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i

Summary

For decades�lm, television, and,morerecently, multimediaproductionshave relied on
specialtechniquesto mergeelementsfrom two or morescenes.Oftencalledthecompos-
ite, the�nal product,createsa scenethatwould bedif�cult or evenimpossibleto �lm via
conventionalmethods.Major dif�culties in creatingcompositedimagesequencesarecon-
structingandmaintaininga plausiblereality. To be “real”, the compositedimageshould
beseamlesslyintegratedinto a singlescenewith illumination matchedto thebackground
image.In mostcompositingapplications,only two-dimensional(2D) imagesareutilized.
This neglectsthree-dimensional(3D) lighting effectswhich would resulthadthe desired
objectbeenactuallyshot in the compositedscene.To combatthis problem,object's 3D
shapeis desiredin orderto properlyilluminate theobjectfor the �nal scene.This report
describesa systemthat augmentstraditionalcompositecreationthroughstereocameras.
Usinga stereopair generatedfrom thesecameras,depthis computedandobjectshapeis
createdasa 3D meshmodel.This 3D modelis thenilluminatedusingsyntheticlights and
the�nal sceneis renderedto animage.
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Chapter 1

Intr oduction

1.1 Venuesfor Digital ImageCompositing

Films, television shows, and, more recently, multimediaproductionshave cometo rely
moreheavily uponemploying specialeffects.Oncelimited to thedomainof morefantas-
tical �lms, it is now typical to seespecialeffectsnot only in science�ction �lms but also
in comedies,drama,andperiodpieces.While thereis sometimesamoresurrealisticintent
that permitsoutlandishspecialeffects, the principal goal is the creationof an effect that
seamlessly�ts into agivenscene,becomingpartof the�lm realitydespiteits impossibility
in theactualworld.

1.2 Fabricating Perceptionsof Reality

The goal of specialeffects is to fabricatean imageof an imaginedreality in supportof
thestoryof the �lm. To maintainthereality createdby thestory, it is necessaryto create
imagesthat are as realistic as possible. Creatingan imagethat appearsrealistic to the
humaneye can be a dif�cult task. Set construction,stunts,model work, pyrotechnics,
trick photography, clever �lm editing,andmany othertechniques[55] have beenusedand
continueto be usedtoday in pursuitof fabricatingrealistic images. Over the courseof
the last twentyyears,thecomputerhasbecomea major tool, creatingtherealmof digital
specialeffects.

Previously, all specialeffectswereinherentlyrootedin andlimited by reality. Explo-
sionsstill requireda pyrotechnicianto actuallyignite chemicals;period�lms still needed
crews to build sets;andspacebattlestill requiredprecise�lming of starshipmodels[55].
Althoughmostof theseandotherclassicalspecialeffectstechniquesarestill in usetoday,
digital technologymaynow beusedto replicateandimprove thesemethodsaswell ascre-
atenew possibilitiespreviously consideredimpossible.Three-dimensional(3D) graphics
canbeusedto syntheticallycreateentireworlds,utilizing mathematicalmodelsto approxi-
matetheeffectsof real-world physics.Arti�cial intelligencesystemscanbeusedto control
the motionsof armieson an arti�cial landscape.In extremecases,digital specialeffects
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maybeusedto changetheapparentageof anactoror modify anundesirableexpressionon
anactor's face.

Maintainingthe illusion of this fabricatedreality canbemostdif�cult wherethereal-
world actorsandsetsarecombinedwith specialeffects. Onetime-honoredtechniquefor
combiningtheserealandsyntheticelementsis thebluescreenmatte. In this process,real
elementsare�lmed in front of a constant-coloredbluebackground.Theblueelementsof
this �lmed imagearethenremovedandtheremainingobject(s)canthenbeinsertedinto a
new scene.The�nal productof thisprocessis mostoftencalledthecompositeimage.One
of themostfamilarvenuesfor this processcanbeseenon mostnews programsduringthe
weathersegment.Theweatherpersonis �lmed againsta constant-coloredbackgroundand
insertedover a weathermap. Originally, this processwasperformedoptically, requiring
specialized�lm equipmentto overlay oneimageon top of another[55]. Sincethe intro-
ductionof computertechnology, however, this insertioncannow beentirelydonedigitally,
producingthedigital composite.

While this processmay successfullycombineelementsfrom two or more different
scenes,the effect may not be seamless.Onediscrepancy may arisefrom the segmenta-
tion of theobjects�lmed againstthebluebackground.Finedetails,suchashairor fur, can
beaccidentallycutoff from therestof the�gure, leaving cluesthatmayalerttheaudience
to the useof specialeffects. Anothersign may be in the interactionof light betweenthe
compositedobjectsandtheirnew background.Sinceacompositedimageiscreatedthrough
effectively atwo dimensional”cut andpaste”methodology, thereareoftennothreedimen-
sionalrelationsin the light shoneor emittedamongstobjectsin the �nal image.Lighting
detailsmaybeinconsistentin thecompositeimagewhichwouldoccurif thescenewasac-
tually �lmed. Shadows of theobjectsaremany timesmissingin thescene.Dependingon
how theobjectswereinitially �lmed, theremaybedifferencesin theapparentlight emitted
within thesceneandthelight re�ectedfrom theobject.

Theeffect of thesediscrepanciesdependsbothon thesceneandtheaudience.Darker
scenesmaytake advantageof a humaneye's inability to distinguishdetailsin sceneswith
little illumination andthusmayallow mistakesto passundetected.However, sceneswith
bright light sourcesmay reveal the aforementioneddefectsin the compositedsceneand
becomeobjectionableto theaudience.Sinceit is desirableto createacompositescenethat
blendsthevariouselementsin anacceptablefashion,ratherthanleaving the�nal product
to chance,it is desirableto developmethodsto improve thedigital composite.

1.3 Impr oving the Digital Composite

Creatingbetterdigital compositescantake on many differentforms. Onemethodto min-
imize inconsistenciesin illumination requirescareful planningin designingthe lighting
schemefor theobjectsagainstthebluescreen.Assumingthatthebackgroundsceneis real,
asopposedto syntheticallygenerated,lighting measurementshave to betakenof the�nal
backgroundsceneandthesemeasurementsmustbe appliedto the lighting designfor the
foregroundobjects. Whenthe objectsandscenearecompositedtogether, the sceneand
objectswill have approximatelythesamelighting. Additional assumptionsin this method
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includehaving apriori knowledgeof the backgroundfor a particularscene(i.e., that the
backgroundscenehasalreadybeenshot)aswell astheability to collectlighting measure-
mentsfrom thatbackgroundscene(onemight imagineattemptingto collect lighting data
from a glittering,snowy sceneon Mount Evereston a sunny day). Shouldthebackground
scenebe unknown or changedor if the lighting measurementscannotbe retrieved from
thebackgroundenvironment,theninconsistenciesmayonceagain appearon screen.This
methodalsodoesnot addressthe additionof shadows into a scene,nor doesit address
theproblemof detailslost in thebluescreensegmentationprocess.In modern�lm produc-
tions,companieswill many timesemploy artiststo correctsomeof theseinconsistenciesby
handfor eachframeof �lm, includingmissingportionsof thebluescreensegementation.
Giventhenumberof specialeffectsshotsthatmaybeemployedin agiven�lm, thismethod
canbeexpensive, slow, tedious,andstill may introduceerrorsfrom theartists. Although
theabove methodsareusedtodayin thecreationandre�nementof digital compositesfor
�lm, amorepowerful, �e xible, andcosteffectivesolutionis desirable.

Ideally, thereal3D sceneandreal3D objectswouldbecompletelyparametrizedwithin
thecomputer. Oncedone,theobjectscould thenbepreciselyplacedwithin the3D scene
andimagescouldbe createdfrom virtual cameras.The problemof illumination discrep-
ancieswould no longerexist becausetheobjectswould be illuminatedby thesamelights
astherestof thescene.However, generatingthis complete3D solutionis a dif�cult task.
While systemswhich approximatethis goalhave seenlimited usein extremelyhigh bud-
getsproductions(most notably in the recentLord of the Ringsand The Matrix series),
generallythey arenot availablenor are�e xible enoughfor mostmodern�lm or television
productions.

The ultimategoal is to intergratereal-world objectsinto differentscenesto produce
realistictwo-dimensional(2D) images.Sinceonly a portionof anobjectcanbevisible in
an imageat a givenpoint in time, achieving this goal requiresmodifying only thevisible
portionsof theobject.While thecomplete3D objectis notneeded,someshapeinformation
is requiredto properlycomputetheinteractionof light andtheobject.

Theprojectpresentedhereapproachesthisproblemthroughtheintroductionof astereo
camerasystem. The stereopair of imagesgeneratedfrom thesecamerasareutilized to
estimatethedepthsof theobjectagainsttheconstant-coloredbackground.A meshmodel
is constructedanda texture mapof the object, derived from oneof the images,is then
placedon the model. Oncedone,the modelmay thenbe re-illuminatedin a way that is
consistentwith the desiredbackgroundsceneusing virtual lights and an imagemay be
generatedusingavirtual camera.

1.4 Overall System

Thesystemdescribedhereencompassestheprocessfrom the initial stereopair of images
to the�nal compositeimage.Oneof thechief assumptionsof this projectis thattheinput
stereopairof imagesareof objects�lmed againstaconstant-coloredbackground.

Brie�y , thefollowing stepsareperformedby thesystem:
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1. Estimationof initial alphamattes

2. Finetuningalphamattesvia aMAP approach

3. Computationof disparitymap

4. Constructionof objectsurface

5. Illuminationandrenderingof object

6. Creationof the�nal compositeimage

Chapter3 will describethe processingrequiredfor the estimationandre�nement of
thealphamattes.Computationof thedisparitymapwill becoveredin Chapter4. Object
surfaceconstruction,illumination, rendering,and�nal outputwill bereviewedin Chapter
5.

1.5 Primary Examples

Figures1.2 and1.3 are the stereopairswhich are the primary examplesfor this report.
Figure1.2 is a stereopair of a setof stackedboxes.Theseimagesaretakenfrom approx-
imatelyparallelstereocameras.Recti�cation performedon the imagesfor computational
purposesandtheimagewascroppedon thebottomto eliminateregionswherethe�eld of
view at the bottomof oneimagewasnot visible in the view of the other image. Figure
1.3 is a stereopair of a face.Theseimagesaretakenfrom converging stereocameras.The
planeof convergencefor thesecamerasis locatedslightly in front of theface.This image
hasnotbeenrecti�ed.
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Figure1.1: Systemoverview
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(a) (b)

Figure1.2: Exampleof astereopair (a). left image(b). right image

(a) (b)

Figure1.3: Exampleof astereopair (a). left image(b). right image



Chapter 2

Background and RelatedWork

2.1 Alter nativeApproaches

Otherwork hashadsimilar goalsusingdifferentapproaches.Debevecet al. [17] describe
alive-actionlighting andcompositingsystem.Thissystemusesphysicallightsundercom-
putercontrol. Thesubjectstandsinsideof a geodesicspherewhich hasLED lights along
theinsideof thesphere.Thelightsof this”LED sphere”arepreciselycontrolledto produce
lighting corrspondingto previously recoveredglobalilluminationdata[15]. Theillumina-
tion of thesubjectis thusperformedin real time, sincethe illumination is changedat the
timeof thevideocapture.Thatsystemdiffersfrom theapproachtakenin thiswork in sev-
eral regards.First, a physical lighting of thesubjectis performedat thesametime asdata
is beingcaptured,whereasherea virtual illumination is performedafter thedatahasbeen
capturedandprocessed.Sincetheillumination is adjustedat capturetime, thescenemust
bereshotif theilluminationneedsto beadjustedor changedfurther. In thiswork, oncethe
3D modelhasbeenrecovered,illuminationchangesmaybeappliedto thedatawithout the
needto recapturethe data. In addition,becauseshapeinformationis not recoevered,the
physical systemcannotbeusedto produceshadows, re�ections, or otherinteractionsbe-
tween3D objects;again,oncethedatahasbeenprocessed,theseeffectsmaybecreatedin
thiswork. Finally, thelighting effectsarelimited to thoseobjectswhichresidein the”LED
sphere”.Althoughin thiswork constant-coloredbackgroundsareneeded,this limitation is
easilyovercomeby physically creatinglargerwalls or roomswhich areconstant-colored.
The creationof suchlarger, constant-coloredspacesis alreadyin practicefor both �lms
andvideogames.

