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ABSTRACT

We have incorporatednteractive skills into an active gazetrack-
ing system.Our active gazetrackingsystemcanidentify anobject
in a clutteredscenethat a personis looking at. By following the
users 3-D gazedirectiontogetherwith a zero-disparity Iter , we
candeterminethe objects position. Our active vision systemalso
directsattentionto a userby tracking arything with both motion
andskin color. A Particle Filter fusesskin color and motion from

optical o w techniquesogethetto locatea handor afacein anim-

age. The active vision thenusesstereocamerageometry Kalman
Filtering and positionandvelocity controllersto track the feature
in real-time. Theseskills areintegratedtogethersuchthatthey co-
operatewith eachotherin orderto track the users faceandgaze
at all times. Resultsandvideo demosprovide interestinginsights
on how active gazetrackingcanbe utilized andimprovedto make
human-friendlyuserinterfaces.

Categoriesand Subject Descriptors

H.5.2[Information Interfacesand Presentatior]: Userinterfaces—

Interaction Styles 1.4.8 [Computing Methodologieg: ImagePro-
cessingandComputeVision, SceneAnalysis—Tracking

General Terms
Algorithm, HumanFactors Measurement

Keywords

active gazetracking,active facetracking,selectinganobjectin 3-D
spaceusinggaze

1. INTRODUCTION

Gazeindicateswherea personis looking andwhatis the focus
of attention(Figurel). It is aneffective meansof corveying infor-
mationaboutobjectsa useris interestedn. In this paper we shav
how we utilize gazeinformationto direct an active vision system
to searchandidentify the objecta useris looking at. A typical sce-
nariois shavn in Figure2 wherea persoris looking steadilyatan
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Figure 1: Gazedir ection can be modeledby a 3-D vector origi-
nating from the user'shead

object. Whena steadygazeis detectedthe active vision tracesthe
gazeline to nd the point of minimum stereodisparitywherethe
objectis mostlikely positioned(Figure3). The systemis easyto
useandversatilesince: 1) the userdoesnot needto wearary spe-
cial device in orderto measuresye gaze,headpositionand head
translation,2) the userandthe objectwith focusof attentioncan
be arywherein free spacesinceall computationsaredonethrough
a pair of calibratedzoomingcamerasnountedon the active head
and3) no priori knowledgeaboutthe propertieof the objectis re-
quiredotherthanit is smallenoughto t in the eld of view of the
prede nedregion of thefovea.

Thelevel of interactionwith theactie visionincreasesvhenthe
ability to directattentionto a potentialuseris added By combining
motion andskin color, a personcanbootstrapthe active vision to
begin trackingusingnormalhumanactuities suchasby waving a
hand(asshavn in Figure4), walking aboutor sittingin front of the
system.

Although gazetrackingapplicationscanalreadybe foundin ar
easlik e attentize userinterfaces[9], machineassistedlriving [5],
gameconsolesgtc. [14], our objective hereis to develop vision-
basedinterfacesthat can make human-machinénteractionmore
effective andhuman-friendly One experimentwe ernvision to ac-
complishis directinga robotto pick anobjectin spaceby simply
looking steadilyat it. Furthermore since children at early ages
areknown to developtheir socialskills by observingfacesandby
tracking gazedirections[13], the basicskills presentecherewill
also nd usefulin building humanoidrobotsor machineghatlearn
how peopledo theirtasks.

Therestof the paperdescribeshetheoryandresultsonthe rst
reportedmplementatiorof thesenew skills.

2. POINTING TOAN OBJECT USING GAZE

In orderto understanchow to control the active vision to do
searchin 3-D spacewe rst presentikinematicmodelof its mech-



Figure 2: A user looks steadily at an object (white cup) while
the active vision searchesfor it alongthe gazeline usinga zero-
disparity lter (upper left inset)

anismon the specialcasewhere the camerarotation anglesare

equal. A model of steadygazeis also formulatedusing statisti-

caltechniquesSteadygazedetectsvhenauseris looking steadily
at a certainobjectin his/herervironment. Oncea steadygazeis

noticed,the active vision canuseits kinematicsandzero-disparity

Itering to follow the3-D gazeline originatingfrom theusers head
and identify the object. Gazefollowing mimics our naturalten-

dengy to look for a certainobjectanotherpersonis looking at by
searchingt throughthe gazedirection. The dimensionsf the ob-
jectbeingviewed areusuallysmallcomparedo its depthfrom the
camereorigin thatanaf ne projectionis assumed.

