponentlosesto thelastknown headlo-
cationastheface.

8. Classifythe remainingcomponentsasbeingto the left
or right of thefacecomponentConstructhesetsL, R
respectiely.

9. Remorve the componentgrom L, R thataretoo far or
too closeto thefacecomponentisingthemodelin Fig-
ure6 asaguide.

10. Fromthecomponentsemainingselecthedominantdi-
rectionusing a heuristicbasedon the anglethat each
armmakeswith respecto the persons body. Definea
vectorfrom the shoulderto the hand. This s thedirec-
tion, f, theuseris pointing, Figure8 (b).

11. Computethe point on the floor using direction f and
return.

If Eric fails to detectary hands,mostoften becauseof
failure duringthe skin detectionhereportsthis to theuser

5 Exampleof HRI

Eric canonly understand small numberof spoken sen-
tences. He also hasa limited vocahulary i.e., he canonly
speakalimited numberof sentencesWe have keptthenum-
ber of the possiblesentenceghat Eric can recognizeand
speakto be smallin orderto speed-upspeechprocessing
andalsokeephis interactionwith peoplea straightforward
process.Thedialog mostly consistsof the usergiving com-
mandsto Eric andEric respondingoy confirmingthe heard
commandand/orby reportingthe resultsof a computation.
In generatwo-way communicatiormay proceedasfollows:

Person: (loudly) Eric!
Eric (stops nmotion and turns towards
t he person)

Person: Find me!

Eric : | can see you. You are 4 neters
away and 1.6 neters high. Is
this correct?

Person: Yes!

Eric Confi r med!

Person: (Points with finger) Go there!

Eric You are pointing 2 meters ahead
and 4 nmeters to ny left. Do
you want nme to go there?

Person: Yes!

Eric : | amon ny way! (Eric noves to

that | ocation and enters
expl orati on node)

Thisis only oneinstanceof thepossibledialogsausercan
have with Eric. At ary time duringthe interaction,the user
cansimply instructthe robotto returnto exploration. Addi-
tionally, theusermayrequesstatusnformationaboutEric’s
mechanicaktatus.Eric might alsofail in oneof the tasksof
finding andtrackingthe user In thatcase Eric reportsthis
andwaitsfor new instructions.

6 Conclusions

In this paperwe presenteda distributed systemfor nat-
ural human-robotinteraction. It is designedo performin
real-timeby distributing the workloadamongseveralwork-
stationsconnectedover a local areanetwork. Peoplecan
communicatevith therobotusingspeeclandhandgestures
to directit to specificlocationsto explore.

We are currently working on improving the interaction
processby allowing more sentences$o be understoodand
spolken by the robot. We arealsoaddingto the numberof
gestureshatcanbeunderstoodndfinally moresoftwarefor
modelingthe users emotionalstateby analyzinghis facial
expressions.
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