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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 thesecasesgye movementsor blinks are the only way to
communicateCurrentcomputelinterfacesystemsareoftenintrusive, requirespeciahard-
ware,or useactive infraredillumination. An interfacesystemcalledEyeKeysis presented.
EyeKeys runson a consumegradecomputerwith video input from aninexpensve USB
cameraThefaceis trackedusingmulti-scaletemplatecorrelation.Symmetrybetweerleft
andright eyesis exploited to detectif the computeruseris looking at the camera,or to
theleft or right side. The detectedeye directioncanthenbe usedto control applications
suchasspelling programsor games. The game“BlockEscape”was developedto gather
guantitatve resultsto evaluateEyeKeys with testsubjects. The systemis comparedo a

mousesubstitutioninterface.
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Chapter 1

Intr oduction

The ability to control eye musclesis occasionallythe only voluntary movementexisting
for peoplewith paralysis. Communicatiorabilities are severely limited, oftento yesand
no responsesisingeye movementsor blinks. Futurecomputerassistve technologiesnay
somedaystopanactive mind from beingtrappedn aninactive body Thesepeoplecanbe
helpedwith the creationof aninterfacethat allows themuseof a computer Further such
aninterfacemay prove to be a communication-enablingechnology As progressoward
thatgoal,avideo-basedhterfacecalledEyeKeysis presentedvhich makescommunication

possibleby detectingthe eye gazedirectionandsimulatingcomputerkeyboardinput.

Two speci ¢ human-computemterface systemsare important prior work for this
thesis:theEagleEyegproject[9] andthe CameraMouse[5] arebothinterfacedor severely
disabledusersthatenablecommunication EagleEyesietectseye movementgshroughthe
attachmenof electrodedo the face. The CameraMouseemplgys featuretracking, and
is able to track a nose,chin, thumb, foot, or ary distinguishablebody feature. A new
versionof the CameraMousecantrackthe facemovementwithoutinitialization to control
the mouse. Both of thesesystemare usedto control a mouseon the computerscreen.
Specialprogramsare usedto createart, play games, or entermessagesasin Figure 1.4.
Firsthandobsenationof theuseof thesesystenresultedn aprofoundunderstandinglack

of communicatiorability doesnot equallack of intelligence.
1
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Figurel.l: EagleEyesystemin use.Photograpltredit: BostonCollege.

Figurel.2: CameraViousesystemin use.Photograpleredit: BostonCollege.



Themajorcontribution of thisthesisis the methodof detectinghe eye gazedirection.
In orderto 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 and motion analysis. The left
andright eyesarecomparedo determinaf theuseris looking centey or to theleft or right
side. The new approactexploits the symmetryof the facewhencomparingthe eyes. The
right eyeimageis subtractedrom a mirroredleft eye image.This differenceimageis then
projectedto the x-axis. The determinatiorof the eye directionis madeby analyzingthis
projection. The outputof the systemcanbe usedto control applicationssuchasspelling
programsor games.This systemis oneof thefew approacheto usingcomputervision as

anassistve technologysofar.

Eye gazeestimationis a dif cult problemfor mary reasons First, the eyesmustbe
locatedin a video image by somemethod. Although faceand headtracking hasbeen
extensvely researchedif cannotbe saidthatit is a solved problemin computervision.
Variousexisting approachesrediscussedn the next chapter Oncethe eyesarelocated,
variousmethodshave beenusedto determinethe gazedirection. Unfortunately mary of
theseapproachesequirehigh resolutionimagesof the eyesin orderto nd featuressuch
asthe eye cornersor the edgesof theiris. The popularapproactof usingactive infrared
illumination, discussedn the next chapter was rejectedherein orderto avoid special

hardware.

In the traditionalhuman-computeinterfacecon guration, the computerusersitsin



front of a keyboard, mouse,and monitor. This systemis designedo mimic that setup,
with a camerasubstitutingfor the input devices. Whereashandscontrol the keyboardand
mouse the movementof the eyeseffectively controlsthe computerin this systemthrough
theuseof thecamerairectedatthe users facewhile they look atthemonitor. Thesystem
could alsobe con guredto usea large projecteddisplayinsteadof a monitor. In the case
of a severely disableduser a dual displayis usefulin that an assistantan monitor the
computervision interfaceon onedisplaywhile the users applicationis displayedon the
otherscreenA triple monitorcon gurationcouldalsobeusedsothattheusermovestheir
eyesbetweenthethreedisplays.Otherpossibleusesandcon gurationsof the systemare

discussedh Chaptels. Theproposedystemcon gurationdiagramis shovnin Figurel.3.
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Figurel.3: Con gurationlayoutof the proposeEyeKeys system.The userfacesboththe
cameraandthe computermonitor. The computerusesthe camerato detectif the users
eyesmove to theright or to theleft. The dashedinesindicatepossibleview directionsof
thepersons eyes.
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(a) TheRick Hoyt Speller (b) Midas Touchspellingprogram

Figure 1.4: Spelling interface programsdevelopedat Boston College for usewith the
EagleEyesand CameraMouseinterfacesystems.(a) The spellingmethod,developedby
Rick Hoyt, groupslettersof the alphabeinto groupsA, E, I, O, andU. The programwas
developedby JonatharGips. (b) The on-screerkeyboardcanbe changednto different
layoutsto facilitatetext entryfor differentusers.

Someassumptionsieededo be madein orderto facilitatethe designof the system.
Thefacedetectionandtrackingalgorithmassumeshefaceis in anuprightposition. This
assumptiorallows for fastoperationsincethe facetemplatematchingalgorithmdoesnot
needto searcHor multiple orientationsln addition,averticalheadcreates verticalline of
symmetryacrosghe face. This symmetryis exploited by the eye analysisalgorithm. The
useris assumedo be facingtowardsthe camerafor the samereasonsas othermethods
would berequiredto detectthelocationof aturnedheadin theimages.To make detection
andtrackingof the intendedinterfaceusereasiey thereshouldbe exactly onefacein the

eld of view of thecamera.

The users eyesare assumedo be symmetricalacrossthe centerof the face. This

allows the eye directionto be detectedby analyzingthe differencebetweenthe left and



right eye images.Theusershouldbeableto hold their headin positionwhile moving their
eyesquickly to theleft or right side. Thisis necessargsthesystemusegheaparentnotion

of theeyesin theimageso determinevhenthe userlooksleft or right.

Theseassumptiongboutthe users location,appearanceandabilities shouldbe rea-
sonablefor peoplewithout ary disabilities. However, the aim of this systemis to provide
aninterfacefor severely disabledpeople. An individual may have disabilitiesthat violate
ary of theseassumptiongpossiblylimiting their useof the currentversionof this system.

Futuremodi cations of this systemmay be ableto overcomesomeof thesdimitations.

To be a useful human-computemterface, the systemmustrun in real time. This
excludesexisting approachethatdo notrunin realtime, e.g.[29]. In addition,the system
cannotuseall of the processingpower of the computerasthe samecomputerwill have
to run both the vision-basednterfaceaswell asuserprogramssuchasweb browsersor

games.

Evaluationof the EyeKeys systemperformances rst presentedvith a classi cation
experiment. Testsubjectswere aslked to usethe system,andto look left or right when
instructedby an obsener. The obserer thenrecordedif the systemclassi ed the eye

motioncorrectly incorrectly or if it wasmissed.

EyeKeys wasalsotestedasan interfacefor the BlockEscapagame. The goal of the
gameis to navigatetheblock left andright throughholesin moving walls. Whenit is used
with EyeKeys, the usercanlook left to make the block move left, andlook right to make

the block move right. It canalsobe usedwith a keyboard,mouse or the Cameraviouse.



Thisgamewasdevelopedspeci cally asanengagingvay to testtheinterfacesystemwhile

reportingquantitatve results whichis importantbecausét encouragesestsubjectgo use
thesystem.Sincethe gamewasdesignedisatestingtool, it canbeusedto gatherstatistics
on how well theinterfaceworksfor varioussituationsandusers A screenshobf thegame

is shavnin Figure3.12.

This thesisis organizedin the following fashion. Chapter2 discusseselatedwork.
Chapter3 discusseshe methodsemployedin the EyeKeys systemitself, includingathor-
ough analysisof all of EyeKeys' modules. Also in this chapteris a descriptionof the
BlockEscapgame.Chapter detailstheexperimentsandresultswhile Chaptel5 presents
an in-depthdiscussionof the results,comparisongo other HCI systems,and plansfor

future extensiongo the system.



Chapter 2

Related Work

The methodsusedin the EyeKeys systemdrav upona wide variety of computervision,

imageprocessingandcomputeiscienceelatedwork. Someof thestandardrisionmethods
canbefoundin acomputervision textbook,e.g.[20]. This chapterhighlightssomeof that
work in theareasof computerassistve technologiestacedetectionandtracking,andgaze

estimation.

2.1 Human-Computer Interfacesfor the Disabled

Therehasbeenmuchprevious work in computerassistve technologies Many early sys-
temsrequire contactwith the user[43]. Most of thesemethods,thoughsuccessfubnd

useful,alsohave dravbacks.

