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Abstract

In our effort to male human-pbotinterfacesmore user
friendly, we built an active gazetradking systemhat can
measue a person's gazedirectionin real-time Gazenor-
mally tells which objectin his/hersurroundinga personis
interestedin. Thereforg, it can be usedas a mediumfor
human-pbotinteractionlike instructinga robotarmto pick
a certain object a useris looking at. In this paper we
discusshow we developedand put togetheralgorithmsfor
zoomcamea calibration, low-level control of activehead,
faceandgazetradkingto createanactivegazetracking sys-
tem.

Keywords : Active gazetracking, active face tracking,
human-pbotinterface

Intr oduction

Theproblemwith currenthuman-robointerfaceds they
arevery dif cult to use.For example,to programa simple
pick andplacetask,the userhasto usea teachpendantor
a programmingnterfaceto tell the robotwhatto pick and
whereto put. This simple task can easily becomea pro-
grammingnightmareif we further assumethat the object
to pick canbe locatedanywherein the robot's workplace
andcanbe ary shapeor color. This big gapin communi-
catingwhat a userwantsthe machineto do is one of the
majorreasonsvhy robotsarevery hardto usein our daily
tasks.In our effort to make human-robotnterfaceseasyto
use,we built anactive gazetrackingsystem.Gazedirection
normally indicatesa persons interestin his/hersurround-
ing. Thereforejt canbeexploitedasavery easywayto tell
therobotwhata userwants.For example,giventhe simple
pick andplacetaskmentionedearlier a usercanusegaze
to instructthe robotwhatto pick by looking steadilyat the
object.Gazecanalsobeusedto tell whereto puttheobject
(e.g.attheusers palm).

In therestof this paperwe presentanactie vision sys-
tem (Figure 1a) that cantrack a persons faceand gazein
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Figure 1. Active vision and gaze

real-time (Figure 1b). Sincethe active vision systemis
like a mechanicahumanheadandit is equippedwith a
pair of zoomcamerasit givesusersthe freedomto move
without losing track of the persons faceor gaze. The ac-
tive gazetrackingsystemgenerategiazeand/orheadpose
information at approximatelytwice the video refreshrate
(~16.5msec)During timeswhenthe gazetrackingsystem
cannotgeneratedatadueto faceocclusionsor rapid head
movementsa skin color-basedfacetracking systemtakes
over control of the active headto make surethe users face
canstill beseenat all timeswhile the gazetrackingsystem
is trying to produceoutputsto regaincontrol. Unlike when
headposedataareavailable,the facetrackingvisual seno
controllerreliesheavily on zoomcameraintrinsic parame-
tersto xate sinceonly the 2D imagespacdacelocationis
known. This motivatedusto developapracticalzoomcam-
eracalibrationtechniquehatcomputesntrinsic parameters
aszoomandfocusarechanged1].

The following sectionsdiscusshow we built and put
togetherthe componentsf an actve gazetracking sys-
tem. Experimentalresults are presentedbut interested
readersare encouragedo view our experimentvideos
at: http://www.ssyseng.anu.edu.au/rsl/rs|_demos.htmiderac-
tive faceor gazetrackingtitle.



1 Zoom CameraCalibration

In orderto maintainhigh resolutionof faceimagesatall
times, our active vision systemusesa pair of zoom cam-
eras. Sinceour skin color-basedfacetracking systemcan
only generat@D imagespacdacelocation,thevisualseno
controllerreliesheavily on zoomcameraintrinsic parame-
tersto xate the stereopair. The problemis unlike static
cameracalibration,zoomcameracalibrationis mary times
moretediousandtime consumingecausef thehugenum-
berof possibldenssettings.In orderto make zoomcamera
calibrationmore practical, we useWillson's method[11]
and assignone focus settingfor eachzoom assumingthe
distanceof the objectto obsene canbe estimatedl1]. Each
intrinsic parametecanbemodeledas:

1)

where = constant, = intrinsic parameter =focus
and = zoomusingleastsquaregechniques.The camera
parametersbtainedin this methodare and  or focal
lengthsin pixel dimensionslong and axesrespectiely,

and or principal point coordinatealsoin pixel dimen-
sionsand to  or radial distortion coefcients. Focal
lengthsandprincipal point areexpressedn termsof and

pixel dimensiongo incorporatén theintrinsic parameters
thenon-squar@atureof imagepixelsin CCD cameras.

