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ABSTRACT
We have incorporatedinteractive skills into an active gazetrack-
ing system.Our active gazetrackingsystemcanidentify anobject
in a clutteredscenethat a personis looking at. By following the
user's 3-D gazedirectiontogetherwith a zero-disparity�lter , we
candeterminetheobject's position. Our active vision systemalso
directsattentionto a userby trackinganything with both motion
andskin color. A ParticleFilter fusesskin color andmotion from
optical�o w techniquestogetherto locateahandor afacein anim-
age. Theactive vision thenusesstereocamerageometry, Kalman
Filtering andpositionandvelocity controllersto track the feature
in real-time.Theseskills areintegratedtogethersuchthatthey co-
operatewith eachother in orderto track the user's faceandgaze
at all times. Resultsandvideodemosprovide interestinginsights
on how active gazetrackingcanbeutilized andimprovedto make
human-friendlyuserinterfaces.

Categoriesand SubjectDescriptors
H.5.2[Inf ormation InterfacesandPresentation]: UserInterfaces—
InteractionStyles; I.4.8 [Computing Methodologies]: ImagePro-
cessingandComputerVision,SceneAnalysis—Tracking

GeneralTerms
Algorithm, HumanFactors,Measurement

Keywords
activegazetracking,activefacetracking,selectinganobjectin 3-D
spaceusinggaze

1. INTRODUCTION
Gazeindicateswherea personis looking andwhat is the focus

of attention(Figure1). It is aneffective meansof conveying infor-
mationaboutobjectsa useris interestedin. In this paper, we show
how we utilize gazeinformationto direct an active vision system
to searchandidentify theobjectauseris lookingat. A typical sce-
nario is shown in Figure2 wherea personis looking steadilyat an
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Figure1: Gazedir ectioncan be modeledby a 3-D vector origi-
nating fr om the user'shead

object.Whena steadygazeis detected,theactive vision tracesthe
gazeline to �nd the point of minimum stereodisparitywherethe
objectis mostlikely positioned(Figure3). The systemis easyto
useandversatilesince:1) theuserdoesnot needto wearany spe-
cial device in order to measureeye gaze,headpositionandhead
translation,2) the userandthe objectwith focusof attentioncan
beanywherein freespacesinceall computationsaredonethrough
a pair of calibratedzoomingcamerasmountedon the active head
and3) no priori knowledgeaboutthepropertiesof theobjectis re-
quiredotherthanit is smallenoughto �t in the�eld of view of the
prede�nedregion of thefovea.

Thelevel of interactionwith theactivevision increaseswhenthe
ability to directattentionto apotentialuseris added.By combining
motion andskin color, a personcanbootstrapthe active vision to
begin trackingusingnormalhumanactivities suchasby waving a
hand(asshown in Figure4), walkingaboutor sitting in front of the
system.

Althoughgazetrackingapplicationscanalreadybefoundin ar-
easlike attentive user-interfaces[9], machineassisteddriving [5],
gameconsoles,etc. [14], our objective hereis to develop vision-
basedinterfacesthat can make human-machineinteractionmore
effective andhuman-friendly. Oneexperimentwe envision to ac-
complishis directinga robot to pick anobjectin spaceby simply
looking steadilyat it. Furthermore,sincechildren at early ages
areknown to develop their socialskills by observingfacesandby
trackinggazedirections[13], the basicskills presentedherewill
also�nd usefulin building humanoidrobotsor machinesthatlearn
how peopledo their tasks.

Therestof thepaperdescribesthetheoryandresultson the�rst
reportedimplementationof thesenew skills.

2. POINTING TO AN OBJECT USING GAZE
In order to understandhow to control the active vision to do

searchin 3-D space,we�rst presentakinematicmodelof its mech-



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

anism on the specialcasewhere the camerarotation anglesare
equal. A model of steadygazeis also formulatedusing statisti-
cal techniques.Steadygazedetectswhenauseris lookingsteadily
at a certainobject in his/herenvironment. Oncea steadygazeis
noticed,theactive vision canuseits kinematicsandzero-disparity
�ltering to follow the3-D gazeline originatingfrom theuser'shead
and identify the object. Gazefollowing mimics our natural ten-
dency to look for a certainobjectanotherpersonis looking at by
searchingit throughthegazedirection.Thedimensionsof theob-
ject beingviewedareusuallysmallcomparedto its depthfrom the
cameraorigin thatanaf�ne projectionis assumed.

