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Summary

For decadeslm, television, and, morerecently multimediaproductionshave relied on
specialtechniqueto memge elementdfrom two or morescenesOften calledthe compos-
ite, the nal product,createsa scenethatwould bedif cult or evenimpossibleto Im via
cornventionalmethods Major dif culties in creatingcompositedmagesequencearecon-
structingand maintaininga plausiblereality. To be “real”, the compositedmageshould
be seamlesslyntegratedinto a singlescenewith illumination matchedo the background
image. In mostcompositingapplicationspnly two-dimensional(2D) imagesare utilized.
This neglectsthree-dimensional3D) lighting effects which would resulthadthe desired
objectbeenactuallyshotin the compositedscene.To combatthis problem,object’s 3D
shapeis desiredin orderto properlyilluminate the objectfor the nal scene.This report
describesa systemthat augmentdraditional compositecreationthroughstereocameras.
Using a stereopair generatedrom thesecamerasdepthis computedandobjectshapeis
createdasa 3D meshmodel. This 3D modelis thenilluminatedusingsyntheticlights and
the nal scendsrenderedo animage.
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Chapter 1

Intr oduction

1.1 Venuesfor Digital Image Compositing

Films, television shawvs, and, more recently multimediaproductionshaze cometo rely
moreheaily uponemploying specialeffects. Oncelimited to the domainof morefantas-
tical Ims, it is now typical to seespecialeffectsnot only in sciencection Ims but also
in comediesdrama,andperiodpieces.While thereis sometimes moresurrealistiantent
that permitsoutlandishspecialeffects, the principal goal is the creationof an effect that
seamlesslyts into agivenscenepecomingpartof the Im reality despitats impossibility
in theactualworld.

1.2 Fabricating Perceptionsof Reality

The goal of specialeffectsis to fabricatean imageof animaginedreality in supportof
the story of the Im. To maintainthe reality createdby the story; it is necessaryo create
imagesthat are as realistic as possible. Creatingan imagethat appeargealistic to the
humaneye can be a dif cult task. Setconstruction,stunts,modelwork, pyrotechnics,
trick photograply, clever Im editing,andmary othertechnique$55] have beenusedand
continueto be usedtodayin pursuitof fabricatingrealisticimages. Over the courseof
the lasttwenty years,the computerhasbecomea majortool, creatingthe realmof digital
specialeffects

Previously, all specialeffectswereinherentlyrootedin andlimited by reality. Explo-
sionsstill requireda pyrotechnicianto actuallyignite chemicalsperiod Ims still needed
crews to build sets;andspacebattlestill requiredprecise Iming of starshipmodels[55].
Although mostof theseandotherclassicakpecialeffectstechniquesrestill in usetoday
digital technologymaynow beusedto replicateandimprove thesemethodsaswell ascre-
atenew possibilitiespreviously consideredmpossible. Three-dimensional3D) graphics
canbeusedto syntheticallycreateentireworlds, utilizing mathematicaiodelsto approxi-
matetheeffectsof real-world physics. Arti cial intelligencesystemsanbeusedto control
the motionsof armieson an arti cial landscape.ln extremecasesdigital specialeffects
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maybeusedto changaheapparenageof anactoror modify anundesirablexpressioron
anactorsface.

Maintainingtheillusion of this fabricatedreality canbe mostdif cult wherethereal-
world actorsandsetsarecombinedwith specialeffects. Onetime-honoredechniquefor
combiningthesereal andsyntheticelementss the blue screenmatte In this processreal
elementsare Imed in front of a constant-coloretlue background.The blue elementsof
this Imed imagearethenremoved andthe remainingobject(s)canthenbeinsertednto a
new scene.The nal productof this processs mostoftencalledthecompositemage.One
of themostfamilarvenuedor this processanbe seenon mostnews programsduringthe
weathersggment. Theweatherpersors Imed againsta constant-coloretdéackgroundand
insertedover a weathermap. Originally, this processwas performedoptically, requiring
specializedlm equipmento overlay oneimageon top of another[55]. Sincethe intro-
ductionof computertechnologyhowever, thisinsertioncannow beentirelydonedigitally,
producingthedigital composite.

While this processmay successfullycombine elementsfrom two or more different
scenesthe effect may not be seamless.Onediscrepang may arisefrom the sggmenta-
tion of theobjectsImed againstthe bluebackgroundFinedetails,suchashairor fur, can
beaccidentallycut off from therestof the gure, leaving cluesthatmayalerttheaudience
to the useof specialeffects. Anothersign may bein the interactionof light betweenthe
compositeabjectsandtheirnen backgroundSinceacompositedmageis createdhrough
effectively atwo dimensionalcut andpaste’methodologythereareoftennothreedimen-
sionalrelationsin the light shoneor emittedamongsbbjectsin the nal image. Lighting
detailsmaybeinconsistentn the compositamagewhich would occurif thescenevasac-
tually Imed. Shadavs of the objectsaremary timesmissingin the scene.Dependingon
how the objectswereinitially Imed, theremaybedifferencesn theapparentight emitted
within the sceneandthelight re ected from the object.

The effect of thesediscrepanciegependsoth on the sceneandthe audience Darker
scenesnaytake advantageof a humaneye's inability to distinguishdetailsin scenesith
little illumination andthusmay allow mistalesto passundetectedHowever, scenesvith
bright light sourcesmay reveal the aforementionediefectsin the compositedsceneand
becomeobjectionabldo theaudience Sinceit is desirableo createa compositescendhat
blendsthe variouselementsn anacceptabldéashion ratherthanleaving the nal product
to chanceit is desirableio developmethodgo improve the digital composite.

1.3 Improving the Digital Composite

Creatingbetterdigital compositesantake on mary differentforms. Onemethodto min-
imize inconsistenciesn illumination requirescareful planningin designingthe lighting
schemdor theobjectsagainstthebluescreen Assumingthatthebackgroundcends real,
asopposedo syntheticallygeneratedlighting measurementsave to betaken of the nal

backgroundsceneandthesemeasurementsiustbe appliedto the lighting designfor the
foregroundobjects. Whenthe objectsand sceneare compositedogethey the sceneand
objectswill have approximatelythe samelighting. Additional assumptiongn this method
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include having apriori knowledgeof the backgroundor a particularscene(i.e., thatthe
backgroundscenehasalreadybeenshot)aswell asthe ability to collectlighting measure-
mentsfrom thatbackgroundsceng(one might imagineattemptingto collectlighting data
from a glittering, snovy sceneon Mount Evereston a sunry day). Shouldthe background
scenebe unknavn or changedor if the lighting measurementsannotbe retrieved from
the backgrouncenvironment,theninconsistenciesnay onceagain appeaimn screen.This
methodalso doesnot addresghe addition of shadavs into a scene,nor doesit address
theproblemof detailslostin thebluescreersegmentatiorprocessin modernim produc-
tions,companiesvill mary timesemploy artiststo correctsomeof thesenconsistencieby
handfor eachframeof Im, includingmissingportionsof the blue screensegementation.
Giventhenumberof specialkeffectsshotsthatmaybeemplo/edin agiven Im, thismethod
canbe expensve, slow, tedious,andstill may introduceerrorsfrom the artists. Although
the abore methodsareusedtodayin the creationandre nementof digital compositegor
Im, amorepowerful, e xible, andcosteffective solutionis desirable.

Ideally, thereal 3D sceneandreal 3D objectswould becompletelyparametrizeavithin
the computer Oncedone,the objectscould thenbe preciselyplacedwithin the 3D scene
andimagescould be createdfrom virtual cameras.The problemof illumination discrep-
ancieswould no longerexist becausehe objectswould be illuminatedby the samelights
astherestof the scene.However, generatinghis complete3D solutionis a dif cult task.
While systemswhich approximatethis goal have seenlimited usein extremelyhigh bud-
getsproductions(mostnotably in the recentLord of the Ringsand The Matrix series),
generallythey arenot availablenor are e xible enoughfor mostmodernIm or television
productions.