In anotherapproach,3DV Systems,Ltd. [24] [28] utilize aspeciallydesignedcamerato
recoverdepthusinga laserrange�nder. Thecameraemitsaninvisible laserpulse,a ”light
wall”, into thescene.Thelaserlight bouncesoff of theobjectsin thesceneandis detected
by a sensoron the camera.The timings generatedby the returninglaserlight determine
the depthin the scene.This generatesdepthestimatesof a scenewithin presetlimits of
thedepth�eld. In addition,thecamerautilizesthisdepthcalculationto segmentobjectsat
differentdepths(”depthkeying”). Similar to thework presentedhere,this depthestimate
could then be usedto generatesimilar 3D modelsfor usein relighting. However, this
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methodrequiresthe useof expensive andspecializedhardware,wherasthis projectuses
relatively inexpensivecamerasto generatethestereopair. In addition,it is possiblethatthe
”light wall” pulsecouldbecomescatteredby objectswith exceptionallyroughor re�ective
(at leastfor thefrequenciesusedin thelaserpulse)surfacesandproduceerroneousresults.

Finally, SzeliskiandGolland's work attemptsto recover disparities,true colors,and
opacitiesof objectssimultaneously[53]. Their work focuseson the moregeneralprob-
lem of extractinganobjectfrom anunknown, possiblynon-constant-colored,background.
Theirmethod�rst estimatesaninitial disparity�eld andcreatesavolumein (x; y; d) space,
where(x; y) aretheimagecoordinatesandd refersto thecorrespondingdisparityestimate.
Usingcalibrationinformationfrom thestereocameras,this volumeis thenreprojectedto
imageswhich correspondto the original stereopair. The algorithmtheniteratively esti-
matestransparency anddisparity. Thisdiffersfrom thiswork in severalregards.First, they
make no assumptionregardingthebackground,which becomesa usefulconstraintin this
work. Secondly, oncethealphachannelhasbeenestimatedandre�ned, it is �x ed;thereis
no moreestimationperformed.Finally, SzeliskiandGollandarenot attemptingto recover
shapeinformationfor relightingpurposes,which is oneof themainportionsof thiswork.

2.2 ImageFormation

An intensityimageof a three-dimensional(3D) sceneis a projectionof thesceneontothe
imagingplaneof acameraor sensor. Thisprojectionis amappingof thethree-dimensional
spaceontoatwo-dimensional(2D) plane;hence,any pointatpositionX = (X ; Y; Z ) in the
3D scenevisible to theimagingplaneis mappedto a positionx = (x; y) in the2D image.
Theintensity(luminanceor color)atany givenpointon this2D planeis therecordedlight
emittedor re�ectedataparticularpoint in the3D scene.[56]

Theabove mappingof the3D spaceto the2D planeoccursin any camera.In orderto
describethis processmathematically, a modelis needed.Onesimplecameramodelis the
pinholecameramodel. Figure2.1 illustratesthe pinholecameramodel[20]. The model
is comprisedof a planeR, calledtheretinal plane, anda point C calledtheopticalcenter.
Point C is locatedat distanceF (calledthe focal length)from the retinal plane. Raysof
light, which are emittedby or re�ected from the sceneobject, passthroughthe optical
centerandfall upontheretinalplane.All thevisible raysof light from anobjectproduce
aninvertedimageof thesceneobjecton theretinalimage.

Without lossof generality, it is possibleto placethe optical centerbehindthe retinal
plane.This is doneout of mathematicalconvenienceandremovesthe imageinversionin
themodel.This form of themodelis calledperspectiveprojectionandis illustratedin Fig.
2.2.

If the origin of the 3D spaceis consideredto be the focal centerof the camera,then
a 3D point P at position(X P ; YP ; ZP ) canbe relatedto the2D imagepoint p at position



A StereoBasedApproachto Digital ImageCompositing 9

o b j e c t

p i n h o l e

i m a g e

s c r e e n

s c r e e n

Figure2.1: Pinholecameramodel

(xp; yp) throughsimilar triangles,asfollows:

xp

F
=

X P

ZP
) xp = F

X P

ZP
(2.1)

yp

F
=

YP

ZP
) yp = F

YP

ZP
(2.2)

Thisbasicderivationwill becomeimportantin Section2.4.

2.3 Alpha ChannelEstimation

For somearbitraryimageI , thealphachannelis de�ned to bea�eld with thesamedimen-
sionsaseachof thecolorchannelsof thatimage.However, whereastheinformationin the
color channelsis usedto determinetheintensityof thecolor valuesat a givenlocation,an
alphachannelprovidestransparency and,indirectly, shapeinformation[50]. In its simplest
form, the valueof the alphachannelat a given locationmay take on oneof two values:
opaque,for pixelsof a imagethatarevisible, andtransparent,for pixelsof an imagethat
areinvisible. Thus,althougheachpixel within thecolor channelsof animagewill possess
somevalue,thealphachannelcanbeusedto determinewhetheror not thatvalueis seen.
Whenonly two levelsof thealphachannelareused,they aretypically encodednumerically
as0 (transparent)or 1 (opaque).In morecomplicatedversions,morethantwo levelsmay
beused,producingfractionalvaluesfor thealphachannel,which correspondto a level of
translucency.

Thealphachannelplaysa signi�cant role in digital compositing. In digital composit-
ing, an image,calleda compositeis formedasa combinationof regionsfrom two other
images.Typically, theseimagesarefrequentlyreferredto asthebackgroundimageandthe
foregroundimage. In creatingthe compositeimage,the alphachannelof the foreground
imageis utilized to determinewhich pixels in the foregroundandbackgroundimagewill
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Figure2.2: Perspectiveprojectioncameramodel

bevisible in thecompositeimage. Themosttypical methodof combiningthesetwo im-
agesis throughthe”over” equation[42] [50]. For aforegroundimageI F andabackground
imageI B ,acompositeimageI C canbeproducedusinganalphachannel,� , derivedfrom
theforeground:

I C (x) = � (x)I F (x) + (1 � � (x))I B (x) (2.3)

Every opaquepixel in the foregroundimagewill be visible in the composite;for ev-
ery transparentpixel in the foregroundimage,thebackgroundpixel will bevisible in the
composite.For foregroundimagesthatutilize alphachannelswith morethantwo levels,
any pixel in theforegroundwhichhasa fractionalalphachannelvaluewill produceapixel
whosevalueis amixtureof theforegroundandbackgroundpixelsat thatlocation.

The above de�nes synthesizingcompositeimagesoncethe foreground,background,
andthe alphachannelof the foregroundhave beenobtained.For syntheticimages,gen-
eratingthis alphachannelis relatively simple,sinceit may be de�ned at the momentof
creationwhatregionsof an imagewill beopaque,transparent,or translucent.For images
of real-world objects,determiningthealphachannelof animageis averydif�cult problem
[50] withoutspecialconstraints.Effectively, any imagecanbeconsideredacompositeim-
age,insofarastheimagewouldcontain“foreground”regionssurroundedby “background”
regions.In orderto determinewhatregionsareforegroundandbackground,analphachan-
nel is needed.However, in orderto determinethealphachannel,it is necessaryto know the
foregroundandbackgroundregions!Withoutarbitraryassignmentof thealphachannelon
thepartof someuseror program,it is not possibleto know thealphachannelof any given
image.

Fortunately, it is possibleto constraintheproblemto make it moretractable.Oneof-
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tenutilized constraintis a constant-coloredbackground.Thedesiredforegroundobjectis
placedin frontof aconstant-coloredbackground.Assumingthattheforegroundobjectcon-
tainsnocolorcloseto thecolorsof thebackground,it is possibleto createanalphachannel
by assigningall regionsof the imagewhich containthebackgroundcolor astransparent,
assigningall otherregionsof theimageopaque.

While this solutioncanbe effective at producingan alphachannel,it is not without
problems.In attemptingto segmenttheforegroundobjectfrom its backgroundin thefore-
groundimage,theedgeswheretheforegroundandbackgroundregionsmeetareoftennot
well de�ned. In theseareaswherethetwo regionsmeet,thereis oftena mixturebetween
thebackgroundandforegroundpixels.This canbesourcedto differentcauses.In thepin-
holecameramodelof Section2.2,theraysof light comingthroughthelenswill fall upona
singlepoint. In a realcamera,theseraysof light maynotpreciselyfall uponasinglepoint
of the imagingplane[26]. This distribution of raysof light maythusgive rise to mixture
betweentheforegroundandbackgroundregions. In addition,therealworld is continuous
andthe imagingsystemin mostcamerasusesa CCD sensorfor an imagingplane.Since
CCD sensorsonly have a �nite numberof elementswhich can be excited by incoming
photons,thenunlesssomesort of pre�ltering is performedat the lens,thenaliasingwill
resultin theimageof thescene.This will bemostespeciallyapparentin regionsof higher
frequencies(e.g. objectboundaries),giving rise to mixing betweenthe foregroundand
backgroundregions.

Theprincipalwork on thealphachanneloriginatesin thecomputergraphicscommu-
nity with thework of PorterandDuff [42], which de�ned the”over” equationalongwith
otherpossibleimagecombinationoperations.Thiswork andthehistoryof thealphachan-
nel is effectively reviewedby Smith [51] [52]. Brinkman[4] providesa surfaceoverview
to ad hoc methodsfor extractingan alphachannelin ”real world” situations(i.e. Holly-
woodproductionenvironments).Ad hoctechniquesarealsoreviewedin [6] andproduction
level techniquesarecoveredin [31]. SmithandBlinn mathematicallyde�ne theproblemof
generatinganalphachannelfrom animageof anobjectin front of aconstant-coloredback-
groundin [50] andprove why adhocsolutionsto alphachannelestimationwork. Ruzon
andTomasi[44] utilize astatisticalapproachwith Gaussianmixturesin theirestimationof
improvedalphachannels.Wexler, Fitzgibbon,andZissermanutilize multiple imagesof a
sceneto improve theiralphachannelestimate[57].

Thealphachannelestimationin thisprojectis basedonthetechniquesby Chuanget. al.
[9]. Althoughit will bemoreclearlyde�ned in Chapter3, this methodutilizesa Bayesian
framework to solve the problem. This work is extendedby Chuanget. al. [8] for video
applicationsandfor estimatingthealphachannelof theshadowsof foregroundobjects[10].
ChuangandZonker, et. al. alsoextendwork in estimatingalphachannelsfrom generalized
scenes,not just constant-coloredbackgroundones[11][63] .
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2.4 StereoscopicDepth Estimation

Mathematical Formulation

In the discussionof imageformation in Section2.2, in both perspective projectionand
orthographicprojection,a point at (X ; Y; Z ) in 3D spacewasmappedto a point at (x; y)
on the2D imageplane. Onemay de�ne theZ coordinate,thedistanceof an imaged3D
point from the imagingplane,asthe depthof that point. Thena depthmapD for a 2D
imageI is de�ned as a 2D �eld suchthat D(x; y); (x; y) 2 
 , where
 is the domain
for the imagecoordinates,is thedepthassociatedwith the imagepoint (x; y) . Sincethe
valuesof thedepthmapareintimatelyrelatedto thestructureandlocationof objectswithin
the original 3D scene,knowledgeof the depthmap is importantfor many applications,
includingroboticnavigation,3D objectestimation,view interpolation,imagemosaicking
andmany others.

Althoughasingle2D imagemaypossessarich amountof information,evenproviding
cuesfor depthperceptionandinferenceof objectstructurethroughocclusionsandperspec-
tive, it is mathematicallyimpossibleto recoveranaccuratedepthmapfrom asingleimage.
This follows naturallysinceanimageis simply a projectionof 3D spaceontoa 2D plane.
Sincethis mapping(< 3 ! < 2) is not one-to-one,the imagenecessarilylosesthe depth
information.

In orderto recover this depthmap,it is necessaryto augmentthe imagingsystem,for
exampleby the additionof anotherimagingdevice or camera.This pair of camerascan
thenbe positionedto mimic the humaneyes. Typically, the camerasareplacednext to
eachotherhorizontally(althoughsomepreferverticalcon�gurationsasin [7]), with their
imagingplanes(ideally)parallelto oneanother. Fig. 2.3illustratesthis. Thisstereosystem
functionsin amanneranalogousto thehumanvisualsystem.Justasapairof eyesenables
a humanto recover depthin a scene,thegoalof thestereocamerasystemis to recover the
depthmapasdeterminedby thepair of imagesgeneratedby thesystem.Thegeometryof
thestereocamerasystemis well known, examinedin [59] [22] [58] [7] [54] [19] [20] and
many others.

