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A REAL-TIME HUMAN-COMPUTER INTERFACE BASED

ON GAZE DETECTION FROM A LOW-GRADE VIDEO CAMERA

JOHN J. MAGEE IV

Abstract

Thereare casesof paralysisso severe the ability to control movementis limited to the

musclesaroundthe eyes. In thesecases,eye movementsor blinks are the only way to

communicate.Currentcomputerinterfacesystemsareoftenintrusive,requirespecialhard-

ware,or useactive infraredillumination. An interfacesystemcalledEyeKeys is presented.

EyeKeys runson a consumergradecomputerwith video input from an inexpensive USB

camera.Thefaceis trackedusingmulti-scaletemplatecorrelation.Symmetrybetweenleft

andright eyesis exploited to detectif the computeruseris looking at the camera,or to

the left or right side. The detectedeye directioncanthenbe usedto control applications

suchasspellingprogramsor games.The game“BlockEscape”wasdevelopedto gather

quantitative resultsto evaluateEyeKeys with testsubjects.The systemis comparedto a

mousesubstitutioninterface.
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Chapter 1

Intr oduction

The ability to control eye musclesis occasionallythe only voluntarymovementexisting

for peoplewith paralysis.Communicationabilities areseverely limited, often to yesand

no responsesusingeye movementsor blinks. Futurecomputerassistive technologiesmay

somedaystopanactivemind from beingtrappedin aninactivebody. Thesepeoplecanbe

helpedwith thecreationof an interfacethatallows themuseof a computer. Further, such

an interfacemay prove to be a communication-enablingtechnology. As progresstoward

thatgoal,avideo-basedinterfacecalledEyeKeysis presentedwhichmakescommunication

possibleby detectingtheeyegazedirectionandsimulatingcomputerkeyboardinput.

Two speci�c human-computerinterfacesystemsare importantprior work for this

thesis:theEagleEyesproject[9] andtheCameraMouse[5] arebothinterfacesfor severely

disabledusersthatenablecommunication.EagleEyesdetectseye movementsthroughthe

attachmentof electrodesto the face. The CameraMouseemploys featuretracking,and

is able to track a nose,chin, thumb, foot, or any distinguishablebody feature. A new

versionof theCameraMousecantrackthefacemovementwithout initialization to control

the mouse. Both of thesesystemare usedto control a mouseon the computerscreen.

Specialprogramsareusedto createart, play games,or entermessagesas in Figure1.4.

Firsthandobservationof theuseof thesesystemresultedin aprofoundunderstanding:lack

of communicationability doesnotequallackof intelligence.

1
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Figure1.1: EagleEyessystemin use.Photographcredit: BostonCollege.

Figure1.2: CameraMousesystemin use.Photographcredit:BostonCollege.
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Themajorcontributionof this thesisis themethodof detectingtheeyegazedirection.

In order to analyzethe eyes, they must �rst be locatedin the video images. Existing

computervision techniquesare combinedin a new way to quickly track the faceusing

multi-scaletemplatecorrelationwith the aid of skin color andmotion analysis.The left

andright eyesarecomparedto determineif theuseris lookingcenter, or to theleft or right

side.Thenew approachexploits thesymmetryof thefacewhencomparingtheeyes.The

right eye imageis subtractedfrom amirroredleft eye image.Thisdifferenceimageis then

projectedto thex-axis. Thedeterminationof theeye directionis madeby analyzingthis

projection. The outputof thesystemcanbe usedto controlapplicationssuchasspelling

programsor games.This systemis oneof thefew approachesto usingcomputervision as

anassistive technologysofar.

Eyegazeestimationis a dif�cult problemfor many reasons.First, theeyesmustbe

locatedin a video imageby somemethod. Although faceand headtracking hasbeen

extensively researched,it cannotbe said that it is a solved problemin computervision.

Variousexisting approachesarediscussedin thenext chapter. Oncetheeyesarelocated,

variousmethodshave beenusedto determinethegazedirection. Unfortunately, many of

theseapproachesrequirehigh resolutionimagesof theeyesin orderto �nd featuressuch

asthe eye cornersor theedgesof the iris. Thepopularapproachof usingactive infrared

illumination, discussedin the next chapter, was rejectedhere in order to avoid special

hardware.

In the traditionalhuman-computerinterfacecon�guration, the computerusersits in
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front of a keyboard,mouse,andmonitor. This systemis designedto mimic that setup,

with a camerasubstitutingfor theinput devices.Whereashandscontrol thekeyboardand

mouse,themovementof theeyeseffectively controlsthecomputerin this systemthrough

theuseof thecameradirectedat theuser's facewhile they look at themonitor. Thesystem

couldalsobecon�gured to usea largeprojecteddisplayinsteadof a monitor. In thecase

of a severely disableduser, a dual display is useful in that an assistantcanmonitor the

computervision interfaceon onedisplaywhile the user's applicationis displayedon the

otherscreen.A triple monitorcon�gurationcouldalsobeusedsothattheusermovestheir

eyesbetweenthethreedisplays.Otherpossibleusesandcon�gurationsof thesystemare

discussedin Chapter5. Theproposedsystemcon�gurationdiagramis shown in Figure1.3.

Eyes Looking Left Eyes Looking Right

Eyes
Looking
Center

User

Computer Monitor

Camera

Figure1.3: Con�gurationlayoutof theproposedEyeKeyssystem.Theuserfacesboththe
cameraandthe computermonitor. The computerusesthe camerato detectif the user's
eyesmove to theright or to theleft. Thedashedlinesindicatepossibleview directionsof
theperson'seyes.



5

(a)TheRick Hoyt Speller (b) MidasTouchspellingprogram

Figure 1.4: Spelling interfaceprogramsdevelopedat BostonCollege for usewith the
EagleEyesandCameraMouseinterfacesystems.(a) The spellingmethod,developedby
Rick Hoyt, groupslettersof thealphabetinto groupsA, E, I, O, andU. Theprogramwas
developedby JonathanGips. (b) The on-screenkeyboardcanbe changedinto different
layoutsto facilitatetext entryfor differentusers.

Someassumptionsneededto bemadein orderto facilitatethedesignof thesystem.

Thefacedetectionandtrackingalgorithmassumesthefaceis in anuprightposition.This

assumptionallows for fastoperationsincethe facetemplatematchingalgorithmdoesnot

needto searchfor multipleorientations.In addition,averticalheadcreatesaverticalline of

symmetryacrosstheface.This symmetryis exploitedby theeye analysisalgorithm. The

useris assumedto be facingtowardsthe camerafor the samereasons,asothermethods

wouldberequiredto detectthelocationof a turnedheadin theimages.To makedetection

andtrackingof the intendedinterfaceusereasier, thereshouldbe exactly onefacein the

�eld of view of thecamera.

The user's eyesareassumedto be symmetricalacrossthe centerof the face. This

allows the eye direction to be detectedby analyzingthe differencebetweenthe left and
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right eye images.Theusershouldbeableto hold theirheadin positionwhile moving their

eyesquickly to theleft or right side.Thisis necessaryasthesystemusestheaparentmotion

of theeyesin theimagesto determinewhentheuserlooksleft or right.

Theseassumptionsabouttheuser's location,appearance,andabilitiesshouldberea-

sonablefor peoplewithout any disabilities.However, theaim of this systemis to provide

an interfacefor severelydisabledpeople.An individual mayhave disabilitiesthatviolate

any of theseassumptions,possiblylimiting their useof thecurrentversionof this system.

Futuremodi�cationsof this systemmaybeableto overcomesomeof theselimitations.

To be a useful human-computerinterface, the systemmust run in real time. This

excludesexisting approachesthatdonot run in realtime,e.g.[29]. In addition,thesystem

cannotuseall of the processingpower of the computeras the samecomputerwill have

to run both thevision-basedinterfaceaswell asuserprograms,suchasweb browsersor

games.

Evaluationof theEyeKeys systemperformanceis �rst presentedwith a classi�cation

experiment. Testsubjectswere asked to usethe system,and to look left or right when

instructedby an observer. The observer then recordedif the systemclassi�ed the eye

motioncorrectly, incorrectly, or if it wasmissed.

EyeKeys wasalsotestedasan interfacefor the BlockEscapegame.The goal of the

gameis to navigatetheblock left andright throughholesin moving walls. Whenit is used

with EyeKeys, theusercanlook left to make theblock move left, andlook right to make

theblock move right. It canalsobeusedwith a keyboard,mouse,or theCameraMouse.
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Thisgamewasdevelopedspeci�cally asanengagingwayto testtheinterfacesystemwhile

reportingquantitativeresults,which is importantbecauseit encouragestestsubjectsto use

thesystem.Sincethegamewasdesignedasatestingtool, it canbeusedto gatherstatistics

onhow well theinterfaceworksfor varioussituationsandusers.A screenshotof thegame

is shown in Figure3.12.

This thesisis organizedin the following fashion. Chapter2 discussesrelatedwork.

Chapter3 discussesthemethodsemployedin theEyeKeys systemitself, includinga thor-

ough analysisof all of EyeKeys' modules. Also in this chapteris a descriptionof the

BlockEscapegame.Chapter4 detailstheexperimentsandresults,while Chapter5 presents

an in-depthdiscussionof the results,comparisonsto other HCI systems,and plansfor

futureextensionsto thesystem.



Chapter 2

RelatedWork

The methodsusedin the EyeKeys systemdraw upona wide variety of computervision,

imageprocessing,andcomputersciencerelatedwork. Someof thestandardvisionmethods

canbefoundin acomputervision textbook,e.g.[20]. Thischapterhighlightssomeof that

work in theareasof computerassistive technologies,facedetectionandtracking,andgaze

estimation.

2.1 Human-Computer Interfaces for the Disabled

Therehasbeenmuchpreviouswork in computerassistive technologies.Many early sys-

temsrequirecontactwith the user[43]. Most of thesemethods,thoughsuccessfuland

useful,alsohavedrawbacks.