The ultimate goal is to intergratereal-world objectsinto differentscenego produce
realistictwo-dimensiona(2D) images.Sinceonly a portion of anobjectcanbevisible in
animageat a given point in time, achievzing this goal requiresmodifying only the visible
portionsof theobject. While thecomplete3D objectis notneededsomeshapeanformation
is requiredto properlycomputetheinteractionof light andthe object.

Theprojectpresentedhereapproachethis problemthroughtheintroductionof a stereo
camerasystem. The stereopair of imagesgeneratedrom thesecamerasare utilized to
estimatethe depthsof the objectagainstthe constant-colorettackground A meshmodel
is constructedand a texture map of the object, derived from one of the images,is then
placedon the model. Oncedone,the modelmay thenbe re-illuminatedin a way thatis
consistentwith the desiredbackgroundsceneusing virtual lights and an image may be
generatedisinga virtual camera.

1.4 Overall System

The systemdescribedchereencompassethie procesdrom the initial stereopair of images
to the nal compositamage.Oneof the chiefassumptionsf this projectis thatthe input
steregpair of imagesareof objects Imed againsta constant-coloretbackground.

Brie y, thefollowing stepsareperformedoy the system:
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Estimationof initial alphamattes
Finetuningalphamattesvia a MAP approach
Computatiorof disparitymap

Constructiorof objectsurface

lllumination andrenderingof object

o o M w nhoPRE

Creationof the nal compositdmage

Chapter3 will describethe processingequiredfor the estimationandre nement of
the alphamattes.Computationof the disparitymapwill be coveredin Chapter4. Object
surfaceconstructionjllumination, renderingand nal outputwill bereviewedin Chapter
5.

1.5 Primary Examples

Figures1.2 and 1.3 are the stereopairs which are the primary examplesfor this report.

Figurel.2is astereopair of a setof stacled boxes. Theseimagesaretakenfrom approx-
imately parallelstereocameras Recti cation performedon theimagesfor computational
purposesandtheimagewascroppedon the bottomto eliminateregionswherethe eld of

view at the bottom of oneimagewasnot visible in the view of the otherimage. Figure
1.3is astereopair of aface.Theseimagesaretakenfrom corverging stereocamerasThe

planeof convergencefor thesecamerass locatedslightly in front of theface. Thisimage
hasnotbeenrecti ed.
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Figurel.2: Exampleof asteregpair (a). left image(b). rightimage

(b)

Figurel.3: Exampleof asteregpair (a). left image(b). rightimage



Chapter 2

Background and RelatedWork

2.1 Alternative Approaches

Otherwork hashadsimilar goalsusingdifferentapproachesDebesecetal. [17] describe
alive-actionlighting andcompositingsystem.This systemusesphysicallights undercom-
putercontrol. The subjectstandsnside of a geodesicspherewhich hasLED lights along
theinsideof thesphere Thelightsof this”"LED sphere’arepreciselycontrolledto produce
lighting corrspondingo previously recoreredglobalillumination data[15]. Theillumina-
tion of the subjectis thusperformedin realtime, sincethe illumination is changedat the
time of thevideocapture . Thatsystendiffersfrom theapproachakenin thiswork in sev-
eralregards. First, a physicallighting of the subjectis performedat the sametime asdata
is beingcapturedwhereaderea virtual illumination is performedafterthe datahasbeen
capturedandprocessedSincetheillumination is adjustedat capturetime, the scenemust
bereshotf theillumination needdo beadjustedr changedurther In thiswork, oncethe
3D modelhasbeenrecovered,illumination changesnaybeappliedto the datawithout the
needto recapturethe data. In addition,becauseshapeinformationis not recoeered,the
physical systemcannotbe usedto produceshadavs, re ections, or otherinteractionshe-
tween3D objects;again, oncethe datahasbeenprocessedheseeffectsmaybecreatedn
thiswork. Finally, thelighting effectsarelimited to thoseobjectswhichresidein the”LED
sphere”.Althoughin this work constant-colorebackgroundsreneededthis limitation is
easilyovercomeby physically creatinglargerwalls or roomswhich are constant-colored.
The creationof suchlarger, constant-coloredpaceds alreadyin practicefor both Ims
andvideogames.

In anotheapproach3DV Systemsl.td. [24] [28] utilize aspeciallydesignedamerao
recover depthusingalaserrange nder. Thecameraemitsaninvisible laserpulse,a’light
wall”, into thescene Thelaserlight bounceoff of theobjectsin the sceneandis detected
by a sensoron the camera. The timings generatedy the returninglaserlight determine
the depthin the scene. This generatesiepthestimatef a scenewithin presetlimits of
thedepth eld. In addition,the camerautilizesthis depthcalculationto segmentobjectsat
differentdepths("depth keying”). Similar to the work presentedhere,this depthestimate
could then be usedto generatesimilar 3D modelsfor usein relighting. However, this
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methodrequiresthe useof expensve and specializechardware, wherasthis projectuses
relatively inexpensve camerago generatehe steregpair. In addition,it is possiblethatthe
"light wall” pulsecouldbecomescatteredy objectswith exceptionallyroughor re ective
(atleastfor thefrequenciesisedin thelaserpulse)surfacesandproduceerroneousesults.

Finally, Szeliskiand Golland's work attemptsto recover disparities,true colors, and
opacitiesof objectssimultaneously{53]. Their work focuseson the more generalprob-
lem of extractingan objectfrom anunknawn, possiblynon-constant-coloredhackground.
Theirmethodrst estimatesninitial disparity eld andcreatesvolumein (x; y; d) space,
where(x; y) aretheimagecoordinatesndd refersto the correspondinglisparityestimate.
Using calibrationinformationfrom the stereocamerasthis volumeis thenreprojectedo
imageswhich correspondo the original stereopair. The algorithmtheniteratively esti-
matedransparencanddisparity This differsfrom thiswork in severalregards.First, they
malke no assumptionregardingthe backgroundwhich becomes usefulconstraintin this
work. Secondlyoncethealphachannehasbeenestimatedandre ned, it is x ed;thereis
no moreestimationperformed.Finally, SzeliskiandGollandarenot attemptingto recover
shapanformationfor relighting purposeswhich is oneof themainportionsof this work.

2.2 Image Formation

An intensityimageof athree-dimensiond3D) scends a projectionof the sceneontothe
imagingplaneof acameraor sensorThis projectionis amappingof thethree-dimensional
spaceontoatwo-dimensiona(2D) plane;henceary pointatpositionX = (X;Y;Z) inthe
3D scenevisible to theimagingplaneis mappedo a positionx = (x;y) in the 2D image.
Theintensity(luminanceor color) atary givenpointonthis 2D planeis therecordedight
emittedor re ectedata particularpointin the 3D scene[56]

Theabove mappingof the 3D spaceto the 2D planeoccursin ary camera.ln orderto
describethis processnathematicallya modelis needed Onesimplecameramodelis the
pinholecameramodel. Figure 2.1 illustratesthe pinhole cameramodel[20]. The model
is comprisedof aplaneR, calledtheretinal plang anda point C calledthe optical center
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 upontheretinal plane. All thevisible raysof light from anobjectproduce
aninvertedimageof the sceneobjecton theretinalimage.

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

If the origin of the 3D spaceis consideredo be the focal centerof the camerathen
a 3D point P at position(Xp; Yp;Zp) canberelatedto the 2D imagepoint p at position
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image

-
pinhole P /&
~ —_
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screen

screen
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Figure2.1: Pinholecameramodel

(Xp; Yp) throughsimilar triangles,adollows:

X—F” = >Z<—P ) xp= F)Z<—P 2.1)
P P

Yo _ Yp R

Yo _ Yo - P 2.2

R - 22)

This basicderivationwill becomamportantin Section2.4.