Fig. 2.3 shows an exampleof parallel camera con�guration for stereoimaging. The
world coordinatesystemis locatedat Cw . Thecentersof projectionfor the left andright
camerasarelocatedin thesameX -Y planeof theworld coordinatesystemandtheir imag-
ing planesareparallel[56]. In addition,theleft andright cameraseachhave anassociated
coordinatesystem,whoseoriginsarethecameras'respective focal centers.Thelocations
of theleft andright focal centersaredenotedasCl andCr , respectively. Thecamerasare
locatedon theX axisof theworld coordinatesystem,eachequidistantfrom theorigin of
theworld coordinatesystem.Thehorizontaldistancebetweenthefocal centersof thetwo
camerasis calledthebaselineB . Thefocal lengthsof thetwo camerasareassumedequal.

Let a 3D point P have coordinates(X ; Y; Z ) in theworld coordinatesystem.Further-
more,let thesame3D pointhavecorrespondingcoordinates(X l ; Yl ; Z l ) and(X r ; Yr ; Zr ) in
thecoordinatesystemsof theleft andright cameras,respectively. Therelationshipamongst
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Figure2.3: Parallelstereosystem

thesethreecoordinatesof pointPare:

X l = X +
B
2

X r = X �
B
2

(2.4)

Yl = Yr = Y (2.5)

Z l = Zr = Z (2.6)

Using the perspective projectionmodel(2.1-2.2),the scenepoint P will be projected
onto imagepoints pl and pr in the left and right imaging planes. pl and pr are called
homologouspoints,sincethey correspondto thesamepoint in the3D scene.Let (x l ; yl )
and(xr ; yr ) denotetheimagecoordinatesof pointspl andpr , respectively. Equations(2.7-
2.8) show the projective relationbetweenthe 3D scenecoordinatesandthe imageplane
coordinates.

x l = F
X + B

2

Z
xr = F

X � B
2

Z
(2.7)

yl = yr = F
Y
Z

(2.8)

In orderto infer depthof the3D scenepoint P, therelationshipbetweenprojectionspl
andpr at positionsxl andxr is needed.This relationshipis known asthedisparityvector
dr l , de�ned asthedifferenceof thecoordinatesof pointspl andpr :

dl r = xl � xr (2.9)

In the specialcaseof the parallelcameracon�guration, yl = yr (2.8) andthustheir
differencewill be 0. In this case,thereshall be only a differencealong the horizontal
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coordinate.dx is thedisparityvaluealongthex directionin theimagingplane.

dx = x l � xr

= F

 
X + B

2

Z

!

� F

 
X � B

2

Z

!

=
FB
Z

(2.10)

Sincethefocal lengthF andthebaselineB arebothconstants,equation(2.10)shows
that the disparitydx is dependentonly on the valueof Z , the depth. Rewriting (2.10) to
produceZ asa functionof dx , thefollowing is obtained:

Z =
FB
dx

(2.11)

As equation(2.11)shows, for the parallelcameracon�guration, the depthof a given
point in the3D sceneis directlyproportionalto thehorizontaldisparityof theprojectionof
thatpoint in the imagingplanesof the left andright cameras.In fact,given themeasure-
mentsof thedisparityvalue,thebaseline,andthe focal length,thedepthmaybeexactly
determinedthrougha very simplerelation. Sincethebaselineandfocal lengtharevalues
assumedto begiven,only thedisparityvalueneedsto bedetermined.Determiningdispar-
ity, however, requiresknowledgeof correspondencebetweenprojectionsof the 3D point
P . That is, givena pixel in oneimage,it is necessaryto determineits homologouspoint
in the secondimageof the stereopair. It is this problemthat is at the heartof the depth
estimationfrom stereopairs.

Oneof the foremostassumptionsmadein stereodepthestimationis the illumination
model(or, equivalently, there�ectancefunction).As statedin Section2.2,thevalueateach
x in theimageis determinedby theamountof light re�ectedor emittedby its corresponding
3D point in thescene.In orderto constraintheproblemof �nding homologouspointsin the
stereopair, thereis oftenanassmuptionmadeaboutthere�ectancefunction: thesurfacesin
questionareoftenassumedto beLambertian.Lambertiansurfacesre�ect thesameamount
of light in all directions[20]. Thus,whenapointin the3Dsceneis imagedbybothcameras,
the intensityvaluerecordedby eachcamerashouldbe the same.Although this modelis
easilyviolatedby real-world objects(polishedwood,mirrors,glass,etc.),if thebaselineof
thestereosystemis relatively small comparedto theviewing distance,thenthis modelis
a fair approximationfor many objects.This is importantfor determiningcorrespondence
betweenpixels,sinceit constrainsthesearchfor homologouspairsof pixels.

RelatedWork

As shown, depthrecovery reducesto calculatingthedisparityvectorbetweenhomologous
pixelsin thetwo images.Dependingonsensorgeometry(andcalibration,if absolutedepth
is desired),depthinformationmay thenbe exactly determinedfrom this disparityvector.
Althoughthereexist algorithmsfor computingdisparityin thefrequency domain[21] [14],
the following primarily coversalgorithmsfor the computationof disparity in the spatial
domain.
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Spatial domain disparity estimation techniques Space-basedmethodsmaybedivided
into two categories:gradient-basedmethodsandmatching-basedmethods.Gradient-based
methodsuseoptical �o w-type equationsto determinedisparityvectors. Matching-based
methodstake someregionof oneof theimagesandattemptto �nd a correspondingregion
in thesecondimageof thestereopair. Matching-basedmethodscanbeonceagaindivided
into many differentcategories:area-based,feature-based,graph-cuts,etc. This work uses
area-basedmethodsfor calculatingthedisparityvectors.Thereshallonly bea brief men-
tion of theothermethods.Interestedreadersin theseandothertopicsshouldconsult[45]
whichprovidesanoverview of many of thedensetwo-framecorrespondencealgorithms.

Feature-baseddisparityestimation�rst attemptsto computesalientregionsin eachim-
age. Prominentregions,or features,in eachof the imagesmay includeedges,corners,
curves,etc.After having detectedsuchregionsin eachimage,thealgorithmsthenattempt
to �nd correspondingregionsbetweenthe two images.Sincetherewill only bedisparity
vectorsbetweeencorrespondingregions,a sparselypopulateddisparity�eld is the result
of this matching.Dependingon desiredusage,a densedisparity�eld maybeinterpolated
from thissparse�eld. Examplesof suchtechniquesareshown in [33].

Graphcuts [3] [20] [36] considerthe pixels of a given imageas nodesin a graph.
Algorithmsusinggraphcutsseekto labelpixels with a givendisparityandminimize the
energy neededto swappixelsfrom onelabelto another. Theproblemultimatelyreducesto
calculatingaminimumcutamongstthelabelsof thegraph.

Algorithmsfor area-basedstereomethodsattemptto computea similarity functionof
local neighborhoodsbetweenthe left andright images,limited by geometricconstraints
[32] [13]. Most of the algorithmsin area-basedsystemsutilize somefunction of image
intensity difference(both grayscaleand color) [41] [22] [34] [39] [46] or a correlation
measure[61] [35] [27]. Themostcommonareautilized in area-basedstereomatchingis a
rectangularor, morecommonly, a squareblock,giving riseto thetermof block matching.
In oneimplementation,oneof the images(in this work, the left image),is divided into a
grid of regularblocks. A givenblock from oneimageis takenand”slid” over thesecond
imageonepixel at a time, computingthesimilarity functionat eachposition. To prevent
having to examinetheentireimagefor eachblock, anassumptionis madeaboutthesize
of the maximumdisparity in the stereopair. From this assumption,a searchwindow is
de�ned asa region arounda block that will be testedfor a bestmatch. After computing
the similarity function for eachblock of the searchwindow, the region with the highest
similarity is selectedandthedisparityvectoris computed.Although�x ed-sizedblock are
commonplacefor the areasexaminedin thesemethods,researchhasalsobeendonein
utilizing variable-sizeblock sizes[32]. Thesemethodsseekto modify theblock window
whenit containsregionswith relatively little information. This is doneto provide more
robust estimatesand avoid the problemsassociatedwith blocks in one imagematching
multiplepointsin thesecondimage.

Dependingon thedepthof theobjectsin thescene,thedisparityvectorsmaybelarge
andthusthe searchwindow will alsohave to be necessarilylarge. This canleadto both
computationallyintensesearchesandpossiblemismatchesbetweenthe two images. To
combattheseproblems,hierarchicalor multi-scaletechniquesareemployed. Hierarchical
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block matching[61] utilizespyramidalstructures[1] to createa seriesof imagesthatare
�ltered anddownsampledversionsof theoriginal image. By performingblock matching
on thesesmallerimages,therequiredcomputationtime is reduced.In addition,thedanger
of �nding local minima is suppresseddue to the �ltering anddownsamplingof the im-
age.Disparityestimatesarepropogatedfrom thehighestlevel of thepyramid(thesmallest
downsampledimage)to the lowestlevel of thepyramid(theoriginal image).A morede-
tailed discussionof hierarchicalmethodsin disparityestimationcanbe found in Section
4.5.

In practice,ablockmaybecomematchedto aregionwhichproducesadisparityvector
that is radicallydifferentthanany of its neighbors.Oneassumptionoftenmadeis thatthe
disparity �eld shouldbe smoothlyvarying (exceptat discontinuities):neighborhoodsof
blocksor pixels shouldpossesssimilar disparityestimates.To ensuresmoothnesseither
betweenindividual pixelsor blocksof pixels,regularizationconstraintsareoftenused.In
block-matchingdisparityestimation,regularizationincludesanadditionaltermthathelps
to ensurethat the disparityvectorsof a neighborhoodof blocksmaintaina level of simi-
larity to eachother. Regularizationis employedoften in the literature[38] [34] [35] [47],
andsometimesusedin conjunctionwith the aforementionedhierarchicalblock matching
schemesin [43]. Onceagain, a moredetaileddiscussionof regularizationmethods,espe-
cially asit pertainsto thiswork canbefoundin Section4.3.

2.5 Model Reconstruction

Oncethedepthhasbeenrecoveredfrom ascene,it is thenpossibleto approximatethefore-
groundobjectwith a3Dmesh.Modelreconstructioncanbeaccomplishedthroughavariety
of methods.At the simplestlevel, resultsfrom the depthmapestimationcanbe directly
usedto createa height�eld. Fromthis height�eld, pointscanbegeneratedfrom theuni-
form (x; y) locationson thegrid which correspondto (X ; Y) coordinatesin 3D space;the
valueof theheight�eld at the(x; y) grid locationbecomestheZ coordinate.Thesepoints
can thenbe collectedinto triangularpatcheswhich can thenbe directly texture mapped
andrendered.Improvementinto thisbasicconceptmayincludeDelanuey triangulationfor
reducingtheactualnumberof triangularpatchesnecessaryto representtheobject. Addi-
tional surfaceapproximationalgorithmscanbefoundin a review of thetopic by Heckbert
andGarland[25] . HeckbertandGarlandalsoexplorefastapproximationmethodsto this
type of data[23]. Othermethodsmay includeusingpolyhedralobjectssuchasDebevec
et al. in [16] to build scenemodelsfrom multiple images.Anotherapproachproposedby
SiddiquiandSclaroff [48] is to utilize B-Splinesurfacesinsteadof simpletrianglesjoined
by line segements.Althoughvoxelsrequirevastlydifferentcomputationalapproachesthan
offeredby stereodata,they arealsousefulin creating3D meshes.