A switch placedin the right position allows a paralyzedpersonwith somemotor
controlto operateprogramghattake binaryinput. For example,Figure4.1 showns a button
mountednearthe users head,which is activatedby leaningthe headinto it. An example
of a usefulprogramis a text entry interfacethat automaticallymovesbetweenlettersor
groupsof letters.Whentheintendedgroupor letteris highlighted,the switchis pressedo

selectit. Usingthis method entiresentencesanbeslowly constructed.

Currentlyavailable systemsareoftenintrusive, i.e. the interfacemustbe attachedo



theuser For example theEagleEyesysten|9] useslectrodeplacedonthefaceto detect
the movementsof the musclesaroundthe eye. It hasbeenusedwith disabledadultsand
childrento navigatea computemouse.This approachg¢alledelectrooculographyasalso
beenexploredin othersystemsge.g[4]. Oneproblemis thatthe sensoranusttouchthe
usersface,which may be the only placethe personhasfeeling, thus makingthe sensors

intrusive.

Another problemis with using headmountedcameragso look at eye movements,
e.g.[2]. Thisapproachakesadwantageof thefactthatthefacewill alwaysbein thesame
locationin the video imageif the headmovesaround. Therefore,the requirementof a
complicatedacetrackingalgorithmis removed. However, large headgeais not suitedfor
all usersgspeciallysmallchildren.Giventheissueswith systemghatrequiretheinterface
to beattachedo the user oneof the goalswasto designa non-intrusve systemthatdoes

notneedattachments.

Onesuccessfutomputervisioninterfacesystemfor peoplewith severedisabilitiesis
the CameraMouse[5]. Disabledpeoplecontrol a mousepointer by moving their head,
nger, or otherlimbs, while the systemusesvideoto trackthe motion. A similar system
is usedby Aribnia [3]. This approachs successfufor thosewho canmove their heads
or limbs; however, peoplewho canonly move their eyesare unableto useit. Theseare
the peoplefor whomwe aim to provide a communicatiordevice. A goal of the systemis

thereforeto useonly informationfrom the eyes.
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2.2 FaceDetectionand Tracking

Thesystemrst tracksthefacein orderto locatethe eyes. Facedetectionandtrackinghas
beenresearchedith avarietyof methodq16, 41]. Theapproactoftenis motivatedby the
speci ¢ applicationof thefacedetectoror tracker. Suchmethodscanusefeaturestextures,

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

Previous work at Boston University have producedgood results, as presentedcoy
LaCasciaetal. [24]. Here,the headis trackedin threedimensiondy registeringtexture-
mapped3D models.This allows the systemto accuratelytrack headtilts androtations.In
addition,thiswork focusesntheissueof varyingillumination,which cancreateproblems
for mary other existing facetrackers. One advantageof this work is thatit producesa
“recti ed” faceimageasoutput: evenif the headis tilted or rotated,the facialfeaturesn

the outputimageshouldbein the sameocation.

A 3D headpositionestimatefrom trackingfacial featuress usedby Stiefelhageret
al. [36]. Eyesarelocatedwith aniterative thresholdingalgorithmcombinedwith geomet-
ric constraints. Mouth cornersare locatedby the horizontalprojectionin a searcharea,

followedby ahorizontaledge nder.

Skin color analysisis often usedaspartof a facedetectionsysteme.g.[17, 32, 40].
Variousmethodsandcolor spacesanbe usedto sggmentpixelsthatarelik ely skin from
pixelsthatmaybelongto thebackgroundThisis adif cult problembecausskintonesare

widely variedover the population. In addition,backgrounccolorsmay be similar to skin
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colorsby somemeasureHaving aredcarpetor awoodendoorin theimagecancausesuch
systemdo fail. An assumptionthatthe backgrounds a constannon-skincolor would not

work well for anapplicationthatis intendedo be usedin realworld situations.

A meanfacehasbeenusedpreviously in facedetection Liu [25] createda meanface
with imagesfrom the FERET databaseThe facewasnot usedasatemplatefor matching
in thatcase.The statisticalmethodof Rikert et al. [30] usesmultiple headorientationsn

trainingto detectfacesthatarebothfrontal andturned.

The systempresentedn this thesisusescolor and motion informationasa prepro-
cessingmask. A similar approachhasbeenusedpreviously to segmentthe background

andforeground,e.g.[11].

The Carngjie Mellon facedetectionsystem[31] is importantprior work. This s just

oneexampleof theuseof NeuralNetworksin facedetection.

2.3 GazeEstimation

Many systemshat analyzeeye informationusespecializechardware. The useof active
infraredillumination is oneexample[13, 18, 21, 22, 26, 42]. In mostcasesthe infrared
light re ects off the backof the eye to createa distinct “bright pupil” effectin theimage.
Thelight is synchronizedvith the camerato 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 gazedirectionis

to nd the differencebetweenthe centerof the bright eye pixel area,andthe re ection
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off the surfaceof the eye from the light source. Thereare concernsaboutthe safety of
prolongedexposureo infraredlighting. Anotherissues thatsomeof thesesystemsequire

acomplicateccalibrationprocedurehatis dif cult for smallchildrento follow.

Avoiding specializechardwareandinfraredlight sourcesareimportantgoalsof more
recentefforts in computervision, e.g.[5, 14]. The systemproposedherewastherefore
designedaroundan inexpensve visible light camera.The systemcanbe run without the
needfor an expensve imagecaptureboardor pan/tilt/zoomcamerawhich hasbeenused
previously to obtainhigh resolutioneye imagesge.g.[7]. Thesystemmustbe ableto work
with imagesthat have a lower resolutionthan the imagesusedin previous approaches,
e.g.[6, 19, 23,35, 38,45].

One methodto locatethe eyesis to usea seriesof intentionalblinks [14, 32, 37].
Someuseranaynotbeableto correctlyinitialize suchsystemsfor instancejf they cannot
understandhe procedurepr lack the ability to performit correctly This systemdoesnot

requireaninitialization or calibration,andcanthereforebe moreeasilyusedby all users.

2.3.1 Betke and Kawai

Betke andKawai [6] useselforganizinggrey-scaleunitsto nd thepupil positionrelativeto
thecenterof theeye. Theinputsaresingleimagesof aneye. Theoutputshavsthelocation
of the pupil in the eye. This techniquerequirestraining on eachperson,or a similar eye.
This approachs not suitablefor human-computeinteractionbecausat is not currently

realtime.
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2.3.2 Essaetal.

A facialfeaturedrackingsystemis presentedby Essaetal. [10] for expressiorrecognition
andanalysis. Featuresare tracked with small 2D templatesand normalizedcorrelation.
The small featurepointsare constrainedvith physically-baseanodel parameterandin-
terpolated.The systemusesmary smallpointsover thewholeface,anda speedof 5to 10

framesperseconds achieved.

This techniqguemay be applicableto eye featuretrackingif there can be enough

resolutionin theinputimagedor featuredo trackthe eye parameters.

2.3.3 Herpersetal.

In the work of Herperset al. [15], several key pointson the faceto track areidenti ed.
Thesenclude: cornersof themouthandeyes,aswell aspointsontheeyebravs, nose and

ears.

A modelof athe eye with importantfeaturess describedincludingeye cornersijris,
andeyelids. Theirfeaturetracker beginsby looking for the sharpverticalcontrastetween
the eye whites and the darker iris. The iris is segmentedby nding the corresponding
right edgeof theiris. Theinnereye cornersaredetectedoy looking at strongedgesthat
arestrongly curved. Resultsarereportedof the detectionof the eye cornersandthe iris
location. Thismethodookssomeavhatpromisingat highresolutions At lowerresolutions,

however, theremay be problemsnding sharpedgedo trackthepupil.



14

2.3.4 Hutchinsonetal.

The systemby Hutchinsonet al. [18] is an early humancomputerinterface systemus-
ing computervision to detecteye gaze. The systemusesactve infraredillumination to
work,andmustbe calibratedeachtime it is used. The computerscreenis dividedinto a

threeby threegrid for inputsof differenttypeusingeye gaze.

This systemis not well suitedfor the proposedapplicationbecausef the following
majorproblems:actie infraredillumination, a calibrationroutineis requiredfor eachuse,

andtherearepotentialproblemswith large headmovements.

2.3.5 Kapoor and Picard

Anothersystemthatusesactive IR to nd andtrackthe pupilsis proposedy Kapoorand
Picard[22]. In thiscaseacameraunderamonitoris syncronizedvith IR lightsto produce
a“bright eye” anda“dark eye” image.Theimagedifferenceclearly shavs thelocationof

the pupils. Fromtheselocationstwo regionsof interest(ROI) arecroppedout for further

eye modelanalysis.