2.3 Alpha Channel Estimation

For somearbitraryimagel , thealphachannelis de nedto bea eld with thesamedimen-
sionsaseachof the color channelf thatimage.However, whereagheinformationin the
color channelss usedto determingheintensityof the color valuesat a givenlocation,an
alphachanneprovidestransparengcand,indirectly, shapeanformation[50]. In its simplest
form, the value of the alphachannelat a given location may take on one of two values:
opaquefor pixels of aimagethatarevisible, andtransparentfor pixels of animagethat
areinvisible. Thus,althougheachpixel within the color channelf animagewill possess
somevalue,the alphachannelcanbe usedto determinewhetheror not thatvalueis seen.
Whenonly two levelsof thealphachannelreusedthey aretypically encodedchumerically
asO (transparentdr 1 (opaque).In morecomplicatedversionsmorethantwo levels may
be used producingfractionalvaluesfor the alphachannelwhich correspondo a level of
transluceny.

The alphachannelplaysa signi cant role in digital compositing In digital composit-
ing, animage,calleda compositas formedasa combinationof regionsfrom two other
images.Typically, theseémagesarefrequentlyreferredto asthebadkgroundimageandthe
foregroundimage. In creatingthe compositemage,the alphachannelof the foreground
imageis utilized to determinewhich pixelsin the foregroundandbackgroundmagewiill
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\4

Figure2.2: Perspectie projectioncameramodel

be visible in the compositeimage. The mosttypical methodof combiningthesetwo im-
agess throughthe”over” equationf42] [50]. For aforegroundimagel r andabackground
imagel g , acompositeémagel ¢ canbe producedusinganalphachannel, , dervedfrom
theforeground:

lc() = e+ @ ()Ie(X) (2.3)

Every opaquepixel in the foregroundimagewill be visible in the composite;for ev-
ery transparenpixel in the foregroundimage,the backgroundpixel will be visible in the
composite.For foregroundimagesthat utilize alphachannelsvith morethantwo levels,
ary pixelin theforegroundwhich hasa fractionalalphachannelaluewill produceapixel
whosevalueis a mixture of the foregroundandbackgroundixelsat 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 animagewill be opaquefransparentor translucentFor images
of real-world objects determininghealphachannebf animageis avery dif cult problem
[50] without specialconstraintsEffectively, any imagecanbe considerec compositeém-
age,insofarastheimagewould contain“foreground”regionssurroundedy “background”
regions.In orderto determinevhatregionsareforegroundandbackgroundanalphachan-
nelis neededHowever, in orderto determinghealphachanneljt is necessaryo know the
foregroundandbackgroundegions! Without arbitraryassignmentf thealphachannebn
the partof someuseror programiit is not possibleto know the alphachannebf any given
image.

Fortunately it is possibleto constrainthe problemto make it moretractable.Oneof-



A StereoBasedApproachto Digital ImageCompositing 11

tenutilized constraints a constant-coloretbackground.The desiredforegroundobjectis
placedn front of aconstant-coloredackground Assumingthattheforegroundobjectcon-
tainsno color closeto the colorsof thebackgroundit is possibleto createanalphachannel
by assigningall regionsof the imagewhich containthe backgroundcolor astransparent,
assigningall otherregionsof theimageopaque.

While this solution can be effective at producingan alphachannel,it is not without
problems.n attemptingto segmenttheforegroundobjectfrom its backgroundn thefore-
groundimage,the edgeswheretheforegroundandbackgroundegionsmeetareoftennot
well de ned. In theseareaswherethe two regionsmeet,thereis oftena mixture between
the backgroundandforegroundpixels. This canbe sourcedo differentcausesin the pin-
holecameramodelof Section2.2,theraysof light comingthroughthelenswill fall upona
singlepoint. In arealcameratheseraysof light maynot preciselyfall upona singlepoint
of theimagingplane[26]. This distribution of raysof light maythusgive riseto mixture
betweernthe foregroundandbackgroundegions. In addition,therealworld is continuous
andtheimagingsystemin mostcamerasisesa CCD sensorfor animagingplane. Since
CCD sensoronly have a nite numberof elementswvhich can be excited by incoming
photons,thenunlesssomesort of pre Itering is performedat the lens, thenaliasingwill
resultin theimageof the scene.Thiswill be mostespeciallyapparentn regionsof higher
frequencieqe.g. objectboundaries)giving rise to mixing betweenthe foregroundand
backgroundegions.

The principalwork on the alphachanneloriginatesin the computergraphicscommu-
nity with thework of PorterandDuff [42], which de ned the "over” equationalongwith
otherpossiblemagecombinationoperationsThis work andthe history of thealphachan-
nelis effectively reviewed by Smith[51] [52]. Brinkman[4] providesa surfaceovervien
to ad hoc methodsfor extractingan alphachannelin "real world” situations(i.e. Holly-
woodproductiorervironments). Ad hoctechniquesirealsoreviewedin [6] andproduction
level techniquesrecoveredin [31]. SmithandBlinn mathematicallyde ne theproblemof
generatingnalphachannefrom animageof anobjectin front of aconstant-coloretiack-
groundin [50] andprove why ad hoc solutionsto alphachannelestimationwork. Ruzon
andTomasi[44] utilize a statisticalapproactwith Gaussiammixturesin their estimationof
improved alphachannels Wexler, Fitzgibbon,andZissermarutilize multiple imagesof a
scendo improve their alphachannekestimatg57].

Thealphachannekstimationn this projectis basednthetechniquedy Chuanget. al.
[9]. Althoughit will bemoreclearlyde nedin Chapter3, this methodutilizesa Bayesian
framework to solve the problem. This work is extendedby Chuanget. al. [8] for video
applicationsaandfor estimatinghealphachannebf theshadaevs of foregroundobjectg10].
ChuangandZonker, et. al. alsoextendwork in estimatingalphachanneldrom generalized
scenesnotjust constant-coloretackgroundnes[11][63] .
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2.4 StereoscopicdDepth Estimation

Mathematical Formulation

In the discussionof imageformationin Section2.2, in both perspectie projectionand
orthographigrojection,a pointat (X ;Y;Z) in 3D spacewasmappedo a pointat (X; y)
on the 2D imageplane. Onemay de ne the Z coordinate the distanceof animaged3D
point from the imaging plane,asthe depthof that point. Thena depthmapD for a 2D
imagel is denedasa2D eld suchthatD(x;y);(x;y) 2 , where is the domain
for theimagecoordinatesis the depthassociatedvith the imagepoint (x; y) . Sincethe
valuesof thedepthmapareintimatelyrelatedto thestructureandlocationof objectswithin
the original 3D scene knowledgeof the depthmapis importantfor mary applications,
including robotic navigation, 3D objectestimation view interpolation,imagemosaicking
andmary others.

Althoughasingle2D imagemay possessa rich amountof information,evenproviding
cuesfor depthperceptiorandinferenceof objectstructurethroughocclusionsandperspec-
tive, it is mathematicallympossibleto recorer anaccuratelepthmapfrom asingleimage.
This follows naturallysinceanimageis simply a projectionof 3D spaceontoa 2D plane.
Sincethis mapping(<® ! <?) is not one-to-onethe imagenecessariljjosesthe depth
information.

In orderto recover this depthmap, it is necessaryo augmentheimagingsystem for
exampleby the addition of anotherimagingdevice or camera. This pair of camerasan
then be positionedto mimic the humaneyes. Typically, the camerasare placednext to
eachotherhorizontally (althoughsomeprefervertical con gurationsasin [7]), with their
imagingplaneqideally) parallelto oneanother Fig. 2.3illustratesthis. Thisstelreosystem
functionsin a manneranalogougo the humanvisualsystem.Justasa pair of eyesenables
ahumanto recover depthin a scenethe goalof the stereocamerasystemis to recover the
depthmapasdetermineddy the pair of imagesgeneratedby the system.The geometryof
the stereccamerasystemis well known, examinedin [59] [22] [58] [7] [54] [19] [20] and
mary others.