Chapter 3

Alpha ChannelRe�nement

3.1 CompositingDe�nition and History

In its mostbasicform, imagecompositingconsistsof thecombinationof two images(typ-
ically calledforegroundandbackgroundimages)into a single�nal form (oftencalledthe
composite).Elementsin the foregroundimagewill occludethebackgroundimagein the
�nal composite.In orderto segmentout only thedesiredelementsout of the foreground
image,it is necessaryto createamask.Thismaskde�nestheareasin the�nal imagewhere
theforegroundandbackgroundelementswill bevisible. Considertheimagein Figure3.1.
In thisexample,theforegroundimageconsistsof a faceoverauniformbackground,while
the backgroundimageis a city sidewalk. The alphachannelcontainsa black andwhite
versionof the face.The �nal compositeis thecombinationof the two images,asde�ned
by thealphachannelextractedfrom theforeground.

Traditionally, this maskis mostoften calleda matte. This nameis derived originally
from �lm techniques,wherea mattewas a strip of monochromatic�lm that contained
regionsof transparency andopacity. This strip would beplacedontoanotherstrip of �lm
(eithermonochromaticor color). Whenthenon-matte�lm wasexposedto light, only the
transparentregion de�ned by themattewould beexposed.Thecomplementof thematte
(wherethe regions of opacity and transparency wherereversed)was called the holdout
matte. By usingthis holdoutmatte,the areasof the �lm could thenbe exposedby light
comingfromsomethingcompletelydifferent.Thisishow acompositecanbeaccomplished
throughpurelyopticalmeansandit is a techniquethatis still in usetoday[50] [55].

3.2 Alpha Channel

In morerecenttimes,with introductionof computersto photography andimageprocessing,
theconceptof themattehasevolved. In its currentform, thematteprocessis carriedout
througha �eld calledthealphachannel. Thealphachannelis akin to thecolor channels
insomuchascontaininga �eld of datathat is of equaldimensionsto theimage.However,
asopposedto containinginformationcorrespondingto anexplicitly visualelement(i.e.,a
givencolor), thevalueat a givencoordinatein thealphachannelis thetransparency of the
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(a) (b)

(c) (d)

Figure 3.1: Creatingan imagecomposite: (a) foregroundimage;(b)alphachannel;(c)
backgroundimage;and(d) compositeimage.

pixel at thesamecoordinatein the image. In many implementations,analphavalueof 1
meansthata pixel is seenin the foregroundandcompletelyoccludesthebackground.A
valueof 0 meansthat thepixel is not seenat all andonly thebackgroundvalueremains.
Often,alphachannelsarede�ned ashaving valuesin therange[0,1] wherevaluesbetween
0 and1 indicatepixelsin the�nal imagethatarelinearcombinationsof theforegroundand
backgroundvalues[42].

Givena foregroundpixel I f
F (whereI f

F maybeeithera scalarfor monochromaticim-
agesor a vector for colors)anda backgroundpixel I b

F (samepossibilitiesasI f
F ) andan

alphachannel� (herede�ned asa real valuein the range[0,1]), the compositepixel I C

maybeobtainedas

I C = � I f
F + (1 � � )I b

F (3.1)

This equationis the mostcommonlyusedoperatorin compositing,and is called the
“over” equation.[42] Althoughothercompositingoperationshave beende�ned [42], the
overequationis theworkhorseof compositingtools[4],[42].
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3.3 Calculating the Alpha Channel

In theory, an alphachannelcould be generatedin an in�nite numberof ways. A user
could assignto eachpixel an alphavalueor a programcould randomlyassignthe alpha
value. However, the more interestingmethodsof alphachannelgenerationcomefrom
extractingthe alphachannelfrom an image. The methodanddif�culty of extractingan
alphachannelfrom asingleimagedependsonhow animagewascreated.Determiningthe
alphachannelfor syntheticimagescanbeaccomplishedthroughsimpleassignmentat the
momentof imagecreation.However, thequestionbecomesmorecomplex whentheworld
of syntheticimagesis left behindfor therealobjects.As pointedoutby SmithandBlinn in
[50], theproblemof extractinganalphachannelfrom a singleimagereducesto a problem
of threeobservations(red,green,andbluecolor channels)andfour unknowns(red,green,
andbluecolor channelsandthealphachannel).Mathematicallyspeaking,it is impossible
to producea singlesolutionto this problem.However, they alsopoint out thatsincealpha
channels(andtheir analogequivalentsof mattes)have beenin usefor closeto a century,
theremustexist somemethodto a solution. Indeed,by addinga simpleconstraintto the
system,theproblembecomestractable.Thesolutionthathasbeenutilizedfor decadesand
a familiar sightto �lm studiosis thebluescreen(or, sometimes,thegreenscreen).

Theblueandgreenscreensareinstancesof a moregeneralclassof constraintsto the
problemthatde�ne thebackgroundof theimageto beof constant-color. Assumingthatthe
foregroundcontainsnocolorsthatarecloseto thecolorof thebackground,theforeground
object can be easily extracted. The processwith thesescreensis as follows: an object
is shot in front of the constant-coloredbackground. Subsequently, the color is entirely
removedandreplacedwith thebackgroundimage.In effect,thenon-blue(assumingablue
background)elementshavebecometheforegroundelement(equivalentto analphachannel
valueof 1) andtheblueportionshavebecomebackground(alphavalueof 0).

Theinitial alphamattesusedherearegeneratedusingAdobePremiere(asimplethresh-
olding method.A detailedanalysisof generatingalphachannelsfrom imagesshotagainst
abluescreencanbefoundin [50].

Figures3.3 and 3.3 show alphachannelsthat are generatedfrom Adobe Premiere.
While Figure3.3showsfairly accurate,if coarse,alphachannelsfrom thefacepair, Figure
3.3demonstratesmoreproblems.Sincethebackgroundof theoriginal imageof this image
pair wasnot initially well illuminated,the thresholdsrequiredto generateeven approxi-
matelyaccuratealphachannelsalsoeliminatedcolorsthatwerein the foregroundregion.
Despitethesedrasticthresholds,therearesomemislabeledareasthatcanbefoundnearthe
upperright handsideof theboxes.

3.4 Limitations in Calculating the Alpha Channel

In practice,it canbedif�cult to obtainanaccuratealphachannel.Uneven lighting, shad-
ows, andfuzzy areascancausealphachannelsto be miscalculated.The resultsof mis-
calculationrangefrom either cutting off a pieceof an object (i.e., mislabelinga set of
foregroundpixelsasbackground)to creatingacoloredhuearoundtheforegroundhue(i.e.
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(a) (b)

(c) (d)

Figure3.2: Alphachannelsgeneratedfrom astereopair: (a) left image;(b)right image;(c)
left alphachannel;and(d) right alphachannel.

mislabelingbackgroundpixelsasforeground).In particular, with thefuzzy areas,hair and
fur canoften be cut off or improperlysegmentedin the alphachannel. Fuzzyareasare
mostcharacterizedby having pixelsthatcontainalphavaluesthatarebetween0 and1, and
assuch,aredif�cult to explicitly labelaseitherforegroundor background.As mentioned
above, this oftencausesthequestionableregion to becut off or causecolor spill to appear
in the foreground. Although the latter is extremelyundesirable(sinceit is a strongindi-
cationthat a constant-coloredbackgroundhasbeenemployed), eithereffect is unwanted
in �nal composition.To combatthis problem,statisticalmethodsareemployed to aid in
estimatingthealphachannel.

3.5 Estimation of Impr oved Alpha Matte via a MAP Ap-
proach

Onceaninitial alphamattehasbeengenerated,thetaskof furtherimproving this estimate
maybegin. With theinitial alphamatteandtheoriginalcolorimage,estimationof anew al-
phamattemayproceedusingtheMAP criterionwithin theBayesianapproachasproposed
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(a) (b)

(c) (d)

Figure3.3: Alphachannelsgeneratedfrom astereopair: (a) left image;(b)right image;(c)
left alphachannel;and(d) right alphachannel.

by Chuangetal. [9].
Theobservationmodelfor re�ning thisalphachannelis de�ned as:

I F = � I f
F + (1 � � )I b

F + � c (3.2)

The imageI F is the given image. Pixels of the objectwithin the imagearedenotedas
I f

F , while pixels of the constant-coloredbackgroundaredenotedasI b
F . Sincethe image

is typically taken of a real scene,it is assumedthat thereexists somesensornoisein the
camera,which is distributedasazero-meanGaussianwith variance� 2

c .
ThebackgroundI b

F is assumedto bedistributedassomeGaussianwith mean�I b
F and

covariancematrix � B . Thealphachannel� is assumedto haveauniformdistribution. The
foregroundwill be assumedto be distributedat eachpixel asan independentGaussian.
Sincethereis no globaldistribution for theforeground(asin thecaseof thebackground),
this presentsa problemin determiningthe distribution of eachof the foregroundpixels.
Therefore,althoughthederivationwill considereachforegroundpixel independentlydis-
tributedfrom its neighbors,whenactuallydetermingthestatisticsof any givenforeground
pixel, a region of supportaroundthatpixel will beemployed. This region of supportwill
beusedto determinethemeanforegroundcolorandcovariancematrix.
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The approachof Chuanget al. [9] is followed below in estimatingI f
F , I b

F and� by
maximizingtheaposterioriprobabilityp(I f

F ; I b
F ; � jI F ):

arg max
I f

F ;I b
F ;�

p(I f
F ; I b

F ; � jI F ) = arg max
I f

F ;I b
F ;�

p(I F jI f
F ; I b

F ; � )p(I f
F )p(I b

F )p(� )
p(I F )

= arg max
I f

F ;I b
F ;�

ln[
p(I F jI f

F ; I b
F ; � )p(I f

F )p(I b
F )p(� )

p(I F )
] (3.3)

= arg max
I f

F ;I b
F ;�

[ln(p(I F jI f
F ; I b

F ; � ) + ln(p(I f
F )) +

ln(p(I b
F )) + ln(p(� )) � ln(p(I F ))]

Notethat theforeground,background,andthealphachannelareall assumedindependent
of oneanother. Therationalebehindthisassumptionis asfollows: sinceany alphachannel
couldbeusedto compositethebackgroundandthe foregroundregionstogether, it is not
dependentone either of thesequantities. In addition, it is assumedthat the foreground
will containno colorssimilar to thebackgroundregion; therefore,thedistributionscanbe
consideredindependent.

ln(p(� )) is droppedbecauseof theuniform probabilitydistribution. ln(p(I F )) is also
droppedbecausethis termwill beconstantwith respectto theoptimizationparameters.

The �rst term of (3.4) is modeledasa normaldistribution centeredaroundI F , with
mean� I f

F + (1 � � )I b
F andvariance� 2

c :

ln(p(I F jI f
F ; I b

F ; � )) = �k I F � � I f
F � (1 � � )I b

F k
2
=� c

2 (3.4)

Eachforegroundpixel is assumedto haveanorientedGaussiandistribution:

ln(p(I f
F )) = � (I f

F � �I f
F )T (� F )� 1(I f

F � �I f
F )=2 (3.5)

with samplemean

�I f
F =

1
W

X

x2 R

w(x)I f
F (x) (3.6)

andcovariancematrix� F , andwhereR reprentsaregionaroundagivenpixel for determin-
ing thecharacteristicsof theGaussiandistributioncenteredat thatpixel. Thepixelswithin
this region aregiven weightsw(x) = � 2g(x), whereg(x) is a Gaussianfalloff centered
aroundthegivenpixel. W is thenormalizationconstant:

W =
X

x2 R

w(x) (3.7)

Thesamplecovariancematrix � F canbecomputedasfollows:

� F =
1

W

X

x2 R

w(x)(I f
F (x) � �I f

F )( I f
F (x) � �I f

F )T : (3.8)
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While theforegroundis not globally de�ned throughany singledistribution, theback-
groundis assumedto be constant-colored.Hence,the backgroundis assumedto be a
Gaussiandistribution:

ln(p(I b
F )) = � (I b

F � �I b
F )T (� B )� 1(I b

F � �I b
F )=2 (3.9)

with samplemean

�I b
F =

1
jI B j

X

x2I B

I b
F (x) (3.10)

samplecovariance

� B =
1

jI B j

X

i 2I B

(I b
F i � �I b

F )( I b
F i � �I b

F )T (3.11)

andwhereI B refersto all pixelsinitially labeledas“background”in theoriginal image.
To solve this problem, it needsto be split into two interleaved steps[9]. The �rst

assumesthat � is known andsolvesfor theforegroundandbackgroundcolorsI f
F andI b

F .
Thesecondstepassumesthecolorsareknown andsolvesfor thetransparency value�

Solvingfor I f
F andI b

F produces:
�

(� F )� 1 + I � 2=� 2
c I � (1 � � )=� 2

c
I � (1 � � )=� 2

c (� F )� 1 + I (1 � � )2=� 2
c

� �
I f

F
I b

F

�
=

�
(� F )� 1�I f

F + I F � =� 2
c

(� B )� 1�I b
F + I F (1 � � )=� 2

c

�

whereI is a3 � 3 identitymatrix.
Holding I f

F andI b
F constantandsolvingfor � , thefollowing is obtained:

� =
(I F � I b

F ) � (I f
F � I b

F )

k I f
F � I b

F k2

Terminationof this iterative processoccurswheneithertheerrorbetweenthecurrent
andpreviousestimateshasfallenbelow somethresholdor amaximumnumberof iterations
hasbeenachieved.