A switch placedin the right position allows a paralyzedpersonwith somemotor

controlto operateprogramsthattakebinaryinput. For example,Figure4.1showsabutton

mountedneartheuser's head,which is activatedby leaningtheheadinto it. An example

of a usefulprogramis a text entry interfacethat automaticallymovesbetweenlettersor

groupsof letters.Whentheintendedgroupor letteris highlighted,theswitchis pressedto

selectit. Usingthismethod,entiresentencescanbeslowly constructed.

Currentlyavailablesystemsareoften intrusive, i.e. the interfacemustbeattachedto

8
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theuser. For example,theEagleEyessystem[9] useselectrodesplacedonthefaceto detect

the movementsof themusclesaroundtheeye. It hasbeenusedwith disabledadultsand

childrento navigateacomputermouse.Thisapproach,calledelectrooculography, hasalso

beenexploredin othersystems,e.g [4]. Oneproblemis that the sensorsmust touchthe

usersface,which may be the only placethe personhasfeeling, thusmakingthe sensors

intrusive.

Another problemis with using headmountedcamerasto look at eye movements,

e.g.[2]. This approachtakesadvantageof thefactthatthefacewill alwaysbein thesame

location in the video imageif the headmovesaround. Therefore,the requirementof a

complicatedfacetrackingalgorithmis removed.However, largeheadgearis notsuitedfor

all users,especiallysmallchildren.Giventheissueswith systemsthatrequiretheinterface

to beattachedto theuser, oneof thegoalswasto designa non-intrusive systemthatdoes

notneedattachments.

Onesuccessfulcomputervision interfacesystemfor peoplewith severedisabilitiesis

the CameraMouse[5]. Disabledpeoplecontrol a mousepointerby moving their head,

�nger, or otherlimbs, while thesystemusesvideo to track themotion. A similar system

is usedby Aribnia [3]. This approachis successfulfor thosewho canmove their heads

or limbs; however, peoplewho canonly move their eyesareunableto useit. Theseare

thepeoplefor whomwe aim to provide a communicationdevice. A goalof thesystemis

thereforeto useonly informationfrom theeyes.
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2.2 FaceDetectionand Tracking

Thesystem�rst tracksthefacein orderto locatetheeyes.Facedetectionandtrackinghas

beenresearchedwith avarietyof methods[16, 41]. Theapproachoftenis motivatedby the

speci�c applicationof thefacedetectoror tracker. Suchmethodscanusefeatures,textures,

color, or templatesfor example,which aretrackedin eithertwo or threedimensions.

Previous work at Boston University have producedgood results,as presentedby

LaCasciaet al. [24]. Here,theheadis tracked in threedimensionsby registeringtexture-

mapped3D models.This allows thesystemto accuratelytrackheadtilts androtations.In

addition,thiswork focusesontheissueof varyingillumination,whichcancreateproblems

for many otherexisting facetrackers. Oneadvantageof this work is that it producesa

“recti�ed” faceimageasoutput: evenif theheadis tilted or rotated,thefacial featuresin

theoutputimageshouldbein thesamelocation.

A 3D headpositionestimatefrom trackingfacial featuresis usedby Stiefelhagenet

al. [36]. Eyesarelocatedwith aniterative thresholdingalgorithmcombinedwith geomet-

ric constraints.Mouth cornersare locatedby the horizontalprojectionin a searcharea,

followedby ahorizontaledge�nder.

Skin color analysisis oftenusedaspartof a facedetectionsystem,e.g.[17, 32, 40].

Variousmethodsandcolor spacescanbeusedto segmentpixels thatarelikely skin from

pixelsthatmaybelongto thebackground.Thisis adif�cult problembecauseskintonesare

widely variedover thepopulation.In addition,backgroundcolorsmaybesimilar to skin
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colorsby somemeasure.Having aredcarpetor awoodendoorin theimagecancausesuch

systemsto fail. An assumptionthatthebackgroundis a constantnon-skincolorwould not

work well for anapplicationthatis intendedto beusedin realworld situations.

A meanfacehasbeenusedpreviously in facedetection.Liu [25] createdameanface

with imagesfrom theFERETdatabase.Thefacewasnot usedasa templatefor matching

in thatcase.Thestatisticalmethodof Rikert et al. [30] usesmultiple headorientationsin

trainingto detectfacesthatarebothfrontalandturned.

The systempresentedin this thesisusescolor andmotion informationasa prepro-

cessingmask. A similar approachhasbeenusedpreviously to segmentthe background

andforeground,e.g.[11].

TheCarnegie Mellon facedetectionsystem[31] is importantprior work. This is just

oneexampleof theuseof NeuralNetworksin facedetection.

2.3 GazeEstimation

Many systemsthat analyzeeye informationusespecializedhardware. The useof active

infraredillumination is oneexample[13, 18, 21, 22, 26, 42]. In mostcases,the infrared

light re�ects off thebackof theeye to createa distinct “bright pupil” effect in the image.

The light is synchronizedwith thecamerato cycle on andoff for every otherframe. The

eyes are locatedby differencinga frame with the light on and a frame with the light

off, creatingthe bright pupil image. The techniqueto �nd the relative gazedirection is

to �nd the differencebetweenthe centerof the bright eye pixel area,and the re�ection
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off the surfaceof the eye from the light source. Thereareconcernsaboutthe safetyof

prolongedexposureto infraredlighting. Anotherissueis thatsomeof thesesystemsrequire

acomplicatedcalibrationprocedurethatis dif�cult for smallchildrento follow.

Avoidingspecializedhardwareandinfraredlight sourcesareimportantgoalsof more

recentefforts in computervision, e.g. [5, 14]. The systemproposedherewas therefore

designedaroundan inexpensive visible light camera.The systemcanbe run without the

needfor anexpensive imagecaptureboardor pan/tilt/zoomcamera,which hasbeenused

previously to obtainhigh resolutioneye images,e.g.[7]. Thesystemmustbeableto work

with imagesthat have a lower resolutionthan the imagesusedin previous approaches,

e.g.[6, 19, 23,35,38,45].

One methodto locatethe eyes is to usea seriesof intentionalblinks [14, 32, 37].

Someusersmaynotbeableto correctlyinitialize suchsystems,for instance,if they cannot

understandtheprocedure,or lack theability to performit correctly. This systemdoesnot

requireaninitializationor calibration,andcanthereforebemoreeasilyusedby all users.

2.3.1 Betke and Kawai

BetkeandKawai [6] useselforganizinggrey-scaleunitsto �nd thepupil positionrelativeto

thecenterof theeye. Theinputsaresingleimagesof aneye. Theoutputshowsthelocation

of thepupil in theeye. This techniquerequirestrainingon eachperson,or a similar eye.

This approachis not suitablefor human-computerinteractionbecauseit is not currently

realtime.
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2.3.2 Essaet al.

A facialfeaturestrackingsystemis presentedby Essaetal. [10] for expressionrecognition

andanalysis. Featuresare tracked with small 2D templatesandnormalizedcorrelation.

The small featurepointsareconstrainedwith physically-basedmodelparametersandin-

terpolated.Thesystemusesmany smallpointsover thewholeface,andaspeedof 5 to 10

framespersecondis achieved.

This techniquemay be applicableto eye featuretracking if there can be enough

resolutionin theinput imagesfor featuresto tracktheeyeparameters.

2.3.3 Herperset al.

In the work of Herperset al. [15], several key pointson the faceto track are identi�ed.

Theseinclude:cornersof themouthandeyes,aswell aspointson theeyebrows,nose,and

ears.

A modelof a theeye with importantfeaturesis described,includingeye corners,iris,

andeyelids.Their featuretrackerbeginsby looking for thesharpverticalcontrastbetween

the eye whites and the darker iris. The iris is segmentedby �nding the corresponding

right edgeof the iris. The inner eye cornersaredetectedby looking at strongedgesthat

arestronglycurved. Resultsarereportedof the detectionof the eye cornersandthe iris

location.Thismethodlookssomewhatpromisingathighresolutions.At lowerresolutions,

however, theremaybeproblems�nding sharpedgesto trackthepupil.
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2.3.4 Hutchinson et al.

The systemby Hutchinsonet al. [18] is an early humancomputerinterfacesystemus-

ing computervision to detecteye gaze. The systemusesactive infrared illumination to

work,andmustbe calibratedeachtime it is used. The computerscreenis divided into a

threeby threegrid for inputsof differenttypeusingeyegaze.

This systemis not well suitedfor theproposedapplicationbecauseof the following

majorproblems:active infraredillumination,acalibrationroutineis requiredfor eachuse,

andtherearepotentialproblemswith largeheadmovements.

2.3.5 Kapoor and Picard

Anothersystemthatusesactive IR to �nd andtrackthepupils is proposedby Kapoorand

Picard[22]. In thiscase,acameraunderamonitoris syncronizedwith IR lights to produce

a “bright eye” anda “dark eye” image.Theimagedifferenceclearlyshows thelocationof

thepupils. Fromtheselocationstwo regionsof interest(ROI) arecroppedout for further

eyemodelanalysis.

PrincipalComponentAnalysis(PCA) is usedto recover themodelparameters,which

consistsof pointsoutlining theeyesandeyebrows. Thesystemis trainedon a numberof

handmarkedexamples.Fromthere,the input imageis expressedasa linearcombination

of the examples.The samelinearcombinationis appliedto the control pointsto recover

the modelcontrol points. In comparisonto othersystems,becausethis approachis non-

iterative,it is idealfor real-timesystems.
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The infrared illumination portion of this approachseemsto be only usedfor the

detectionof an appropriateregion of interest. From there,the model is recoveredwith

PCA basedon theexamples.The resultslook good,but theeyesarenot tracked through

variousstatesof closure.Thesystemis ableto achieve 30fpsevenwith a largenumberof

examples.

2.3.6 Radeva and Marti

Model-basedsnakesfor featuresegmentationis presentedby RadevaandMarti [28]. Since

the snakesneedto be startednearthe features,the systememploys constrainedandre-

strictedtemplatematchingto �nd the locationsof the features.The nosecrestis located

�rst, asit is usuallynot occludedby beardsor glasses.The“bright crest” is easyto �nd.