Fig. 2.3 shavs an exampleof parallel camer con guration for stereoimaging. The
world coordinatesystemis locatedat C,,. The centersof projectionfor the left andright
camerasrelocatedin thesameX -Y planeof theworld coordinatesystemandtheirimag-
ing planesareparallel[56]. In addition,theleft andright cameragachhave anassociated
coordinatesystemwhoseorigins arethe camerasrespectre focal centers.The locations
of theleft andright focal centersaredenotedasC,; andC,, respectrely. The camerasre
locatedon the X axis of theworld coordinatesystem eachequidistanfrom the origin of
theworld coordinatesystem.The horizontaldistancebetweerthe focal centersof the two
camerass calledthebaselineB . Thefocallengthsof thetwo camerasreassumeequal.

Let a 3D point P have coordinategX; Y; Z) in theworld coordinatesystem.Further
more,letthesame3D pointhave correspondingoordinateX; Y; Z,) and(X,;Y;;Z,) in
thecoordinatesystem®f theleft andright camerastespectrely. Therelationshipamongst
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Figure2.3: Parallel sterecsystem

thesethreecoordinate®f pointP are:

B
X=X+ —

B

> Xr=X 5 (2.4)
Y=Y, =Y (2.5)
Z,=2,=2 (2.6)

Using the perspectie projectionmodel (2.1-2.2),the scenepoint P will be projected
onto image points p; and p, in the left and right imaging planes. p, and p, are called
homola@ouspoints,sincethey correspondo the samepointin the 3D scene.Let (X;;y;)
and(x,;yr) denotetheimagecoordinate®f pointsp, andp, , respectrely. Equationg2.7-

2.8) shaw the projective relation betweenthe 3D scenecoordinatesandthe imageplane
coordinates.

X + B X B
x = F 22 x, = F 22 (2.7)
Y
i =yr= Fo (2.8)

In orderto infer depthof the 3D scenepoint P, therelationshipbetweermrojectionsp,

andp, atpositionsx; andx; is needed.This relationshipis knowvn asthe disparity vector
d;, de ned asthedifferenceof the coordinate®f pointsp, andp, :

d|r = X Xr (29)

In the specialcaseof the parallelcameracon guration,y, = y; (2.8) andthustheir
differencewill be 0. In this case,thereshall be only a differencealong the horizontal



14

PeterJosepiMcNerng/

coordinated, is thedisparityvaluealongthex directionin theimagingplane.

de = X X | |
_ooxes o x ¢
Z Z
FB

Sincethefocal lengthF andthe baselineB areboth constantsequation(2.10)shavs
thatthe disparitydy is dependenbnly on the valueof Z, the depth. Rewriting (2.10)to
produceZ asafunctionof dy, thefollowing is obtained:
FB
dy

As equation(2.11) shaws, for the parallelcameracon guration, the depthof a given
pointin the 3D scenas directly proportionatto the horizontaldisparityof the projectionof
thatpointin theimagingplanesof the left andright cameras.n fact, giventhe measure-
mentsof the disparityvalue,the baseline andthe focal length,the depthmay be exactly
determinedhrougha very simplerelation. Sincethe baselineandfocal lengtharevalues
assumedo begiven,only thedisparityvalueneedgo be determinedDeterminingdispar
ity, however, requiresknowledgeof correspondencéetweenprojectionsof the 3D point
P . Thatis, givena pixel in oneimage,it is necessaryo determinats homologougoint
in the secondmageof the stereopair. It is this problemthatis at the heartof the depth
estimationfrom stereqgpairs.

Oneof the foremostassumptionsnadein stereodepthestimationis the illumination
model(or, equivalently, there ectancefunction). As statedn Section2.2,thevalueateach
x in theimageis determinedy theamountf light re ectedor emittedby its corresponding
3D pointin thesceneln orderto constrairtheproblemof nding homologougpointsin the
stereqoair, thereis oftenanassmuptiomadeaboutthere ectancefunction: thesurfacesn
guestiorareoftenassumedo be LambertianLambertiansurfacese ect thesameamount
of lightin all directiong20]. Thus,whenapointin the3D scenasimagedoy bothcameras,
the intensity valuerecordedby eachcamerashouldbe the same. Although this modelis
easilyviolatedby real-world objects(polishedwood, mirrors,glass etc.),if thebaselineof
the stereosystemis relatively small comparedo the viewing distancethenthis modelis
a fair approximationfor mary objects. This is importantfor determiningcorrespondence
betweerpixels,sinceit constrainghe searchfor homologougairsof pixels.

Z = (2.11)

RelatedWork

As shawvn, depthrecovery reducedo calculatingthe disparityvectorbetweerhomologous
pixelsin thetwo images.Dependingon sensogeometryandcalibration,if absolutedepth
is desired),depthinformationmay thenbe exactly determinedrom this disparity vector
Althoughthereexist algorithmsfor computingdisparityin thefrequeng domain[21] [14],
the following primarily coversalgorithmsfor the computationof disparityin the spatial
domain.
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Spatial domain disparity estimationtechniques Space-basethethodsmaybedivided
into two cateyories:gradient-basethethodsandmatching-basethethods Gradient-based
methodsuseoptical o w-type equationgo determinedisparity vectors. Matching-based
methoddake someregion of oneof theimagesandattemptto nd acorrespondingegion
in thesecondmageof the steregpair. Matching-basednethodscanbe onceagain divided
into mary differentcateyories: area-basedgeature-basedyraph-cutsetc. This work uses
area-basedhethoddor calculatingthe disparityvectors.Thereshallonly be a brief men-
tion of the othermethods.Interestedeadersn theseandothertopicsshouldconsult[45]
which providesanovervien of mary of thedensewo-framecorrespondencalgorithms.

Feature-basedisparityestimationrst attemptdo computesalientregionsin eachim-
age. Prominentregions, or features,in eachof the imagesmay include edges,corners,
curwes,etc. After having detectedsuchregionsin eachimage,the algorithmsthenattempt
to nd correspondingegionsbetweenthe two images.Sincetherewill only be disparity
vectorsbetweeercorrespondingegions, a sparselypopulateddisparity eld is the result
of this matching.Dependingon desiredusage a denseadisparity eld may beinterpolated
from this sparseeld. Examplesof suchtechniquesreshavnin [33].

Graphcuts[3] [20] [36] considerthe pixels of a given image as nodesin a graph.
Algorithms usinggraphcuts seekto label pixels with a given disparityandminimize the
enepgy neededo swappixelsfrom onelabelto another The problemultimatelyreduceso
calculatinga minimumcutamongsthelabelsof thegraph.

Algorithmsfor area-basedtereomethodsattemptto computea similarity function of
local neighborhood$etweenthe left andright images,limited by geometricconstraints
[32] [13]. Most of the algorithmsin area-basegystemsutilize somefunction of image
intensity difference(both grayscaleand color) [41] [22] [34] [39] [46] or a correlation
measurg61] [35] [27]. Themostcommonareautilized in area-basedtereomatchingis a
rectangulaor, morecommonly a squareblock, giving rise to the term of blodk matding.
In oneimplementationpneof the images(in this work, the left image),is divided into a
grid of regularblocks. A givenblock from oneimageis takenand”slid” over the second
imageone pixel at a time, computingthe similarity function at eachposition. To prevent
having to examinethe entireimagefor eachblock, anassumptions madeaboutthe size
of the maximumdisparityin the stereopair. From this assumptiona searchwindow is
de ned asa region arounda block thatwill be testedfor a bestmatch. After computing
the similarity function for eachblock of the searchwindow, the region with the highest
similarity is selectecandthe disparityvectoris computed.Although x ed-sizedblock are
commonplacefor the areasexaminedin thesemethods researcthasalsobeendonein
utilizing variable-sizeblock sizes[32]. Thesemethodsseekto modify the block window
whenit containsregionswith relatively little information. This is doneto provide more
robust estimatesand avoid the problemsassociatedvith blocksin one image matching
multiple pointsin thesecondmage.

