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Abstract. Oneof thebiggestobstaclesfacinghumansandrobotsis thelackof meansfor nat­
uralandmeaningfulinteraction.Robots�nd it dif�cult to understandhumanintentionssince
our way of communicationis differentfrom theway machinesexchangetheir information.
Ouraim is to remove thisbarrierby creatingsystemsthatreactandrespondto naturalhuman
actions.In this research,we presenta roboticsystemthatidenti�es andpicksup anarbitrary
objectin 3D spacethata personis looking at. It is donethroughanactive vision systemthat
is ableto understandthe focusof attentionof a user. Whenever thepersonis closeenough,
thegazedirectionis determinedandusedto �nd theobjectof interestwhich is of unknown
size,shapeandcolor. A robotarmrespondsby picking up this objectandhandingit over to
theperson.

1 Intr oduction

Many presentday robotsarecapableof performingordinaryandmundanehuman
tasks.The problem in many situationsis that robots do not understandhuman
intentions.For example,a cleaningrobotmight struggleto comprehendits human
mastergiving thecommand:“Clean thatspilledmilk on the �oor .” while pointing
andlooking at thespilledmilk. Althoughtherobotis capableof accomplishingthe
cleaningtaskrequired,it isdumbfromthepointof view of understandingthecontext
of theinstruction.Speechunderstandingon its own is insuf�cient.

Ourgoalis to giverobotstheability to seeandunderstandhumansby observing
naturalactions.Weuseanactivevisionequippedwith zoomingcameras(seeFigure
1).Usingzoomstereocamerasmountedonamovableheadgivestheuserthefreedom
fromwearingatrackinggadgetandtomovewithoutrestrictions.Theactivevisionat
�rst developedtheability to transferandmaintainits focusof attentiononany object
that is moving with color similar to humanskin.This ability allows thetrackingof
the handor the facecreatingthe impressionto the userthat the robot is highly
interactiveandreadyto receivecommands.We thenintegratedagazetrackingskill
basedon a detectionalgorithmour grouppreviously developed[9]. This allows a
robot to seewherethe useris looking at in 3D space(seeFigure1). By utilizing
the gazeinformationprovided, the active vision detectswhena personis staring
at an objectandsearchesthe gazeline to �nd this objectof unknown shape,size
andcolor. With theseskills, we developeda roboticsystemwhereanactive vision
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arethestandarddeviationsof gazeyaw andpitchrespectively. They areusedto detectsteady
gaze.

continuouslytracksthe faceandgazeof a user. Whentheuserfocusesthegazeat
anobject,its 3D locationis determinedandarobotarm(aWholeArm Manipulator
or WAM) picksit upandhandsit over. Thescenariois illustratedin Figure2. Such
a capabilityallows tasksasthecleaningrobotexampleposedearlierpossible.

Whenroboticsystemscanalreadyhearandseepeople[4,6,11],we will �nd a
varietyof roboticapplicationsin oureverydaytasks.For theremainderof thispaper,
we discussthebackgroundmaterialon how our systemwasdeveloped.Thetopics
includezoomcameracalibration,activesensing,gazetrackingandinteractiveskills.
Experimentalresultsarealsopresented.



2 Zoom CameraCalibration

Beforeany meaningfulEuclideanmeasurementson world objectscanbemadeby
the active vision, the zoomcamerasmustbe calibrated�rst. A calibratedcamera
describeshow a3D world point is relatedto thecameracoordinatesystem(extrinsic
parameters)andhow the cameracoordinatesystemis relatedto imageplaneco­
ordinatesystem(intrinsic parameters).Numerouscalibrationprocedureshavebeen
proposedin thepasttwo decadesto measuretheparametersof �x ed­lenscameras
(see[13] for a survey of cameracalibrationtechniques).For zoom camerasthe
caseis different.Dueto thehugenumberof possiblezoom­focus­aperturesettings,
zoomcameracalibrationis muchmoretediousandtimeconsuming.To makezoom
cameracalibrationmore practical,we useWillson's method[12] andassignone
focussettingfor eachzoomsincefor many practicalpurposesweonly needonelens
settingthatgivesa sharpimage.Eachintrinsicparametercanbemodeledas:
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where ��� = constant,� = focusand � = zoomusingleastsquarestechniques.
The cameraparameters��� and ��� arethe focal lengthsin pixel dimensionsalong
the � and � axesrespectively,  

� and  

� areprincipalpoint coordinatesalsoin pixel
dimensions,and !


 to !