“Pits” in the horizontalandvertical imageprojectionsareusedto hypothesizeaboutthe

locationsof the eyesandeyebrows. Simpletemplateslooking for iris andeyelashedges

areusedto localizetheeyes.

Snakesusedfor eye segmentationare�rst startedwith the irisesdueto their circular

nature.Thentheothereyefeaturesareanalyzed.Therubbersnake is attractedto thevalley

of the eye contour, dueto the darknessof the eyelashes(this is asopposedto attracting

themto edges).In addition,thedetectedpupil addsa termto theenergy functionto ensure

that thesnake deformscorrectly. Whenthelower eyelashfails to give a largevalley, edge

potentialsareusedinstead. The deformationsarecomparedacrossthe symmetryof the

nosecrestto checkthe results. The upperandlower snakesaredivided into sectionsto
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accountfor differencesin gradiantsbetweenwheretheeyelashis over eye whitesor over

thedarker iris region.

Sincetherequiredresolutionof theeyeareais unknown, low resolutionimagesmaybe

dif�cult for thisprocess.In addition,anestimateof thecomputationaltime for thismethod

is unknown. Further, once the snakes have found the correctdeformations,additional

processingwouldberequiredto determinepossiblegazedirections.

2.3.7 Siroheyet al.

In thework of Sirohey etal. [35], theiris andeyelid aredetectedandtracked.To detectthe

iris, thesystemsearchesfor thelower half of theiris boundary. This is doneby searching

for the curved edge. The parametersareconstrainedso that the systemonly searchesin

valid parameterspaces,i.e. thediameterof iris relative to eyesizeis reasonable.

Detectionof blinks canbe suppliedto featuredetectionalgorithmsto improve their

reliability. As the lower eyelid movesvery little, it is suf�cient to only usethemotionof

theuppereyelid. Informationaboutthe iris centerandeye cornersareusedin estimating

eyelid position.Theshapeof edgesof theeyelid varydependingon thedegreeof opening.

By looking upwardsfrom theiris centerfor ahorizontaledge,theeyelid shouldbefound.

Threefactsareexploited: theeyelid edgeis above thecenterof theiris whentheeye

is open,theeyelid edgeis anarcjoining thetwo cornersof theeye,andthemoreopenthe

eye, thegreaterthecurvatureof thearc.

A third-degreepolynomial is usedas it wasfound that a second-degreepolynomial
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sometimesdid not follow the eyelid curvaturecorrectly. All edgesegmentsthat are less

thanfour pixels long areeliminated. Thenthe remainingedgepixels areusedto �t the

polynomialwith a RMS errormeasure.Dif ferentsegmentsarecombinedif thesegments

havesimilarcurvaturesanddonotoverlap.Up to tripleswereconsidered.Thisleavesthree

lists of possibleeyelid candidates:singlesegments,doublesegments,andtriple segments.

Thebestcandidateis selectedby theedgesegmentabovetheiris thathadthemostnumber

of pixels.An additionalrequirementis thatsegmentscurvedownwardsandmustnot have

largeslopes.

Trackingduringa blink is doneby linear interpolationbetweenpositionsbeforeand

aftera blink. Blink detectionis fedbackinto thesystemto helpmake theresultsbetter.

2.3.8 Tian et al.

Tianetal [38] proposeadualstateparametriceyetracker. While mostrelatedwork focuses

on openeyes,in thisapproacheyesaredetectedaseitheropenor closed.

Thesystemis initialized in the �rst frame. Fromthere,innercornersof theeyesare

tracked usinga modi�ed Lucas-Kanadealgorithm. Outercornersaresearchedoutwards

alongtheline connectingtheinnertwo corners.Thisgivessomeof theeyeparameters.

Eyesareopenif the iris canbe detected.This is doneby looking searchingfor the

circleof acertainradiusthresholdwith themostedgepixels.If theiris cannotbedetected,

theeyestateis closedandthemodelonly consistsof thecornerpoints.

If theiris is detected,theupperandlowereyelid aresearchedalonga pathperpendic-
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ular to the line connectingtheeye corners.Thetrackingof the iris producesgoodresults

when high resolutionimagesare used. The iris detectionmay be problematicat lower

resolutions.

2.3.9 Yuille et al.

Thesystemproposedby Yuille etal. [44] usesadeformabletemplatemethodfor recovering

eyeparameters.Theopeneye templatefrom Tianetal. [38] wasdevelopedfrom anearlier

versionof thiswork.

Thedeformabletemplatemethodhasaproblemfor usein human-computerinterfaces

in that it is too slow for videoprocessing.In 1992,themethodtook minutesfor oneeye.

In addition,the templatemustbestartedsomewherenearandbelow theeye, otherwiseit

tendsto attractitself anddeformto theeyebrow contours.



Chapter 3

Methods

Thesystemis brokendown into two mainmodules:(1) thefacedetectorandtracker, and

(2) theeyesanalysismodule.Throughoutthesystem,ef�cient processingtechniquesmust

beusedto avoid wastingcomputingpower. Major componentsof thesystemarepresented

in Figure3.1.

Color and motion
analysis

Template correlation
over image pyramid

Motion stabilization

Projection of
difference between
left and right
eye images

Face Tracker

Comparison of min and
max to thresholds

Eye Analysis

Video Input Output:

or Center (Default)
Left, Right event

Figure3.1: Major functionsof thefacetrackingandeyeanalysissystem.

In orderto facilitateworking with the eyes,we developeda simplebut fast2D face

tracker. From the scaleand location of the found face,a region of interestfor the eye

analysismodule is obtained. The eye analysismodulethen determinesif the eyes are

looking towardsthecenter, to theleft, or to theright of thecamera.

Theoutputfrom theeye modulecanbethe input to a simplecomputercontrol inter-

face.Usually, looking centermeans“do nothing.” Theinterfacesystemcanthenmapthe

left andright outputsto eventssuchasmousemovements,left andright arrow keys,or tab

andenter(“next link” and“follo w link” for webbrowsing).Text canbeenteredin avariety

of ways.An on–screenkeyboardcanscanto thecorrectletter, or letterscanbeselectedby

19
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following a binarysearchapproach.Someof this typeof softwareis alreadyin usewith

currentinterfacesfor peoplewith disabilities[14, 5, 9].

3.1 FaceDetectionand Tracking

(a) Input (b) Color (c) Motion
(low-pass �lter
disabled)

(d) Correlation (e) Masked
Correlation

Figure3.2: Pyramidsusedby thefacedetectionandtrackingalgorithm.Fromleft to right:
greyscaleinput, color, motion,correlation,maskedcorrelation.Thefaceis detectedin the
third smallestresolutionimage.

The systemusescolor, motion, and correlation-basedtemplatematchingto detect

and track faces. It can detectand track different size facesat variousdistancesto the

camera.This allows usersto move closeror fartherfrom thecameraandstill bedetected

automatically. To achievethis,thesystemusesimagepyramids[1], asshown in Figure3.2.

Eachpyramid consistsof eight levels. The highestresolutionimagein the pyramid is

the 640� 480video frameandthe lowestresolutionimagecontains32 � 24 pixels. All
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resolutionsareshown in Table3.1. In eachlevel of thepyramid, thesystemsearchesfor

a faceof size12� 16. This approachallows thesystemto operatein real time. Thelevel

of the pyramidat which the faceis detectedcanthenbeusedto infer the “true” sizeand

locationof theface,whichis thesizeandlocationof thefacein theoriginalvideoframe.In

particular, whenthepersonis far from thecameraandappearsrelatively smallin thevideo

frame,thesystemcanef�ciently detectthefacein a high-resolutionlevel of thepyramid.

In thecasewherethepersonis closeto thecameraandthereforeappearsrelatively large

in the original video frame,the faceis detectedef�ciently in a lower resolutionlevel of

thepyramid. Thefollowing algorithmdescribesthefacetrackingalgorithm,wheretheP

variablesreferto anentirepyramid,Ct is theresultof thecolorhistogramlookup,andM t

is thecurrentmotionimage.
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input : Color video640� 480
output : Locationandscaleof face:(x, y, scale).
for Each videoframeI t do

/* Color imageanalysis*/
begin

Ct  histogram-lookup(I t)
PColor  pyramid-decimate(Ct )
PColor  average-�lter(PColor , 12� 16)
PColor  threshold(PColor , 10)

end
/* Motion analysis*/
begin

M t  jI t � I t � 1j
PM otion  pyramid-decimate(M t )
PM otion  average-�lter(PM otion , 12� 16)
PM otion  threshold(PM otion , 10)
PM otion  add-prior-location(PM otion , x, y, scale)

end
/* Templatematching*/
begin

PI nput  pyramid-decimate(I t )
PM asked  PI nput &PColor &PM otion

PCor r elation  normalized-correlation-coef�cient(PM asked, facetemplate)
end
/* Find locationandscaleof theface*/
(x, y, scale) arg-max-value(PCor r elation )

end

Algorithm 1: Facetrackingalgorithm

3.1.1 Skin Color Analysis

Skin color hasbeenusedpreviously to track faces,e.g., [17, 32, 40]. It is a dif�cult

problembecausethereis a wide variety of skin tones,andmany backgroundcolorsmay

be misinterpretedasskin. In this system,it is usedasa preprocessingmask,as in [11].

Thecolor input imageis convertedinto theYUV color space.TheYUV color spacewas
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Table3.1: Resolutionsusedby the imagepyramids. Coordinatesin any index scalecan
betransformedinto coordinatesin the640� 480input frameby multiplying by thescale
factor.