2 Active Head Visual Sewvoing

The active headhasfour joints/ares: 1) pan, 2) tilt, 3)
left camera(cameraA) and 4) right camera(cameraB).
The objective of the control systemis to move all joints
togethersmoothlysuchthatthe xation point canbe seen
atthe centerof left andright imagesat ary instantof time.
Furthermoretheactive headmustalwaysform a symmetri-
cal con gurationasmuchaspossibleto optimizetheroom
for left andright camerago rotate. To make the designof
visual senoing simple androbust, the control architecture
distributesthetaskinto fourindependentontrollersinstead
of onehomogeneousystem.The controllerbecomesim-
plerandmorerobustcomparedo theoneusedin ESCHeR
[8] or TRICLOPS[4] notonly becausé is distributedbut it
alsotakesadwantageof the known camerantrinsic param-
etersandit performssmoothreal time tracking by simply
making joint velocity proportionalto joint position error.
Thenotionof distributedcontrolfollows the beliefthatthe
overallbehaior isthemostimportantthing afterall. Before
discussinghefour distributedcontrollersit is assumedhat
focallengths, and andprincipalpoints and can
be determinedusingEq 1. It canalsobe assumedhatthe
facelocationin 3D spaceis representedby a certain xa-
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Figure 2. Fixation Point

tion point. The next sectionon skin color-basedacetrack-
ing actuallymapsthis xation pointas in 2D pixel
coordinates.

2.1 Left and Right Camerasand Tilt Controllers
Left andright joint controllersare lumpedtogetherbe-

causetheir kinematicsand dynamicsaresimilar. Consider
Figure2. Hereit shavs the xation point forming image

point It canbe easily gured out thatin
orderto move  nearthe principal point, two subsequent
rotations, and areneeded. is controlledby camera

axisrotationwhile
canbeestimateds:

is controlledby tilt axis rotation.

— (@)

The polarity of  tells whetherthe camerashouldro-
tate clockwiseor counterclockwise A very simpleyet ef-
fective controllerthatcanmake  approximatelyzerois
a P (Proportional)controller For every video refreshcy-
cle, the P controller calculateghe necessaryxis speedof
rotationbasedon , effectively trackingthe xation point
smoothly The P controllercanbe summarizeds:

where is a tunableparameterepresentingnaxi-
mum safespeedodf rotationfor optimumresponseThetilt
controllerfollows similarly exceptthat is used.

2.2 Pan Controller

The role of panaxis controlleris to ensurethat the ac-
tive headphysicalcon gurationis symmetricalin orderto
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Figure 3. Top view of active head

give moreroom for the left andright camerado rotatein

eitherdirection. This is similarto how the humanneckfol-

lows theright andleft eyestrackinganobjectgoingto one
side. Figure 3 shows the scenarian red triangle which is
the top view of the active head. It is obvious herethatin

orderto make the con guration symmetricalsimilar to the
bluetriangle,the panaxis mustrotateby . The panaxis
controllertrustsboth left andright axis controllersto fol-

low aswell becauséhe xation pointchangesn theimage
spacewhenthe neckrotates. To designthe panaxis con-
troller, we canusea P controllerbut addingan | (integral
controller)helpsin reducingthe error quickly. The PI con-
troller is summarizeds:

can be easily computedusing sine and cosinelaws.
The addedterm representshe | controllerconstantmulti-
plied by the sumof the pasterrors.

3 FaceDetectionand Localization

In this section,we utilize a skin color-basedacedetec-
tion techniquedasedon skin chrominancen the CIE Lab
colorspacg?]. Theprocedurds simple:

Step1: Build a ChrominanceChart- Severalskin sam-
plesaretaken from jpeg images. Thesesamplesare con-
vertedto CIE Lab's and component$9]. The and
componentareaccumulatedn anarray convolvedwith a
2D GaussiarFilter andnormalizedo form a chromachart.