PrincipalComponenAnalysis(PCA) is usedto recover the modelparametersyhich
consistof pointsoutlining the eyesandeyebravs. The systemis trainedon a numberof
handmarked examples.Fromthere,theinputimageis expressedsa linear combination
of the examples. The samelinear combinationis appliedto the control pointsto recover
the modelcontrol points. In comparisorto othersystemspecausehis approachs 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 modelis recoveredwith
PCA basedon the examples. The resultslook good, but the eyesarenot tracked through
variousstatesof closure.The systemis ableto achiere 30fpsevenwith alarge numberof

examples.

2.3.6 Radeva and Marti

Model-basednalesfor featuresggmentatioris presentedhy RadeyaandMarti [28]. Since
the snales needto be startednearthe features,the systememploys constrainedand re-
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 horizontaland verticalimage projectionsare usedto hypothesizeaboutthe
locationsof the eyesand eyebravs. Simpletemplatedooking for iris and eyelashedges

areusedto localizetheeyes.

Snalesusedfor eye segmentatiorare rst startedwith theirisesdueto their circular
nature.Thenthe othereyefeaturesareanalyzed Therubbersnaleis attractedo thevalley
of the eye contour dueto the darknesf the eyelasheqgthis is asopposedo attracting
themto edges)In addition,the detectegupil addsatermto theenepgy functionto ensure
thatthe snale deformscorrectly Whenthe lower eyelashfails to give a large valley, edge
potentialsare usedinstead. The deformationsare comparedacrossthe symmetryof the

nosecrestto checkthe results. The upperandlower snalesare divided into sectionsto
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accountfor differencesn gradiantdbetweenwherethe eyelashis over eye whitesor over

thedarkeriris region.

Sincetherequiredresolutionof theeyeareas unknown, low resolutionmagesmaybe
dif cult for this processin addition,anestimateof thecomputationatime for this method
is unknavn. Further oncethe snales have found the correctdeformations,additional

processingvould berequiredto determinepossiblegazedirections.

2.3.7 Siroheyetal.

In thework of Sirohey etal. [35], theiris andeyelid aredetectedandtracked. To detectthe
iris, the systemsearchesor thelower half of theiris boundary This is doneby searching
for the curved edge. The parametersre constrainedso that the systemonly searchesn

valid parametespacesi.e. thediameterof iris relative to eye sizeis reasonable.

Detectionof blinks canbe suppliedto featuredetectionalgorithmsto improve their
reliability. As the lower eyelid movesvery little, it is sufcient to only usethe motion of
the uppereyelid. Informationaboutthe iris centerandeye cornersareusedin estimating
eyelid position. The shapeof edgesf the eyelid vary dependingon the degreeof opening.

By looking upwardsfrom theiris centerfor a horizontaledge the eyelid shouldbefound.

Threefactsareexploited: the eyelid edgeis above the centerof theiris whenthe eye
is open,theeyelid edgeis anarcjoining thetwo cornersof theeye, andthe moreopenthe

eye,thegreaterthe curvatureof thearc.

A third-deggreepolynomialis usedasit wasfound that a second-dgreepolynomial
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sometimeglid not follow the eyelid cunaturecorrectly All edgesegmentsthatareless
thanfour pixels long are eliminated. Thenthe remainingedgepixels areusedto t the
polynomialwith a RMS error measure Differentsegmentsare combinedif the segments
have similar curvaturesanddo notoverlap.Up to tripleswereconsideredThisleavesthree
lists of possibleeyelid candidatessinglesegmentsdoublesegments andtriple segments.
Thebestcandidatas selectedy the edgesggmentabove theiris thathadthe mostnumber
of pixels. An additionalrequirements thatsegmentscurve downwardsandmustnot have

large slopes.

Trackingduringa blink is doneby linearinterpolationbetweenpositionsbeforeand

afterablink. Blink detectionis fed backinto the systento helpmake theresultsbetter

2.3.8 Tianetal.

Tianetal [38] proposeadualstateparametrieye tracker. While mostrelatedwork focuses

onopeneyes,in this approacteyesaredetectedaseitheropenor closed.

The systemis initialized in the rst frame. Fromthere,inner cornersof the eyesare
tracked usinga modi ed Lucas-Kanadealgorithm. Outercornersare searchedutwards

alongtheline connectingheinnertwo corners.This givessomeof the eye parameters.

Eyesareopenif theiris canbe detected.This is doneby looking searchingor the
circle of acertainradiusthresholdwith the mostedgepixels. If theiris cannotbedetected,

the eye stateis closedandthe modelonly consistsof the cornerpoints.

If theiris is detectedtheupperandlower eyelid aresearche@longa pathperpendic-
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ular to theline connectinghe eye corners.The trackingof theiris producesgyoodresults
when high resolutionimagesare used. The iris detectionmay be problematicat lower

resolutions.

2.3.9 VYuille etal.

Thesystenproposedy Yuille etal. [44] usesadeformabldemplatenethodfor recovering
eye parametersThe openeye templatefrom Tian etal. [38] wasdevelopedfrom anearlier

versionof thiswork.

Thedeformablegemplatemethodhasa problemfor usein human-computeinterfaces
in thatit is too slow for video processingin 1992,the methodtook minutesfor oneeye.
In addition,the templatemustbe startedsomavherenearandbelow the eye, otherwiseit

tendsto attractitself anddeformto the eyebrov contours.



Chapter 3

Methods

The systemis brokendown into two main modules:(1) the facedetectorandtracker, and
(2) theeyesanalysismodule. Throughouthe systemgef cient processindechniquesnust

beusedto avoid wastingcomputingpower. Major component®f the systemarepresented

in Figure3.1.
Face Tracker Eye Analysis
‘ Motion stabilization ‘
Color and motion
analysis Projection of
. difference between Output:

Video Input — ™1 | left and right ™~ Left, Right event
Template correlation eye images or Center (Default]
over image pyramid - -

Comparison of min and
max to thresholds

Figure3.1: Major functionsof thefacetrackingandeye analysissystem.

In orderto facilitate working with the eyes,we developeda simple but fast2D face
tracker. From the scaleand location of the found face, a region of interestfor the eye
analysismoduleis obtained. The eye analysismodulethen determinesf the eyesare

looking towardsthe centerto theleft, or to theright of thecamera.

The outputfrom the eye modulecanbethe input to a simplecomputercontrolinter
face.Usually looking centermeans'do nothing! Theinterfacesystemcanthenmapthe
left andright outputsto eventssuchasmousemovements|eft andright arrow keys, or tab
andenter(“next link” and“follow link” for webbrowsing). Text canbeenteredn avariety

of ways.An on—screetkeyboardcanscanto the correctletter, or letterscanbe selectedy
19
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following a binary searchapproach.Someof this type of softwareis alreadyin usewith

currentinterfacesfor peoplewith disabilities[14, 5, 9].

3.1 FaceDetectionand Tracking

(a) Input (b) Color (c) Motion (d) Correlation (e) Masked
(low-pass lter Correlation
disabled)

Figure3.2: Pyramidsusedby thefacedetectionandtrackingalgorithm.Fromleft to right:
greyscaleinput, color, motion, correlation,masked correlation. The faceis detectedn the
third smallestresolutionimage.

The systemusescolor, motion, and correlation-basedemplatematchingto detect
andtrack faces. It candetectand track different size facesat variousdistancego the
camera.This allows usersto move closeror fartherfrom the cameraandstill be detected
automatically To achieve this, the systemusesmagepyramids[1], asshavnin Figure3.2.

Each pyramid consistsof eight levels. The highestresolutionimagein the pyramid is

the640 480videoframeandthe lowestresolutionimagecontains32 24 pixels. All
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resolutionsareshavn in Table3.1. In eachlevel of the pyramid, the systemsearchegor
afaceof sizel2 16. This approaclallows the systemto operaten realtime. Thelevel
of the pyramid at which the faceis detectecdcanthenbe usedto infer the “true” sizeand
locationof theface whichis thesizeandlocationof thefacein theoriginalvideoframe.In
particular whenthe personis farfrom thecameraandappearselatively smallin thevideo
frame,the systemcanef ciently detectthefacein a high-resolutionlevel of the pyramid.
In the casewherethe personis closeto the cameraandthereforeappearselatively large
in the original video frame, the faceis detectedef ciently in a lower resolutionlevel of
the pyramid. The following algorithmdescribeghe facetrackingalgorithm,wherethe P
variablesreferto anentirepyramid, C; is theresultof the color histogramlookup,andM;

is the currentmotionimage.
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input : Colorvideo640 480
output : Locationandscaleof face:(x, y, scale).
for Each videoframel; do
[* Colorimageanalysist/
begin
C: histogram-lookup()
Pcolor  pyramid-decimateg;)
Pcolor  average- IterPcoior, 12 16)
Pcolor  thresholdPcqor, 10)

end
/* Motion analysis*/
begin

Mt Jlt It 1j

Pwm otion pyramid-decimateVl,)

P otion average- IterPw otion , 12 16)

PM otion threSh()ldPM otion » 10)

Puvoton  add-priorlocationPy ofion , X, Y, Scale)

end
[* Templatematching*/
begin
P nput pyramid-decimatd()
PM asked I:)I nput & I:)Color& PM otion
Pcorrelation normalized-correlation-coeient( Py asked, facetemplaté
end
/* Findlocationandscaleof theface*/
(X, Y scale) arg'max'\aluePCorrelation )

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
problembecausehereis a wide variety of skin tones,andmary backgroundcolorsmay
be misinterpretedasskin. In this system,it is usedasa preprocessingnask,asin [11].