An importantassumptionin therestof thispaperis thatin order
to dotheabove tasks,wealreadyhaveaworkingactivegazetrack-
ing systemthatgeneratesthefollowing measurements:1) 3-D eye
gazedirection

�������

, 3-D headpose
���	��
��

andtranslation
���	
��

or 2) 3-D headposeandtranslationonly while gazeis estimated
from
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. Both measurementswhen avail-
ablecomein real-time(>30Hz) with a correspondingcon�dence
value, ��� , andexpressedwith respectto a �x ed world coordinate
system,  

� . All measurementsare madepossiblethroughreal-
timereadjustmentof stereocameraparametersin thegazetracking
algorithmof faceLab[14]. Sincetheheadtranslationis known, the
zoomlevel is alsoadjustedautomaticallyto maintainhigh image
resolutionof the faceat all times. For a moredetaileddiscussion
on active gazetracking,pleasereferto ourearlierpaper[1].

2.1 Kinematic Model of the ActiveVision
The chief advantageof active vision systemsover staticstereo

con�gurations in tracking is their ability to position the left and
right camerassuchthat the object being viewed is always at the
centerof theleft andright images.Active visionsystemscantrack
moving objectslike a person's facein 3-D spacein real-timeby
changingits con�guration giving the user the freedomto move
without restriction.Herewe investigatehow wepositionthestereo
camerassuchthatbotharedirectedto thesameobjectasthegaze
point. In orderto simplify thecon�guration andcomputation,we
assumethattheleft andright camerarotationanglesareequaland
oppositein direction.Thekinematicmodelcomputationdescribed
is inspiredby thework of Murray, et. al. [11].
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are the standard deviations of
gazeyaw and pitch respectively that are usedto detect steady
gaze.

Figure4: A userwaving his hand to gain the attention of the ac-
tive vision system(upper left inset shows imagesfr om the cam-
eras)
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Figure 5 is an illustration of our active vision systemand its
equivalentkinematicmodelwith all thecoordinatesystemsattached.
All joints arerotationalandhasonedegreeof freedomeach.Here,
wede�ne theseparationbetweenleft andright camerarotationaxes
asthebaseline0 .

Most computationsaremadewith respectto therigid world co-
ordinatesystem, 

� . In mostcaseswe areinterestedin thekine-
maticswherethe principal axesalwaysintersectin a certaingaze
pointasshown in Figures6 aandb. Forsymmetry, welet ,21

�
�

,.3

where ,
354

�

. To simplify our notation,we designate,.+

�

,
3 as

thecamerarotationangle.Theforwardkinematicsfor thegeneral
con�gurationshown in Figure6acanbecomputedif we�rst assign
intermediatetransformationmatricesthat link coordinatesystems
from world to oneof thetwo cameras:
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Equation2 is theForwardKinematicsof theactivevisionmech-
anismwith symmetricalcamerarotationangles.

From Equation2, we canderive the InverseKinematicsgiving
the necessaryjoint anglesto position the gazepoint in a certain
known world Cartesiancoordinates:
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wherewe dropsubscript‚ for convenience.
Themainpurposeof the inversekinematicsequationis in gaze

following. Givena3-D gazeline expressedin theworld coordinate
system,wecansearchfor theobjectbymoving thegazepointalong

the line usingEquation3. The situationis illustratedin Figure3,
wherethegazepoint followsastraightline from gazepointA to C.