An importantassumptiorin therestof this paperis thatin order
to dotheabove taskswe alreadyhave aworking active gazetrack-
ing systemthatgenerateshefollowing measurementst) 3-D eye
gazedirection , 3-D headpose andtranslation
or 2) 3-D headposeandtranslationonly while gazeis estimated

from . Both measurementwhen avail-

able comein real-time (>30Hz) with a correspondingon dence
value, , andexpressedvith respecto a x edworld coordinate
system, . All measurementare madepossiblethroughreal-
time readjustmenof stereacamergparameterin thegazetracking
algorithmof faceLalj14]. Sincethe headtranslationis known, the
zoomlevel is alsoadjustedautomaticallyto maintainhigh image
resolutionof the faceat all times. For a moredetaileddiscussion
on active gazetracking,pleasereferto our earlierpaper1].

2.1 Kinematic Model of the Active Vision

The chief advantageof active vision systemsover static stereo
con gurationsin tracking is their ability to position the left and
right camerassuchthat the objectbeing viewed is always at the
centerof theleft andrightimages.Active vision systemscantrack
moving objectslike a persons facein 3-D spacein real-timeby
changingits con guration giving the userthe freedomto move
without restriction.Herewe investigatehow we positionthe stereo
camerasuchthatboth aredirectedto the sameobjectasthegaze
point. In orderto simplify the con guration andcomputationwe
assumehatthe left andright cameraotationanglesareequaland
oppositein direction. Thekinematicmodelcomputatiordescribed
is inspiredby thework of Murray; et. al. [11].

Figure 3: The active vision tracesthe gazeline from gazepoint
Ato Cto nd the object (the cup at gazepoint B) using a zero-
disparity Iter . and are the standard deviations of
gazeyaw and pitch respectvely that are usedto detectsteady
gaze.

Figure4: A userwaving his hand to gain the attention of the ac-
tive vision system(upper left inset showvsimagesfr om the cam-
eras)

Figure5: Active vision and its kinematic model
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Figure 6: a) Stereo camerasdirectedat a gazepoint, b) Co-
ordinate systemsassignmentfor a) when , and
¢) Relationship betweenpan and tilt coordinate systemswhen

Figure 5 is anillustration of our active vision systemand its

equivalentkinematicmodelwith all thecoordinatesystemsttached.

All joints arerotationalandhasonedegreeof freedomeach.Here,
wede ne theseparatiometweeneft andright cameraotationaxes
asthebaseline .

Most computationsaremadewith respecto therigid world co-
ordinatesystem, . In mostcaseswe areinterestedn the kine-
maticswherethe principal axes alwaysintersectin a certaingaze
pointasshavn in Figures6 aandb. For symmetrywelet
where . To simplify our notation,we designate as
the camerarotationangle. The forward kinematicsfor the general
con gurationshavn in Figure6acanbecomputedf we rst assign
intermediatetransformatiommatricesthatlink coordinatesystems
from world to oneof thetwo cameras:

and

@)

where . We areinterestedn nding anex-

pressiorfor agenerabpoint in termsof
,and which aremeasurablérom the motorencoderead-

ings. FromFigure6b, is . Notethat
this relationholdsfor ary con gurationwhere . Therefore:
2

Equation2 is the Forward Kinematicsof the active vision mech-
anismwith symmetricakameraotationangles.

From Equation2, we canderive the InverseKinematicsgiving
the necessaryoint anglesto positionthe gazepoint in a certain
known world Cartesiarcoordinates:

- ®)

wherewe dropsubscript for convenience.

The main purposeof the inversekinematicsequationis in gaze
following. Givena 3-D gazeline expressedn theworld coordinate
systemwe cansearctor theobjectby moving thegazepointalong

theline using Equation3. The situationis illustratedin Figure 3,
wherethegazepointfollows a straightline from gazepointA to C.

