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Abstract. Oneof thebiggesibbstaclesacinghumansandrobotsis thelackof meandor nat-

uralandmeaningfulinteraction.Robots nd it dif cult to understandhumanintentionssince
our way of communicationis differentfrom the way machinesexchangetheir information.
Ouraimis to remove this barrierby creatingsystemghatreactandrespondo naturalhuman
actions.In this researchwe presentrobotic systemhatidenti es andpicksup anarbitrary
objectin 3D spacethata personis looking at. It is donethroughan active vision systenthat
is ableto understandhe focusof attentionof a user Wheneer the personis closeenough,
the gazedirectionis determinecandusedto nd the objectof interestwhich is of unknavn

size,shapeandcolor. A robotarmrespondsy picking up this objectandhandingit over to

theperson.

1 Intr oduction

Many presentday robotsare capableof performingordinaryandmundanehuman
tasks.The problemin mary situationsis that robots do not understanchuman
intentions.For example,a cleaningrobot might struggleto comprehendts human
mastergiving the command:Cleanthatspilled milk on the oor.” while pointing
andlooking atthe spilled milk. Althoughtherobotis capableof accomplishinghe
cleaningaskrequiredijt is dumbfrom thepointof view of understandinghecontext
of theinstruction.Speechunderstandin@nits own is insuf cient.

Ourgoalis to give robotstheability to seeandunderstandiwumansgoy observing
naturalactions We useanactive vision equippedvith zoomingcameragseeFigure
1).Usingzoomstereaccamerasnountedonamovableheadgivestheuserthefreedan
fromwearingatrackinggadgetindto movewithoutrestrictionsTheactive visionat

rst developedtheability to transferandmaintainits focusof attentiononary object
thatis moving with color similar to humanskin. This ability allows the trackingof
the handor the face creatingthe impressionto the userthat the robot is highly
interactive andreadyto receve commandsWe thenintegrateda gazetrackingskill

basedon a detectionalgorithm our group previously developed[9]. This allows a
robotto seewherethe useris looking at in 3D space(seeFigure1). By utilizing

the gazeinformation provided, the active vision detectswhen a personis staring
at an objectand searcheshe gazeline to nd this objectof unknavn shape size
andcolor. With theseskills, we developeda robotic systemwherean active vision
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Fig. 1. Activevision, its kinematicmodelandgazedirectionvector
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Fig. 2. The active vision tracesthe gazeline from gazepoint A to C to nd the object(the
cupatgazepointB) usingazero-disparitylter for therobotarmto pick up. and
arethestandardleviationsof gazeyaw andpitchrespectrely. They areusedto detectsteady

gaze.

continuouslytracksthe faceandgazeof a user Whenthe userfocuseshe gazeat
anobject,its 3D locationis determinedandarobotarm (a Whole Arm Manipulator
or WAM) picksit upandhandst over. Thescenarids illustratedin Figure2. Such
a capabilityallows tasksasthe cleaningrobotexampleposedearlierpossible.

Whenrobotic systemsanalreadyhearandseepeople[4,6,11],we will nd a
varietyof roboticapplicationsn our everydaytasks For theremaindeof this paper
we discusgthe backgroundnaterialon how our systemwasdeveloped.The topics
includezoomcameracalibration active sensinggazetrackingandinteractve skills.
Experimentalesultsarealsopresented.



2 Zoom CameraCalibration

Beforeany meaningfulEuclideanmeasurementsn world objectscanbe madeby
the active vision, the zoom cameraanustbe calibrated rst. A calibratedcamera
describefiow a3D world pointis relatedto thecameracoordinatesystem(extrinsic
parameterspnd how the cameracoordinatesystemis relatedto image planeco-
ordinatesystem(intrinsic parametersNumerouscalibrationprocedurefiave been
proposedn the pasttwo decadeso measurdghe parametersf x ed-lenscameras
(see[13] for a surwy of cameracalibrationtechniques)For zoom camerashe
caseis different.Dueto the hugenumberof possiblezoom-focus-aperturgettings,
zoomcamerecalibrationis muchmoretediousandtime consumingTo make zoom
cameracalibrationmore practical,we use Willson's method[12] and assignone
focussettingfor eachzoomsincefor mary practicalpurposesve only needonelens
settingthatgivesa sharpimage.Eachintrinsic parametecanbe modeledas:

(1)

where = constant, =focusand = zoomusingleastsquaregechniques.
The cameraparameters and arethefocal lengthsin pixel dimensionsalong
the and axesrespectiely, and areprincipalpointcoordinateslsoin pixel
dimensionsand to aretheradialdistortioncoefcients. To modelthechanges
in theextrinsicparameterghedisplacementf thecameracenteralongtheprincipal
axisis representeddy a second-dgreepolynomialof . For a detaileddiscussion,
pleaseaeferto our earlierwork [1].