Index Width Height ScaleFactor
0 640 480 1
1 320 240 2
2 160 120 4
3 128 96 5
4 80 60 8
5 64 48 10
6 40 30 16
7 32 24 20

chosenbecausethecameracanbecon�guredto provide imagesnatively in thatformat.A

new imageis createdwith a2D histogramlookupin UV space.Thehistogramis shown in

Figure3.4. If a colorpixel's lookupon thehistogramfor thespeci�edUV valueis greater

than zero, then the pixel is marked as skin with the brightnessvalue from the lookup,

otherwiseit is marked as not skin, with a brightnessvalueof zero. An exampleresult

from thehistogramlookupis shown in Figure3.3(a).Theimageis blurredusingGaussian

smoothing,with a 5 � 5 approximationto a Gaussian�lter [20], thendecimatedinto the

otherpyramid levelsby removing rows andcolumns.We areonly interestedin groupsof

pixels that aremarked asskin andhave the sameshapeandscaleof the facethat we are

trying to detect.Thereforesmallareasthatareincorrectlydetectedasskinmayberemoved

asfollows. A low pass�lter is appliedalongeachlevel of thepyramid.This �lter averages

thepixelsoveraneighborhoodof 12� 16in eachpyramidlevel. This is thesizeof theface

thatwe aim to detect.Thesizeof the �lter devaluatesgroupsof skin-detectedpixels that

aresmallerthanthescaleof the faceat the appropriatepyramid level, while maintaining
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groupsof pixelsat thecorrectscale.An intermediateresultis presentedin Figure3.3(b).

A secondthresholdis usedto markthegroupsof pixelsat thetargetscaleandremove the

otherpixels. In the implementation,a valueof 10 is usedfor this threshold. The �lter

andthresholdalsoserve to �ll in holesthatwerenot detectedasskin but couldbepartof

the face,asseenin Figure3.3(c). Thepyramidof the resultingbinary imagesareshown

Figure3.2(b).

(a)Resultof histogramlookup. (b) Resultafterlow-pass�lter . (c) Resultafterthreshold.

Figure3.3: Color Analysis: Intermediateimagesfrom the160� 120resolutionpyramid
level. Noticethatthesmallgroupof pixelsto theleft of thefacein (a) areremovedin the
result(c), while theeyesare�lled in. Note: (a)and(c) werecomputedfrom thesameinput
frame.

Thecolorhistogramwastrainedon15faceimages.Theimagesweremarkedby hand

with a rectanglecoveringmostof thefacialregions.In caseswherethecolorsegmentation

fails to provide goodresults,the histogramcanbe retrainedduring operationsimply by

clicking on areasof skin in thelivevideo,asin Figure3.5(a).Thehistogramcanbesaved

andloadedso that it canbe usedagainfor the sameuseror lighting conditionswithout

retraining.



25

U-V 2D Histogram

 0
 50

 100
 150

 200
 250

U Channel
 0

 50

 100

 150

 200

 250

V Channel

 0

 50

 100

 150

 200

 250

Histogram Bin Value

Figure3.4: 2D Histogramlookuptablethatwastrainedonskincolor.

(a)ColorHistogramTraining. (b) CorrelationTemplateTraining.

Figure3.5: Training Interfaces. Thesewindows canbe openedduring the operationof
the systemto train the color histogramor replacethe templateusedby the correlation
algorithm. (a) Theuserrepeatedlyclicks on thefaceskin areasto train thehistogram.(b)
Theuser�rst clicks on thenoseto selectthelocationof theface,thenmovesthesliderto
selecttheappropriatescale.
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3.1.2 Motion Detection

As in the skin color analysis,apparentmotion in the imageis usedas a preprocessing

mask. A simple assumptionis behind the motion analysis: if the personmoves, then

framedifferencingshould�nd the pixels wheremotion occursin the image. The frame

differencingcreatesamotionimage.Theframedifferencingcanbede�ned as:

M (x; y) = abs(I t (x; y) � I t � 1(x; y)) ; (3.1)

wherethe pixels of the motion imageM (x; y) are the absolutedifferencebetweenthe

pixelsof thecurrentimageframeI t andtheprevious imageframeI t � 1. Sincethecurrent

framerateis 15framespersecond,thoseframeswill representimagestakenapproximately

67 millisecondsapart. A higher frame rate may require the algorithm to be modi�ed

to maintaina similar temporalseparationbetweenframes. An examplemotion imageis

shown in Figure3.6(a).

Themotionimageis thendecimatedinto a pyramid. As in thecolor analysis,we are

interestedin �nding a faceof size12� 16. A low passaveraging�lter of support12� 16

andsubsequentthresholdingarethereforeappliedto remove motionthatcannotbedueto

the motion of the face. Figures3.6(b)and3.6(c)demonstratethesesteps.Figure3.2(c)

shows a motion imagepyramidwith the low pass�lter disabledto betterhighlight pixels

thatcontributeto themotionimage.A thresholdvalueof 10 is usedin theimplementation.

In the casewherethere is little or no motion, we assumethat the faceshouldbe
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(a)Motion image. (b) Resultafterlow-pass�lter . (c) Resultafterthreshold.

Figure3.6: Motion Analysis: Intermediateimagesfrom the160� 120resolutionpyramid
level. Note: (a)and(c) werecomputedfrom thesameinput frame.

found nearthe samelocationandscaleasfound in a previous frame. Whenthe system

initializesandthereis no previously detectedfacelocation,any locationis setastheprior

location. In subsequentframes,the locationswithin 5 pixelsof thepreviously foundface

locationaresetto onein the binary motion image. This preventsthe motion maskfrom

excluding the previous facelocationfrom the correlationsearchin caseswhenthereare

little or no motion. Thetwo adjacentmotionpyramidlevelsarealsomodi�ed in this way

to accountfor movementstowardsor away from the camerathat are not caughtby the

motionsegmentation.

3.1.3 Detectionand Tracking via Corr elation

Normalizedcorrelationtemplatematchingis usedto �nd theexact locationof theface.A

12� 16facetemplatewascreatedby averagingthebrightnessvaluesof 8 faceimages,and

modi�ed with a paint program. The greyscaleinput pyramid (Y channelfrom the YUV

color image)is maskedby thecolor andmotioninformationpyramids.Thefacetemplate
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is thencorrelatedoverall levelsof thismaskedpyramid.

The templatematchingis computedas follows for a single input image. Let the

templatedimensionsbew � h pixels,andthe input imagedimensionsbeW � H pixels.

Theresultingimagethenhasdimensions(W � w + 1) � (H � h + 1) pixels.Eachlocation

(x; y) in the result imagerepresentsthe similarity betweenthe templateand the image

region(x; y) to (x + w � 1; y + h � 1). Thenormalizedcorrelationcoef�cent is computed:

~R(x; y) =

h� 1X

y0=0

w� 1X

x0=0

(T(x0; y0) � T) � (I (x + x0; y + y0) � I (x; y))

vu
u
t

h� 1X

y0=0

w� 1X

x0=0

(T(x0; y0) � T)2
h� 1X

y0=0

w� 1X

x0=0

(I (x + x0; y + y0) � I (x; y))2

; (3.2)

whereT(x; y) andI (x; y) arethepixel valuesat location(x; y) in the templateandinput

imagerespectively, T is themeanpixel valueof thetemplate,andI (x; y) is themeanpixel

valueof theinput imageregion (x; y) to (x + w � 1; y + h � 1). Probablelocationsof the

templatein the imagecanbe found in a local or global maximumof the resultingimage

values[8]. The resultingimagefrom the normalizedcorrelationcoef�cent is shiftedby

( w
2 ; h

2 ) sothatthevalueat (x; y) correspondsto thesimilarity of thecenterof thetemplate.

The correlationdescribedabove is computedfor the sameface templateover all

imagesin the input pyramid. Theresultingunmaskedandmaskedpyramidsareshown in

Figures3.2(d)and3.2(e).Themaximumcorrelationpeakamongall of thelevelsindicates

the locationof the face. The scaleof the faceis inferredby the level of the pyramid at
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which themaximumis found.

Maskingtheinput imagewith informationfrom colorandmotionanalysisservestwo

purposes. By removing the backgroundpixels, there is lessof a chancethat the face

templatewill correlatewell with somethingthat is not a face. Secondly, by eliminating

thosepixelsaspossiblelocationsof theface,thesearchspacefor thecorrelationfunction

is reduced.Therefore,a smartimplementationof thecorrelationfunctionwould beableto

skipcomputationsfor thoselocationsandincreaseoverallef�ciency.

A “meanface” hasbeenusedpreviously in facedetection,e.g. [25]. That the face

templateis createdwith theaveragebrightnessof multiple people,andthat it is relatively

smallsothatit is acoarsehumanface,allowsthesystemto �nd afacein theimagethatwas

not usedin thecreatingthetemplate.Matchingthis templateover thepyramidallows for

fastcorrelationwhile preservingtherelevantinformation,thatit is a face,in any particular

level.

Insteadof usingthe averagefacetemplateprovided by the system,the operatorhas

theoptionof initializing the templatewith the faceof thecurrentuser. This canbedone

by clicking on the noseof the face in the imageon the screen,and then selectingthe

correctscale.Examplesof a meanfacetemplateanda userspeci�c templateareshown in

Figure3.7.
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(a)Meanfacetemplate. (b) Userspeci�c facetemplate.

Figure3.7: Facetemplatesusedby thecorrelationalgorithmto �nd thescaleandlocation
of the face.Theuserspeci�c facetemplatewascreatedwhentheuserwasmorebrightly
lit from oneside.

3.2 Eye Analysis

Fromtheoutputof thefacetracker, approximatelocationandscaleof theeyesareknown

basedoncommonanthropomorphicproperties.Two imagesin theeyeregionof interestare

croppedout from thehighestresolutionimage.This regionconsistsof thepixelsabovethe

centerof theface,andto theright andleft of centerfor theright andleft eyesrespectively.