� aretheradialdistortioncoef�cients. To modelthechanges
in theextrinsicparameters,thedisplacementof thecameracenteralongtheprincipal
axis is representedby a second­degreepolynomialof � . For a detaileddiscussion,
pleasereferto ourearlierwork [1].

3 ActiveSensing

In orderto sensethehumanuser, our active vision tracksany objectthat is moving
andhasacolor resemblinghumanskincolor. Thedetectionof skincolor is doneby
comparingthechrominanceof eachrepresentativepixel with apreviouslyprepared
chrominancechartof skin imagesthat arecontributedfrom differentpersons[5].
The resultof skin detectionis theprobability that a pixel is representingskin, �#" .
Motion detectionusesoptical�o w techniquesmodi�ed to includelow­pass�ltering
[8] and a measureof con�dencevalue [10]. The effect of cameraego­motionis
alsotaken into consideration.The output is a �o w vector $
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�*),+ on each
imagepatchandits correspondingcon�dencevalue,�.- . Thesetwo visualcuesare
combinedusinga Particle Filter [7] to generatean estimateof the mostprobable
locationof thehandor thefacein eachimage,/10(2

�
%

�3042��50(2

)
+ . Thescenariois

illustratedon theleft of Figure3. A measureof con�dencevaluethat /�042 is from a

handor a faceis proposed:� 0

�7698
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A

B , where CED is theunnormalizedweight
of apixel having bothmotionandskincolorand F is thenumberof particlesused.
Using thecentroidof thehandor faceon eachimage,we canusetriangulationin
spaceto estimatethepositionof thetrackingtarget.Theestimateis furtherimproved



with KalmanFiltering.The�nal outputis a smoothedmeasureof thehandor face
3D location: D����
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) + which is usedin tracking.Sincethe depthof
the objectbeingtracked is known, the zoomlevel canbe adjustedto obtainhigh
resolutionimagesat all times.
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During tracking,we alwaysmaintainsymmetricalcon�guration on our active
stereocameras(i.e. �
�

�

� 2

���

��� where������� ).Thisresultstoasimpleexpression
for theinversekinematicsof theactivevisionasshown in Figure3:
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where��� , �
D and��2 arethepan,tilt andcameraaxisrotationanglesand %
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is the3D gazepoint.For a detaileddiscussion,pleasereferto ourpaper[3].

4 ActiveGazeTracking

We areusinga gazetrackingalgorithmcalledfaceLabthatour grouphascommer­
cialized[9]. Thesystemworksby trackingstablefacialfeaturessuchaseyeandlip
corners.Basedon the locationof the iris, eye­gazeis determined.In theeventthat
theiris cannotbetrackedreliably, theheadposeis usedto estimategaze.Sincethe
original algorithmwasdesignedfor a �xed stereovision con�guration, thecamera
parametersmustbeadjustedin real­timeto trackthegazeusingactive vision.This
is possiblesincefor certainzoomsettingswherethestereopair is initially fully cal­
ibrated,moving to a new con�gurationrequireschangesin theextrinsicparameters
only. Thenew setof extrinsicparameterscanbederivedusingFigure4. For camera
A (cameraB follows easily),thechangesaremadeon the � and � componentsof
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is theknownrotationmatrix
at thedefaultvergenceangleposition.Whentheextrinsicparametersarereadjusted
in real­time,theactivegazetrackingsystemgeneratesthefollowing measurements:
3Deyegazedirection(
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), 3Dheadrotation(
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) andtranslation(
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) or3Dhead
poseonly while thegazeis estimatedfrom
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whenavailablearesampledin real­time(>30Hz)with a correspondingcon�dence
value,��
 , andareexpressedwith respectto the�x edworld coordinatesystem,�
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in Figure1b.
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symmetricequationsdescribingthe3D gazeline asshown in Figure2 is:
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where we de�ne
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as the origin ,
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+ asany pointontheline. In view of searchingtheobjectwhereaperson
is lookingat,wecantracethegazeline by moving atanincreasingdistance,R ��� ,
away from the origin. The new gazepoint in termsof world coordinatescan be
determinedto be:
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5 Interacti ve Skills