3 Active Sensing

In orderto senseéhe humanuser our active vision tracksary objectthatis moving
andhasa colorresemblinghumanskin color. Thedetectiorof skin coloris doneby
comparingthe chrominancef eachrepresentatie pixel with a previously prepared
chrominancechartof skin imagesthat are contributed from differentpersong5].
Theresultof skin detectionis the probability that a pixel is representingkin,
Motion detectioruseptical o w techniquesnodi ed to includelow-passltering
[8] and a measureof con dencevalue [10]. The effect of cameraego-motionis

alsotakeninto considerationThe outputis a o w vector on each
imagepatchandits correspondingon dencevalue, . Thesetwo visualcuesare
combinedusing a Particle Filter [7] to generatean estimateof the mostprobable
locationof the handor thefacein eachimage, . Thescenarids
illustratedon the left of Figure3. A measuref con dencevaluethat isfroma

handor a faceis proposed: — , where is theunnormalizedveight
of apixel having bothmotionandskincolorand is thenumberof particlesused.
Using the centroidof the handor faceon eachimage,we canusetriangulationin

spacdo estimatehepositionof thetrackingtarget. Theestimatas furtherimproved



with KalmanFiltering. The nal outputis a smoothedneasureof the handor face
3D location: which is usedin tracking.Sincethe depthof
the objectbeingtracked is known, the zoomlevel canbe adjustedto obtain high
resolutionimagesatall times.

Gaze Point

wp |

by PP

Fig. 3. Left: Particlesduring facetracking( circle = facecentroid) from the experimentin
Figure6.Right:a) Stereaccameraslirectedatthegazepoint,b) Coordinatesystemsassignnent
for a)when

During tracking, we always maintainsymmetricalcon guration on our active
stereccameragi.e. where ). Thisresultdo asimpleexpression
for theinversekinematicsof the active vision asshown in Figure3:

- ()

where , and arethepan.tilt andcameraxisrotationanglesand
is the 3D gazepoint. For a detaileddiscussionpleasereferto our paper3].

4 Active GazeTracking

We areusinga gazetrackingalgorithmcalledfacelLabthatour grouphascommer
cialized[9]. The systemworksby trackingstablefacialfeaturessuchaseye andlip
cornersBasedon thelocationof theiris, eye-gazes determinedIn the eventthat
theiris cannotbetrackedreliably, the headposeis usedto estimategaze Sincethe
original algorithmwasdesignedor a xed stereovision con guration,the camera
parametersnustbe adjustedn real-timeto trackthe gazeusingactie vision. This
is possiblesincefor certainzoomsettingswherethe steregpairis initially fully cal-
ibrated,moving to a new con gurationrequireschangesn theextrinsic parameters
only. Thenew setof extrinsic parametersanbederivedusingFigure4. For camera
A (cameraB follows easily),the changesaremadeonthe and component®f

,andon only sincetherotationfrom thedefaultvergenceangleis parallel
tocameraA  axis.Thenew valuesare:

®3)
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Fig. 4. The stereocamerasoriginally in default vergenceposition (symbolswith prime) are
movedto a new position(symbolswithout prime). Vergenceangleandvergence/gaz@oint
arealsoshown.

where isassumedo beapproximatelyequalto theknown atthe

defaultvergenceanglefor practicalpurposesnd is theknown rotationmatrix
atthedefaultvergenceangleposition.Whentheextrinsic parameterarereadjusted
in real-time the active gazetrackingsystemgeneratethefollowing measurements:
3Deyegazedirection( ), 3D headrotation( ) andtranslation( )or3Dhead
poseonly while the gazeis estimatedrom . Both measurements
whenavailablearesampledn real-time(>30Hz)with a correspondingon dence
value, , andareexpressedvith respecto the x edworld coordinatesystem,

in Figurelb.

Given , theheadoriginwith respecto  ,and

, the gazevectorwith respecto translatecat the headorigin, the
symmetricequationsiescribingthe 3D gazeline asshovn in Figure2 is:

(4)

wherewe de ne as the origin , as the referencepoint and
asary pointontheline. In view of searchingheobjectwhereaperson
is looking at, we cantracethegazeline by moving atanincreasinglistance, ,
away from the origin. The new gazepoint in termsof world coordinatescan be
determinedo be:

- ()



where . The choiceof signensureghatthe search

movestowardthedirectionof

5 Interactive Skills

Whenthe systemdetectssteadygaze,it is concludedthat the personis staringat
a certainobject. This object can be found by searchingalong the gazeline and
triangulatingin 3D spacetherebyallowing the robotto pick it up. A steadygaze

is assumedvheneer the runningstandarddeviationsof gazeyaw andpitch
arebelow athreshold:

(6)

Both and are computedfrom the gazedirection generatedrom
to with a normalizedgazecon dencevalue (i.e.