The colorinputimageis corvertedinto the YUV color space.The YUV color spacewas
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Table 3.1: Resolutionausedby the imagepyramids. Coordinatesn ary index scalecan
be transformednto coordinatesn the640 480input frameby multiplying by the scale
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

choserbecausehe cameracanbe con guredto provide imagesnatively in thatformat. A
new imageis createdvith a2D histogramookupin UV space.Thehistogramis shavnin
Figure3.4. If acolor pixel'slookuponthe histogranmfor the speci ed UV 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 brightnessvalue of zero. An exampleresult
from the histogramlookupis shavn in Figure3.3(a). Theimageis blurredusingGaussian
smoothingwith a5 5 approximationto a Gaussianlter [20], thendecimatednto the
otherpyramid levelsby removing rows andcolumns.We areonly interestedn groupsof
pixelsthat are marked as skin and have the sameshapeand scaleof the facethatwe are
trying to detect.Thereforesmallareaghatareincorrectlydetectecasskinmayberemoved
asfollows. A low passlter is appliedalongeachlevel of thepyramid. This lter averages
thepixelsoveraneighborhooaf 12 16in eachpyramidlevel. Thisis thesizeof theface
thatwe aim to detect. The sizeof the Iter devaluateggroupsof skin-detectegixelsthat

aresmallerthanthe scaleof the faceat the appropriatepyramid level, while maintaining
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groupsof pixels at the correctscale. An intermediataesultis presentedn Figure3.3(b).
A secondhresholdis usedto markthe groupsof pixelsat thetargetscaleandremove the
other pixels. In the implementationa value of 10 is usedfor this threshold. The lIter
andthresholdalsoseneto Il in holesthatwerenot detectedasskin but could be partof
the face,asseenin Figure3.3(c). The pyramid of the resultingbinaryimagesare shovn

Figure3.2(b).

(a) Resultof histogramookup. (b) Resultafterlow-passlter . (c) Resultafterthreshold.

Figure3.3: Color Analysis: Intermediatamagesfrom the 160 120resolutionpyramid
level. Noticethatthe smallgroupof pixelsto theleft of thefacein (a) areremovedin the
result(c), while theeyesare lled in. Note: (a) and(c) werecomputedrom thesamenput
frame.

Thecolor histogramwastrainedon 15 faceimages.Theimagesveremarkedby hand
with arectanglecoveringmostof thefacialregions.In casesherethe color segmentation
fails to provide goodresults,the histogramcan be retrainedduring operationsimply by
clicking on areasof skinin thelive video,asin Figure3.5(a). The histogramcanbe saved
andloadedso thatit canbe usedagainfor the sameuseror lighting conditionswithout

retraining.
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U-V 2D Histogram

Histogram Bin Value
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Figure3.4: 2D Histogramlookuptablethatwastrainedon skin color.

= 1rarng wmdow =T

Click on skin areas, Close |

(a) Color HistogramTraining. (b) CorrelationTemplateTraining.

Figure 3.5: Training Interfaces. Thesewindows can be openedduring the operationof
the systemto train the color histogramor replacethe templateusedby the correlation
algorithm. (a) The userrepeatedlyclicks on the faceskin areado train the histogram.(b)
Theuser rst clicks onthenoseto selectthelocationof theface,thenmovesthe sliderto
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 assumptions behindthe motion analysis: if the personmoves, then
frame differencingshould nd the pixels wheremotion occursin the image. The frame

differencingcreatesa motionimage.Theframedifferencingcanbede ned as:

M(x;y) = abgl(X;y) Tt 1(x;Y)); (3.1)

wherethe pixels of the motion imageM (x; y) are the absolutedifferencebetweenthe
pixels of the currentimageframel; andthe previousimageframel; ;. Sincethecurrent
framerateis 15framespersecondthoseframeswill represenimagedakenapproximately
67 millisecondsapart. A higher frame rate may require the algorithm to be modi ed
to maintaina similar temporalseparatiorbetweenframes. An examplemotion imageis

shavn in Figure3.6(a).

The motionimageis thendecimatednto a pyramid. As in the color analysiswe are
interestedn nding afaceof sizel2 16. A low passaveraging lter of supportl2 16
andsubsequerthresholdingarethereforeappliedto remove motionthatcannotbe dueto
the motion of the face. Figures3.6(b) and 3.6(c) demonstratéhesesteps. Figure 3.2(c)
shavs a motionimagepyramid with the low passliter disabledto betterhighlight pixels

thatcontributeto themotionimage.A thresholdvalueof 10is usedin theimplementation.

In the casewherethereis little or no motion, we assumethat the face should be
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(a) Motion image. (b) Resultafterlow-passlter . (c) Resultafterthreshold.

Figure3.6: Motion Analysis: Intermediatemagesfrom the160 120resolutionpyramid
level. Note: (a) and(c) werecomputedrom the sameinput frame.

found nearthe samelocationand scaleasfound in a previous frame. Whenthe system
initializesandthereis no previously detectedacelocation,ary locationis setasthe prior

location. In subsequenframes,thelocationswithin 5 pixels of the previously foundface
locationare setto onein the binary motion image. This preventsthe motion maskfrom

excluding the previous facelocationfrom the correlationsearchin casesvhenthereare
little or no motion. Thetwo adjacenimotion pyramidlevelsarealsomodi ed in this way
to accountfor movementstowardsor avay from the camerathat are not caughtby the

motionsegmentation.

3.1.3 Detectionand Tracking via Corr elation

Normalizedcorrelationtemplatematchingis usedto nd theexactlocationof theface.A
12 16facetemplatewascreatedy averagingthebrightnessaluesof 8 faceimagesand
modi ed with a paint program. The greyscaleinput pyramid (Y channelfrom the YUV

colorimage)is masled by the color andmotioninformationpyramids. The facetemplate
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is thencorrelatedover all levelsof this masled pyramid.

The templatematchingis computedas follows for a single input image. Let the
templatedimensiondoew  h pixels,andtheinputimagedimensiondoeW H pixels.
TheresultingimagethenhasdimensionfW w+ 1) (H h+ 1) pixels. Eachlocation
(x;y) in the resultimagerepresentshe similarity betweenthe templateand the image

region(x;y)to(x+w 1;y+ h 1). Thenormalizedcorrelationcoefcent is computed:

X 1w 1 _ .

o (TEGYY) T) ((x+x5y+y) 1(xy))
R(X;y)Z‘lvj'le\;(OI_O TR . (32)
t (TECYY  T)? ((x+xCy+y9)  T(GY))?

y0=0 x0=0 y0=0 x0=0

whereT (x;y) andl (x; y) arethe pixel valuesat location(x; y) in the templateandinput
imagerespectiely, T is themeanpixel valueof thetemplateandl (x; y) is themeanpixel
valueof theinputimageregion(x;y) to(x + w 1;y+ h 1). Probabldocationsof the
templatein theimagecanbe foundin alocal or global maximumof the resultingimage
values[8]. The resultingimagefrom the normalizedcorrelationcoefcent is shifted by

e g) sothatthevalueat (x; y) corresponds$o the similarity of the centerof thetemplate.

The correlationdescribedabove is computedfor the sameface templateover all
imagesin theinput pyramid. Theresultingunmaslkedandmasled pyramidsareshown in
Figures3.2(d)and3.2(e). Themaximumcorrelationpeakamongall of thelevelsindicates

the locationof the face. The scaleof the faceis inferred by the level of the pyramid at
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which the maximumis found.

Maskingtheinputimagewith informationfrom color andmotionanalysissenestwo
purposes. By removing the backgroundpixels, thereis lessof a chancethat the face
templatewill correlatewell with somethingthatis not a face. Secondly by eliminating
thosepixelsaspossiblelocationsof the face,the searchspacefor the correlationfunction
is reduced.Thereforea smartimplementatiorof the correlationfunctionwould be ableto

skip computationgor thoselocationsandincreaseoverall ef ciency.

A “meanface” hasbeenusedpreviously in facedetection,e.g.[25]. Thatthe face
templateis createdwith the averagebrightnessof multiple people,andthatit is relatvely
smallsothatit is acoarsenumanface allowsthesystento nd afacein theimagethatwas
not usedin the creatingthe template.Matchingthis templateover the pyramid allows for
fastcorrelationwhile preservingherelevantinformation,thatit is aface,in any particular

level.

Insteadof usingthe averagefacetemplateprovided by the system,the operatorhas
the option of initializing the templatewith the faceof the currentuser This canbe done
by clicking on the noseof the facein the image on the screen,and then selectingthe
correctscale.Examplesf a meanfacetemplateanda userspeci ¢ templateareshovn in

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

Figure3.7: Facetemplatesusedby the correlationalgorithmto nd the scaleandlocation
of theface. The userspeci c facetemplatewascreatedvhenthe userwasmorebrightly
lit from oneside.