Figure3.5 demonstratesthe usefulnessof the alphachannelre�nement on the alpha
channels.Therearenoticeableimprovementsto details,recovering the smallerwispsof
hairson both the left andright sidesof the facein both images.On theotherhand,some
limitations areexposedin the alphachannelre�nementof Figures3.5. The initial alpha
channelhasa numberof mislabeledregions (i.e., regions labeledas foregroundwhich
shouldbebackgroundandvice-versa).As shown in Figure3.5thealphare�nementprocess
correctsa numberof mislabeledforegroundregions.However, theestimationexacerbates
the problemin the regions wherebackgroundregions are labeledas foreground. This
demonstratesthe requirementfor an initial estimatethat is coarsebut closeto the �nal
solution. Indeed,for this case,theoriginal solutionis preferableto the �nal solutionand
theformershallbeusedfor futurecomputationsfor the”boxes” images.
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(a) (b)

(c) (d)

Figure3.4: Comparisionof alphachannels:(a) Original alphachannelof left image;(b)
Original alphachannelof right image; (c) Re�ned alphachannelof left image;and(d)
Re�ned alphachannelof right image.
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(a) (b)

(c) (d)

Figure3.5: Comparisionof alphachannels:(a) Original alphachannelof left image;(b)
Original alphachannelof right image; (c) Re�ned alphachannelof left image;and(d)
Re�ned alphachannelof right image.
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Chapter 4

Depth Estimation

In Section2.4, the problemof depthestimationwasreducedto the problemof comput-
ing correspondingpointsbetweentheimagesof a stereopair. In this chapter, theproblem
of correspondenceis mathematicallyde�ned througha suitablemodel. Fromthis model,
Bayesianestimationapproachesaredeveloped,utilizing eitherMaximumLikelihood(ML)
estimationor Maximuma PosterioriProbability(MAP) estimation.Then,thealphachan-
nel, discussedin Chapter3, is usedasa segmentationof the imagesin orderto limit cor-
respondencesto speci�edregionsof interest.Thisadditionalconstraintproducesimprove-
mentsin bothspeedandaccuracy of thedisparityestimations.Finally, a multi-resolution
schemeis incorporatedto furtherincreasethespeedandaccuracy of theestimation.

4.1 Disparity Map Estimation

In orderto infer disparitybetweentheimagesI l andI r , anassumptionon therelationship
betweentheimagesandthedisparitymustbemade.An oftenmadeassumptionis intensity
constancy betweenhomologouspoints: eachpixel numberedi at location xi in I r is a
translatedversionof somepixel in I l , barringocclusionsanddifferencesin the cameras'
�elds of view. Permitteddisparityvaluesaretypically constrainedto someregionS, which
is calledthesearch window. Thedisparityvaluewill be limited by theextremevaluesof
S. Mathematically, thiscanbeexpressedasfollows:

I l (xi ) = I r (xi + di ); di 2 S (4.1)

Syntheticimages(e.g.,computerrenderingsof arti�cial scenes)canbeproducedwhich
are ideal imagesand for which thereexist disparity vectorsthat satisfy equation(4.1).
Equation(4.1) maynot hold for imagestakenfrom therealworld with physicalcameras.
Dueto both imperfectionsin camerasthemselvesanddifferencesin thecalibrationof the
cameraswith respectto eachother, homologouspointsbetweenthetwo imagesmayin fact
havedifferentintensities.To accountfor thesedifferencesbetweentheimages,anadditive
noisetermis typically addedto themodel,creatingthefollowing:

I l (xi ) = I r (xi + di ) + � (xi ) (4.2)
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Typically, the term � is assumedto be wide-sensestationaryzeromeanwhite Gaussian
noise.Thisalsomeansthatthenoisetermateachpixel is consideredto beanindependent
andidenticallydistributedGaussianrandomvariable. Let the varianceof this noiseterm
be� 2

c . Giventhisassumptionthen� (xi ) becomes� , where� � N (0; � 2
c), producing:

I l (xi ) = I r (xi + di ) + � (4.3)

4.2 Maximum Lik elihoodDepth Estimation

With the observation model (4.3), it is now posssibleto de�ne an approachto disparity
estimation.Giventheassumptionmadeabouttherandomvariableintroducedthroughthe
noiseterm,thiswork optsfor anapproachbasedonBayesianestimation.Thedisparitycan
beconsidereda nonrandomparametersincegivena stereopair thedisparityfor eachpixel
in thetwo imagesis �x ed,dependingon thedepth(againbarringocclusionsandproblems
introducedby the different �elds of view). Sincethe desiredquantity is disparitywhile
I l andI r areobservations,let p(I l ; I r jd) bea conditionalprobabilitydistribution of I l and
I r given d . This distribution can be considereda likelihood functionof a valueof the
stereopair givend . In MaximumLikelihood(ML) estimation,thegoalis to maximizethe
likelihoodfunctionor:

max
di 2S

p(I l ; I r jdi ) (4.4)

While themaximizatinof (4.4) is a standardform for ML estimationfor this problem,
it is usefulto rewrite it differently:

max
di 2S

p(I l ; I r jdi ) = max
di 2S

p(I l ; I r ; di )
p(di )

= max
di 2S

p(I l jI r ; di )p(I r ; di )
p(di )

= max
di 2S

p(I l jI r ; di ) (4.5)

Equation(4.5) follows from two assumptions.First, asmentionedabove, thedisparity
beingestimatedis a non-randomparameter. In this case,it hasprobability1 andtherefore
p(di ) canbe removed from the equation.Secondly, the joint probability of the disparity
with oneof the imagesp(I r ; di ) is alsoassumedconstant. This is due to fact that both
p(di ) andp(I r ) areassumedconstant.Underthesetwo assumptions,the termsmay then
beeliminatedfrom themaximization.

To determinethe likelihoodfunction, it is necessaryto reexaminethe initial modelof
thesystem.In equation(4.3), thenoisetermin themodelwasassumedto bean iid zero-
meanGaussianRV with variance� 2

c . Isolatingthenoisetermof (4.3)produces:

� = I r (xi + di ) � I l (xi ) (4.6)
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Since,givenI r (xi ) andd(xi ), I l (xi ) is known to equalI r (xi + di ) + � i , clearlyp(I l jI r ; di ) =
p(� ). Therefore,maximizingp(� i ) is equalto maximizingp(I l jI r ; di ). Themaximization
canberewrittenas:

max
di 2S

p(I l jI r ; di ) = max
di

p(� ) (4.7)

GiventhattheGaussiandistributionof � is

p(� ) =
1

p
2� � c

exp(
� � 2

2� 2
c

) (4.8)

it is obviousthatmaximizingtheprobabilitydistribution of � i is equivalentto minimizing
thesquareof thevalueof � i or:

max
di 2S

p(� ) = min
di 2S

(� 2) (4.9)

whichproducestheestimator:

d̂M L (xi ) = argmin
d2S

(I r (xi + d) � I l (xi ))2 (4.10)

d̂M L (xi ) is themaximumlikelihoodestimateof disparity. Implementingthisestimation
requiresanexhaustivesearchoverall possiblevaluesof d for eachpixel. While thisdervi-
ationresultsin theML estimatefor individual pixels,in practice,theproblemis ill-posed.
An arbitrarypixel valuein oneimagemaymatchmany differentpixelsin theotherimage,
producingmany local minima or even an erroneousglobal minimum. Theremay not be
enoughinformationin a singlepixel valueto determinethecorrectdisparityvector. This
estimatoris not robust enoughto accuratelydeterminethe disparityvaluesof individual
pixels.

To provideagreaterdegreeof robustnessin theestimation,anassumptioncanbemade
aboutthe disparity valueswithin a local neighborhoodN of pixels. An often usedas-
sumptionis thatthedisparityvectorsareconstantwithin this neighborhoodof pixels,thus
correspondingto constantdepth. This neighborhoodcanbe assumedto be a block (typ-
ically a squareblock) of pixels. Sincethe � i is assumedto be iid, this is equivalent to
replacingp(� i ) in (4.7) with

Q
j 2B i

(p(� j )) , whereBi is a squareblock of pixelsarounda
givenpixel. Througha trivial changein derivation, theML estimateis now computedas
follows:

d̂M L (xi ) = argmind2S
P

j 2B i
(I r (xj + d) � I l (xj ))2 (4.11)

Finally, if the intensity imageincludesmore than one channel,speci�cally multiple
color channels,thenthis additionalinformationmayalsobeaddedto theestimatorto in-
creaseaccuracy. Let I (xi ) bede�ned asa vectorof multiple channelsassignedto a given
locationxi . Then,theestimatorbecomes:

d̂M L (xi ) = argmindi 2S i

P
j 2B i

jj I r (xj + di ) � I (xj )jj 2 (4.12)
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(a) (b)

Figure4.1: ML estimate(a).vector�eld (b). disparitymap

(a) (b)

Figure4.2: ML estimate(a).vector�eld (b). disparitymap

wherejj � jj is somenormde�ned for I l andI r . If thenoiseis assumedto be iid zero-
meanGaussianfor all thechannelsof theimage,thentheEuclideannormwill beused.

Figures4.1and4.2showsvector�elds generatedby ML estimationandcorresponding
disparitymaps.Note that thevectorsin thebackground,which shouldbeof equallength
sincethebackgroundis a plane,varya greatdealthroughouttheimage.Also notethatthe
disparitymapof Figure4.2hasbeeninvertedsincetheoriginalobjectis locatedbehindthe
convergenceplaneof two converging cameras.All proceedingexamplesof the disparity
mapfor thefaceexamplewill have theinvertedvector�eld, for purposesof comparision.

4.3 Maximum a Posteriori Probability Disparity Estima-
tion

In Section4.2, thedisparity�eld wasassumedto benon-randomandthusthedistribution
wasassumedconstant.Thiswasanaturalchoice,sincegivenastereopair, thereshouldbe
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for eachpixel, anunderlyingbut unknown disparityvector(again,thisbarsinconsistencies
thatarisebecauseof bothocclusionsandfrom differencesin the�elds of view of thetwo
cameras).However, despitethe augmentationsto the ML estimatorvia equations(4.11)
and(4.12),theproblemremainsill-posed,especiallyin regionsof theimageswherethere
is a relatively constantintensity (e.g., very little texture). It is thereforeuseful to add
a constrainton the solution, for example,an assumptionon the prior distribution of the
disparityvectors.In additionto simplysolvingfor (4.11),asmoothnesstermis introduced
to penalizedisparityvectorsthatdiffer greatlyfrom theirneighbors.

Theadditionof this prior into theestimatorwill beaccomplishedby employing Maxi-
mumA Posteriori Probability (MAP) estimation.In MAP estimation,thedisparityvector
will beestimated,givenI l andI r andsomeprior distribution on theentiredisparity�eld.
Thedisparity�eld is assumedto bea Markov RandomField (MRF), whosedistribution is
de�ned astheGibbsdistribution.

Beforemoving forward, however, it is importantto notea changein perspective on
disparity. In ML estimation,thedisparityvaluewasassumedto beanonrandomparameter.
Here,MAP considersdisparitytobearandomvariablewith somewell-de�neddistribution.
Althoughit is amathematicalsubtlety, it is mentionedherefor completeness.