2.2 Description of the 3-D GazeLine

Beforewe canutilize theinversekinematicsn searchingor the
object,we musthave a formal representationf the 3-D gazeline.
Likethegazepoint,thegazeline mustalsoberepresented terms
of world coordinatesystem.Given , the
headorigin with respectto world coordinatesystem,and

, the gazevectordescribedwith respect
to world coordinatesystemtranslatedat the headorigin, we can
de ne the symmetricequationslescribinghe gazeline:

4)

wherewe de ne astheorigin, asthereference
pointand asary pointontheline. If wewished
to move a distance, , away from the origin, the newv gaze

pointin termsof world coordinatesvould beat:

®)

where . Thechoiceof signshould

ensurethatthe point movestowardthe directionof

Whenthe 3-D gazeline is traced the gazepointis rst mcweda
certaindistance(~15cmwhich is known asgazepoint A in Figure
3) from beforeZDF is applied. This ensureghat the faceis
not mistalenastheobjectbeingsearchedor. Furthermorehuman
vision systemglo not normallylook at objectscloserthanthis dis-
tance. ZDF thensearchedor the objectuntil the end of the gaze
line segmentis reached~65cmfrom whichis known asPoint
C in Figure 3). Sincewe areusinginversekinematicsto traverse
the gazeline, we chosea smallincrement to follow
the gazeline in orderto generatea smoothmotion andto avoid
missingthe object.

2.3 Modeling SteadyGaze

Beforewe caninitiate objectsearchalongthegazeline, we must
rst knov whena users gazehasstabilized. A steadygazeis as-
sumedwheneer the running standarddeviation of gazeyaw and
pitch go below a certainthreshold.In equationform:

(6)
Both and arecomputedrom thegazedirectiongen-
eratedfrom to with a normalizedgazecon dencevalue

(i.e. ). In our currentsetup,steadygaze
( becomegrue wheneer the standarddeviationsof gazeyaw
and pitch fall below for the past
It canbe seenthat becomedrue quickly at hlgherthresholds
However, theaccuray in determiningthetrue gazeline sufersas
thethresholdncreases. and areillustratedin Figure3.

2.4 Zero-Disparity Filter

Oncea steadygazeis detectedthe objectcannow be searched
by looking along the gazeline. One techniquethat determines



whetheran objectis presentat the gazepoint is by usinga zero-
disparity Iter (ZDF) asproposedn [3]. It is known that objects
at or neargazepoint appearwith zero disparity betweenthe left

andright foveasincethey are of the samedepth. Objectsthat ex-

hibit zerodisparitylying onthehoroptercanbeeasilyeliminatedif

we apply a higherweight on disparitymeasurementat the fovea.
But insteadof nding the minimum disparityof vertical edgeshe-
tweenleft andright images we maximizedthe normalizedcross-
correlationbetweenthe right andleft fovea. The region of fovea
is de ned asa circle with a certainradius andwith origin atthe
imagecenter In humanvision systemsfoveais theregion in the
retinacontainingconeswvherevision hasthe highestresolutionand
wherethe objectwith focusof attentionis viewed. We de ne the
object3-D positionasthegazepointwhere:

@)

is at maximum. and representhe left andright fovea’s
regionsrespectiely. In our currentsetting,the radiusof the fovea
is 100pixelsfor 320-pixel  240-pixel grayscaleimages.

We now have an active gazetracking systemthat cantrack a
persons head,generategazeand headmeasurementand search
for the objecta useris looking at when steadygazeis initiated.
But beforepresentingheresultswe will discussaanotheimportant
skill. It is the ability of the systemto bootstraptself by settingits
focusof attentionon thingsthat are moving and with skin color.
This skill is alsoimportantin makingsurethat the faceis always
tracked in timeswhenthe gazetracking systemfails to generate
headmeasurements.

3. GAINING ATTENTION

A systenthatcanrespondo basichumanbehaiors suchasmo-
tion createsanimpressionthatit is highly interactve and easyto
use.Here,we describehow the active vision systemis ableto de-
tectmotionin its surroundingandtrackthetargetin real-timetime.
Sincethe systemshouldonly beinterestedn motioncomingfrom
apersonwe useskincolorto Iter outactiity from othermoving
objects.The effectson motion estimatedueto cameraego-motion
is alsotakeninto consideration.The measurementf motion and
skincoloris doneatthepixel level. For eachpixel thatwe consider
we assign:1) avectorof motion o w estimateandits correspond-
ing con dencevalue and 2) a skin color probability A modi ed
condensatiomr particle Iter fusesthesetwo visual cuestogether
to locatethe object2-D centroid. A methodof determiningthe
probability thatthe objectis a personis alsoformulated. To track
the objectin real-time,its 3-D positionis estimatedrom the 2-D
positionof the objectfrom eachimage. To generatea smoothout-
put, we usea KalmanFilter. Eachaxiscontrollerthenuseshe 3-D
positionto generatea commandoutput.