2.2 Description of the 3­D GazeLine
Beforewe canutilize theinversekinematicsin searchingfor the

object,we musthave a formal representationof the3-D gazeline.
Like thegazepoint, thegazeline mustalsoberepresentedin terms
of world coordinatesystem.Given
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headorigin with respectto world coordinatesystem,and
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, thegazevectordescribedwith respect
to world coordinatesystemtranslatedat the headorigin, we can
de�ne thesymmetricequationsdescribingthegazeline:
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to move a distance,Ž 4
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, away from the origin, the new gaze
point in termsof world coordinateswould beat:
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.
Whenthe3-D gazeline is traced,thegazepoint is �rst moveda

certaindistance(~15cmwhich is known asgazepoint A in Figure
3) from

�



beforeZDF is applied. This ensuresthat the faceis
notmistakenastheobjectbeingsearchedfor. Furthermore,human
vision systemsdo notnormallylook atobjectscloserthanthis dis-
tance. ZDF thensearchesfor the objectuntil the endof the gaze
line segmentis reached(~65cmfrom

�



which is known asPoint
C in Figure3). Sincewe areusinginversekinematicsto traverse
the gazeline, we chosea small incrementŽ

�P¡

o ¢.£¤£

to follow
the gazeline in order to generatea smoothmotion and to avoid
missingtheobject.

2.3 Modeling SteadyGaze
Beforewecaninitiateobjectsearchalongthegazeline, wemust

�rst know whena user's gazehasstabilized.A steadygazeis as-
sumedwhenever the runningstandarddeviation of gazeyaw and
pitchgo below a certainthreshold.In equationform:
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arecomputedfrom thegazedirectiongen-
eratedfrom
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areillustratedin Figure3.

2.4 Zero­Disparity Filter
Oncea steadygazeis detected,theobjectcannow besearched

by looking along the gazeline. One techniquethat determines



whetheran object is presentat the gazepoint is by usinga zero-
disparity �lter (ZDF) asproposedin [3]. It is known that objects
at or neargazepoint appearwith zero disparitybetweenthe left
andright foveasincethey areof thesamedepth. Objectsthatex-
hibit zerodisparitylying onthehoroptercanbeeasilyeliminatedif
we applya higherweighton disparitymeasurementsat the fovea.
But insteadof �nding theminimumdisparityof verticaledgesbe-
tweenleft andright images,we maximizedthenormalizedcross-
correlationbetweenthe right andleft fovea. The region of fovea
is de�ned asa circle with a certainradius

±

andwith origin at the
imagecenter. In humanvision systems,foveais the region in the
retinacontainingconeswherevisionhasthehighestresolutionand
wheretheobjectwith focusof attentionis viewed. We de�ne the
object3-D positionasthegazepointwhere:
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is at maximum.

½

1 and

½

3 representthe left and right fovea's
regionsrespectively. In our currentsetting,theradiusof thefovea
is 100pixelsfor 320-pixel Â 240-pixel grayscaleimages.

We now have an active gazetracking systemthat can track a
person's head,generategazeandheadmeasurementsandsearch
for the object a useris looking at when steadygazeis initiated.
But beforepresentingtheresults,wewill discussanotherimportant
skill. It is theability of thesystemto bootstrapitself by settingits
focusof attentionon things that aremoving andwith skin color.
This skill is alsoimportantin makingsurethat the faceis always
tracked in times when the gazetracking systemfails to generate
headmeasurements.

3. GAINING ATTENTION
A systemthatcanrespondto basichumanbehaviorssuchasmo-

tion createsan impressionthat it is highly interactive andeasyto
use.Here,we describehow theactive vision systemis ableto de-
tectmotionin its surroundingandtrackthetargetin real-timetime.
Sincethesystemshouldonly beinterestedin motioncomingfrom
a person,we useskin color to �lter out activity from othermoving
objects.Theeffectson motionestimatedueto cameraego-motion
is alsotaken into consideration.The measurementof motion and
skincolor is doneatthepixel level. For eachpixel thatweconsider,
we assign:1) a vectorof motion�o w estimateandits correspond-
ing con�dencevalueand2) a skin color probability. A modi�ed
condensationor particle�lter fusesthesetwo visualcuestogether
to locatethe object 2-D centroid. A methodof determiningthe
probability that theobjectis a personis alsoformulated.To track
the objectin real-time,its 3-D positionis estimatedfrom the 2-D
positionof theobjectfrom eachimage.To generatea smoothout-
put,weuseaKalmanFilter. Eachaxiscontrollerthenusesthe3-D
positionto generatea commandoutput.