Onceagain, thedesiredquantityis disparity. Let p(djI l ; I r ) betheprobabilitydistribu-
tion of d, givenI l andI r . It is this distribution thatshallbemaximized.UsingBayesrule
to rewrite thisdistribution, thefollowing is obtained:

max
d2S

p(djI l ; I r ) = max
d2S

p(I l jI r ; d)p(djI r )p(I r )
p(I l ; I r )

(4.13)

The joint distribution of p(I l ; I r ) can be droppedfrom the maximizationsince it is
consideredconstant,ascanp(I r ). Taking thenaturallogarithmof theremainingportions
of (4.13),thefollowing is obtained:

max
d2S

p(djI l ; I r ) = max
d2S

[ln(p(I l jI r ; d)) + ln(p(djI r ))] (4.14)

Now, the�rst termof theright handsideof (4.14)is commonlyknown astheobserva-
tion term.It is identicalto thetermin theML estimation(Section4.2).Thesecondtermof
theequationis known astheprior term.To solvefor equation(4.14),it is now necessaryto
de�ne thedistribution usedfor thedisparity�eld (thesecondterm). As mentionedearlier,
a Markov RandomField hasa distributionde�ned by theGibbsdistribution. An MRF can
bedescribedby thefollowing distribution:

p(djI r ) =
1
Z

exp(�
1
T

E(dA )) (4.15)

whereZ is a normalizingconstantfor thedistribution, T is calledthe temperature, dA is
the�eld of disparitiesandE(dA ) is anenergy functionthatoperatesondisparityvectors.

To de�ne this energy function,E(dA ), requires�rst thede�nition of certaingeometric
concepts.First, let N (x) bede�ned asaneighborhoodof positionsaroundagivenposition
x whichsati�es thefollowing property:

f xj 2 N (xi ) : jxi � xj j � r g (4.16)
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wherer de�nes theradiusof theneigborhood.Whenr = 1, theneighborhoodis calleda
�r st order neighborhood.

Let acliquecbede�nedasasubsetof positionswithin agivenneighborhood.Positions
xi andxj arewithin a givencliquec if xi is a neighborof xj andvice versa.Theenergy
function E(dA ) will be de�ned asthe sumof a potentialfunctionV(c;dA ) over all two-
elementcliques.

E(dA ) =
X

c2C

V(c;dA ) c = f xi ; xj g (4.17)

V(c;dA ) is de�nedover thedisparityvectorswhichareassignedto thepositionswithin the
clique. Sincethe MRF is assumedto be Gaussianandthe cliquesaretwo-elementones,
thefollowing functionis obtained:

V(c;dA ) = jjd(xi ) � d(xj )jj 2 c = f xi ; xj g (4.18)

Theenergy functionE(dA ) becomes:

E(dA ) =
X

c2C

jjd(xi ) � d(xj )jj 2 c = f xi ; xj g (4.19)

Althoughequation(4.19)is thecompleteenergy function,it is usefulto split thesingle
summationinto two nestedsummations.Theoutersummationloopsover all positionsx i

wherea disparitywill becomputed.The innersummationloopsover all thepositionsx j

within theneighborhoodde�ned at xi .

E(dA ) =
1
2

X

xi

X

xj 2N (xi )

jjd(xi ) � d(xj )jj 2 (4.20)

Thereis a factorof 1
2 becausethissummationwill visit eachof thecliquesexactly twice.

Now thatthedistributionhasbeende�ned, thesecondtermof (4.14)canbeaccounted
for. SinceZ is aconstantin theequation,it canbedroppedfrom themaximization.Taking
thenaturallog of (4.15),thefollowing is obtained:

ln(p(di jI r )) = �
1
T

E(dA ) (4.21)

= �
1

2T

X

xi

X

xj 2N (xi )

jjd(xi ) � d(xj )jj 2 (4.22)

As in the ML estimationof Section4.2, the negative signson both termsof equation
(4.14)causethemaximizationto �ip to minimization.

The temperatureconstant 1
2T , which will be denotedas� , is unknown in estimation.

However, insteadof having prior knowledgeof � , it is usedas a tuning factor for the
smoothnessof the vector �eld. For small � values,the solution becomescloserto the
ML estimate,producingvector�elds with little enforceduniformity. For large � values,
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large differencesbetweendisparity vectorsproducea high penaltyand the solution be-
comesmoreconstrainedandsmoothed.If � is very large,thenthesolutionbecomesoverly
smooth.The�nal MAP estimatefor thevector�eld becomes:

d̂M AP = argmin
d2S

X

k2K

2

4
X

x2B k

(I l (x) � I r (x + d))2 + �
X

xj 2N (xk )

jjd � d(xj )jj 2

3

5(4.23)

Obviously, the augmentationsto estimationmentionedin Section4.2 suchas using
blocksasopposedto pixelsandusingall thecolorchannelscanapplyhereaswell.

Oneof themajordifferencesbetweentheML andtheMAP estimatorsis MAP's iter-
ative nature.While theML estimator�nds a solutionin a singlestep,theMAP estimator
requiresrecomputingthedisparityestimateoverseveraliterations.Consequently, theMAP
estimatorrequiresaninitial disparity�eld. This createsa chicken-and-egg problem,since
in orderto get thedisparity�eld, theremustalreadybea disparity�eld. Oneoption is to
simply initialize thedisparity�eld to containzero-magnitudevectors.However, this solu-
tion mayinitially causethedisparity�eld to tendtowardsvectorswith zeromagnitude.For
largevaluesof � , thesolutionvectorswill actuallybedriventowardszero,sincethey will
produceaperfectlysmoothestimate.A secondoptionfor initializationusesthepreviously-
derived ML estimatorto computean initial disparity �eld. Notably, this is equivalent to
usingtheMAP estimatorandsetting� to 0, giving noweightto theprior in theestimation.

(a) (b)

Figure4.3: MAP estimate(a).vector�eld (b). disparitymap

Figures4.3 and4.4 shows anexampleof MAP estimation.Note that,unlike thevec-
tor �elds in Figures4.1 and4.3, backgroundvectorsarenow morehighly constrainedto
besimilar to oneanother. Again, this follows sincethebackgroundis a plane. Therere-
maindifferences,however, amongstthevectorsof thebackgroundwhichareanobstaclein
estimatingthedisparity�eld of theforegroundobjectalone.
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(a) (b)

Figure4.4: MAP estimate(a).vector�eld (b). disparitymap

4.4 Using the Alpha Channel for Further Impr ovements
to Disparity Estimation

In Chapter3, estimatingthe alphachannelwasdiscussed.As previously stated,it is re-
quiredfor performingthecompositingof two images,sinceit providesa segmentationof
theoriginal image. However, this segmentationmayalsobeusedto provide threeuseful
functionsin disparityestimation.

The �rst is limiting regionsin the left imagewhereestimationshouldbe carriedout.
Sincethealphachanneleffectively isolatestheareasin animagewhereanobjectis located
(i.e., the foregroundregion), it is unnecessaryto performany disparityestimationoutside
of theseareas(i.e., thebackgroundregion).

Secondly, the alphachannelmay be usedto eliminateregionsin the right imagethat
might causefalsecorrespondences.Thealphachannelclassi�esregionsof an imageinto
two categories,foregroundandbackground.Pointsin the foregroundregion of the left
imagewill not correspondto pointsin thebackgroundregion of the right image,thereby
makingthiscorrespondencetestuseless.

Finally, thealphachannelsof the two imagescanbeusedto createan initial estimate
of thedisparity�eld for theMAP estimatethroughcross-correlation.Therelativesimplic-
ity of the alphachannels(i.e., monochromaticor grayscaledatawith typically very little
texture) may be exploited to createcoarseestimatesof the disparity �eld (in the desired
regions). This may be achieved at lower computationalcost than by deriving an initial
disparity�eld throughtheML estimatementionedin Section4.2.

4.4.1 Limiting estimatedregions

Following thegoalof theoverall systemfrom Chapter1.4 andthealphachannelestima-
tion of Chapter3, the foregroundregion containsall thedesiredinformation. That is, the
constant-coloredbackgroundcontainsnothingof interest,sinceit will all be eliminated
whenthecompositeis created.Thealphachannelde�nestheregionsof theoriginal image
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thatareto beeliminatedandthe regionsthatwill bekept. It is thereforeusefulto utilize
thisalphachannelto alsoactasasegmentationfor thedisparityestimationalgorithm.

Sincethe disparityestimationis heredonefrom left to right, it is useful to consider
the alphachannelof the left image,sinceit will be usedto limit the regionswhereany
estimationwill becarriedout. Let � l bede�ned asthealpha�eld associatedwith the left
imageof the stereopair. Any point that falls within the foregroundregion of � l will be
estimatedfor disparity. Otherwise,it will beassignedanull valuefor disparity, sinceit will
notultimatelybeusedto determinethe�nal composite.

If block matchingis usedinsteadof individual points, then a null value will be as-
signedautomaticallyfor disparityonly if noneof thepixelswithin a block fall within the
foregroundregion. This ensuresthatblocksthat fall on theboundarybetweenforeground
andbackgroundregionswill beestimated,while blocksthatarecompletelylocatedin the
backgroundregionwill beignored.

4.4.2 Eliminating regionsto test

In additionto limiting regionsin the left imagewheredisparityvalueswill beestimated,
it is alsousefulto limit thedisparityrangeor thehomologouspoint positionsin theright
image.Regionsthat fall outsideof theforegroundregion of thealphachannelin theright
imageshouldnotbetestedfor correspondence.This is dueto theassumptionthattherewill
beno matchesbetweena foregroundpoint of interestin the left imageanda background
point of the right image. This is a fair assumptionsincethe backgroundis assumedalso
to be constant-coloredand that the foregroundobject containslittle or no color of this
background.Pointslocatedin theforegroundregion of theleft imageshouldmatchpoints
in theforegroundregionof theright image.

Let � r bede�nedasthealphachannelassociatedwith theright image.Thisalphachan-
nel containsthe labelsfor the foregroundandbackgroundregionsof this image. Earlier,
thesearchwindow S wasarbitrarilyde�nedby themaximumvaluesof thedisparity. How-
ever, this searchwindow containsboth backgroundandforegroundregions. Performing
computationson thebackgroundregionsis uselesssincethereshallbeno matcheslocated
there. It is desirablethen,to de�ne a new searchwindow S0 which is the intersectionof
the previously de�ned searchwindow andthe foregroundregion of the alphachannelor
S0 = � r \ S. Sinceultimatelyeachpixel will bescannedat leastonce,evenif it is notop-
eratedon, it is moreusefulto implementthisasamultiplicativecostfunctionincorporated
into theminimizationof eitherequation(4.10)or equation(4.23).

Let f (x) bede�ned asa costfunctionwhich is dependenton thealphachannelof the
right image:

f (x) =
�

1 for � r (x) > 0;
1 for � r (x) = 0:

Regionsthat fall within the foregroundregion will have estimationperformedasex-
pectedby thegivenestimationalgorithm. Regionsthat fall outsidethe foregroundregion
will begivenanin�nite costandthuswill beignoredin thecostminimizationof eitherthe
ML or theMAP estimates.Mathematically, thefollowing is obtained:
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d̂AU G = argmin
d2S

X

k2K

2

4
X

x2B k

f (x + d)(( I l (x) � I r (x + d))2 + �
X

xj 2N (x)

jjd � d(xj )jj 2

3

5(4.24)

Equation4.24will beappliedto all locationsx suchthat� (x) > 0. Moreprecisely, should
any pixel within ablockhaveanalphavaluethatis greaterthan0, thenthedisparityof that
blockwill beestimated.

(a) (b)

Figure4.5: MAP estimatewith alphachannelaugmentation(a). vector�eld (b). disparity
map

(a) (b)

Figure4.6: MAP estimatewith alphachannelaugmentation(a). vector�eld (b). disparity
map

Figures4.5and4.6demonstratestheusefullnessof thealphachannelconstraintsin dis-
parity estimation.Backgroundregions,which previously generatedhighly varyingvector
�elds, arenow eliminatedcompletelyfrom theestimationprocess.Theforegroundobject
is now isolatedin thedisparity�eld andanestimatefor theobjectshapecannow beeasily
performed.
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While f (x) operatesononly theobservationterm,it is conceivableto modify this func-
tion for theMAP estimate.TheMAP estimateis comprisedof two terms,oneof which is
the regularizationterm. This regularizationtermcontrolsthesmoothnessof thedisparity
�eld. However, it is undesirableto smoothoverdiscontinuitieslikeboundaries.It is possi-
ble to furtherutilize thealphachannelto aid in preventingsmoothingover theboundaries.
Thealphachannelmaybeusedto constrainthecomputationof thevectorsof theedgesof
theforegroundregion. Vectorsattheseedgewoulduseonlyothervectorsthatarewithin the
foregroundregion, ratherthanalsousingvectorscorrespondingto thebackgroundregion.
Thiscouldbeusedto preventsmoothingoverdiscontinuitiesat theedgeof theforeground
region. Figures4.7 and4.8 demonstratethis modi�cation. Although mostof the vector
�eld remainslargely unchangedfrom theestimatesin Figures4.5 and4.6, somechanges
canbeseenat thebordersof thevector�eld. Thesechangesmadebemoreeasilyseenin
Figure4.9, wherea differenceimagehasbeencreated.Here,white representsregionsof
greatestchange,while blackrepresentsleastchange.Notethechangesaroundtheborders
of theobjectsin bothcases,with thecentersectionremainingshowing almostno change,
aswouldbeexpected.