3.2 EyeAnalysis

Fromthe outputof the facetracker, approximatdocationandscaleof the eyesareknown
basedncommonanthropomorphipropertiesTwo imagesn theeyeregionof interestare
croppedout from the highestresolutionimage. This region consistf the pixelsabove the
centerof theface,andto theright andleft of centerfor theright andleft eyesrespectiely.
Sincetheir sizedependson the scaleat which the facewasfound, theseimagesarethen
scaledto 60 80 pixels usinglinear interpolation. Movementof the headin the image
planeor into differentscalelevels of the pyramid areaccountedor to keepeyesnearthe
centerof the croppedimages.The scalingof the imagesmaintainsthe size of the eyesin

theimageswvhenthefaceis foundin differentscales.



input :Video640 48(Q facelocationandscale(x, y, scale)
output : Gazeclassi cation:left, center(default), right

for Eadch videoframel; do

[*Computeeye region of interestgROI)*/
ROl  compute-BI(X, y, scale Jeft)
ROlight  compute-RI(X, y, scale right)
[*Crop andrescalesye images*/

I+  crop-resize-BI(l; ROl ¢, Scale)
I«  crop-resize-BI(I; ROl;ign:, Scale)
[*Motion stabilization*/

begin

M‘;t jl‘;t I‘;t 1j

M-¢  thresholdi -, 30)

Mr;t jlr;t Ir;t 1j

Mt  thresholdi,., 30)

Moment rst-order-moment(-.)
Moment rst-order-momentM, )
|- recentereye( - ; Moment)

I, recentereye(,; Moment)

end

[*Left-right eye comparison*/

begin

/* M- andM, arerecentereanotionmasks*/
- 1 -&M-

I, 1, &M,

a compute-diference-projection(;|,)
8min Min(@)

amax Mmax@)

imin ammin@)

imax —argmaxe)

if amjn < Tpandamax> Ty, then

if imax imijn> Tathen
‘ Output: right
end
if imax imin< T4 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 imageswould stayperfectlystill in thecroppedeye imagesevenasthe
headmoves.However, slightmovementsf theheadby afew pixelsmaynotbeaccurately
trackedby thefacetracker. A methodmustbe usedto stabilizetheimagesfor comparison,
sincemotionwill occurduringblinksandeye movementsFramedifferencingasdescribed
in Equation3.1,is usedcreategye motionimagesasshavnin Figure3.8. A thresholdvalue
of 30is usedin theimplementation.The rst-order momentg20], sometimesonsidered
the“centerof mass”for a binaryimage,arecalculatedor theseimages.Thesepointsare
usedto stabilizetheimageby adjustinglocationof theregion of interestin the faceimage

sothattheeyesappeaiin thesameocationsin theeyeimages.

Figure 3.8: Motion detectedby framedifferencingis thresholdecandusedasa maskfor
theleft-rightimagedifferencing.

3.2.2 Left—Right Eye Comparisons

Thefollowing methodis the mostimportantcontribution of this thesis. The left andright
eyesarecomparedo determinenvherethe useris looking. To accomplistthis, theleft eye
imageis mirroredandsubtractedrom theright eyeimage.If theuseris looking straightat
the camerathe differenceshouldbe very small andthe systemdetermineghatthe useris

looking straight. On the otherhand.,if the eyesarelooking left, thenthe mirroredleft eye
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imagewill appeato belooking right asshovn in Figure3.9(b).

The signeddifferencebetweenthe two imagesshaw distinct pixel areaswherethe
pupils arein differentlocationsin eachimage. The unsigneddifferencecan be seenin
Figure3.10. To furtherreduceextra informationfrom the imageareasoutsideof the eyes,
the imagesare masled by their thresholdednotion images,obtainedas describedn the
previous section.To determinethe direction,the signeddifferencesare projectedontothe
x-axis. Theresultsof theseprojectionscanbe seenin Figure3.11. The signeddifference
will createpeaksin the projection becausehe eye sclerapixels are lighter than pupil
pixels. Whentheeyeslook straight thesevaluesnearlycancetthemselesout creatinglow
differencesWhenthe personlooksleft, therewill be anareaof scleraminuspupil pixels
followedby anareaof pupil minussclerapixelsalonga horizontalaxis. This computation
is thusalight areaminusdarkarearesultingin anareawith large positive values followed
by darkareaminuslight arearesultingin anareawith large negative values.Theopposite

orderholdstruefor right—lookingeyes.

A strongpositive peakfollowed by a negative peakin the projectionindicatesleft
direction,while astrongnegative peakfollowedby a positive peakindicatesight direction.
If thepositive or negative peaksdo notexceeda certainthresholdthenthedefault (looking

center)valueis the output.

Letl- andl, bethem n left andright eye imagesmasled by motioninformation.
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(&) Right eye (b) Mirrored left
looking left eye looking left

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

(a) Eye different (b) Eyedifference
for left-looking for straight-
eyes looking eyes

Figure3.10: Differencebetweerright andmirroredleft eyes. (a) Eyesarelooking to the
left; arravs highlightlargebrightnesslifferencesComputedy differencingrigures3.9(a)
and3.9(b).(b) Eyesarelooking straightahead.

Projection during a Left Look Projection during a Right Look
S 1500 T T .=, T T i
o - \>Td\ — o
c — c
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=, | =
@ o

Eye image width Eye image width

Figure 3.11: Resultsof projectingthe signeddifferencebetweenright and mirrored left
eyesonto the x—axis. Left: the resultof left—looking eyes. Right: the result of right—
looking eyes.
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X0
a=(ItGj) I(m ij): (3.3)
j=1

Two thresholdsT, and Ty, are usedto evaluatewhethera motion occurredto the
right, left, or not at all. The thresholdscan be adjustedto changethe sensitvity of the
system First,the maximumandminimumcomponent®f the projectionvectora andtheir

respectre indicesarecomputed:

8min = Min(a) and anax = max(a); (3.4)
imin = argmin(a) and imax = argmax(a;): (3.5)
| |
Therefore,
8min = @i, and 8max = iy - (3.6)

Theminimumandmaximumvaluesarethencomparedo the projectionthresholdT,:

This thresholdassureghat thereis a sufcient brightnesdifferenceto indicatea left or

right motion. The suggestedangefor thisthresholds 400 T, 750

ThesecondhresholdTy is usedto guarantea minimal spatialdifferencebetweerthe

minimum and maximumprojectionvalueswhen motion is detected. This helpsprevent



36

motionthatis not anintentionaleye movementfrom beingdetected.The implementation

usesavalueof T4 = 8. Thedirectionof motionis determinechsfollows:

imax imin > Tgq) right motion' (3.8)

imax Imin < Tq) left motion" (3.9

3.3 Interface Output

A limit wasseton how frequentlyeventscanbetriggeredin orderto avoid thesystenmfrom
becomingconfusedand triggering mary eventsin quick succession.Use of the system
foundthatsettingthis limit to onceevery 0.5secondsvorkswell. In thefuture however, it
maybe preferableo let the userkeeplooking to onesidein orderto triggermary eventsin
arow to simulateholdingdown anarrow key. Audio feedbackor multiple monitorswould

beneededo let theuserknow wheneventsaretriggered.

The detectedeye motion classi cation describedn the previous sectionis usedto
determinewhenan event shouldbe sent. Sincethe systemis implementedn Microsoft
Windows, the implementationcreatesa “windows message'that instructsthe operating
systemo simulateakeyboardpress When“right motion”is detectedn Equation3.8,aleft
arrowv key pressis simulated.Similarly, the “left motion” detectedy Equation3.9 causes
aright arrov key pressto be simulated.The simulatedkeys canbe changeddependingn
the applicationthe userwishesto control. Although the currentsystemdoesnot control

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

3.4 BlockEscapeGame

BlockEscapeés a gamethatis easyto learnwhich allows for aninteractve andengaging
userexperiencewhile concurrentlyproviding a useful framework for testingHCI tech-
niques. Its developmentwas motivatedby the factthatmary applicationsvhoseprimary
goal is testingan HCI systemignore that the test subjectcannotbe expectedto remain
attentvve for long periodsof time. Providing an enjoyable gameasa statisticsgathering
device allows subjectdo play for long stretche®f time, andthusallows for usto retrieve a
large amountof datawhile testssubjectsuseEyeKeys. Figure3.12shows a screenshoof

BlockEscape.

Therulesof the gameareasfollows. Thewall levels,which arethe blackrectangles
in Figure3.12,are x edobjectsthatmove upwardsat a constantate. The user who only
controlsthewhite block, mustleadit into the holesbetweerthesewalls, whereit will “fall
through”to the next wall level. To leadthe block, the useris restrictedto move in a plane

perpendiculato the orientationof the board.