Step2: UseChromaChartfor FaceDetectionandLo-
calization- Colorimagesof 320X 240pixelsfrom left and

Figure 4. Active face tracking using skin color
snapshots (at 5 sec interval; left-right, top-
bottom). Upper left inset shows cameras A
and B videos. The inset on the right is another
view of the active head.

rightcamerasirecorvertedin CIELab and components.
Sincethe numberof pixelsis huge( 320X 240X 2), every
four pixelsareskippedto meetreal-timerequirementsThe
pixel's and componentarecomparedvith the chroma
chartto determineits probability of beinga skin pixel. In
ourexperimentjf theprobabilityis atleast0.3,it is consid-
eredasa skin pixel andlabelledassuch. After processing
all selectedpixels, the biggestskin patchis assumedo be
theface. Its location is computedasthe centerof
therectangleborderingthe largestskin patch.

Although this techniguehas somelimitations, (like if
thereis anobjecthaving thesamecolorasskin), experimen-
tal resultsshawv thatif zoomis adjustedat the sametime to
maintainthe faceimagesizelarge, real-timefacetracking
is possible. Somevideo snapshotgreshonn in Figure4.

4 Active GazeTracking

To developanactive gazetrackingsystemwe portedan
adwancedgazetrackingalgorithmusedin faceLAB|[3] de-
velopedby SeeingMachinesinc. faceLAB generate8D
headpose(translationandrotation)and 3D gazevector at
almosttwice the video refreshrate. If the true eye gaze
cannotbe measuredlue occlusionsof somefeaturepoints
(eye andlip corners),3D headposedataare usedto esti-
mategazedirection.All dataaremeasuredvith respecto a
x edworld coordinate(seeFigure5). SincefaceLABwas
designedor x ed stereocamerasettings threealgorithms
have to bedesignedeforeit canbeusedin anactive vision
system: 1) real-timestereocamerarecalibration,2) auto-
maticzoomadjustmentind3) visualseno control.



Figure 5. The stereo cameras originall y in de-
fault vergence position (red line and symbols
with prime) are moved to a new position (blue
line). Vergence angle and vergence point are
also shown.

4.1 Real-time CameraRecalibration

While trackingtheusersface, the xation point (or ver
gencepoint) of the stereopair changesaswell. Suppose
the zoomsettingis made x ed,a changen vergencepoint
meansthe camerasare repositionedwith respectto each
otherthus changingthe extrinsic parameters.To calculate
the new extrinsic parametersgonsiderFigure5. Suppose
camerasA andB areoriginally setat the default vergence
angle(redline) andarefully calibratedatthis position. Af-
terwards,they are movedto a new position (blue line). If
we candeterminethe new extrinsic parameterst this new
position,real-timerecalibrationis possible Let usconsider

rst cameraA extrinsic parameters(Computatiorfor cam-
eraB follows similarly and no longer showvn here.) The
intrinsic parametertave two parts:1) Translationof world
with respecto (wrt) cameraA coordinate, and?) Ro-
tation of world wrt to cameraA, . Rotationfrom the
default vergenceanglein an axis parallelto cameraA Y
axischanges and elementof only. From Figure
5thenew and coordinatesanbe easilycomputedas:

3)

(4)

where is themagnitudeof thetranslatiorvector
atthenew vergenceangle.For practicalpurposesit canbe
assumedbo beapproximatelyequalto theknown at

thedefault vergenceanglesincethedistancérom the cam-
eracoordinatesystemorigin to the camerarotationpointis
smallcomparedo half the steregpair baseline.

Figure 6. The software contr ol architecture for
active gaze tracking

On the other hand, rotation from the default vergence
anglein anaxisparallelto cameraA Y axisresultsto anew
rotationmatrix givenby:

()

where is therotationmatrixatthedefaultvergence
angleposition. It mustbe notedthatin general and
- sincethe threeaxesarenot perfectly
alignedin the real world. Given Equations3, 4, and 5,
the new cameraextrinsic parametergannow be computed
while theactive headis moving.

4.2 Automatic Zoom Adjustment

faceLABhasnofacility to adjustcamerazoomwhenthe
faceimagebecomedoo small or too big asthe headdis-
tancechangesMaintaininga high faceimageresolutionis
importantfor effective faceand gazetracking. To rectify
this problem,zoomis changeddependingon the distance
of the head. (Unlike in active facetracking,this caseuses
ve zoompositionsonly thatarecalibratedby SeeingMa-
chines' calibrationtool.) Sincethe headdistancecan be
obtainedrom theheadposedata,a simplelookuptablecan
be usedto calculatethe right zoomvalue. Focusis alsoad-
justedto geta clearimage.