Sincetheir sizedependson the scaleat which the facewasfound, theseimagesarethen

scaledto 60 � 80 pixels using linear interpolation. Movementof the headin the image

planeor into differentscalelevelsof thepyramidareaccountedfor to keepeyesnearthe

centerof thecroppedimages.Thescalingof the imagesmaintainsthesizeof theeyesin

theimageswhenthefaceis foundin differentscales.
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input : Video640� 480, facelocationandscale(x, y, scale)
output : Gazeclassi�cation: left, center(default), right
for Each videoframeI t do

/*Computeeye regionof interests(ROI)*/
ROIlef t  compute-ROI(x, y, scale,left)
ROIr ight  compute-ROI(x, y, scale,right)
/*Crop andrescaleeye images*/
I `;t  crop-resize-ROI(I t ; ROIlef t , scale)
I r ;t  crop-resize-ROI(I t ; ROIr ight , scale)
/*Motion stabilization*/
begin

M `;t  jI `;t � I `;t � 1j
M `;t  threshold(M `;t , 30)
M r ;t  jI r ;t � I r ;t � 1j
M r ;t  threshold(M r ;t , 30)
Moment̀  �rst-order-moment(M `;t )
Momentr  �rst-order-moment(M r ;t )
I `  recenter-eye(I `;t ; Moment̀)
I r  recenter-eye(I r ;t ; Momentr )

end
/*Left-right eyecomparison*/
begin

/* M ` andM r arerecenteredmotionmasks*/
I `  I `&M `

I r  I r &M r

a  compute-difference-projection(I ` ; I r )
amin  min(a)
amax max(a)
imin  argmin(a)
imax argmax(a)
if amin < � Tp andamax> Tp then

if imax� imin > Td then
Output: right

end
if imax� imin < � Td then

Output: left
end

end
Default Output: center

end
end

Algorithm 2: Gazeanalysisalgorithm
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3.2.1 Motion Analysisand Stabilization

Ideally, thetwo eye imageswouldstayperfectlystill in thecroppedeye imagesevenasthe

headmoves.However, slightmovementsof theheadby afew pixelsmaynotbeaccurately

trackedby thefacetracker. A methodmustbeusedto stabilizetheimagesfor comparison,

sincemotionwill occurduringblinksandeyemovements.Framedifferencing,asdescribed

in Equation3.1,is usedcreateeyemotionimagesasshown in Figure3.8.A thresholdvalue

of 30 is usedin the implementation.The�rst-order moments[20], sometimesconsidered

the“centerof mass”for a binary image,arecalculatedfor theseimages.Thesepointsare

usedto stabilizetheimageby adjustinglocationof theregion of interestin thefaceimage

sothattheeyesappearin thesamelocationsin theeye images.

Figure3.8: Motion detectedby framedifferencingis thresholdedandusedasa maskfor
theleft-right imagedifferencing.

3.2.2 Left–Right EyeComparisons

Thefollowing methodis themostimportantcontribution of this thesis.The left andright

eyesarecomparedto determinewheretheuseris looking. To accomplishthis, theleft eye

imageis mirroredandsubtractedfrom theright eye image.If theuseris lookingstraightat

thecamera,thedifferenceshouldbevery smallandthesystemdeterminesthattheuseris

looking straight.On theotherhand,if theeyesarelooking left, thenthemirroredleft eye
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imagewill appearto belooking right asshown in Figure3.9(b).

The signeddifferencebetweenthe two imagesshow distinct pixel areaswherethe

pupils are in different locationsin eachimage. The unsigneddifferencecanbe seenin

Figure3.10.To furtherreduceextra informationfrom theimageareasoutsideof theeyes,

the imagesaremasked by their thresholdedmotion images,obtainedasdescribedin the

previoussection.To determinethedirection,thesigneddifferencesareprojectedontothe

x-axis. Theresultsof theseprojectionscanbeseenin Figure3.11. Thesigneddifference

will createpeaksin the projectionbecausethe eye sclerapixels are lighter than pupil

pixels.Whentheeyeslook straight,thesevaluesnearlycancelthemselvesoutcreatinglow

differences.Whenthepersonlooksleft, therewill beanareaof scleraminuspupil pixels

followedby anareaof pupil minussclerapixelsalonga horizontalaxis.Thiscomputation

is thusa light areaminusdarkarearesultingin anareawith largepositivevalues,followed

by darkareaminuslight area,resultingin anareawith largenegativevalues.Theopposite

orderholdstruefor right–lookingeyes.

A strongpositive peakfollowed by a negative peakin the projectionindicatesleft

direction,while astrongnegativepeakfollowedby apositivepeakindicatesright direction.

If thepositiveor negativepeaksdonotexceedacertainthreshold,thenthedefault (looking

center)valueis theoutput.

Let I ` andI r bethem � n left andright eye imagesmaskedby motion information.

Theprojectionof thesigneddifferenceontovectora = a1; : : : ; am is computedby:
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(a) Right eye
looking left

(b) Mirrored left
eye looking left

Figure 3.9: Eye imagesautomaticallyextractedfrom input video by face tracker and
alignedby motionanalysis.

(a) Eye different
for left-looking
eyes

(b) Eyedifference
for straight-
looking eyes

Figure3.10: Dif ferencebetweenright andmirroredleft eyes. (a) Eyesarelooking to the
left; arrowshighlightlargebrightnessdifferences.ComputedbydifferencingFigures3.9(a)
and3.9(b).(b) Eyesarelooking straightahead.
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Figure3.11: Resultsof projectingthe signeddifferencebetweenright andmirrored left
eyes onto the x–axis. Left: the result of left–looking eyes. Right: the result of right–
lookingeyes.
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ai =
nX

j =1

(I r (i; j ) � I ` (m � i; j )) : (3.3)

Two thresholdsTp and Td, are usedto evaluatewhethera motion occurredto the

right, left, or not at all. The thresholdscanbe adjustedto changethe sensitivity of the

system.First, themaximumandminimumcomponentsof theprojectionvectora andtheir

respective indicesarecomputed:

amin = min
i

(ai ) and amax = max
i

(ai ); (3.4)

imin = argmin
i

(ai ) and imax = argmax
i

(ai ): (3.5)

Therefore,

amin = ai min and amax = ai max : (3.6)

Theminimumandmaximumvaluesarethencomparedto theprojectionthresholdTp:

amin < � Tp and amax > Tp: (3.7)

This thresholdassuresthat thereis a suf�cient brightnessdifferenceto indicatea left or

right motion.Thesuggestedrangefor this thresholdis 400� Tp � 750.

ThesecondthresholdTd is usedto guaranteeaminimalspatialdifferencebetweenthe

minimum andmaximumprojectionvalueswhenmotion is detected.This helpsprevent
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motionthat is not an intentionaleye movementfrom beingdetected.Theimplementation

usesa valueof Td = 8. Thedirectionof motionis determinedasfollows:

imax � imin > Td ) `right motion' (3.8)

imax � imin < � Td ) `left motion': (3.9)

3.3 Interface Output

A limit wassetonhow frequentlyeventscanbetriggeredin orderto avoid thesystemfrom

becomingconfusedand triggeringmany eventsin quick succession.Useof the system

foundthatsettingthis limit to onceevery0.5secondsworkswell. In thefuturehowever, it

maybepreferableto let theuserkeeplooking to onesidein orderto triggermany eventsin

a row to simulateholdingdown anarrow key. Audio feedbackor multiplemonitorswould

beneededto let theuserknow wheneventsaretriggered.

The detectedeye motion classi�cation describedin the previous sectionis usedto

determinewhenan event shouldbe sent. Sincethe systemis implementedin Microsoft

Windows, the implementationcreatesa “windows message”that instructsthe operating

systemtosimulateakeyboardpress.When“right motion” is detectedin Equation3.8,aleft

arrow key pressis simulated.Similarly, the“left motion” detectedby Equation3.9causes

a right arrow key pressto besimulated.Thesimulatedkeys canbechangeddependingon

the applicationthe userwishesto control. Although the currentsystemdoesnot control

a mouse,it could be modi�ed to move the mouseright or left when the corresponding
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motionsaredetected.

3.4 BlockEscapeGame

BlockEscapeis a gamethat is easyto learnwhich allows for an interactive andengaging

userexperiencewhile concurrentlyproviding a useful framework for testingHCI tech-

niques.Its developmentwasmotivatedby the fact thatmany applicationswhoseprimary

goal is testingan HCI systemignore that the test subjectcannotbe expectedto remain

attentive for long periodsof time. Providing an enjoyablegameasa statisticsgathering

deviceallowssubjectsto play for longstretchesof time,andthusallowsfor usto retrievea

largeamountof datawhile testssubjectsuseEyeKeys. Figure3.12shows a screenshotof

BlockEscape.

Therulesof thegameareasfollows. Thewall levels,which aretheblackrectangles

in Figure3.12,are�x edobjectsthatmoveupwardsat a constantrate.Theuser, who only

controlsthewhiteblock,mustleadit into theholesbetweenthesewalls,whereit will “f all

through”to thenext wall level. To leadtheblock, theuseris restrictedto move in a plane

perpendicularto theorientationof theboard.

By default, the boardis orienteddownward; thereforethe useris restrictedto move

horizontallyin two directions,left andright. In ourcase,theblock is triggeredby issuinga

`left motion' or `right motion' command.ThecommandcanbeissuedusingtheEyeKeys

interface,the mouse,or the left/right keys on the keyboard. The block will continueto

move in that directionuntil the wall level is exited or a key in the oppositedirection is
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Figure3.12:Screenshotof thegameBlockEscape.Theplayernavigatestheblock through
the holesby moving the mouseleft or right asthe block falls towardsthe bottomof the
screen.

pressed.Whentheblockreachesthebottomof thescreen,theuserwins. Conversely, if the

blockever reachesthetopof thescreen,thegameends.

Therearenumerouswaysto con�gure gameplay. Thesigni�cant con�gurationsare

redraw speedandwall levels per screen.The redraw speedspeci�es the redraw interval

of the game,the higherthe setting,the slower andthereforemoremanageablethe game

play. Thewall levelsperscreenallows theuserto con�gure how closethewalls cometo

eachother, the higherthe setting,the moredif�cult the gameplay. Thesesettingsallow

thegameto becon�guredappropriatelyfor theabilitiesof theuserwith achoseninterface

method.