By default, the boardis orienteddownward; thereforethe useris restrictedto move
horizontallyin two directions Jeft andright. In our casetheblockis triggeredby issuinga
“left motion' or “right motion' command.The commandcanbeissuedusingthe EyeKeys
interface,the mouse,or the left/right keys on the keyboard. The block will continueto

move in that direction until the wall level is exited or a key in the oppositedirectionis
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Figure3.12: Screenshabdf thegameBlockEscapeThe playernavigatesthe block through
the holesby moving the mouseleft or right asthe block falls towardsthe bottom of the
screen.

pressedWhentheblock reacheshebottomof thescreentheuserwins. Corverselyif the

block everreacheshetop of thescreenthegameends.

Therearenumerousvaysto con gure gameplay. Thesigni cant con gurationsare
redrav speedandwall levels per screen. The redrav speedspeci esthe redrav interval
of the game,the higherthe setting,the slower andthereforemore manageabl¢he game
play. Thewall levels perscreemallows the userto con gure how closethe walls cometo
eachother the higherthe setting,the moredif cult the gameplay. Thesesettingsallow
thegameto be con guredappropriatelyfor the abilities of the userwith achoserinterface

method.

3.4.1 Methodsfor Gathering Statistics

Incorporatedwithin BlockEscapeare detailedusagestatisticsthat are generatedduring

gameplay and compiledinto XML (ExtensibleMarkup Language)documents. These
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statisticsoffer a detailedview of the blocksmovementghroughoutthe game,includinga

scorethatgaugegheusersmovement'mistakes” comparedo “good” movements.

Supposehat the block is on the rightmostside of the screen,andthat thereis one
hole on the leftmostsideof the screen.It would be a mistale, then,if the usermovedto
theright at any time, sincethereis clearly only one possiblemovementthat will leadto
success.n caseswith multiple holeson a particularwall level, if thereis a clearchoice
whichdirectionto choosethenstatisticscanstill bereported.Thefollowing equationsare

usedto determingheseplayerdeviations:

dj = jxi  hj (3.10)
8
20 ifdj<d 1,0rj=0
D; = (3.11)
~ 1 otherwise

whereh; is the hole's positionon wall level i andx;; is the block's positionon wall level
i attime]. Distanced; is de ned asthe distancefrom the block’s currentpositionto the
holeandD; determinesvhethertheblockis closeror fartheraway from the nearestole.

Thenormalizeddeviationfor wall leveli is de ned as:

1 X
i = — Dij (312)

wheres is the currentblock speedn pixels, g representshe width of the gameboardin
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pixels,andW; is the numberof cyclesthe block is onwall level i. The averagestandard
deviationis:

avg — - [ (3.13)

where .4 is theaverageplayerdeviation over all wall levels,andn is the numberof wall

levels.

Severalusersemploying akeyboardto play thisgameexhibiteda 5,4 0O, andthusit
is assumedhatall movementerrorslie with the HCI system.Theseerrorsarerepresented
by a deviation scorein the nal statisticsreport,which displaysthe numberof deviations
for eachindividual wall level, anda coordinatepair listing denotingthe pixel extentsof

eachindividualwall in thewall level.

Thisinformationmaythenbeusedto reconstructheexactwall level sequencaswas
seenin a previous game,allowing the userto play the samegamemultiple times. This is
usefulin thatthe gamecannow usethe samewall level sequenc®n multiple users,and

thusgetresultsthatarecomparable.



Chapter 4

Experiments and Results

Two experimentswere conductedo evaluatethe EyeKeys system. The rst experiment
providesresultson the performanceof the classi cation system. In this test, the useris
asledto “look left” or “look right”, andthe classi cationof the systemis recorded.The
secondexperimentevaluatesthe use of EyeKeys asan interfaceto a possiblereal-world
application.The BlockEscapayameusedeft andright commandgo move a block on the
screen.Othergamesor applicationghatcanbe modi ed to take only two inputsmay be
ableto becontrolledin asimilarfashon.In addition,the BlockEscap&xperimentmeasures

thedeviation of theusercontrolledblock from anoptimalpath.

4.1 EyeKeysClassi cation Experiment

Experimental Setup. EyeKeys is designedto be usedby a personsitting in front of a
computerdisplay The cameras mountedon the endof anarticulatedarm, which allows
the camerato be optimally positionedin front of a computermonitor. The USB camera
usedis aLogitechQuickcamPro4000,with aretail priceof $79.99.Thetestswererunon

anAthlon 2100.

Testswere createdto determineif the systemcan detectwhen a userintentionally

looks to the left or to the right. The averagefacetemplateusedby the tracker was rst
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updatedo includethetestsubject.Testsubjectaveretold to look atthe computemonitor.
Whenasledto look left, the testershouldmove their eyesto look at a target point to the
left of themonitor. A similartamgetwasto theright sideof themonitor. After thelook was

completedthe usershouldlook backat the monitor.

A randomorderedsequencef twentylookswascreatedtento theleft andtento the
right. Thesamesequencevasusedfor all thetestsubjectslif thesystemdid notrecognize
alook, theuserwasaslkedto repeatt. Thenumberof triesrequiredto make arecognition
wasrecorded.If the systemmadeanincorrectrecognition thatfactwasrecordedandthe

testproceededo the next look in thesequence.

Results. The systemwastestedby 8 people. All of the facesof the testsubjectswere
correctlytracked in both locationandscalewhile moving between2 and5 feetfrom the
camera. The systemcorrectly identi ed 140 out of 160 intentionallooks to the left or
right. This correspond$o an87.5%successate. For the systenmto detectandclassify160
looks,theusershadto make 248attempts Onaverage 1.55actuallooksaremadefor each

correctlyidenti ed look event. Theresultsaresummarizedn Table4.1.

Table4.1: Resultsof testingthe userinterfacesystemon a sequencef left andright looks.
Actual

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

Someof the testsubjectswere more successfuthan others. One subjecthadall 20

looks correctlyidenti ed while making24 actuallooks. Casesvhereanincorrectrecog-
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nition occuredweredueto a problemwith alignmentof the right andmirrored—lefteyes.
The methodof aligning theseeyesusingthe rst-order momentof eye differenceimages
describegreviouslyis notentirelyrobust. Possiblesolutionsto this problemarediscussed
in Chapter5. The numberof extra look attemptsis probablydueto high thresholdghat
were chosento avoid false detectionof looks, sinceit is betterto miss a look thanto
misclassifya look. Otherincorrectrecognitionswere dueto the systemmissinga look
in onedirection,but detectingeye movementbackto the centerpositionasa move in the

oppositedirection.

4.2 BlockEscapeExperiment

Experimental Setup. Four testsubjectsparticipatingin this experimentwere readthe
rules of BlockEscapefollowed by two demonstration®f the gameusinga mouse. We
choseto testthe CameraMousein this experimentin orderto gaugethe effectiveness
of EyeKeys againsta previously developedHCI systemfor peoplewith disabilities. The
keyboardwas chosenasa control againstthe HCI systems.All subjectswere unfamiliar

with BlockEscapeEyeKeys, andthe Cameraviouse.

In the “practice” phasethe subjectswereallowed to becomefamiliar with the game
andthe interfaces.They playedup to threetrial gamesor for up to threeminutes,on the
keyboard,CameraMouseand EyeKeys. They werethenaskedto play at leastonegame

for 30 secondsvith eachdevice.

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

Table4.2: Resultsof four usersemploying threedevicesto play BlockEscape.Units are
percetag®f gameplayingarea.

Device
EyeKeys | Cameraviouse | Keyboard
avg 2.9 2.27 0
Median | 2.54 0 0
Std.Dev. | 4.01 2.68 0
Wins % (83%) % (83%) % (100%)

Results. Themostnotenorthy portionof theresultsin Table4.2is thehighwin percentage.
Noticethatthe win percentagef EyeKeys comparedo the Cameraviousewasthesame,
althoughEyeKeys hada higher .4, median,andstandardieviation. It is alsoof interest
thata CameraMousefailure requiresmanualinterventionto correct,while an EyeKeys
usercouldmerelylook in the appropriatedirectionto correcta mistake. EyeKeys alsohas
the advantagethat the userdoesnot needto move their headin orderto interactwith the
computer

Usershad different levels of successwvith EyeKeys. One user masteredeyeKeys
quickly, winning all three games,but had trouble with the CameraMouse: losing one
gameandperformingpoorly on another With EyeKeys, all the otheruserasmprovedtheir

performancen succeedinggames.This did not hold truefor the Cameraviouse.

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. Since he is non-verbal, his primary methodof
communications to usesmallheadnodsto spelloutwordsandsentencewith anassistant.
He is alsoableto usea computerby pressinga switch with his head. Previously, he has

helpedtestandevaluatethe Cameraviousesystem.