4.3 Visual Servo Control System

The visual seno controller designedfor face tracking
canbe madesimplerif 3D headposedatabecomeavail-
able.For example,in orderto pointthetwo camera®nthe



Figure 7. Both eye gaze and head pose are
used to estimate gaze point (red X cursor in
the PC screen inset). Snapshots are at 5 sec
inter val; left-right, top-bottom.

users head,we canestimatehalf of the vergenceangle,
as:

where is the stereocamerabaselineand is the
translatiorof thepersonsheadalongthe axisof thestereo
coordinatesystem(world coordinaterotatedby tilt angle).
— canthenbe usedto repositionthe left andright cameras
usingthe motion controlcardbuilt-in motion controlalgo-
rithm.

Although the abore methodcanalsobe appliedto cal-
culatethe set point for tilt and pan position control, it is
found that a P speedcontroller similar to the one usedin
facetrackingsystems moreeffective. A P speeccontroller
createsa smoothertransitionduring suddenchangein set
point. The only differenceis insteadof using2D data,we
canusethe moreaccurateé3D headposedataexpressedn
stereacoordinatesystem.TheP speedcontrollerfor tilt axis
is:

where is a tunableconstantand is the trans-
lation of the person$ headalongthe axis of the stereo
coordinatesystem.The P speedcontrollerfor the panaxis
canbecomputedsimilarly but using insteadof

Figure 8. Typical gaze point x position error
(top = using pure head pose, bottom=using

pure eye gaze). Data before 11 (and 7) secs
are when the user transf ers his gaze from ac-
tive head to screen's midpoint.

5 Control Architecture

In Figure6, the controlarchitecturentegratingfaceand
gazetrackingmoduledo createanactive gazetrackingsys-
temis shavn. The architecturebearsstrongresemblance
to the oneusedin behaior-basedrobotics. The faceLAB
modulealwayshasthe priority over skin-colorbasedrack-
ing modulein controllingthe active head.Skin color-based
moduleis only actvatedwhenfaceLABmodulehasnoout-
putfor a certainsmallperiodof time (around60 msec).

6 Results

OnFigure7 aresnapshotsvhenbotheye gazeandhead
poseare usedto calculategazepoint while the useris try-
ing to move his xation point onthe PC screen.Eye gaze
is usedwhencon denceis above 0.3 (out of 1.0). Other
wise, headposeis used. The gazepoint on the screencan
beeasilycalculatedsincethegazevectorexpressedn world
coordinatesystems known andtherotationandtranslation
of thescreercoordinatesystemareknown wrt to world co-
ordinatesystem.

OnFigure8is atypicalgazepoint positionerrorwhen:
a) pure headposeor b) pure eye gazeis usedto estimate
gazepoint while the usertries to xate his gazeat the
screers midpoint. positionerrorbehaessimilarly.

The lastexperimentresultsin Figure9 show a scenario
whenthe usertries to testwhetherthe zoomandvergence
arein factdynamicallychangingashe movestowardsthe



Figure 9. The user moves towards and away
from the active head

active head(t = 0 to t = 13 secs)andaway from it (t = 13

secto t = 39 secs). In thetop gure, it canbe seenthat
at the currentsettingactive gazetracking works asfar as
around2.25 metersat t = 39 sec(theoretically it canbe

madeto work up to 15 meters). In the middle gure, it

canbeseenthatasthedistancechangesthe zoomchanges
correspondinglyAnd in the bottom gure, vergenceangle
alsoadjustsdynamicallyasthe headdistancechanges.

7 Conclusion

In this paper we presentedhe active gazetrackingsys-
temwe developed. In contrastto using x ed cameracon-
guration [6, 7, 12], active vision allows the userto move
aroundthe robot's workspacewithout losing track of the
persons eye gaze.Furthermoresincegazeis measuredy
nding the usersirisesandfacialfeatureqe.g. eye andlip
corners)the eye gazeestimatas moreaccuratehanusing
headposeinformationonly [10].

Although gaze will not completely emulate a real
human-humaninterface, we have made one aspectof
human-robomeanof communicatiormore“natural”. The
resultspresentecherehave beenpromising. We intendto
usethis systemin our future experimentson human-robot

interaction.
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