3.4.1 Methods for Gathering Statistics

Incorporatedwithin BlockEscapeare detailedusagestatisticsthat are generatedduring

gameplay and compiled into XML (ExtensibleMarkup Language)documents. These
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statisticsoffer a detailedview of theblocksmovementsthroughoutthegame,includinga

scorethatgaugestheusersmovement“mistakes”comparedto “good” movements.

Supposethat the block is on the rightmostsideof the screen,and that thereis one

holeon the leftmostsideof thescreen.It would be a mistake, then,if theusermovedto

the right at any time, sincethereis clearly only onepossiblemovementthat will leadto

success.In caseswith multiple holeson a particularwall level, if thereis a clearchoice

whichdirectionto choose,thenstatisticscanstill bereported.Thefollowing equationsare

usedto determinetheseplayerdeviations:

dij = jx ij � hi j (3.10)

D ij =

8
>>><

>>>:

0 if dij < di � 1 j , or j = 0

1 otherwise

(3.11)

wherehi is thehole's positionon wall level i andx ij is theblock's positionon wall level

i at time j . Distancedij is de�ned asthedistancefrom theblock's currentpositionto the

holeandD ij determineswhethertheblock is closeror fartheraway from thenearesthole.

Thenormalizeddeviation for wall level i is de�ned as:

� i =
1
sg

W iX

j =1

D ij (3.12)

wheres is the currentblock speedin pixels,g representsthewidth of the gameboardin
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pixels,andWi is thenumberof cyclestheblock is on wall level i . Theaveragestandard

deviation is:

� avg =
1
n

nX

i =1

� i (3.13)

where� avg is theaverageplayerdeviationoverall wall levels,andn is thenumberof wall

levels.

Severalusersemploying akeyboardto playthisgameexhibiteda� avg � 0, andthusit

is assumedthatall movementerrorslie with theHCI system.Theseerrorsarerepresented

by a deviation scorein the �nal statisticsreport,which displaysthenumberof deviations

for eachindividual wall level, anda coordinatepair listing denotingthe pixel extentsof

eachindividualwall in thewall level.

This informationmaythenbeusedto reconstructtheexactwall level sequenceaswas

seenin a previousgame,allowing theuserto play thesamegamemultiple times. This is

usefulin that the gamecannow usethesamewall level sequenceon multiple users,and

thusgetresultsthatarecomparable.



Chapter 4

Experimentsand Results

Two experimentswereconductedto evaluatethe EyeKeys system. The �rst experiment

providesresultson the performanceof the classi�cationsystem. In this test, the useris

asked to “look left” or “look right”, andtheclassi�cationof thesystemis recorded.The

secondexperimentevaluatesthe useof EyeKeys asan interfaceto a possiblereal-world

application.TheBlockEscapegameusesleft andright commandsto movea block on the

screen.Othergamesor applicationsthatcanbemodi�ed to take only two inputsmaybe

ableto becontrolledin asimilar fashon.In addition,theBlockEscapeexperimentmeasures

thedeviationof theusercontrolledblock from anoptimalpath.

4.1 EyeKeysClassi�cation Experiment

Experimental Setup. EyeKeys is designedto be usedby a personsitting in front of a

computerdisplay. Thecamerais mountedon theendof anarticulatedarm,which allows

the camerato be optimally positionedin front of a computermonitor. The USB camera

usedis aLogitechQuickcamPro4000,with a retail priceof $79.99.Thetestswererunon

anAthlon 2100.

Testswere createdto determineif the systemcan detectwhena userintentionally

looks to the left or to the right. The averagefacetemplateusedby the tracker was�rst

41
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updatedto includethetestsubject.Testsubjectsweretold to look at thecomputermonitor.

Whenasked to look left, the testershouldmove their eyesto look at a target point to the

left of themonitor. A similar targetwasto theright sideof themonitor. After thelook was

completed,theusershouldlook backat themonitor.

A randomorderedsequenceof twentylookswascreated:tento theleft andtento the

right. Thesamesequencewasusedfor all thetestsubjects.If thesystemdid not recognize

a look, theuserwasaskedto repeatit. Thenumberof triesrequiredto make a recognition

wasrecorded.If thesystemmadeanincorrectrecognition,that factwasrecordedandthe

testproceededto thenext look in thesequence.

Results. The systemwas testedby 8 people. All of the facesof the testsubjectswere

correctlytracked in both locationandscalewhile moving between2 and5 feet from the

camera. The systemcorrectly identi�ed 140 out of 160 intentional looks to the left or

right. Thiscorrespondsto an87.5%successrate.For thesystemto detectandclassify160

looks,theusershadto make248attempts.Onaverage,1.55actuallooksaremadefor each

correctlyidenti�ed look event.Theresultsaresummarizedin Table4.1.

Table4.1: Resultsof testingtheuserinterfacesystemonasequenceof left andright looks.

Observed

Actual
Left Right % Correct

Left 72 12 90.0%
Right 8 68 85.0%
Missed 40 48

Someof the testsubjectsweremoresuccessfulthanothers. Onesubjecthadall 20

lookscorrectlyidenti�ed while making24 actuallooks. Caseswherean incorrectrecog-
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nition occuredweredueto a problemwith alignmentof the right andmirrored–lefteyes.

Themethodof aligning theseeyesusingthe �rst-order momentof eye differenceimages

describedpreviously is notentirelyrobust.Possiblesolutionsto thisproblemarediscussed

in Chapter5. The numberof extra look attemptsis probablydueto high thresholdsthat

were chosento avoid falsedetectionof looks, since it is better to miss a look than to

misclassifya look. Other incorrectrecognitionsweredue to the systemmissinga look

in onedirection,but detectingeye movementbackto thecenterpositionasa move in the

oppositedirection.

4.2 BlockEscapeExperiment

Experimental Setup. Four test subjectsparticipatingin this experimentwere readthe

rulesof BlockEscape,followed by two demonstrationsof the gameusinga mouse. We

choseto test the CameraMouse in this experimentin order to gaugethe effectiveness

of EyeKeys againsta previously developedHCI systemfor peoplewith disabilities. The

keyboardwaschosenasa control againsttheHCI systems.All subjectswereunfamiliar

with BlockEscape,EyeKeys,andtheCameraMouse.

In the“practice” phase,thesubjectswereallowedto becomefamiliar with thegame

andthe interfaces.They playedup to threetrial games,or for up to threeminutes,on the

keyboard,CameraMouseandEyeKeys. They werethenasked to play at leastonegame

for 30 secondswith eachdevice.

For the “trial” phase,the testsubjectsplayedthreegameson eachinput device, the
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resultsareshown in Table4.2.

Table4.2: Resultsof four usersemploying threedevicesto play BlockEscape.Units are
percetageof gameplayingarea.

Device
EyeKeys CameraMouse Keyboard

� avg 2.9 2.27 0
Median 2.54 0 0
Std.Dev. 4.01 2.68 0
Wins 10

12 (83%) 10
12 (83%) 12

12 (100%)

Results.Themostnoteworthyportionof theresultsin Table4.2is thehighwin percentage.

Noticethatthewin percentageof EyeKeys comparedto theCameraMousewasthesame,

althoughEyeKeys hada higher� avg, median,andstandarddeviation. It is alsoof interest

that a CameraMousefailure requiresmanualinterventionto correct,while an EyeKeys

usercouldmerelylook in theappropriatedirectionto correcta mistake. EyeKeys alsohas

theadvantagethat theuserdoesnot needto move their headin orderto interactwith the

computer.

Usershad different levels of successwith EyeKeys. One usermasteredEyeKeys

quickly, winning all threegames,but had trouble with the CameraMouse: losing one

gameandperformingpoorly on another. With EyeKeys,all theotherusersimprovedtheir

performanceon succeedinggames.Thisdid not hold truefor theCameraMouse.

4.3 Initial Experience:A Userwith Severe Disabilities

Rick Hoyt was able to hold a preliminary test of the EyeKeys system. Rick hascere-

bral palsy, and can control his eyes and headmovements. However, he also hassome
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involuntary headand limb movements. Sincehe is non-verbal, his primary methodof

communicationis to usesmallheadnodsto spelloutwordsandsentenceswith anassistant.

He is alsoableto usea computerby pressinga switch with his head.Previously, he has

helpedtestandevaluatetheCameraMousesystem.

TheEyeKeys systemwas�rst evaluatedwhile trackinghis headandeyes.Oneprob-

lemwasimmediatelyapparent:hehasdif�culty holdinghisheadstraightup. Sincetheface

tracker assumesthat theheadwill bestraightup, it wasnot immediatelyableto track the

headcorrectly. Re-initializing the facetemplatesolved this initial problemwith tracking

the face. However, the eye analysisalgorithmassumessymmetryacrossa vertical face

as well. Repositioninghis body in the chair allowed him to moreeasily hold his head

vertically. Thefacetrackerwasthenableto trackthefacemoreaccurately.

Figure4.1: Rick Hoyt teststhe EyeKeys system.Rick's usualcomputerinterfaceis the
singlebuttonmountedto theright behindhishead.

Thesystemwasevaluatedby askinghim to look at thecomputermonitor, andthento

makeleft andright looks.Thesystemwasableto correctlyidentify mostof thetimeswhen
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he looked to onesidewithout moving his head.Many of the attemptshe madewerenot

correctlyidenti�ed becausehealsomovedhisheadto thesideto try to look at thetarget.

He wasaskedto usetheEyeKeys systemto move a window left andright acrossthe

screen.In mostcases,it wasobservedthathewasableto movethewindow in thedirection

thathewasasked. Sometimes,involuntaryheadmotionwould causethesystemto detect

anunintentionaleyeevent.

He had more of a problemwith the BlockEscapegamewhen using EyeKeys than

whenusingtheCameraMouse.Oneissueis thathehasusedtheCameraMouseto control

a computerin the past,andis thereforeaccustomedto controlling the computerwith his

head.Whenthegamewouldbegin,hecouldnothelpmovinghisheadin anattemptto play,

while for themostpart keepinghis eyes�x ed on thecomputerscreen.Headmovements

have alsobeenhis only methodof communicating,so it maybedif�cult for him to try to

useonly eyemovementswhile keepinghis headstill.