(a) (b)

Figure4.7: MAP estimatewith alphachannelaugmentationandregularizationlimitation
(a). vector�eld (b). disparitymap

4.4.3 Creatingan initial disparity estimateusingphasecorrelation

It wasstatedin Section4.3thatMAP estimationrequiresaninitial disparity�eld. To satifsy
this initial estimate,the�eld couldbe�rst estimatedusingtheML estimatorfrom Section
4.2.While it doesprovideaninitial estimateto theproblem,it alsoaddsasigni�cant com-
putationalload to solving the problem. Performingexhaustive pixel or block matching,
dependingonwhichestimatoris used,is anexpensiveoperation.However, thealphachan-
nelestimatespreviouslycomputedfrom Chapter3 canbeusedto increasethespeedof this
initial estimate.This initial estimatewill beacoarseguessof disparity, computingasingle
disparityvectorthatwill beassignedto the foregroundregion of an image. Creatingthis
initial estimatecanbedonein eitherthespatialor frequency domain.
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(a) (b)

Figure4.8: MAP estimatewith alphachannelaugmentationandregularizationlimitation
(a). vector�eld (b). disparitymap

(a) (b)

Figure4.9: Difference�elds (a). boxes(b). face

For eitherdomain,it is importantto recall thatthealphachannelis a 2D �eld of scalar
data.Assumingthat real(asopposedto usingintegers)valuesareused,thentherangefor
eachvalueof thealphachannelis [0; 1]. For thepurposesof creatingthis initial estimate,
it is importantto assumethat theforegroundobjectis completelywithin the �eld of view
of bothimages.

In the spatialdomain,crosscorrelation computesa similarity function betweentwo
images.It is de�ned mathematicallyfor imagesas:

c(x0; y0) =
1X

x= �1

1X

y= �1

I l (x + x0; y + y0)I r (x; y) (4.25)

The valueof (x0; y0) that maximizesc(x0; y0) will correspondto the approximatecoarse
disparitybetweenthe two images.Sincethe imagesof the alphachannelwill be mono-
chormaticor grayscale,this computationmay be donerelatively quickly as opposedto
color images.
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In thefrequency domain,phasecorrelationmaybeexploitedto produceafastestimate
of thecoarsedisparityvectorbetweentheleft andright images.Phasecorrelationusesshift
propertiesof the Fourier transform[56]. Let F l andF r be the Fourier transformsof the
alphachannelsof theleft andright images,respectively. Then,from equation(4.1):

I l (x) = I r (x + d) (4.26)

takingtheFourierTransform:

F l (f ) = F r (f )ej 2� dT f (4.27)

andtakingthecross-powerspectrumof I l (x) andI r (x):

eF (f ) =
F l (f )F r (f )�

jF l (f )F r (f )� j
= ej 2� dT f (4.28)

Finally, takingtheinverseFourierTransform,thefollowing is obtained:

I F Tf eF (f )g = � (x + d) (4.29)

Determiningthe coarsedisparityestimatenow reducesto searchingthe imageproduced
by the inverseFourier transformfor the greatestvalue. The choiceof which oneto use
dependson thenumberof foregroundobjects.If thereis only a singleforegroundobject,
thenthefrequency-domainmethodwill providethequickersolution.This is easilyseenby
examiningthecomputationalcosts.Templatematchingor cross-correlationhasacomputa-
tionalcostontheorderof O(N 2M 2), whereN andM is theheightandwidth of theimage.
On the otherhand,phasecorrelationusesthreeFourier transforms(two to transformthe
imagesto thefrequency domainandoneto transformthenormalizeddivisionof thesetwo
transformsbackto thespatialdomain),andone2D searchto �nd thehighestpeakin the
�nal image.Thiscorrespondsto a computationalcoston theorderof O(N M logN logM ).
Clearly, usingphasecorrelationproducesa fasterestimate,especiallyfor largeimages.

However, phasecorrelationcannotbeusedfor imageswith several foregroundobjects
whosedepthsaredrasticallydifferent.Phasecorrelationprovidesa roughestimateof dis-
parity for the entireforegroundobject. However, if thereexists two or moreforeground
objectswith differentcoarsedisparityvectors(i.e.,eachobjectis locatedoverallatadiffer-
entdepth),thenphasecorrelationwill produceameaninglessresult.In thiscase,aversion
of crosscorrelationmaybeused,�rst by �nding theconnectedcomponentsof eachobject,
thenby usingspatialcorrelationwith eachof theconnectedcomponentsin turn.

An exampleof thevector�eld producedby usingphasecorrelationon thealphachan-
nelsof a stereopair canbe seenin Figures4.10and4.11. The estimationsproducedby
usingphasecorrelationcanbeseenin Figures4.10and4.13. This initial estimateseems
to produceabetterresultfor theboxesexampleasopposedto theface.Thesurfacesin the
boxesexampleareeffectively angledplanes,whereasthe faceconsistsof a largely non-
planarsurface. Usingphasecorrelationasan initial estimateeffectively entailsassuming
thattheunderlyingobjectis planar. While this assumptionmaybea goodinitial computa-
tion for theboxesexample,thefaceexampledoesnotproduceasdetailedasdisparitymap
asfoundin previouscomputations.Examinationof thevector�elds in FiguresFigures4.10
and4.13shows thatthe�nal vector�eld for theboxesexamplecomesmuchcloserto that
of aplaneasopposedto thefaceexample.
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(a) (b)

Figure4.10: Initial vector�eld throughphasecorrelation(a).left image(b). right image

(a) (b)

Figure4.11: Initial vector�eld throughphasecorrelation(a).left image(b). right image

4.5 Impr oving SpeedandPerformance: Hierar chicalFrame-
work

Despitetheuseof blocksof pixels,colorchannels,andregularizationto increasetheaccu-
racy of our disparityestimate,incorrectmatchesmaystill beencountered.Whenmultiple
equalminimaareencountered,it is necessaryto setacriterionto chooseamongstthevari-
ousminima.Onemethodis to simplypick theminimawith thesmallestEuclidiandistance
(i.e., the disparityvectorwith the smallestmagnitude).In addition,the time requiredto
performan exhaustive searchis prohibitive for applicationsthat work on large baselines,
largeimagesizes,imagesequences,or all three.

In aneffort to bothreducethetime requiredfor searchingaswell asto suppresslocal
minima,a hierarchicalframework is utilized. Thatis, animagepyramid[1] is createdof a
givenimage.At level L 0, thebaseof thepyramid,is simply theoriginal image.However,
for all L k levels of the pyramid, the imageat L k is obtainedthroughlow pass�ltering
andsubsamplingof the imageat level L k� 1. This hasthe overall effect of shrinkingthe
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(a) (b)

Figure4.12:MAP estimatewith alphachannelaugmentation,regularizationlimitation, and
phasecorrelation(a). vector�eld (b). disparitymap

(a) (b)

Figure4.13:MAP estimatewith alphachannelaugmentation,regularizationlimitation, and
phasecorrelation(a). vector�eld (b). disparitymap

dimensionsof animageand,consequently, thesearchspaceof thedisparityvectors.At the
lowestlevel, thedisparityvectorsmaybesearchedfor overasearchwindow thatis smaller
in sizethanthesearchwindow in theoriginal image.However, becausethissmallerimage
is a downsampledversionof the original image,the disparityvectorestimatedfrom the
smaller imageis a scaledversionof the disparity vector from the original image. The
estimatefrom the smallestlevel may be propogatedto the next level. This estimatewill
bescaledby anappropriatefactor, correspondingto theamountof downsamplingapplied
betweenlevels. Thesearchwindow is alsoexpanded,but its centeris now aroundtheend
of thenewly-scaleddisparityvector. Thisprocessis repeatedfor eachlevel of thepyramid
until theoriginal imageis reached.

In theory, this successionof �ltering andsubsamplingcould continueuntil therere-
mainsonly asinglepixel (if theimagehappensto beof 2N � 2N resolutionsize).However,
if blocksareused,then it is necessaryto maintaininteger-sizedblocks. The maximum
depthof theimagepyramidsconstructedwill dependon theblocksize.
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L

L - 1

1

0

Figure4.14: Imagepyramid

As detailedin [35], achoiceexiststo performeithervariable-sizeor constant-sizeblock
matching.In variable-sizeblock matching,we will shrinkour block in correspondenceto
the level of the pyramid at which we arepefromingdisparityestimation. That is, if our
initial block sizeis 16 � 16 at level 0, thenat level 1, the sizeshall be 8 � 8, at level 2,
it shall be4 � 4, etc. In constant-sizeblock matching,theblock sizeremainsunchanged
throughoutall the levels. In this latterscheme,this correspondsto effectively performing
disparityestimationoveragreaterareaof theoriginal image.

Althoughconstant-sizeblock matchingmayseemattractive sinceit would potentially
supplya larger searchareafor estimation,the numberof vectorsestimatedchangesde-
pendingonwhatlevel of thepyramidtheestimationtakesplace.In fact,assumingthatthe
imageis reducedin eachdirectionby a factorof 2 at eachlevel, this meansthat thereis a
four-fold reductionin thenumberof disparityvectorscomputedat eachlevel. This would
thenrequiresomeinterpolationof thevectorsto beperformedateachlevel.

To avoid this interpolation,variableblock sizesareemployed at eachlevel. This, of
course,meansthat the numberof disparity vectorsremainsthe sameat eachlevel. In
addition,eachblock at a givenlevel correspondsdirectly to a block of theoriginal image,
albeit,at a reducedresolution.

For a given level L � 1(L > 0), any given vectorv(i; j ) correspondsasfollows to a
vectorat level L:

vL � 1(i; j ) = 2vL (
i
2

;
j
2

) (4.30)

SinceL � 1 correspondsto a higherresolutionthanL, the factorof 2 (multiplied in
eachdirectionof thedisparityestimate)ensuresappropriatescalingof thevector.

If regularizationis employed in the disparity estimation,then the estimatesthat are
propogatedfrom level to level canbeusedastheinitial seed.In thiscase,aninitial estimate
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of thedisparity�eld is only neededfor thevery lowestlevel of thepyramid.
Vector �elds producedby the hierarchicalframework areshown in Figures4.15 and

4.16. Note that thesevector �elds anddisparity �elds areproducedusingthe hierarchi-
cal framework, MAP estimation,andalphachannellimitations on the searchspace. In
bothinstances,resultsarecomparablewith previous,nonhierarchicalversions.Generally,
howeverusingahierarchicalframework producesvector�elds atagreatlyincreasedpace.

(a) (b)

Figure 4.15: MAP estimatewith alphachannelaugmentation,regularizationlimitation,
phasecorrelationandhierarchicalframework (a). vector�eld (b). disparitymap

(a) (b)

Figure 4.16: MAP estimatewith alphachannelaugmentation,regularizationlimitation,
phasecorrelationandhierarchicalframework (a). vector�eld (b). disparitymap
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Chapter 5

ShapeReconstructionand 3D
CompositeCreation

Having obtainedanalphachannelfor theforegroundobjectandhaving estimateda depth
�eld, it is now possibleto createa texturedmeshmodelof theobject.Thedepth�eld will
�rst be preprocessedin orderto eliminateany outliers in the �eld aswell assmooththe
�eld to producea morecontinuoussurface.Subsequently, the �eld canbeprocessedinto
a meshmodelanda texturemapcanbegeneratedfrom oneof theoriginal imagesof the
stereopair. Lighting canthenbemanipulatedto shadethis texturedmodelto �t with the
appropriateendscene.The�nal resultis thenrenderedusingstandardcomputergraphics
algorithms.