3.1 Estimating Motion Using Optic Flow

We usedthe algorithm describedin [12] to measurehe ow
vectormean, , andcovariance, . It is basicallya weighted
version of the gradient-basednethodby Lucasand Kanade[8]
with a Bayesianprobabilistic model usedto include uncertainty
in the computation[15]. In orderto generatea scalarcon dence
valuefrom the , we usethe minimum Eigervalue, ,

of . Thisis equivalentto decouplingthe o w components.
is thenmappednto the probabilityrange by acon-
stantfactorto generatea normalizedcon dencevalue, . The -

naloutputisameasuref theoptical o w,

of thepixel (x,y) atthe centerof theimagepatchbeingconsidered,
andits correspondingorobability value, . In our experiment,
each320 240imageis dividedinto 80 60 imagepatchesto

computetheoptical o w in real-time.

3.1.1 Compensatingor Camea Ego-Motion

Optical o w computatioris muchsimplerif a staticstereccam-
eracon gurationis used.In our case whenthe active vision starts
tracking an object, the motion of the cameraitself (called ego-
motion) inducesoptical o w makingthe backgroundscenendis-
tinguishabledrom anindependentmoving object. To determinghe
object o w vector we estimatethe theoreticalbackgroundscene
motion eld and subtractit from the measuredo w vector [10].

Theobject o w vectoris therefore: , Where
isthebackgroundscenemotion eld and is aconstant
to accounfor computationatimedelays.If , themo-

tion probability is setto 0 eliminatingthe backgroundsceneo w
componentsHowever, computingthe translationatomponent

is dif cult sincethe depthof the sceneis unknavn. Fortunately
this can be neglectedif the depthof the sceneis larger thanthe
stereocamerabaselineas shavn in [12]. The problemthen be-
comesstraightforvard sincethe rotationalcomponent, , is only
dependenbn the camerafocal lengthdeterminedrom calibration
andon camerarotationalspeed. The camerarotationalspeedcan
be computedby propagatindink velocitiesfrom the panto theleft
cameracoordinatesystem:

®)

. By replacing with
computedaswell.

3.2 Measure of Similarity with Skin Color

In our earlierpaper[1], we describeda methodto measurehe
probability of a pixel with a certainRGB componentds a skin
pixel. Themethodasproposedy CaiandGoshtashy2] computes
the chrominanceof every candidatepixel in a uniform color space
(CIE Lab). To calculatetheprobabilityof a pixel beingaskincolor,
it is comparedo a previously preparecchrominancechartof skin
imagesfrom different persons. The comparisorgenerates skin
probability estimateof thepixel, . In our experimentwe usethe
centerpixel of every imagepatchin the motion o w computation
describedreviously to generate denseskin probabilitymeasure.

3.3 Particle Filtering with Motion and Skin
Color

Oncea measureof motion probability ~ , and skin probabil-
ity, , for every pixel underconsideratioris available, it is now
possibleto generatea hypothesego track a moving skin colored
object. The rst methodwe tried usessimplevoting and biggest
region seggmentationto determinethe objectto track. Sincethe
skin color detectionalgorithmis highly sensitve to cameracolor
settings,the centroidof the biggestskin region is unstable. Fur
thermorejf apersonis far from the camerathesizeof the biggest
region with bothmotionandskin colorbecomesomparabléo the
one generatedy noise. The voting methoddoesnot provide an
adequateneasureof probability that the objectit is trackingis a
person. Although the secondmethodis more complex andtakes
moreCPU resourcesit doesnot suffer from the limitations of the
voting method. The secondmethodusesthe Particle Filter aspro-
posedby IsaardandBlake [6] to fuse motion andskin color cues
together

, theright camerarotationvectorcanbe
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Figure 8: Top: Estimate of the stereocamera3-D eld of view
as shown by the intersection of the left and right camera eld
of views. Bottom: Field of view on 2-D. The dimensionsof eld
of view are usedin Kalman Filtering .