4.4 Real-Time Performanceof System

The systemachievesreal–timeperformanceat 15 framesper second,which is the limit

of the USB cameraat 640 � 480 resolution. The BlockEscapegamehad no problem

runningconcurrentlywith the real-timevision interfacesystem.Observation experience

indicatesthattheperformanceof thesystemeasilyenablesit to runconcurrentlywith other

applicationssuchasspellingprogramsandwebbrowsers.Thetimecomplexity is analyzed

in thenext chapter.



Chapter 5

Discussionsand Futur e Work

5.1 Real-Time Performanceand Algorithm Complexity

Thecorrelationmoduleof thefacetracker is themostcomputationallyexpensive function

requiredin thesystem.Thefacetrackeremploysmulti-scaletechniquesin orderto improve

real-timeperformance.Thetemplatecorrelationover theimagepyramidis moreef�cient

than performingmultiple correlationswith a scaledtemplate. In addition to improving

accuracy, the color and motion information is usedto reducethe searchspaceof the

templatecorrelation,furtherimproving ef�ciency.

In thefacedetection,all of thefollowing processeshave a computationtime linearin

thenumberof pixelsN in theimage:histogramlookup,pyramiddecimation,thresholding,

framedifferencing,andimagemasking. The averaging�lter andnormalizedcorrelation

have a �x ed�lter size,sothey remainlinearin thenumberof pixels.For theeye analysis,

thefollowingarealsoO(N ) in thesizeof theinputimage:resampling,�rst-order moments,

and differenceprojection. Minimum and maximumpeakvaluesand location searchis

linearin thewidth m of theimage.Thesizeof theinputdimensionsis N = w � h pixels,

andthe sizeof the facesearchedfor is p � q pixels. For the eye analysis,N = m � n

is the dimensionsof the croppedeye images.Tables5.1 and5.2 show the runningtime

complexity of thefacetracker andeyeanalysisalgorithmsrespectively.

47
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Table5.1: Timecomplexity of thefacetrackingalgorithm.
Procedure TimeComplexity

Color analysis
histogramlookup w � h
pyramiddecimation w � h
average�lter w � h � p � q
thresholding w � h

Motion analysis
framedifferencing w � h
pyramiddecimation w � h
average�lter w � h � p � q
thresholding w � h
addprior location constant

Templatematching
pyramiddecimation w � h
maskinginput w � h
normalizedcorrelation w � h � p � q

Location and scaleoutput
maxcorrelationpeaksearch w � h

Table5.2: Timecomplexity of eyeanalysisalgorithm.
Procedure TimeComplexity

Cropping eye images
computeROI constant
rescaleimages m � n

Motion stabilization
framedifferencing m � n
thresholding m � n
�rst-order moments m � n
recentereye m � n

Right-left eyecomparison
imagemasking m � n
differenceprojection m � n
min andmaxpeaks m

Classi�cation output output
thresholdcomparison constant
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Theeyeanalysisclassi�cationis relatively inexpensiveto compute.Theeyedirection

is computedin time linearto thesizeof theeye image.Thefacetracker is morecomplex,

wherethetime for thenormalizedcorrelationandtheaveraging�lter dependson thesize

of theinputaswell asthesizeof the�lter or template.

5.2 DesignMoti vations

Theability to updatetheaveragefacetemplateis importantfor thecorrelationtracker. This

canhelp�x two problems.Theaveragefacetemplateallowsmostpeopleto usethesystem

without manualinitialization. However, if the user's facedoesnot correlatewell with

thecurrenttemplate,theupdatedtemplatewill bemorespeci�c to theuserandwill work

better. A templatefrom onepersongenerallyworkswell in �nding anotherpersonsincethe

informationcontainedin thetemplateis non-speci�c. Anothersigni�cant bene�t of being

ableto changethe templateis thatanupdatedtemplatewill allow thecorrelationto work

betterunderdifferentlighting conditions.Thetemplatecanbesavedandloadedsothat it

doesnot have to be retrainedfor thesameuseror lighting conditions.While normalized

correlationcanwork with uniform intensitychanges,it hasproblemsif theuserbecomes

morebrightly lit from oneside.Updatingthetemplatesolvesthis.

The classicalimagepyramid consistsof imagesthat are half the resolutionof the

previous pyramid level. The facecanbe locatedat non-discretedistanceintervals from

thecamera.Theuseof a classicalpyramidwould requirethe faceto befoundat discrete

intervalsthatarefarapart,i.e. thefaceappearancein theimagewouldneedto halvein size
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in orderto befoundin ahigherpyramidlevel. Thepyramidusedin thissystemconsistsof

intermediatelevels,so that thefacecanbefoundat morediscreteintervals. Thetemplate

correlationcanlocatea faceasit movescloseor far from the camerasat theseintervals,

whereasit wouldhavedif�culty with thelevelsusedin aclassicalimagepyramid.

Theapproachof EyeKeysto exploit symmetryworkswell eventhoughtheeyeimages

areof low resolution.Othermoresophisticatedapproachesof gazedetectionthat model

theeye featuresrequirehigherresolutioneye images.

The two thresholdsthat determinewhen the userlooks right or left are adjustable.

IncreasingTp makesthesystemmorelikely to missan intentionallook, but lesslikely to

misclassifya look. IncreasingTd hasthe effect of requiringthat the looks be fasterand

moredeliberate.While thiscandecreasefalsedetections,it alsomakesthesystemdif�cult

anduncomfortableto use.

5.3 TestingExperienceand Comparisons

The testsubjectshadlittle dif�culty learningtheEyeKeys interface. After only a minute

of practice,userswereableto playBlockEscape.In addition,mostsubjectsimprovedafter

eachgame,leadingusto believe thatEyeKeys userswill becomeaspro�cient asCamera

Mouseusersover time. With further testingwe may determineif experiencedusersof

EyeKeysoutperformthoseusersof theCameraMouse.

In comparisonto the CameraMouse,the EyeKeys systemperformedwell. When

themousetracker getslost in theCameraMouse,theperformancedecreasesdramatically.
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With EyeKeys, a falsedetectioncanbeeasilyrecti�ed by a correctdetection.This, how-

ever, is speci�c to certainapplicationsthatareforgiving of incorrectinputs.

5.4 Applications of the GazeDetectionSystem

The EyeKeys systemwould work in controlling certainapplicationseven given the con-

straintsof only two typesof possibleinput. Someof theseapplicationsarediscussedhere,

alongwith therequiredmodi�cationsthatwouldberequiredto maximizetheusefulnessof

theinterfacewith theapplication.Table5.3givespossiblemappingsfor someapplications.

Table5.3: Interfacemappingsfor someapplications.
Application Left Look Left Function Right Look Right Function
BlockEscape Left arrow Moveblock left Rightarrow Moveblock right
Driving Game Left arrow Drive left Rightarrow Driveright
Webbrowser Tab Go to next link Enter Follow currentlink
Rick Hoyt Speller Click Select Click Select
Othertext entry Enter Selectletter Rightarrow Next letter

5.4.1 On-ScreenKeyboard

An on-screenkeyboardapplicationwouldpossiblybethemostusefulapplicationto anon-

verbalparalyzeduserthat cansuccessfullyuseEyeKeys. A numberof researchershave

exploredtext entrymethodsfor disabledusers,e.g.[12, 34]. Theseinterfacesrangefrom

singleinput switchesto gazepointdetection.

EyeKeyswouldfall somewherein betweenin termsof usefulnessandspeed.EyeKeys

would allow oneinput, suchas looking left, to move the selectionto different lettersor
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groupsof letters. Looking right would selectthe letter and insert it into the text being

composedby the user. The currentsystemwould have someproblemsdueto occasional

misclassi�cation. Improving the accuracy of the systemwould greatly improve its use-

fulnessfor a text input applicationthat is not asforgiving to extraneousinputs. Another

solutionwould be to requirea “con�rmation” from theuser, suchastwo successive right

looks,in orderto inputa letter.

5.4.2 WebBrowserNavigation

UsingEyeKeysasaninterfacetonavigateawebbrowserwouldallow disabledusersto �nd

informationon the interneton their own. SinceEyeKeys detectsonly large eye motions,

readingtext onamonitorshouldnot triggerany events.In thisscenario,looking left would

mapto thetabkey to move to thenext link, andlooking right would mapto theenterkey

to follow a link. A gooddefault startingpagewould be yahoo.comor myway.comdue

to their hierarchicalmenusthat index the world wide web. For example,�nding a page

with theweatherin Bostonrequiresfollowing only four links: Weather! UnitedStates!

Massachusetts! Boston.As in thetext entryapplication,theusefulnessof EyeKeyswould

beimprovedwith increasedaccuracy. For instance,if thesystemcauseda webbrowserto

follow a hyperlinkin error, thenit would bedif�cult to returnto theoriginal pagewithout

manualintervention.A possiblesolutionwouldbeto detectotherevents,suchasblinks,to

serveasanundocommand.Anothersolutionwouldbeto adda “con�rm” step.
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5.4.3 PerceptualUser Interfaces

EyeKeys hasthepotentialto becomean integral partof a completeHCI system,e.g.[33,

39]. CombiningEyeKeys with otherHCI applicationswould give theusergreatercontrol

overthecomputer, andif utilizedwith otherfacialprocessingtechniques,couldproveto be

anall-purposecommandinterface.Someof theassumptionsusedin thedesignof EyeKeys

donot make thispossibleat this time. Speci�cally, headtilts or out of planerotationcause

problemsfor the currentsystem. Modi�cations would requiregeneralizedtrackingof a

person's body poseandhead. Suf�cient resolutionimagesof the eyeswould needto be

acquiredandusedin an improvedmethodfor determiningmorepreciselywhereeyesare

looking.