Dependingon the depthof the objectsin the scenethe disparityvectorsmay belarge
andthusthe searchwindow will alsohave to be necessarilffarge. This canleadto both
computationallyintensesearchesnd possiblemismatchedetweenthe two images. To
combattheseproblems hierarchicalor multi-scaletechniquesareemployed. Hierarchical



16

PeterJosepiMcNerng/

block matching[61] utilizes pyramidalstructureq1] to createa seriesof imagesthatare
Itered anddownsampledversionsof the original image. By performingblock matching
onthesesmallerimagestherequiredcomputatiortime is reducedln addition,the danger
of nding local minimais suppressedueto the ltering and dowvnsamplingof the im-

age.Disparity estimatearepropogtedfrom the highestlevel of the pyramid (the smallest
downsampledmage)to the lowestlevel of the pyramid (the originalimage). A morede-
tailed discussiorof hierarchicalmethodsin disparity estimationcanbe foundin Section
4.5.

In practice ablock maybecomanatchedo aregionwhich producesa disparityvector
thatis radically differentthanary of its neighbors.Oneassumptioroften madeis thatthe
disparity eld shouldbe smoothlyvarying (exceptat discontinuities):neighborhood®f
blocksor pixels shouldpossessimilar disparity estimates.To ensuresmoothnesgither
betweenndividual pixels or blocksof pixels, regularizationconstraintsareoftenused.In
block-matchingdisparity estimation regularizationincludesan additionalterm that helps
to ensurethat the disparity vectorsof a neighborhoodf blocks maintaina level of simi-
larity to eachother Regularizationis employed oftenin theliterature[38] [34] [35] [47],
andsometimesusedin conjunctionwith the aforementionedhierarchicalblock matching
schemesn [43]. Onceagain, a moredetaileddiscussiorof regularizationmethodsespe-
cially asit pertaingo thiswork canbefoundin Sectior4.3.

2.5 Model Reconstruction

Oncethedepthhasbeenrecoreredfrom asceneit is thenpossibleto approximatehefore-

groundobjectwith a3D mesh.Modelreconstructiowanbeaccomplishethroughavariety
of methods.At the simplestlevel, resultsfrom the depthmap estimationcan be directly

usedto createa height eld. Fromthis height eld, pointscanbe generatedrom the uni-

form (x; y) locationsonthegrid which correspondo (X ; Y) coordinatesn 3D spacethe

valueof theheight eld atthe(x;y) grid locationbecomesheZ coordinate Thesepoints
canthenbe collectedinto triangularpatcheswhich canthenbe directly texture mapped
andrenderedIimprovementinto this basicconceptimayincludeDelanug triangulationfor

reducingthe actualnumberof triangularpatchesecessaryo representhe object. Addi-

tional surfaceapproximatioralgorithmscanbe foundin areview of thetopic by Heckbert
andGarland[25] . Heckbertand Garlandalsoexplore fastapproximatiormethodgo this

type of data[23]. Othermethodsmay include usingpolyhedralobjectssuchasDebe/ec
etal. in [16] to build scenemodelsfrom multiple images.Anotherapproactproposedy

SiddiquiandSclarof [48] is to utilize B-Splinesurfacesinsteadof simpletrianglesjoined

by line segementsAlthoughvoxelsrequirevastlydifferentcomputationabpproachethan
offeredby stereodata,they arealsousefulin creating3D meshes.



Chapter 3

Alpha ChannelRe nement

3.1 Compositing De nition and History

In its mostbasicform, imagecompositingconsistof the combinationof two images(typ-
ically calledforegroundandbackgroundmages)into a single nal form (often calledthe
composite).Elementsn the foregroundimagewill occludethe backgroundmagein the
nal composite.In orderto segmentout only the desiredelementsout of the foreground
image,it is necessarjo createamask.Thismaskde nestheareasn the nal imagewhere
theforegroundandbackgrouncelementawill bevisible. Considertheimagein Figure3.1.
In this example theforegroundimageconsistf a faceover a uniform backgroundyhile
the backgroundmageis a city sidevalk. The alphachannelcontainsa black andwhite
versionof theface. The nal compositas the combinationof the two images,asde ned
by thealphachannekextractedfrom theforeground.

Traditionally, this maskis mostoften calleda matte. This nameis derived originally
from Im techniqueswherea mattewas a strip of monochromaticlm that contained
regionsof transparencandopacity This strip would be placedonto anotherstrip of Im
(eithermonochromatior color). Whenthe non-mattelm wasexposedto light, only the
transparentegion de ned by the mattewould be exposed. The complemenof the matte
(wherethe regions of opacity and transparenc wherereversed)was called the holdout
matte. By usingthis holdoutmatte,the areasof the Im could thenbe exposedby light
comingfrom somethingompletelydifferent. Thisis how acompositeeanbeaccomplished
throughpurelyopticalmeansandit is atechniquehatis still in usetoday[5Qq [55].

3.2 Alpha Channel

In morerecenttimes,with introductionof computergo photograpk andimageprocessing,
the conceptof the mattehasevolved. In its currentform, the matteprocesss carriedout
througha eld calledthe alphachannel The alphachannelis akin to the color channels
insomuchascontaininga eld of datathatis of equaldimensiongo theimage.However,
asopposedo containinginformationcorrespondindgo anexplicitly visualelement(i.e.,a
givencolor),thevalueat a givencoordinatan thealphachannels thetransparengcof the
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Figure 3.1: Creatingan image composite: (a) foregroundimage;(b)alphachannel;(c)
backgroundmage;and(d) compositamage.

pixel at the samecoordinatein the image. In mary implementationsan alphavalueof 1
meanghata pixel is seenin the foregroundand completelyoccludesthe background.A
value of 0 meangthatthe pixel is not seenat all andonly the backgroundvalueremains.
Often,alphachannelsrede ned ashaving valuesin therange[0,1] wherevaluesbetween
0 andl indicatepixelsin the nal imagethatarelinearcombination®f theforegroundand
backgroundralues[42].

Givena foregroundpixel IfF (WherelfF may be eithera scalarfor monochromatiém-
agesor a vectorfor colors)anda backgroundpixel 12 (samepossibilitiesas | fF) andan
alphachannel (herede ned asarealvaluein the range[0,1]), the compositepixel | ¢
may beobtainedas

lc = 1L+@ )L (3.1)

This equationis the mostcommonlyusedoperatorin compositing,andis calledthe
“over” equation.[42] Althoughothercompositingoperationshave beende ned [42], the
over equationis theworkhorseof compositingtools[4],[42].
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3.3 Calculating the Alpha Channel

In theory an alphachannelcould be generatedn an in nite numberof ways. A user
could assignto eachpixel an alphavalue or a programcould randomlyassignthe alpha
value. However, the more interestingmethodsof alphachannelgenerationcomefrom
extractingthe alphachannelfrom animage. The methodanddif culty of extractingan
alphachannefrom a singleimagedepend®n howv animagewascreated Determiningthe
alphachanneffor syntheticimagescanbe accomplishedhroughsimpleassignmenat the
momentof imagecreation.However, the questionbecomesnorecomple« whentheworld
of synthetidmagess left behindfor therealobjects.As pointedoutby SmithandBlinn in
[50], the problemof extractinganalphachannefrom a singleimagereducego a problem
of threeobsenations(red,green,andblue color channelsandfour unknovns(red,green,
andblue color channelsandthe alphachannel).Mathematicallyspeakingijt is impossible
to producea singlesolutionto this problem.However, they alsopoint out thatsincealpha
channelgandtheir analogequvalentsof mattes)have beenin usefor closeto a century
theremustexist somemethodto a solution. Indeed,by addinga simple constraintto the
systemthe problembecomedractable. Thesolutionthathasbeenutilized for decadesind
afamiliarsightto Im studiosis theblue screen(or, sometimesthe greenscreen).