The EyeKeys systemwas rst evaluatedwhile trackinghis headandeyes. Oneprob-
lemwasimmediatelyapparenthehasdif culty holdinghisheadstraightup. Sincetheface
tracker assumeshatthe headwill bestraightup, it wasnotimmediatelyableto trackthe
headcorrectly Re-initializing the facetemplatesolved this initial problemwith tracking
the face. However, the eye analysisalgorithm assumesymmetryacrossa vertical face
aswell. Repositioninghis body in the chair allowed him to more easily hold his head

vertically. Thefacetracker wasthenableto trackthefacemoreaccurately

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

The systemwasevaluatedoy askinghim to look atthe computemonitor, andthento

make left andright looks. Thesystemwasableto correctlyidentify mostof thetimeswhen
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he looked to onesidewithout moving his head. Many of the attemptshe madewere not

correctlyidenti ed becausde alsomovedhis headto thesideto try to look atthetarget.

He wasasledto usethe EyeKeys systemto move a window left andright acrosshe
screenln mostcasesit wasobsenedthathewasableto move thewindow in thedirection
thathe wasaslked. Sometimesinvoluntaryheadmotion would causethe systemto detect

anunintentionalkeye event.

He had more of a problemwith the BlockEscapegamewhen using EyeKeys than
whenusingthe CameraMouse.Oneissueis thathe hasusedthe Cameraviouseto control
a computerin the past,andis thereforeaccustomedo controlling the computerwith his
head.Whenthegamewould begin, hecouldnothelpmoving hisheadin anattempto play;
while for the mostpart keepinghis eyes x ed on the computerscreen.Headmovements
have alsobeenhis only methodof communicatingsoit may bedif cult for him to try to

useonly eye movementswvhile keepinghis headstill.

4.4 Real-Time Performanceof System

The systemachievesreal-timeperformanceat 15 framesper secondwhich is the limit

of the USB cameraat 640 480 resolution. The BlockEscapegamehad no problem
running concurrentlywith the real-timevision interfacesystem. Obsenation experience
indicateghatthe performancef thesystemeasilyenablest to runconcurrentlywith other
applicationsuchasspellingprogramsandwebbrowsers.Thetime compl«ity is analyzed

in thenext chapter



Chapter 5

Discussionsand Futur e Work

5.1 Real-Time Performanceand Algorithm Complexity

The correlationmoduleof the facetracker is the mostcomputationallyexpensve function
requiredin thesystem.Thefacetrackeremploys multi-scaletechniquesn orderto improve
real-timeperformance The templatecorrelationover theimagepyramidis moreef cient
than performing multiple correlationswith a scaledtemplate. In additionto improving
accuray, the color and motion information is usedto reducethe searchspaceof the

templatecorrelation furtherimproving ef ciency.

In thefacedetectionall of thefollowing processebave a computatiortime linearin
thenumberof pixelsN in theimage:histogramookup,pyramiddecimationthresholding,
frame differencing,andimagemasking. The averaging lter andnormalizedcorrelation
harea x ed lter size,sothey remainlinearin the numberof pixels. For the eye analysis,
thefollowing arealsoO(N) in thesizeof theinputimage:resampling,rst-order moments,
and differenceprojection. Minimum and maximum peakvaluesand location searchis
linearin thewidth m of theimage.Thesizeof theinputdimensiongs N = w  h pixels,
andthe size of the facesearchedor isp g pixels. For theeye analysisN = m n
is the dimensionsof the croppedeye images. Tables5.1 and5.2 showv the runningtime

compleity of thefacetracker andeye analysisalgorithmsrespectiely.
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Table5.1: Time complity of thefacetrackingalgorithm.

Procedure | Time Complexity
Color analysis
histogramlookup w h
pyramiddecimation w h
averagelter w h p (¢
thresholding w h
Motion analysis
framedifferencing w h
pyramiddecimation w h
averagelter w h p ¢
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: Time complity of eye analysisalgorithm.

Procedure \ Time Compleity
Cropping eyeimages

computeROI constant

rescaldmages m n

Motion stabilization
framedifferencing m n

thresholding m n
rst-order moments | m n
recenteeye m n
Right-left eye comparison
imagemasking m n

differenceprojection | m n
minandmaxpeaks | m

Classi cation output output
thresholcbomparison\ constant
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Theeye analysisclassi cationis relatively inexpensve to compute.Theeye direction
is computedn time linearto the sizeof the eye image. The facetracker is morecomple,
wherethetime for the normalizedcorrelationandthe averaging Iter depend®nthe size

of theinputaswell asthesizeof the Iter ortemplate.

5.2 DesignMotivations

Theability to updatetheaveragefacetemplateas importantfor thecorrelationtracker. This
canhelp x two problems.Theaveragefacetemplateallows mostpeopleto usethesystem
without manualinitialization. However, if the users face doesnot correlatewell with
the currenttemplate the updatedemplatewill be morespeci ¢ to the userandwill work
better A templatefrom onepersorgenerallyworkswell in nding anotheipersorsincethe
informationcontainedn thetemplateis non-speci c. Anothersigni cant bene t of being
ableto changethe templateis thatan updatedemplatewill allow the correlationto work
betterunderdifferentlighting conditions. The templatecanbe savzed andloadedsothatit
doesnot have to be retrainedfor the sameuseror lighting conditions. While normalized
correlationcanwork with uniform intensitychangesit hasproblemsif the userbecomes

morebrightly lit from oneside.Updatingthetemplatesolvesthis.

The classicalimage pyramid consistsof imagesthat are half the resolutionof the
previous pyramid level. The facecanbe locatedat non-discretedistanceintervals from
the camera.The useof a classicalpyramid would requirethe faceto be found at discrete

intenvalsthatarefarapart,i.e. thefaceappearance theimagewould needto halvein size
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in orderto befoundin ahigherpyramidlevel. The pyramidusedin this systemconsistof
intermediatdevels, sothatthe facecanbe found at morediscreteintervals. The template
correlationcanlocatea faceasit movescloseor far from the camerasat theseintenals,

whereast would have dif culty with thelevelsusedin aclassicaimagepyramid.

Theapproactof EyeKeysto exploit symmetryworkswell eventhoughtheeyeimages
areof low resolution. Othermore sophisticatedapproachesf gazedetectionthat model

theeye featuregequirehigherresolutioneye images.

The two thresholdsthat determinewhen the userlooks right or left are adjustable.
IncreasingT, makesthe systemmorelikely to missan intentionallook, but lesslikely to
misclassifya look. IncreasingTy hasthe effect of requiringthat the looks be fasterand
moredeliberate While this candecreaséalsedetectionsit alsomakesthe systemdif cult

anduncomfortableo use.

5.3 TestingExperienceand Comparisons

Thetestsubjectshadlittle dif culty learningthe EyeKeys interface. After only a minute
of practice,userswvereableto play BlockEscapeln addition,mostsubjectasmprovedafter
eachgame leadingusto believe that EyeKeys userswill becomeaspro cient asCamera
Mouseusersover time. With further testingwe may determineif experiencedusersof

EyeKeys outperformthoseusersof the Cameraviouse.

In comparisonto the CameraMouse, the EyeKeys systemperformedwell. When

themousetracker getslostin the Cameraviouse,the performancalecreasedramatically
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With EyeKeys, afalsedetectioncanbe easilyrecti ed by a correctdetection.This, how-

ever, is speci c to certainapplicationghatareforgiving of incorrectinputs.

5.4 Applications of the GazeDetection System

The EyeKeys systemwould work in controlling certainapplicationseven given the con-
straintsof only two typesof possibleinput. Someof theseapplicationsarediscussedhere,
alongwith therequiredmodi cationsthatwould berequiredto maximizethe usefulnessf

theinterfacewith theapplication.Table5.3givespossiblemappingdor someapplications.

Table5.3: Interfacemappingdor someapplications.

Application Left Look | Left Function | Right Look | Right Function
BlockEscape Left arrov | Moveblockleft | Rightarrov | Move blockright
Driving Game Left arrow | Driveleft Rightarrowv | Driveright
Webbrowser Tab Gotonextlink || Enter Follow currentlink
Rick Hoyt Speller| Click Select Click Select

Othertext entry Enter Selectletter Rightarrov | Next letter

5.4.1 On-ScreenKeyboard

An on-screerkeyboardapplicationwould possiblybethe mostusefulapplicationto anon-
verbal paralyzeduserthat can successfullyjuseEyeKeys. A numberof researcherbave
exploredtext entry methoddfor disabledusers,e.g.[12, 34]. Theseinterfacesrangefrom

singleinput switchesto gazepoint detection.

EyeKeyswouldfall somavherein betweenn termsof usefulnesandspeed EyeKeys

would allow oneinput, suchaslooking left, to move the selectionto differentlettersor
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groupsof letters. Looking right would selectthe letter and insertit into the text being
composedy the user The currentsystemwould have someproblemsdueto occasional
misclassi cation. Improving the accurag of the systemwould greatly improve its use-
fulnessfor a text input applicationthatis not asforgiving to extraneousnputs. Another
solutionwould be to requirea “con rmation” from the user suchastwo successie right

looks,in orderto inputaletter.