Using Equation5 anda zero-disparity Iter (ZDF), the objectcanbe found anng
thegazeline. In our paper 3], we proposedhatthe 3D positionis atthe gazepoint
wherethe disparity betweenthe left andright foveais minimum (gazepoint with
maximumcross-correlatioetweeneft andright images).This techniquefails in
the scenariovherethe left andright camerasreboth pointing at a blankwall. To
avoid this problem,we insteadusea fastedgedetector( like a Laplacian) andshift
both binarizededgeimagesin the -direction (horizontal)to nd the maximum

correlation: , Where

and arethe left andright binarizededgeimagesof the fovearespectiely.

For speedof computation,the foveais a rectangularsub-imagecenteredat the

imagecenterwhen . Themaximumamountof horizontalshift, ,

approximateshethresholdfor the gazeyaw/pitch standarddeviation. This is done
on gazepointsalongthe gazeline. Using this method,the objectis locatedat the

gazepointwith maximumcorrelation.Thecentroidf theobjectontheleft, ,and
right, ,imagesarecomputedrom theshiftededgepixelsthatcoincide.Sincewe

havefully calibratedstereacamerastheobject’s 3D positionwith respecto theleft

cameraanbeestimatedby triangulation: - , Wherethe
constants and arecomputedrom

and arethetranslatlon/ectorandrotatlonmatrlxrespectyelyoftherlghtcamera

with respecto theleft cameracoordinatesystem, ( )

and is or .Theobjectposition, ,isthen

givento the WAM soit canpick up andhandover the objectto theuser is the
transformatiormatrix.
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Fig. 5. Generabehaior of theactive gazeinteractionsystem

6 Resultsand Discussion

The summaryof operationsof the active vision systemis shawvn in Figure5. The
summarydescribesdhow the active vision bootstrapstself whena useris located,
nds the objecta useris staringat, andtells the robotarmto pick it up andto hand
it over. A demonstratioron how the active vision gainsattentionthrougha waving
handandthencontinuouslytrackstheusersfaceis shovn in Figure6 (ProcesseéA
andB in Figure5). Theactive vision decidesvhethera handor afaceis presenor
notis shavn in Figure7a(if , auseris present)Figure7b shovs theerror
duringtracking. The meanerror duringtrackingis -15.48pixelsfor theleft image
(22.48for therightimage)while thestandardieviationis 52.39pixels(56.18for the
rightimage)in the coordinateAn interestingdemonstratiomn how weinstructed
arobotarmto pick up anobjectwith a usersteadilylooking is shovn in Figure8
(Proces€). At t = 2 secstheusermlacedanobjectof unknovn size,shapeandcolor
ontherobotworkplace At t = 10 secsthe userwasstaringat the object.A steady
gazewasdetectedandthe objectwassearchedlongthe gazeline asshovn att =
16 secsNotice the upperleft insetwherethe imagesfrom the camerasareshawn.
Sometimearoundt = 28 secstheobjectwasidenti ed andits 3D locationis found.
Therobotarmreactspicksuptheobjectandhandst overto theuser(t > 28secs).



Fig. 6. Active vision gainingattentionandthentrackingthe users face.

! leftimage
— - right image
€
& so- |
I 4| —
g f drit 1 ‘ g
= i il |
5 w0 | -4 I 5
r : ! ! M =]
¢ uff| ‘ d { :‘bl i S
1
o il 1t “ 1 a}\l‘ ;\‘n‘l‘ | E
© [ 0 1l i .l 1) 10 1 I
g 3or LT i il Ll ‘W: i ]
< 190 | TR A O =
@ B 5
2 i 3\} I! A (5] ‘\w o
| I hon <]
> 20 B “' | W £
8 A ] I ! B
5 i e | I 8
2 I T i | S
2 | H
S 10f I ‘ 5 1 \
(8] v‘, h |
I ')
2l ! )
A 1 H 1 1 H 1 .
0 10 20 30 0 50 60 70 80 % ) 10 20 20 a0 50 0 70 80 £
time, sec time, sec

Fig. 7. a) Con dencevalue (faceis present)vs time. b) Positioncontrollererrorin  pixel
coordinatevstime



Theexperimentvideosfor a differentuseranda differentobjectareavailablein our
website:http://www.syseng.anu.edu.aslfrs|.demos.html

7 Conclusion

We have createchroboticsystenthatreactsandrespondgo our naturalgazelt is a
stepforwardin our effort to make robotspenasive in dealingwith our daily tasks.
Whencombinedwith otherhumannaturalmeansof communicationsywe hopeto
seerobotsasanunrecognizabl@artof our daily lives.
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Fig. 8. Human-robointeractionexperiment:A userinstructsthe WAM to pick up andhand
overtheobjectheis looking at. The objectof arbitrarysize,shapeandcolor is placedon an
unknavn positionin robotworkplace .Upperleft insetshavs imagesfrom the cameras.