The blue andgreenscreensareinstance®f a moregeneralclassof constraintgo the
problemthatde ne thebackgrounaf theimageto beof constant-colorAssumingthatthe
foregroundcontainsno colorsthatarecloseto the color of the backgroundtheforeground
object can be easily extracted. The processwith thesescreendss asfollows: an object
is shotin front of the constant-coloredackground. Subsequentlythe color is entirely
removedandreplacedvith thebackgroundmage.In effect, thenon-blue(assumingblue
backgroundglementhave becomeheforegroundelemen{equvalentto analphachannel
valueof 1) andthe blue portionshave becomebackgroundalphavalueof 0).

Theinitial alphamattesusedherearegeneratedisingAdobePremiergasimplethresh-
olding method.A detailedanalysisof generatingalphachanneldrom imagesshotagainst
abluescreercanbefoundin [50].

Figures3.3 and 3.3 shawv alphachannelsthat are generatedrom Adobe Premiere.
While Figure3.3shawsfairly accurateif coarsealphachanneldrom thefacepair, Figure
3.3demonstratesoreproblems.Sincethebackgroundf the originalimageof thisimage
pair was not initially well illuminated, the thresholdsequiredto generatesven approxi-
matelyaccuratealphachannelsalsoeliminatedcolorsthatwerein the foregroundregion.
Despitethesedrasticthresholdstherearesomemislabelecareaghatcanbefoundnearthe
upperright handsideof theboxes.

3.4 Limitations in Calculating the Alpha Channel

In practice,it canbedif cult to obtainanaccuratealphachannel.Unevenlighting, shad-
ows, andfuzzy areascan causealphachannelgo be miscalculated.The resultsof mis-
calculationrangefrom either cutting off a pieceof an object(i.e., mislabelinga set of
foregroundpixelsasbackgroundjo creatinga coloredhuearoundthe foregroundhue(i.e.
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Figure3.2: Alpha channelggeneratedrom a stereqgpair: (a) left image;(b)rightimage;(c)
left alphachanneland(d) right alphachannel.

mislabelingbackgroundixelsasforeground).In particular with thefuzzy areashair and
fur canoften be cut off or improperly sgmentedin the alphachannel. Fuzzy areasare
mostcharacterizety having pixelsthatcontainalphavaluesthatarebetweerD and1, and
assuch,aredif cult to explicitly labelaseitherforegroundor background As mentioned
above, this often causeghe questionableegion to be cut off or causecolor spill to appear
in the foreground. Although the latter is extremelyundesirablgsinceit is a strongindi-

cationthat a constant-coloredackgrounchasbeenemployed), eithereffect is unwanted
in nal composition. To combatthis problem,statisticalmethodsareemployedto aid in

estimatingthe alphachannel.

3.5 Estimation of Impr oved Alpha Matte via a MAP Ap-
proach
Onceaninitial alphamattehasbeengeneratedthe taskof furtherimproving this estimate

maybegin. With theinitial alphamatteandtheoriginal colorimage estimatiorof anew al-
phamattemayproceedusingthe MAP criterionwithin the Bayesiarapproachasproposed
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Figure3.3: Alphachannelgieneratedrom a steregpair: (a) left image;(b)rightimage;(c)
left alphachanneland(d) right alphachannel.

by Chuangetal. [9].
Theobserationmodelfor re ning this alphachanneis de ned as:

le= Ip+@ IR+ o (3-2)

Theimagelr is the givenimage. Pixels of the objectwithin the imageare denotedas
IfF, while pixels of the constant-coloredbackgroundare denotedas| 2. Sincetheimage
is typically taken of a real scenejt is assumedhatthereexists somesensomoisein the
camerawhichis distributedasa zero-mearGaussiamwith variance 2.

The background 2 is assumedo be distributed assomeGaussiarwith meanl 2 and
covariancematrix . Thealphachannel isassumedo have auniformdistribution. The

foregroundwill be assumedo be distributed at eachpixel as an independenGaussian.

Sincethereis no globaldistribution for the foreground(asin the caseof the background),
this presentsa problemin determiningthe distribution of eachof the foregroundpixels.
Therefore althoughthe derivationwill considereachforegroundpixel independenthyis-
tributedfrom its neighborswhenactuallydeterminghe statisticsof arny givenforeground
pixel, aregion of supportaroundthat pixel will be emplgoyed. This region of supportwill
beusedto determinghe meanforegroundcolor andcovariancematrix.
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The approachof Chuanget al. [9] is followed below in estimatinglf , 12 and by
maximizingthe a posterioriprobability p(l fF R jlE):

PUEjLES 12 (TR R)p( )

arg max p(It:12; jlg) = arg max
glL;IE; P(Ie; 185 Jle) gIL:Ie: 5(7)
Gf b f b
1Lie; p(lE)
= arg max In(p(lejles 12 )+ In(p(IR) +

In(p(12)) + In(p( )  In(p(IE))]

Notethattheforeground,backgroundandthe alphachannelareall assumedndependent
of oneanother Therationalebehindthis assumptions asfollows: sinceary alphachannel
could be usedto compositethe backgroundandthe foregroundregionstogether it is not
dependenbne either of thesequantities. In addition, it is assumedhat the foreground
will containno colorssimilar to the backgroundegion; therefore the distributionscanbe
consideredndependent.

In(p( )) is droppedbecausef the uniform probability distribution. In(p(l )) is also
droppedbecausehistermwill be constantwith respecto the optimizationparameters.

The rst term of (3.4) is modeledas a normal distribution centeredaroundl g, with
mean IL + (1  )I2 andvariance 2:

In(PUejlt;12; ) = k 1g 1L @ )ek=g (3.4)
Eachforegroundpixel is assumedo have anorientedGaussiardistribution:
InEUE) = (E 1)7Cr) e 15)=2 (3.5)
with samplemean
= 2 woorte 36)
X2R

andcovariancamatrix g, andwhereR reprentaregionaroundagivenpixel for determin-
ing the characteristicef the Gaussiardistribution centeredat thatpixel. The pixelswithin

this region are given weightsw(x) = 2g(x), whereg(x) is a Gaussiarfalloff centered
aroundthe givenpixel. W is the normalizationconstant:
X
W = w(X) (3.7)
X2R

Thesamplecovariancematrix g canbecomputedasfollows:

X
c= o wWOUE) ID0EM TR (3.8)

X2R
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While the foregroundis not globally de ned throughary singledistribution, the back-
groundis assumedo be constant-colored.Hence,the backgrounds assumedo be a
Gaussiardistribution:

In(p(1R)) = (IR 13)"( &) Y1} 12)=2 (3.9)

with samplemean

12(x) (3.10)

samplecovariance
o= (R R0 1) (3.11)

andwherel g refersto all pixelsinitially labeledas“background”in theoriginalimage.
To solwve this problem, it needsto be split into two interleaved steps[9]. The rst
assumeshat is known andsolvesfor the foregroundandbackgrouncolors! ;. andI®.
Thesecondstepassumeshe colorsareknown andsolvesfor thetransparengcvalue
Solvingfor IfF andl® produces:

=2 (1 )=2 e _ (f) Up+le =2
L@ )= (e)P+1@ )*=Z 1 () ME+Ie@ )=?

wherel isa3 3identity matrix.
Holdingl‘(F andI® constanandsolvingfor , thefollowing is obtained:

_Ue 1B) (e 1B)
KIL 12 k2

Terminationof this iteratve processoccurswheneitherthe error betweenthe current
andpreviousestimatefasfallenbelov somethresholdor amaximumnumberof iterations
hasbeenachiered.