A perceptualuser interfacemight allow your computeror entertainmentcenterat

hometo determinewhat you are looking at, or what you aredoing. For example,your

computermight turn on your television by detectingthatyou aresitting on thecouchand

lookingat it. Thenwhenyoufall asleepwatchingtelevision,it will automaticallybeturned

off. Thetechniquesusedin EyeKeysmaybeusedin futuregazedetectionsystemsarepart

of suchperceptualuserinterfaces.

5.4.4 Linguistic CommunicationsResearch

While thecurrentresearchis focusedoncreatinganinterfacesystemfor peoplewith severe

disabilities,gazedetectionsystemssuchas EyeKeys can be useful in other areassuch

as linguistic andcommunicationresearch.The improvementsdescribedin the previous
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sectionwould berequiredto manageheadtilts androtations.In addition,a �ne resolution

gazeestimationwouldbemoreusefulthanthediscreteleft-center-right classi�cationof the

currentapproach.

TheAmericanSignLanguageLinguisticResearchProject(ASLLRP) atBostonUni-

versity studies,amongother things,facial featuremovementsduring sign languagecon-

versations. Video sequencesof theseconversationsare currently analyzedmanuallyto

annotatewheneventssuchaseyebrow raisesoccur, usingasystemcalledSignStream[27].

Thetechniquesusedin EyeKeyscouldbecombinedwith otherfacialfeatureanalysisalgo-

rithmsto aid in theannotationof suchvideosequences.More datacouldbecollectedand

analyzedto bemadeavailableto thelinguistic researcherswith theuseof theseautomatic

systems.

5.4.5 VehicleDri ver Monitoring

Many of themajorcarmanufacturingcompanieshave currentresearchin automaticmon-

itoring of vehicledrivers. This researchfocusesbothon whathappensinsideandoutside

of thecar. A computervision system,calledLaneDepartureWarningSystem, is currently

availableonsometrucks.Thecarcompaniesarealsointerestedin determiningif thedriver

is alertandmonitoringwheretheir attentionis. Eyeblinks or theamountthateyelidsare

openarebeingstudiedto determineif thedriver is falling asleep.

OneapplicationwhereEyeKeys couldbe usefulis in anaccidentavoidancesystem.

Assumingthatothercomputervision, radar, or infraredtechniquescan�nd pedestriansor
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othervehicles,the car could automaticallyalert the driver if it determinesthat they are

looking the otherway. The techniquesusedin EyeKeys couldbe adaptedto bea part of

this system.Again, this would requirebetterheadtrackingto dealwith tilts androtations,

anda �ne resolutiongazeestimationto beof themostuse.

5.4.6 Store Kiosk Attention Monitoring

A storeor kiosk in themall might want to gatherinformationon whatproductsareinter-

estingor eye catchingto potentialcustomers.A computervision systemthat tracksthe

userandwherethe useris looking would be able to gatherstatisticsthat could be used

asmarketing research.This researchin turn would allow storesto createmoreappealing

displays.Onepotentialnegativesidefor theconsumeris thatsuchsystemswould alsobe

ableto collectresearchbasedon gender, age,or race.

5.5 Future Work and Impr ovements

The systemcould be improvedwith an algorithmto morepreciselylocatethe eyes. The

currentmethodusesthe�rst-momentof themotionimageasthecenterof theeyes.Higher

resolutioneye imageswould allow a featuredetectorto �nd thecornersof theeyes. This

would allow the left–right detectionto be morerobustduringheadmovements.It would

alsopossiblyallow detectionof thedegreethat theeyesarelooking to theside. Analysis

of thedifferenceprojectioncouldbedonein amoresophisticatedmanor:�tting a function

to thecurve may improve detectionaccuracy. Then,theparametersof the functioncould
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beusedasa measurefor thedegreetheeyesarelookingaway from center.

Oneimprovementcouldbetheuseof a3D headtracker. Thecurrentheadtrackerdoes

not dealwell with a headturnedto oneside. A 3D headtracker, e.g.[24], would beable

to rectify thefaceto a frontal view andallow theeye analysisto work betterwith various

headorientations.

The systemshouldalso work betterwith headmotion. One solution could be to

not allow eye movementdetectionwhen the headis moving. However, that may cause

aproblemfor disabledusersthathave involuntaryheadmovements.

Futurepossibilitiesfor extendingthis systemincludetheadditionof a blink analysis

module[14], whichwouldgivetheinterfacethreeeventsto work with. Furtheranalysisof

thedurationthattheuserlooksleft or right mayallow mappingof moreeventsto additional

commands.

Eventually, it would be usefulto increasethe numberof gazedirectionsthat canbe

detectedreliably, but this is a very challengingproblemwith the low-gradecamerasused

here.Thiswould,however, allow mouse–likecontrolof acursor.

Oneextensionof BlockEscapewould betheactualsaving of anentiregamesession.

It would thenbepossibleto replay, in a video�le, thesavedgamefrom beginningto end,

allowing furtheranalysisof gameplay.
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5.6 Conclusions

Thisthesishaspresentedanew wayto useeyesasaninputdeviceto thecomputer. Theface

tracker combinesexisting techniquesin away thatallows thefaceto betrackedquickly as

ameansto locatetheeyes.Themethodof mirroringandprojectingthedifferencebetween

the eyes is a novel approachto detectingwhich way the eyes look. By developingthis

system,alongwith anapplicationfor testingits performance,severelydisabledusersmay

soonhaveanew way to communicate.



Chapter 6

Appendix

6.1 CameraNoiseMeasurement

An experimentwasconductedto measurethe noisein the sensingdevice. The Logitec

QuickcamPro4000wastestedwith two differentscenesat two differentresolutions.The

�rst scene,in Figure6.1(a),whichhaslow brightnessvariation,wascreatedby attachinga

faceimageto a wall. Thesecondscene,in Figure6.1(b),with morebrightnessvariation,

includedthe�rst picture,aswell asa chairwith blackarmrestsanda secondface.These

sceneswererecordedby placingthecameraon a tableapproximately� ve feetaway from

the wall. To minimize the possibility of noisecreatedby vibration of the table or the

scene,nopeopleweremoving in theroomduringtherecording.Theresultsfor somepixel

locationsarereportedin thefollowing tables.

(a)Low brightnessvariation (b) High brightnessvariation

Figure6.1: Scenesusedin cameramoisemeasurement.
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Table6.1: Cameranoisemeasurement.Statisticsfor 13pixel coordinatesfrom a160� 120
videosequenceweregatheredover9000framesfor ascenewith smallbrightnessvariation.

Average(� ) x y Min Max Std.Dev. (� ) Variance(� 2)
143.72 84 52 139 146 0.86 0.73
146.04 80 59 143 150 0.87 0.76
159.22 82 56 155 164 0.90 0.82
162.89 84 54 159 166 1.26 1.59
165.66 85 57 162 168 0.81 0.65
180.33 86 55 176 183 0.77 0.59
180.69 83 56 178 185 0.82 0.68
186.32 87 51 183 190 1.00 1.00
193.17 86 59 189 196 0.89 0.79
194.57 82 50 192 197 0.67 0.45
207.53 30 20 204 210 0.65 0.42
208.99 80 10 207 211 0.73 0.53
209.37 90 15 207 211 0.73 0.53

Table6.2: Cameranoisemeasurement.Statisticsfor 10pixel coordinatesfrom a640� 480
videosequenceweregatheredover9000framesfor ascenewith smallbrightnessvariation.

Average(� ) x y Min Max Std.Dev. (� ) Variance(� 2)
186.77 450 335 181 190 1.67 2.78
186.77 480 330 183 190 1.12 1.26
188.97 470 320 185 193 1.07 1.14
189.84 445 315 185 194 1.55 2.41
190.07 460 310 186 194 1.56 2.45
190.09 455 305 185 196 2.25 5.08
190.58 450 310 186 194 1.62 2.62
191.72 460 300 187 195 1.48 2.20
192.82 465 295 187 197 1.63 2.65
193.93 475 285 189 197 1.15 1.32
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Table6.3: Cameranoisemeasurement.Statisticsfor 16pixel coordinatesfrom a160� 120
videosequenceweregatheredover9000framesfor ascenewith largebrightnessvariation.

Average(� ) x y Min Max Std.Dev. (� ) Variance(� 2)
31.93 117 86 29 36 0.78 0.61
39.52 118 88 37 43 0.79 0.63
59.24 116 90 55 62 0.76 0.57
68.33 76 62 65 73 1.37 1.88
71.05 81 69 67 74 1.36 1.85
71.38 79 65 67 75 1.28 1.64
71.69 80 65 67 75 1.13 1.27
74.34 79 68 71 79 1.24 1.53
75.83 84 73 72 81 1.50 2.26
77.45 81 67 74 82 1.52 2.32
81.16 82 68 76 86 1.13 1.27
82.05 77 70 77 87 1.41 2.00
87.89 77 72 83 93 1.70 2.88

138.43 83 10 135 143 0.90 0.81
158.42 82 12 154 161 0.92 0.84
172.45 82 9 169 175 0.98 0.96

Table6.4: Cameranoisemeasurement.Statisticsfor 16pixel coordinatesfrom a640� 480
videosequenceweregatheredover9000framesfor ascenewith largebrightnessvariation.

Average(� ) x y Min Max Std.Dev. (� ) Variance(� 2)
108.54 390 250 104 114 1.14 1.30
124.00 385 265 114 130 1.99 3.97
145.65 600 375 140 150 1.26 1.59
149.19 560 370 144 171 1.26 1.58
150.34 380 220 146 154 1.10 1.21
152.51 595 365 147 158 1.17 1.36
159.08 585 355 153 164 1.24 1.53
161.26 580 350 158 171 1.20 1.45
163.75 585 345 157 171 1.92 3.69
163.86 575 345 155 171 2.01 4.03
166.64 555 325 161 173 1.58 2.49
166.72 565 335 161 173 1.30 1.70
169.26 590 330 165 173 1.26 1.60
236.15 260 45 231 240 1.33 1.78
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