3.1 Estimating Motion Using Optic Flow
We usedthe algorithm describedin [12] to measurethe �o w

vectormean, ÃcÄ , andcovariance,ÅÆÄ . It is basicallya weighted
version of the gradient-basedmethodby Lucasand Kanade[8]
with a Bayesianprobabilisticmodel usedto include uncertainty
in the computation[15]. In order to generatea scalarcon�dence
valuefrom the Ç5Â�Ç:ÅÆÄ , we usetheminimumEigenvalue, È#ÉÊ(*Ë ,
of ÅÆÄ

m

ˆ

. This is equivalent to decouplingthe �o w components.
È

ÉÊ(*Ë is thenmappedinto theprobabilityrange
�
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by acon-
stantfactorto generatea normalizedcon�dencevalue,�ÍÉ . The�-
naloutputisameasureof theoptical�o w, Ã
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z
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of thepixel (x,y) at thecenterof theimagepatchbeingconsidered,
and its correspondingprobability value, � É . In our experiment,
each320 Â 240 imageis divided into 80 Â 60 imagepatchesto
computetheoptical�o w in real-time.

3.1.1 Compensatingfor Camera Ego­Motion
Optical�o w computationis muchsimplerif a staticstereocam-

eracon�guration is used.In our case,whentheactive vision starts
tracking an object, the motion of the cameraitself (called ego-
motion) inducesoptical �o w makingthebackgroundsceneindis-
tinguishablefrom anindependentmoving object.To determinethe
object �o w vector, we estimatethe theoreticalbackgroundscene
motion �eld andsubtractit from the measured�o w vector [10].
Theobject�o w vectoris therefore:
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is thebackgroundscenemotion�eld and
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is aconstant
to accountfor computationaltimedelays.If Ö
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ÉØ(ÙË , themo-
tion probability is setto 0 eliminatingthe backgroundscene�o w
components.However, computingthetranslationalcomponent
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is dif�cult sincethe depthof the sceneis unknown. Fortunately,
this can be neglectedif the depthof the sceneis larger than the
stereocamerabaselineas shown in [12]. The problemthen be-
comesstraightforwardsincetherotationalcomponent,
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, is only
dependenton thecamerafocal lengthdeterminedfrom calibration
andon camerarotationalspeed.The camerarotationalspeedcan
becomputedby propagatinglink velocitiesfrom thepanto theleft
cameracoordinatesystem:
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. By replacing ,
1 with ,

3 , the right camerarotationvectorcanbe
computedaswell.

3.2 Measure of Similarity with Skin Color
In our earlierpaper[1], we describeda methodto measurethe

probability of a pixel with a certainRGB componentsis a skin
pixel. Themethodasproposedby CaiandGoshtasby[2] computes
thechrominanceof every candidatepixel in a uniform color space
(CIE Lab). To calculatetheprobabilityof apixel beingaskincolor,
it is comparedto a previously preparedchrominancechartof skin
imagesfrom differentpersons.The comparisongeneratesa skin
probabilityestimateof thepixel, �

Ô

. In our experiment,we usethe
centerpixel of every imagepatchin themotion �o w computation
describedpreviously to generatea denseskinprobabilitymeasure.

3.3 Particle Filtering with Motion and Skin
Color

Oncea measureof motion probability, �“É , andskin probabil-
ity, �

Ô

, for every pixel underconsiderationis available, it is now
possibleto generatea hypothesesto track a moving skin colored
object. The �rst methodwe tried usessimplevoting andbiggest
region segmentationto determinethe object to track. Sincethe
skin color detectionalgorithmis highly sensitive to cameracolor
settings,the centroidof the biggestskin region is unstable.Fur-
thermore,if a personis far from thecamera,thesizeof thebiggest
regionwith bothmotionandskincolorbecomescomparableto the
onegeneratedby noise. The voting methoddoesnot provide an
adequatemeasureof probability that the object it is tracking is a
person. Although the secondmethodis morecomplex and takes
moreCPUresources,it doesnot suffer from thelimitationsof the
voting method.ThesecondmethodusestheParticleFilter aspro-
posedby IsaardandBlake [6] to fusemotion andskin color cues
together.
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We considerá particlesto form the initial sampleset. In the
predictionstage,wemodeloursystemashaving aconstantvelocity
on eachcycle. We assumethat themeasurementis corruptedby a
certainuniform zero-meannoise.The
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3.4 Robust 3­D Tracking
The precedingsectiondescribes�nding the 2-D coordinatesof