We consider particlesto form the initial sampleset. In the
predictionstagewe modelour systemashaving aconstanvelocity
on eachcycle. We assumehatthe measuremeris corruptedoy a
certainuniform zero-meamoise. The componenbf the stateof
the th particlecanbewritten as:

©)

where is the pixel coordinatefrom the selectionstage,
isthe -componenbf thevelocity of theobjectbeingtracked
obtainedfrom the optical o w computationand s the uniform
zero-meamoise pixelswide. Thesamemodelcanbe easilyob-
tainedfor the componenbf thestate.Similarto [7], weresample
only 90% of the particlesto avoid the scenariovhereparticlesare
trappedn asurroundingxture with color similarto skin. Further
more,the new weight of the pixel with coordinate obtained
from the predictionstageis determinecy:

(10)

where to preventa pixel with zeromotion or
skin probabilityfrom zeroingouttheweight. In ourexperimentwe
used for particles.As mentioneckarlier
we cangeneratea measuref con dencevalueto tell whetherthe
objectbeingtracked is from a useror not. This is equalto

. In ourexperimenta indicateshatapersoris
beingtracked. The objectcentroidis computedasthe expectation

of thestateafternormalizingall weightssuchthat

(11

3.4 Robust 3-D Tracking

The precedingsectiondescribesnding the 2-D coordinateof
theuserin eachimage. To estimatethe positionin 3-D, we utilize
the cameraintrinsic parametersnd stereocameracon guration.
In our earlierpaper1], we reporteda controlalgorithmto tracka
skin coloredobjectin real-timewherecamerarotationanglesare
not necessarilyequal. As mentionedearlier we now restrictour
cameraotationanglesto besymmetrical.

From this point, we assumeall computationsare donewith re-
spectto  wherethe object3-D positioncanbe easilyvisualized
fromits top view ( plane).Figure? isthecasewhentheobject
movedto anew pointlocatedontheright half onbothimages.The
otherthreecasesarenot shavn herebut they easilyfollow. Since
thedepthof theobjectbeingtrackedis muchlargerthanthecamera
origin displacemenfrom therotationaxis, we canassumehatthe
camerds rotatingin its origin. FromFigure7 andour earlierpaper
[1], the object3-D positioncanbeestimatedas:

(12

and canbemeasuredromthemo-
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Figure 9: General behavior of the active gazetracking system
whenthe attention and object searching skills are integrated

tor encoderreadings, _,

is the object 2-D centroid as com-
putedearlieron the right image( is for left image), is
theimagedimensionand () is thefocal lengthin () pixel
coordinatedeterminedfrom cameracalibration. The expression
in the equationfor ensureghattwo raysfrom the
eachcameracentergoing throughthe object2-D centroidon left
andright imagesintersectin 3-D space.lt is equivalentto setting
the -coordinateof left andrightimage<2-D centroidto theirmean
value.
To generatea smoothoutputfor velocity and position control,
is passedhrougha Kalman Filter. We treat as having
threeindependentomponentsnoving at a constantvelocity. The
generaform of thedynamicsystemfor the componentisingthe
notationin [4] is:

(13)

wherethe processcovariance _ h as

shawvn in [12]. The measurementodelfor the componenis
givenby:

(14)

wherethemeasuremergtandardieviation is half of theapprox-
imatewidth of the eld of view asshawn in Figure8. Therefore,

Figure 10: Top: Active vision gaining attention and tracking
the face. Bottom: Particle Iters asshown in the inset( circle =
facecentroid)
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Figure 13: Depth of the personbeing tracked before and after
Kalman Filtering vstime

The and component$ollow similarly andaregiventhesame
processcovariance.From Figure8, the measuremergtandardie-
viationsaregivenby: — and

- where —

and —_— .
The output of the Kalman Filter is a smoothedmeasureof the

object3-D location, . Thecommand
outputof the panaxis velocity controlleris directly proportional

to — ( — for tilt axis). Therotationangles

arenow determinedoy —— anddirectly usedas

the positioncommandoutput.
Resultsfrom the experimentsperformedto validatethe perfor
manceof the new interactve skills arediscussedhext.