5.4.2 WebBrowser Navigation

UsingEyeKeysasaninterfaceto navigateawebbrowserwould allow disabledusergo nd
informationon the interneton their own. SinceEyeKeys detectsonly large eye motions,
readingtext onamonitorshouldnottriggerary events.In this scenariolooking left would
mapto thetabkey to move to the next link, andlooking right would mapto the enterkey
to follow alink. A gooddefault startingpagewould be yahoo.comor myway.com due
to their hierarchicalmenusthat index the world wide weh For example, nding a page
with theweatheiin Bostonrequiresollowing only four links: Weatherl  United Stated
Massachusetts Boston.As in thetext entryapplicationtheusefulnessf EyeKeyswould
beimprovedwith increasedccurag. For instancejf the systemcausedawebbrowserto
follow a hyperlinkin error, thenit would bedif cult to returnto the original pagewithout
manualintervention.A possiblesolutionwould beto detectotherevents,suchasblinks, to

sene asanundocommandAnothersolutionwould beto adda“con rm” step.
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5.4.3 Perceptual User Interfaces

EyeKeys hasthe potentialto becomeanintegral part of a completeHCI systeme.g.[33,
39]. CombiningEyeKeys with otherHCI applicationswvould give the usergreatercontrol
overthecomputeyrandif utilizedwith otherfacialprocessingechniquesgouldproveto be
anall-purposecommandnterface.Someof theassumptionsisedin thedesignof EyeKeys
do not malke this possibleat thistime. Speci cally, headtilts or out of planerotationcause
problemsfor the currentsystem. Modi cations would requiregeneralizedracking of a
persons body poseandhead. Sufcient resolutionimagesof the eyeswould needto be
acquiredandusedin animproved methodfor determiningmorepreciselywhereeyesare

looking.

A perceptualuserinterface might allow your computeror entertainmententerat
hometo determinewhat you are looking at, or what you are doing. For example,your
computemight turn on your television by detectingthatyou aresitting on the couchand
looking atit. Thenwhenyoufall asleepvatchingtelevision, it will automaticallybeturned
off. Thetechniquesisedin EyeKeys maybeusedin future gazedetectionsystemsarepart

of suchperceptualiserinterfaces.

5.4.4 Linguistic CommunicationsReseach

While thecurrentresearclis focusedon creatinganinterfacesystenfor peoplewith severe
disabilities, gazedetectionsystemssuch as EyeKeys can be usefulin otherareassuch

aslinguistic and communicatiorresearch. The improvementsdescribedn the previous
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sectionwould berequiredto manageheadtilts androtations.In addition,a ne resolution
gazeestimationvould bemoreusefulthanthediscretdeft-centefright classi cationof the

currentapproach.

The AmericanSignLanguagé.inguistic ResearchiProject(ASLLRP) at BostonUni-
versity studies,amongotherthings, facial featuremovementsduring sign languagecon-
versations. Video sequencesf thesecorversationsare currently analyzedmanually to
annotatevheneventssuchaseyebrow raisesoccut usinga systencalledSignStreanf27].
Thetechniquesisedin EyeKeys couldbecombinedwith otherfacialfeatureanalysisalgo-
rithmsto aid in the annotatiorof suchvideo sequencesViore datacould be collectedand
analyzedo be madeavailableto thelinguistic researcherwith the useof theseautomatic

systems.

5.4.5 VehicleDriver Monitoring

Many of the major car manuficturingcompaniedave currentresearchn automaticmon-
itoring of vehicledrivers. This researctfocuseshoth on whathappensnsideandoutside
of thecar A computewision systemcalledLaneDeparture Warning Systemis currently
availableon sometrucks. Thecarcompaniesrealsointerestedn determiningf thedriver
is alertandmonitoringwheretheir attentionis. Eye blinks or the amountthat eyelidsare

openarebeingstudiedto determindf thedriveris falling asleep.

OneapplicationwhereEyeKeys could be usefulis in anaccidentavoidancesystem.

Assumingthatothercomputervision, radar or infraredtechniquexan nd pedestriansr
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othervehicles,the car could automaticallyalert the driver if it determineghat they are
looking the otherway. The techniguesusedin EyeKeys could be adaptedo be a part of
this system.Again, this would requirebetterheadtrackingto dealwith tilts androtations,

anda ne resolutiongazeestimationto be of themostuse.

5.4.6 StoreKiosk Attention Monitoring

A storeor kiosk in the mall might wantto gatherinformationon what productsareinter-

estingor eye catchingto potentialcustomers.A computervision systemthat tracksthe
userandwherethe useris looking would be ableto gatherstatisticsthat could be used
asmarketing research.This researchn turn would allow storesto createmoreappealing
displays.Onepotentialnegative sidefor the consumeis thatsuchsystemswvould alsobe

ableto collectresearclbasedn genderage,or race.

5.5 Future Work and Impr ovements

The systemcould be improved with an algorithmto more preciselylocatethe eyes. The
currentmethoduseghe rst-momentof themotionimageasthe centerof theeyes.Higher
resolutioneye imageswould allow a featuredetectorto nd the cornersof the eyes. This
would allow the left—right detectionto be morerobust during headmovements.It would
alsopossiblyallow detectionof the degreethatthe eyesarelooking to the side. Analysis
of thedifferenceprojectioncouldbedonein amoresophisticateananor: tting afunction

to the curve mayimprove detectionaccurag. Then,the parametersf the function could
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beusedasa measurdor the degreethe eyesarelooking away from center

Oneimprovementcouldbetheuseof a3D headtracker. Thecurrentheadtrackerdoes
not dealwell with a headturnedto oneside. A 3D headtracker, e.g.[24], would be able
to rectify thefaceto a frontal view andallow the eye analysisto work betterwith various

headorientations.

The systemshould also work betterwith headmotion. One solution could be to
not allow eye movementdetectionwhenthe headis moving. However, that may cause

aproblemfor disabledusershathave involuntaryheadmovements.

Futurepossibilitiesfor extendingthis systemincludethe additionof a blink analysis
module[14], whichwould give theinterfacethreeeventsto work with. Furtheranalysisof
thedurationthattheuserlooksleft or right mayallow mappingof moreeventsto additional

commands.

Eventually it would be usefulto increasehe numberof gazedirectionsthat canbe
detectedeliably, but this is a very challengingproblemwith the low-gradecamerasised

here.Thiswould, however, allow mouse—like controlof a cursor

Oneextensionof BlockEscapevould be the actualsaring of anentiregamesession.
It would thenbe possibleto replay in avideo le, the saszedgamefrom beginningto end,

allowing furtheranalysisof gameplay
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5.6 Conclusions

Thisthesishaspresente@dnewn wayto useeyesasaninputdeviceto thecomputer Theface
tracker combinesexisting technigquesn away thatallows thefaceto betracked quickly as
ameando locatethe eyes. Themethodof mirroring andprojectingthe differencebetween
the eyesis a novel approachto detectingwhich way the eyeslook. By developingthis
systemalongwith anapplicationfor testingits performanceseverelydisabledusersmay

soonhave a new way to communicate.



Chapter 6

Appendix

6.1 CameraNoiseMeasurement

An experimentwas conductedo measurehe noisein the sensingdevice. The Logitec
QuickcamPro4000wastestedwith two differentscenest two differentresolutions.The
rst scenejn Figure6.1(a),whichhaslow brightnesssariation,wascreatedoy attachinga
faceimageto awall. The secondscenejn Figure6.1(b),with morebrightnessvariation,
includedthe rst picture,aswell asa chairwith blackarmrestsanda secondface. These
scenesvererecordedby placingthe cameraon atableapproximately ve feetaway from
the wall. To minimize the possibility of noise createdby vibration of the table or the
sceneno peopleweremoving in theroomduringtherecording.Theresultsfor somepixel

locationsarereportedn thefollowing tables.

(a) Low brightneswariation (b) High brightnessvariation

Figure6.1: Scenesisedin cameramoisemeasurement.
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Table6.1: Cameranoisemeasurementtatisticsor 13 pixel coordinatesromal60 120
videosequenc&veregatheredver 9000framesfor ascenewith smallbrightneswvariation.

Average ) | x| y | Min | Max | Std.Dev. ( ) | Variance ?)
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: Cameranoisemeasurementtatisticsor 10 pixel coordinatesroma640 480
videosequenc&eregatheredver 9000framesfor ascenewith smallbrightneswvariation.

Average( ) X y | Min | Max | Std.Dev. () | Variance( ?)
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 1.55 241
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: Cameranoisemeasurementtatisticsor 16 pixel coordinatesromal160 120
videosequencaveregatheredver 9000framesfor a scenawith largebrightnessariation.

Averagel )| x| y | Min | Max | Std.Dev. ( ) | Variance( ?)
31.93| 117|86| 29| 36 0.78 0.61
39.52| 11888 | 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
7434 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
8205 77|70| 77 87 141 2.00
8789 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: Cameranoisemeasurementtatisticsor 16 pixel coordinatesroma640 480
videosequencaveregatheredver 9000framesfor a scenawith largebrightnessariation.

Average( ) | X y | Min | Max | Std.Dev. ( ) | Variance( ?)
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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