theuserin eachimage.To estimatethepositionin 3-D, we utilize
the cameraintrinsic parametersand stereocameracon�guration.
In our earlierpaper[1], we reporteda controlalgorithmto tracka
skin coloredobject in real-timewherecamerarotationanglesare
not necessarilyequal. As mentionedearlier, we now restrictour
camerarotationanglesto besymmetrical.

From this point, we assumeall computationsaredonewith re-
spectto  :) wheretheobject3-D positioncanbeeasilyvisualized
from its topview (

Q´�

U plane).Figure7 is thecasewhentheobject
movedto anew point locatedontheright half onbothimages.The
otherthreecasesarenot shown herebut they easilyfollow. Since
thedepthof theobjectbeingtrackedis muchlargerthanthecamera
origin displacementfrom therotationaxis,we canassumethatthe
camerais rotatingin its origin. FromFigure7 andourearlierpaper
[1], theobject3-D positioncanbeestimatedas:
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Figure 9: General behavior of the active gazetracking system
when the attention and object searching skills are integrated
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H in the equationfor , ensuresthat two raysfrom the
eachcameracentergoing throughthe object2-D centroidon left
andright imagesintersectin 3-D space.It is equivalentto setting
the R -coordinateof left andright images2-D centroidto theirmean
value.

To generatea smoothoutput for velocity andpositioncontrol,
)

N

ú

is passedthrougha Kalman Filter. We treat )

N

ú

as having
threeindependentcomponentsmoving at a constantvelocity. The
generalform of thedynamicsystemfor the

Q

componentusingthe
notationin [4] is:
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wherethemeasurementstandarddeviation is half of theapprox-
imatewidth of the �eld of view asshown in Figure8. Therefore,
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Figure 10: Top: Active vision gaining attention and tracking
the face. Bottom: Particle �lters asshown in the inset ( circle =
facecentroid)
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Figure11: Con�dence value (faceis present)vs time
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Figure 12: Position controller error in
Q

pixel coordinate vs
time
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Figure 13: Depth of the personbeing tracked before and after
Kalman Filtering vs time

The R and U componentsfollow similarly andaregiventhesame
processcovariance.FromFigure8, themeasurementstandardde-
viationsaregivenby: !“É

"

�




{

�

H

�

› and

!
É

{

�

G

ÿ

�

tvq^w

�

û

…

,

�
�

tvq2w

�

û

�

,

�f�

where,

�

q^r]sutvq2w~}

�

H

�

•

•

and

û

�

q^r]s%tvq^w x

H

{

�

G

|

.
The outputof the KalmanFilter is a smoothedmeasureof the

object3-D location, )

N

ú

’

�
�

Q
Ð%’

R

Ðu’

U

Ð%’Š�
�

. Thecommand
outputof the panaxis velocity controller is directly proportional

to

q^r]s%tvq^w•}

z

���

{

���

•

(

q.r]s%tvq2w•}

"
���

{

���

•

for tilt axis). Therotationangles

arenow determinedby ,.+

�

q^r]s%tvq^w

}

G

H

{

���

•

anddirectly usedas

thepositioncommandoutput.
Resultsfrom the experimentsperformedto validatethe perfor-

manceof thenew interactive skills arediscussednext.