4. RESULTS AND DISCUSSION

Thesummaryof theactiity of theactive vision systenis shavn
Figure9. It generallydescribesiow thetwo skills cometogethetto

Yaw and Pitch Standard Deviation, deg

0 I I I I I I
0 1 2 3 4 5 6 7 8 9

time, sec

Figure 14: Gazeand yaw pitch standard deviations vstime
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Figure 15: Normalized cross-corelation along 3-D gazeline vs
time

bootstrapthe active vision and searchthe objecta useris looking
at. Theactvity startswith the active vision in the default position.
Onceanobjectwith bothmotionandskin coloris presenttracking
starts( ProcessA ). Eye gaze,headrotationand headtranslation
arecalculatedvhener possible If thegazeandheadinformation
is available, it supersedethe motion and skin color information
andusedinsteadto track the usermore accurately( Process ).
Onceasteadygazeis detectedtheobjectwith focusof attentionis
searchedAfter shaving the userthe objectthe systemhasfound,
thegazepointis transferredackto the positionwherethefacewas
lastseen( Proces<C ). Oneof the videosof the experimentsdone
is submittedwith this paper All active gazetrackingvideoscanbe
foundin: http://mww.syseng.anu.edu.au/rsl/rs|_demos.htriihe
detailsof theresultsarediscusseahext.

4.1 Robust 3-D Tracking

The rst experimentveri es our robusttrackingalgorithm(Pro-
cessA in Figure9). Figure 10 shavs snapshot$rom the time the
active vision is: 1) idle at the default position (0 sec),2) gaining
focusof attention(15 secs)and3) tracking(>22 secs).Figure11
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Figure 17: ZDF imagesalongthe gazeline (circle = fovea)

shaws the con dencevalueto indicatewhena personis presenior
not. For time lessthan 10 secs,the active vision is not tracking
sincethe probability that a personis presents belov a threshold.
The time betweenl0 and 71 secsis whenthe active vision starts
gaining attentionand then continuouslytracking the users face.
After 71 secsthe persondisappearedndthe active vision returns
to its default position. The effectivenessn zeroingout positional
error in the horizontaldirectionis shawvn in Figure 12. During
tracking, the meanerror of the facecentroidis -15.48 pixels for
theleft image(22.48for theright image)while thestandardievia-

tion is 52.39pixels (56.18for therightimage)in the coordinate.

We believe that the meanand standarddeviation will improve by
tuning our controllers. The smoothingeffect of KalmanFilter on
depthmeasuremeris shavn in Figure13. Experimentshows that
if KalmanFilteris notapplied trackingis notpossiblesinceall axis
controllershecomeunstabledueto oscillationsin the 3-D position
estimate.

4.2 Pointing to an Object Using 3-D Gaze

In this experiment,a useris sitting in front of the active vi-
sion systemwhile looking steadilyon an object (a white cup) he

is holding asshavn in Figure2 (Processe8 andC in Figure9).

As shawn in Figure 14, time lessthan8.5 secswasspenttracking
the users headandgazewhile waiting for the standarddeviations
of gazeyaw and pitch to go below their threshold to initiate

steadygaze. Time between8.5 to 10 secswas spenttransferring
the gazepoint from the users faceto PointA in Figure3 (~15cm
alongthe gazeline). The searchfor the objectstartedat 10 secs
and lasteduntil 21 secsas showvn in Figure 15 wherethe maxi-

mum cross-correlatioequalto 0.72 (minimumdisparity)is found
at 15.9secs.This gazepoint of minimum disparityis recordedas
shavn in Figure16. Somecameramagesalongthe gazeline are
shawvn in Figure17. The scenewith minimum disparityis shavn

at 22 secsafterthe searchis completed.In our future experiment,
we intendto segmentthis objectat the sceneof minimumdisparity
to validatethe accurag of the search After nding the object,the
attentionis againtransferredo theuser

5. CONCLUSION

We demonstrated uniqueexperimentwherea usercandirect
the active vision to searchfor the objectwith focusof attention.It
is astepforwardin makinghuman-machineteractionmoresimi-
lar to human-humainteraction.We ervision to performanexper
imentwherea robot can be directedto pick up objectsusingthe
usersgaze.
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