5.1 Depth Map Processing

Estimationerrorsmayarisein disparityestimationwhichwill directlyaffect theestimated
shapeof the foregroundobject. In orderto corrector reducepotentialerrorsin the �nal
shape,someprocessingis performedon thedepthmap. Thegoalof this processingis to
eliminateor suppresserrorsin the depthestimation.The �rst stepis to performmedian
�ltering on the vector�eld generatedby the disparityestimation.In a similar fashionas
removing “salt andpepper”noisein images,median�ltering attemptsto eliminateoutliers.
This is preferredhereover low pass�ltering sincemedian�ltering canremove anoutlier
ratherthansimplysmoothover it. Themedian�lter usedherehasa3� 3 regionof support.

The depthestimatesof this �eld arenot absolute,but areonly relative to somescale
factor[20]. Giventhis, thevectorsof thedisparity�eld (whichareusedto createthedepth
map)arenormalizedto between0 and1. A depthimage,of dimensionsequalto theoriginal
imagesin thestereoestimation,is createdusingthehorizontalcomponentof thedisparity
�eld usingequation2.11.Thedepthimageis a piecewiseconstantdepth�eld, whereeach
sitein ablock in theimageis assignedadepthfrom theblock'scorrespondingvectorin the
disparity�eld. Thegrayscalevaluescorrespondto therelative depthsof theimage:black
regionscorrespondto maximumdepth;whiteareasrepresentareaswith theleastamountof
depth.Thegray levels in betweentheseextremesrepresentvaryinglevelsof depth.After
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thedepthimageis created,low pass�ltering with a Gaussiankernelis appliedto smooth
out transitionsbetweendiscreteblocksof the depthmapandcreatea smoothercloud of
depthpoints. Onequick methodfor accomplishingthis goal is to take theoriginal image
of the depthmapandutilize a third party tool suchasAdobePhotoshop,which enables
real-timeperformancefor adjustingthelevel of �ltering thatshouldbeappliedto thedepth
image.The initial disparitymapsfor thestereopairsof Figures1.2 and1.3 areshown in
Figure5.1. The processeddepthmapsfor the samestereopaisr is shown in Figure5.2.
Note that in addition to removing the outliers, thereare changesin intensity valuesfor
the depthmaps.Oncethe outlierswereremoved from the initial estimate,the maximum
andminimumvalueswererecalculatedto producethe�nal image.Notethat in theboxes
exampleof Figure5.2, thereexists an outlier in the upperleft handcorner. This is due
to misestimationin the image's alphachannel,which subsequentlycauseddisparityto be
estimatedat thatpoint. However, in the�nal image,this regionwill beeffectively masked,
sincethevalueof alphaat thatparticularregion is extremelysmall.

(a) (b)

Figure5.1: Unprocesseddisparitymaps(a). boxes(b). face

(a) (b)

Figure5.2: Processeddepthmaps(a). boxes(b). face
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5.2 ShapeReconstruction

Oncethegrayscaledepthmaphasbeencreatedandprocessed,creationof thetexturedmesh
maybegin. Ratherthancreatea renderingsystemfrom scratch,a commercialprogramis
utilized. Caligari Truespace[5] is a3D modeling,animation,andrenderingpackagewhich
is usedherefor the�nal imagecreation.A plugin for thissoftwarepackage,Tsxtruder[2],
creates3D triangulatedmeshsurfacesfrom grayscaleimagesof depth. Oncethis model
hasbeencreated,a texture mapis thenappliedto the surface. This texture mapis taken
from theleft imageof thestereopair, sincethedisparityestimation(Chapter4) measured
disparityfrom the left imageto the right image. In addition,the re�ned alphachannelis
alsousedasa transparencymapontheobjectsurface.This transparency mapservesin 3D
spaceanequivalentfunctionasan image's alphachannel.The transparency mapdenotes
thoseregionson theobjectsurfacewhichareopaque,transparent,or translucent.

It is importantto notethat the reconstructedobjectis only approximateat bestandis
unlikely to bea truereconstructionof the3D characteristicsof theforegroundobject.One
chief reasonis thatthattheobjectis selfoccluding(e.g.,thebackof aperson'sheadcannot
be accuratelyestimatedsincethereis no dataif only views of the front of the person's
headareavailable). The reconstructedshapecanbeusedto createother, syntheticviews
of the foregroundobject. However, sincethedatawasreconstructedfrom stereoimages,
themostaccurateimageswill becreatedby syntheticcameraswhich occupy pointsin the
synthetic3D spacewhich areequivalentto pointsalongthe line segmentconnectingthe
centersof projectionof the two original cameras.Althoughothersyntheticviews outside
this constraintmaybegenerated,theseviews mayrequiredatathatwasoutsidethe �elds
of view of the two original cameras.In addition,errorssuchasoutliers in the disparity
estimationaremorelikely to beseenin theotherviews. Anotherimportantlimitation of
thissystemis thatthesurfaceis alwaysconsideredto havemattere�ectancefunction.This
is a resultof theoriginal assumptionof Lambertiansurfacesthatwasusedto generatethe
initial disparityestimates.

5.3 Light Manipulation and Output Rendering

Oncethe object's shapehasbeenreconstructed,�nal lighting manipulationsand scene
renderingmay be performed. The objectcanbe placedinto any syntheticscene.Since
theforegroundobjectnow existsasameshsurfacein thesyntheticworld, lightswithin that
syntheticworld usedto illuminatethescenewill alsoilluminatetheobject.Thisseemlessly
placesit into the 3D environment. Renderingof the objectandscenebecomesthe �nal
product,combiningthe information obtainedfrom the alphachanneland surfaceshape
with thesyntheticbackgroundto accuratelycompositetheobjectinto thesyntheticscene.
It is also possibleto interactively manipulatethe lights of the sceneso that they would
correspondto light sourcesin a real-world backgroundimage. In this case,the lights of
thescenewould bepositionedto provide similar illumination asfoundin thebackground
image.This would requirea userto �ne tunethepositionsandtheintensitiesof thelights,
but would potentiallyresultin a moreaccuratecompositeimage,sincelighting effectson
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theforegroundobjectwouldbematchedto thedesiredbackgroundimage.
DebevecandYu [60] [15] describesystemsto determineglobal illumination within a

real-world scene,for usein renderingsyntheticobjects. A systemsuchasthis could be
combinedwith thiswork to providethenecessaryinformationfor thelight sourceof areal-
world scene.This informationcould be usedto determinethe positions,intensities,and
colorsof thelightsin thesyntheticworld to correspondto theilluminationin thereal-world
backgroundimage. With suchinformation,theamountof userinput to thesystemcould
bepotentiallyreducedandtheaccuracy of the �nal compositeimagespossiblyenhanced.
This remainsanopenavenuefor theaugmentationof thiswork.

Figure5.4shows a renderingof theboxesfrom Figure1.2with a moving light source.
Noticethattheshapeof thelight bendsat thecornerof thetwo boxes.

(a) (b)

Figure5.3: Stereopair (a). left image(b). right image

Figure5.4: Outputrenderingsfor stereopairof Figure1.2

Additionalstereopairsandrenderingscanbefoundin Figures5.5-5.13.In Figures5.6-
5.7,thelight bendsaroundthefaceof theperson,asit wouldif therewasanactualphysical
light in thescene.Notably, thereis still darknessin theinnercornersof theeyes.Sincethe
original imageshadshadows therein the�rst place,they remaindarker thantherestof the
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region evenin the�nal renderings.A solutionto a problemsuchasthis would beto shine
diffuseor neutrallighting moreevenlyon thesubject.

(a) (b)

Figure5.5: Initial stereopair (a). left image(b). right image

Figure5.6: Outputrenderingfor stereopairof Figure1.3

Figure5.11is anexampleof a concave objectwhoseshapeis beingestimated.In the
renderingof Figure5.12a,thelight isatanobliqueanglestothepairof books.Andelliptical
patternof light resultson theleft book,forming a semi-circleon theright bookwherethe
spotlight shines.In Figure5.13,thelight facesin theoppositedirectionandgivesasimilar
result.

Figure5.14is anexampleof anincorrectcomposite.The”books” objectwasoriginally
renderedwith verydarklighting. Thescenethatit wouldbecompositedwith hasveryhigh
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Figure5.7: Outputrenderingsfor stereopairof Figure1.3

intensitylighting. Compositingthetwo createsanunnaturalscene.However, Figure5.15
demonstratesa correctcomposite,wherethelight is ableto shineon theobject.Notealso
that the”books” object,in thecorrectscene,producesshadows which obscurethe”f ace”
object,aswould be expected.Figure5.16 is anotherexampleof a correctlycomposited
scene,at a differentcameraposition. With object shape,it is possibleto utilize virtual
camerasto shootscenesfrom different, if limited, angles. Figure5.17 shows the same
scenewith illuminationcomingfrom multiplesources.Notetheoverlappingshadows cast
by the bookson the staircasefrom multiple lights. Figure5.18 is the �nal imageof the
seriesandhasapowerful spotlight shiningfrom theright sideof thescreen.Sincetherays
of light donotdirectlyhit theobject,thefaceis obscuredfrom view completely. Although
Figures5.14, 5.15, and 5.18 may seemto be ”cut-off”, this is simply due to the lights
shiningoff thewhite wall. Becausethe lights arepowerful andat closerangeto thewall,
thereis nodiffusecomponentto revealthestructureof thewall on theright.



A StereoBasedApproachto Digital ImageCompositing 51

Figure5.8: Outputrenderingsfor stereopairof Figure1.3

Figure5.9: Outputrenderingsfor stereopairof Figure1.3
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Figure5.10:Outputrenderingsfor stereopairof Figure1.3

(a) (b)

Figure5.11: Initial stereopair (a). left image(b). right image
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Figure5.12:Outputrenderingfor stereopairof Figure5.11

Figure5.13:Outputrenderingfor stereopairof Figure5.11
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Figure5.14: IncorrectComposite

Figure5.15:CorrectComposite1
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Figure5.16:CorrectComposite2

Figure5.17:CorrectComposite3
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Figure5.18:CorrectComposite4



Chapter 6

Conclusionsand Futur eWork

This work hasdescribeda multistagesystemfor stereopairsof objectsagainstconstant-
coloredbackgrounds.Thissystemencompassestheestimationandre�nementof thealpha
channelsof the stereopairs, the estimationof a disparitymap for approximatingobject
shape,andproducingrenderedcompositesof anobjectwith modi�ed lighting. Theimme-
diateusagewouldbefor compositingreal-world objectsinto syntheticscenes.Thissystem
mayalsobeusedinteractively to approximatethe lighting on theestimatedobjectfrom a
real-wordscene.In addition,sincetheobject's3Dshapehasbeenapproximatelyestimated,
alimited setof multipleviewsof theobjectmaybegeneratedthroughdifferentvirtual cam-
eraplacementswithin thesyntheticscene.Potentialimprovementsto thiswork lie in every
areaof the system. Re�ning the alphachannelestimateis a time consumingprocess;a
fasteralgorithmwouldgreatlyimprove its usefulness,sincemany commercialalphachan-
nel estimationsystems,thoughunre�ned,canrun at real-timeor nearreal-timespeedson
videostreams.Althoughthedisparityestimation,which is directly usedin theshapeesti-
mation,employs botha hierarchicalframework andregularization,errorsstill occurin the
disparityvalues.Additional techniquessuchasimage-dependentregularization(takingthe
statisticsof the imagesinto accountwhenweightingthedisparityvectors),variablesized
andoverlappingblocks,reestimationof regionsof animagebasedon reconstructionerror,
etc. couldbeusedto improve thedepthestimationand,consequently, theshapeestimate.
Thiswork utilizesacommercialprogramto createthemeshmodel.Theparticularmethod
of 3D interpolationof thedepthdataseemsto be throughsimpletriangulation.More ad-
vanceddatainterpolationtechniquessuchasDelanuey triangulation,controllablesplines
ratherthanstraightline segments,etc. couldbeusedto improve the�nal producedshape.
Finally, asmentionedearlier, the compositingof an objectwith a real-world scenecould
beaccomplishedthroughtheadditionof a global illumination estimationsystemto better
approximatetheilluminationof thatreal-world scene.
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