4. RESULTS AND DISCUSSION
Thesummaryof theactivity of theactivevisionsystemis shown

Figure9. It generallydescribeshow thetwo skills cometogetherto
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Figure14: Gazeand yaw pitch standard deviations vs time

10 12 14 16 18 20 22
-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

time, sec

N
or

m
al

iz
ed

 C
ro

ss
-C

or
re

la
tio

n

Maximum Normalized
Cross-Correlation 
(15.9sec, 0.72)

Figure 15: Normalized cross-correlation along3-D gazeline vs
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bootstraptheactive vision andsearchthe objecta useris looking
at. Theactivity startswith theactive vision in thedefault position.
Onceanobjectwith bothmotionandskincolor is present,tracking
starts( ProcessA ). Eye gaze,headrotationandheadtranslation
arecalculatedwhenever possible.If thegazeandheadinformation
is available, it supersedesthe motion and skin color information
andusedinsteadto track the usermoreaccurately( ProcessB ).
Onceasteadygazeis detected,theobjectwith focusof attentionis
searched.After showing theusertheobjectthesystemhasfound,
thegazepoint is transferredbackto thepositionwherethefacewas
lastseen( ProcessC ). Oneof thevideosof theexperimentsdone
is submittedwith thispaper. All activegazetrackingvideoscanbe
found in: http://www.syseng.anu.edu.au/rsl/rsl_demos.html. The
detailsof theresultsarediscussednext.

4.1 Robust 3­D Tracking
The�rst experimentveri�es our robusttrackingalgorithm(Pro-

cessA in Figure9). Figure10 shows snapshotsfrom 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 16: 3-D position of the gazepoint asthe 3-D gazeline is
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Figure17: ZDF imagesalong the gazeline (circle = fovea)

shows thecon�dencevalueto indicatewhena personis presentor
not. For time lessthan 10 secs,the active vision is not tracking
sincetheprobability thata personis presentis below a threshold.
The time between10 and71 secsis whenthe active vision starts
gaining attentionand then continuouslytracking the user's face.
After 71 secs,thepersondisappearedandtheactive vision returns
to its default position. The effectivenessin zeroingout positional
error in the horizontaldirection is shown in Figure 12. During
tracking, the meanerror of the facecentroidis -15.48pixels for
theleft image(22.48for theright image)while thestandarddevia-
tion is 52.39pixels(56.18for theright image)in the

Q

coordinate.
We believe that the meanandstandarddeviation will improve by
tuning our controllers. The smoothingeffect of KalmanFilter on
depthmeasurementis shown in Figure13. Experimentshows that
if KalmanFilter is notapplied,trackingis notpossiblesinceall axis
controllersbecomeunstabledueto oscillationsin the3-D position
estimate.

4.2 Pointing to an Object Using3­D Gaze
In this experiment,a user is sitting in front of the active vi-

sion systemwhile looking steadilyon an object (a white cup) he

is holding asshown in Figure2 (ProcessesB andC in Figure9).
As shown in Figure14, time lessthan8.5 secswasspenttracking
theuser's headandgazewhile waiting for thestandarddeviations
of gazeyaw andpitch to go below their threshold

�

¢

¸

�

to initiate
steadygaze. Time between8.5 to 10 secswasspenttransferring
thegazepoint from theuser's faceto PointA in Figure3 (~15cm
alongthe gazeline). The searchfor the objectstartedat 10 secs
and lasteduntil 21 secsas shown in Figure 15 wherethe maxi-
mumcross-correlationequalto 0.72(minimumdisparity)is found
at 15.9secs.This gazepoint of minimumdisparityis recordedas
shown in Figure16. Somecameraimagesalongthegazeline are
shown in Figure17. Thescenewith minimumdisparityis shown
at 22 secsafter thesearchis completed.In our futureexperiment,
we intendto segmentthisobjectat thesceneof minimumdisparity
to validatetheaccuracy of thesearch.After �nding theobject,the
attentionis againtransferredto theuser.

5. CONCLUSION
We demonstrateda uniqueexperimentwherea usercandirect

theactive vision to searchfor theobjectwith focusof attention.It
is astepforwardin makinghuman-machineinteractionmoresimi-
lar to human-humaninteraction.We envision to performanexper-
iment wherea robot canbe directedto pick up objectsusingthe
user's gaze.
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