Whenthe systemdetectssteadygaze,it is concludedthat the personis staringat
a certainobject.This object can be found by searchingalong the gazeline and
triangulatingin 3D space,therebyallowing the robot to pick it up. A steadygaze
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is assumedwhenever the runningstandarddeviationsof gazeyaw andpitch
arebelow a threshold:
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Using Equation5 anda zero­disparity�lter (ZDF), theobjectcanbe found along
thegazeline. In ourpaper[3], weproposedthatthe3D positionis at thegazepoint
wherethe disparitybetweenthe left andright foveais minimum (gazepoint with
maximumcross­correlationbetweenleft andright images).This techniquefails in
thescenariowherethe left andright camerasarebothpointingat a blankwall. To
avoid this problem,we insteadusea fastedgedetector( like aLaplacian) andshift
both binarizededgeimagesin the � ­direction (horizontal) to �nd the maximum

correlation: .
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For speedof computation,the fovea is a rectangularsub­imagecenteredat the
imagecenterwhen P
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approximatesthethresholdfor thegazeyaw/pitch standarddeviation.This is done
on gazepointsalongthe gazeline. Using this method,theobjectis locatedat the
gazepointwith maximumcorrelation.Thecentroidsof theobjectontheleft, / � , and
right, / � , imagesarecomputedfrom theshiftededgepixelsthatcoincide.Sincewe
havefully calibratedstereocameras,theobject's3D positionwith respectto theleft
cameracanbeestimatedby triangulation: � J

0

�

O=KT�

�




��L

&

KT�NM

�

A

��K��

)

, wherethe
constantsO and L arecomputedfrom ��O

�

�

O=K
�

�

L

&

K
�

M

�

A

�
K

�

)

�QP

�

A

�
K

� , �RO

�

and�

A

� arethetranslationvectorandrotationmatrixrespectivelyof therightcamera
with respectto theleft cameracoordinatesystem,K �

�
%

/
�

�
)

+ ( K��

�
%

/
�

�
)

+ )

and � is � � or � � . Theobjectposition, S

?

<8T

J

0

� U

�

?

<8T =

�

�

=

�
S

�VJ

0

�WU

, is then

given to theWAM so it canpick up andhandover theobjectto theuser.
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is the
transformationmatrix.
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6 Resultsand Discussion

The summaryof operationsof the active vision systemis shown in Figure5. The
summarydescribeshow the active vision bootstrapsitself whena useris located,
�nds theobjecta useris staringat,andtells therobotarmto pick it upandto hand
it over. A demonstrationon how theactive vision gainsattentionthrougha waving
handandthencontinuouslytrackstheuser's faceis shown in Figure6 (ProcessesA
andB in Figure5). Theactive vision decideswhethera handor a faceis presentor
not is shown in Figure7a(if �

0T� �

,

� , a useris present).Figure7b shows theerror
during tracking.Themeanerrorduring trackingis ­15.48pixelsfor the left image
(22.48for theright image)while thestandarddeviationis 52.39pixels(56.18for the
right image)in the � coordinate.An interestingdemonstrationonhow weinstructed
a robotarmto pick up anobjectwith a usersteadilylooking is shown in Figure8
(ProcessC).At t = 2 secs,theuserplacedanobjectof unknownsize,shapeandcolor
on therobotworkplace.At t = 10 secs,theuserwasstaringat theobject.A steady
gazewasdetectedandtheobjectwassearchedalongthegazeline asshown at t =
16 secs.Noticetheupperleft insetwherethe imagesfrom thecamerasareshown.
Sometimearoundt = 28secs,theobjectwasidenti�ed andits 3D locationis found.
Therobotarmreacts,picksuptheobjectandhandsit overto theuser( t > 28secs).



Fig.6. Activevision gainingattentionandthentrackingtheuser's face.
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Theexperimentvideosfor adifferentuserandadifferentobjectareavailablein our
website:http://www.syseng.anu.edu.au/rsl/rsl demos.html.

7 Conclusion

Wehavecreatedaroboticsystemthatreactsandrespondsto ournaturalgaze.It is a
stepforwardin our effort to make robotspervasive in dealingwith our daily tasks.
Whencombinedwith otherhumannaturalmeansof communications,we hopeto
seerobotsasanunrecognizablepartof ourdaily lives.
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Fig.8. Human­robotinteractionexperiment:A userinstructstheWAM to pick up andhand
over theobjectheis looking at.Theobjectof arbitrarysize,shapeandcolor is placedon an
unknown positionin robotworkplace.Upperleft insetshows imagesfrom thecameras.