Figure 3.5 demonstratethe usefulnesof the alphachannelre nementon the alpha
channels.Thereare noticeablemprovementsto details,recovering the smallerwisps of
hairson boththe left andright sidesof the facein bothimages.On the otherhand,some
limitations are exposedin the alphachannelre nementof Figures3.5. The nitial alpha
channelhasa numberof mislabeledregions (i.e., regions labeledas foreground which
shouldbebackgroundindvice-versa).As shavnin Figure3.5thealphare nementprocess
correctsa numberof mislabeledoregroundregions. However, the estimationexacerbates
the problemin the regions where backgroundregions are labeledas foreground. This
demonstrateghe requirementor an initial estimatethatis coarsebut closeto the nal
solution. Indeed,for this case the original solutionis preferableto the nal solutionand
theformershallbe usedfor future computationgor the "boxes” images.
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Figure 3.4: Comparisionof alphachannels:(a) Original alphachannelof left image;(b)
Original alphachannelof right image; (c) Re ned alphachannelof left image;and (d)
Re ned alphachannebf rightimage.
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Figure 3.5: Comparisionof alphachannels:(a) Original alphachannelof left image;(b)
Original alphachannelof right image; (c) Re ned alphachannelof left image;and (d)
Re ned alphachannebf rightimage.
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Chapter 4

Depth Estimation

In Section2.4, the problemof depthestimationwas reducedto the problemof comput-
ing correspondingpointsbetweertheimagesof a stereopair. In this chapteythe problem
of correspondencis mathematicallyde ned througha suitablemodel. From this model,
Bayesiarestimatiorapproachearedeveloped utilizing eitherMaximumLik elihood(ML)
estimationor Maximum a PosterioriProbability(MAP) estimation.Then,the alphachan-
nel, discussedn Chapter3, is usedasa segmentationof theimagesin orderto limit cor
respondencet® speci edregionsof interest.This additionalconstrainforoducesmprove-
mentsin both speedandaccurag of the disparity estimations.Finally, a multi-resolution
schemas incorporatedo furtherincreaseéhe speedandaccurag of the estimation.

4.1 Disparity Map Estimation

In orderto infer disparitybetweerntheimaged | andl, , anassumptioron therelationship
betweertheimagesandthedisparitymustbe made.An oftenmadeassumptions intensity
constang betweenhomologouspoints: eachpixel numbered at locationx; in |, is a
translatedversionof somepixel in I, barringocclusionsanddifferencesn the cameras'
elds of view. Permitteddisparityvaluesaretypically constrainedo someregion S, which
is calledthe seach window The disparityvaluewill be limited by the extremevaluesof
S. Mathematicallythis canbe expressedsfollows:

() =1, (x+d);di2S 4.1)

Synthetidmageqe.g.,computerendering®f arti cial scenesganbeproducedvhich
are ideal imagesand for which there exist disparity vectorsthat satisfy equation(4.1).
Equation(4.1) may not hold for imagestaken from the realworld with physical cameras.
Dueto bothimperfectionan cameraghemselesanddifferencesn the calibrationof the
camerasvith respecto eachother homologougointsbetweerthetwo imagesnayin fact
have differentintensities.To accountor thesedifferencedetweertheimagesanadditve
noisetermis typically addedo the model,creatingthefollowing:

Lh(xi) = 1 (xi + di) + (X) (4.2)
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Typically, theterm is assumedo be wide-sensestationaryzero meanwhite Gaussian
noise.This alsomeanghatthe noisetermateachpixel is consideredo beanindependent
andidentically distributed Gaussiamrandomvariable. Let the varianceof this noiseterm

be 2. Giventhisassumptiorthen (x;) becomes, where N (0; 2), producing:

(X)) = I (xi + di) + (4.3)

4.2 Maximum Lik elihood Depth Estimation

With the obsenation model (4.3), it is now posssibleto de ne an approachto disparity
estimation.Giventhe assumptiormadeaboutthe randomvariableintroducedthroughthe
noiseterm,thiswork optsfor anapproactbasedn Bayesiarestimation.Thedisparitycan
be considered nonrandonparametesincegivena stereopair the disparityfor eachpixel

in thetwo imagess x ed,dependingnthedepth(again barringocclusionsandproblems
introducedby the different elds of view). Sincethe desiredquantityis disparity while

I, andl, areobsenations,let p(l;;I,jd) bea conditionalprobability distribution of I, and
I, givend . This distribution can be considereda likelihood function of a value of the
steregpair givend . In MaximumLikelihood(ML) estimationthe goalis to maximizethe
likelihoodfunctionor:

TZaSXD(h;lrldi) (4.4)

While the maximizatinof (4.4)is a standardorm for ML estimationfor this problem,
it is usefulto rewrite it differently:

maxp(i;1rjd) = En%x%
_ p(lijlv;di)p(ly; di)
TOUs p(d)
= Tzasxp(lljlr;di) (4.5)

Equation(4.5) follows from two assumptionsFirst, asmentionedabove, the disparity
beingestimateds a non-randonparameterin this casejt hasprobability 1 andtherefore
p(d;) canbe removed from the equation. Secondly the joint probability of the disparity
with one of the imagesp(l,; d;) is alsoassumedonstant. This is dueto fact that both
p(d;) andp(l,) areassumedonstant.Underthesetwo assumptionsthe termsmay then
be eliminatedfrom the maximization.

To determinethe likelihoodfunction, it is necessaryo reexaminetheinitial modelof
the system.In equation(4.3), the noisetermin the modelwasassumedo be aniid zero-
meanGaussiarRV with variance 2. Isolatingthe noisetermof (4.3) produces:

=L (x+d) §Li(x) (4.6)
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Sincegivenl, (x;) andd(x;), I,(x;) isknowvntoequall ,; (x; + di) + i, clearlyp(l,jl;;d;) =
p( ). Thereforemaximizingp( ;) is equalto maximizingp(l,jl;d;). The maximization
canberewritten as:

(pgsxp(hjlr;di) = maxp( ) (4.7)

Giventhatthe Gaussiardistribution of is

1 2
P() = P=—exp(z) (4.8)

C Cc

it is obviousthatmaximizingthe probability distribution of ; is equivalentto minimizing
thesquareof thevalueof ; or:

— H 2
maxp( ) = min( ) (4.9)
which produceghe estimator:
aML(Xi)=argg12iSn(lr(xi+d) 1(x:))? (4.10)

dw L () is themaximumlik elihoodestimateof disparity Implementinghis estimation
requiresanexhaustve searchover all possiblevaluesof d for eachpixel. While this dervi-
ationresultsin the ML estimatefor individual pixels,in practice the problemis ill-posed.
An arbitrarypixel valuein oneimagemay matchmary differentpixelsin the otherimage,
producingmary local minimaor even an erroneougjlobal minimum. Theremay not be
enoughinformationin a singlepixel valueto determinethe correctdisparityvector This
estimatoris not robust enoughto accuratelydeterminethe disparity valuesof individual
pixels.

To provide agreaterdegreeof robustnessn the estimationanassumptiortanbe made
aboutthe disparity valueswithin a local neighborhoodN of pixels. An often usedas-
sumptionis thatthe disparityvectorsareconstanwithin this neighborhooaf pixels,thus
correspondindo constantdepth. This neighborhoodtanbe assumedo be a block (typ-
ically a squareblock) of pix@s. Sincethe ; is assumedo beiid, this is equialentto
replacingp( i) in (4.7)with =, 5 (P( ;)), whereB; is a squareblock of pixelsarounda
given pixel. Throughatrivial changen dervation,the ML estimates now computedas
follows:

G (x) = argmings | 15s, (105 + ) 11(x))? (4.12)

Finally, if the intensityimageincludesmore thanone channel,speci cally multiple
color channelsthenthis additionalinformationmay alsobe addedto the estimatorto in-
creaseaccurag. Letl(x;) bede ned asa vectorof multiple channelsassignedo a given
locationx;. Then,theestimatobecomes:

. . P )
dwi(X) = argmingas, o, Jile(x + di)  10%)jj? (4.12)
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Figure4.1: ML estimate(a)vector eld (b). disparitymap

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

wherejj Jj is somenormde nedfor I, andl,. If thenoiseis assumedo beiid zero-
meanGaussiarfor all the channelf theimage,thenthe Euclideamormwill beused.

Figures4.1and4.2showvs vector elds generatedby ML estimationrandcorresponding
disparitymaps.Note thatthe vectorsin the backgroundwhich shouldbe of equallength
sincethebackgrounds a plane,vary a greatdealthroughoutheimage.Also notethatthe
disparitymapof Figure4.2 hasbeeninvertedsincetheoriginal objectis locatedoehindthe
convergenceplaneof two corverging cameras.All proceedingexamplesof the disparity
mapfor thefaceexamplewill have theinvertedvector eld, for purpose®f comparision.

4.3 Maximum a Posteriori Probability Disparity Estima-
tion

In Section4.2,thedisparity eld wasassumedo be non-randonmandthusthe distribution
wasassumedaonstant.This wasa naturalchoice,sincegivena steregpair, thereshouldbe
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for eachpixel, anunderlyingbut unknovn disparityvector(again, this barsinconsistencies
thatarisebecausef bothocclusionsandfrom differencesn the elds of view of thetwo
cameras).However, despitethe augmentationso the ML estimatorvia equationg4.11)
and(4.12),the problemremainsill-posed,especiallyin regionsof theimageswvherethere
is a relatively constantintensity (e.g., very little texture). It is thereforeusefulto add
a constrainton the solution, for example,an assumptioron the prior distribution of the
disparityvectors.In additionto simply solvingfor (4.11),asmoothnesgermis introduced
to penalizedisparityvectorsthatdiffer greatlyfrom their neighbors.

The additionof this prior into the estimatowill be accomplishedby employing Maxi-
mumA Posteriori Probability (MAP) estimation.In MAP estimation the disparityvector
will be estimatedgivenl, andl, andsomeprior distribution on the entiredisparity eld.
Thedisparity eld is assumedo bea Markov RandomField (MRF), whosedistributionis
de ned asthe Gibbsdistribution.

Before moving forward, however, it is importantto note a changein perspectie on
disparity In ML estimationthedisparityvaluewasassumedo beanonrandomparameter
Here,MAP considerglisparityto bearandomvariablewith somewell-de neddistribution.
Althoughit is amathematicasubtlety it is mentionedherefor completeness.

Onceagain, thedesiredquantityis disparity Let p(djl; 1) bethe probability distribu-
tion of d, givenl, andl, . It is this distribution thatshallbe maximized.Using Bayesrule
to rewrite this distribution, thefollowing is obtained:

TZ%Xp(djl c1) = max p(hjl+; d)p(djlr)p(lr) (4.13)

d2s p(li;1r)
The joint distribution of p(l,;1,) canbe droppedfrom the maximizationsinceit is
consideredconstantascanp(l,). Takingthe naturallogarithm of the remainingportions
of (4.13),thefollowing is obtained:

maxp(djli; 1) = max{in(p(hjl+;d)) + In(p(djl))] (4.14)

Now, the rst termof theright handsideof (4.14)is commonlyknown asthe observa-
tion term. It is identicalto thetermin the ML estimation(Sectiord4.2). Thesecondermof
theequations known astheprior term. To solve for equation(4.14),it is now necessaryo
de ne thedistribution usedfor the disparity eld (theseconderm). As mentionedearlieg
aMarkov RandomField hasa distribution de ned by the Gibbsdistribution. An MRF can
be describedy the following distribution:

il) = 5 exp( TE(d) (415)

whereZ is a normalizingconstanfor the distribution, T is calledthe tempeature, d, is
the eld of disparitiesandE (da) is anenegy functionthatoperate®n disparityvectors.

To de ne thisenegy function,E(da), requiresrst thede nition of certaingeometric
conceptsFirst,let N (x) bede ned asaneighborhooaef positionsarounda givenposition
X which sati es thefollowing property:

fxp 2 N(Xi):jx X rg (4.16)
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wherer de nestheradiusof the neigborhood Whenr = 1, theneighborhoods calleda
r storder neighborhood.
Letacliquecbede nedasasubsebf positionswithin agivenneighborhoodPositions
x; andx; arewithin agivencliquecif X; is aneighborof x; andvice versa. The enegy
function E (da) will be de ned asthe sumof a potentialfunctionV (c;d,) over all two-
elementliques.
X
E(da) = V(c,da) c=fxi;x0 (4.17)

c2C

V (c;da) is de ned overthedisparityvectorswhich areassignedo the positionswithin the
clique. Sincethe MRF is assumedo be Gaussiarandthe cliquesaretwo-elementnes,
thefollowing functionis obtained:

V(c;da) = jjd(x) d(x)jj*? c=fx;xg (4.18)
Theenegy functionE (d,) becomes:
X
E(da) = jid(s) d(x)ii® c=fxixg (4.19)

c2C

Althoughequation(4.19)is the completeenegy function,it is usefulto split thesingle
summationinto two nestedsummations.The outersummationoopsover all positionsx;
wherea disparitywill be computed.The inner summationloopsover all the positionsx;
within the neighborhoodle ned atx;.

X X
E(da) = 5 fidoa)  dog)i? (4.20)

Xi X 2N (xi)

Thereis afactorof 1 becausehis summatiorwill visit eachof the cliquesexactly twice.

Now thatthedistribution hasbeende ned, thesecondermof (4.14)canbeaccounted
for. SinceZ is aconstanin theequationjt canbedroppedrom themaximization.Taking
thenaturallog of (4.15),thefollowing is obtained:

(P = TE() @.21)
X X
= = fido)  dox)ii (4.22)
Xi % 2N ()

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

Thetemperature:onstantziT, which will be denotedas , is unknawvn in estimation.
However, insteadof having prior knowledgeof , it is usedas a tuning factor for the
smoothnes®f 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-
comegmnoreconstraine@ndsmoothedlf isverylarge,thenthesolutionbecomesverly
smooth.The nal MAP estimateor thevector eld becomes:

2 3
- X X X
dwap = argmin 4 () I(x+d)?+ jid d(x)ji*5(4.23)
25 k2K x2B Xj 2N (xk)

Obviously, the augmentationso estimationmentionedin Section4.2 suchas using
blocksasopposedo pixelsandusingall thecolor channelsanapply hereaswell.

Oneof the major differencesetweernthe ML andthe MAP estimatorss MAP's iter-
ative nature.While the ML estimator nds a solutionin a singlestep,the MAP estimator
requiresecomputinghedisparityestimateover severaliterations.Consequentiythe MAP
estimatorrequiresaninitial disparity eld. This createsa chicken-and-gg problem,since
in orderto getthedisparity eld, theremustalreadybe a disparity eld. Oneoptionis to
simply initialize the disparity eld to containzero-magnitudeectors.However, this solu-
tion mayinitially causehedisparity eld to tendtowardsvectorswith zeromagnitude For
largevaluesof , thesolutionvectorswill actuallybedriventowardszero,sincethey will
produceaperfectlysmoothestimate A secondptionfor initializationuseshe previously-
derived ML estimatorto computean initial disparity eld. Notably, this is equivalentto
usingthe MAP estimatorandsetting to O, giving noweightto the prior in theestimation.

pANS

i\
AT
AT

INOTNATA
IV

AT
N

NOTTOTAN

PN

I

AALAANIA N
TG

AAA

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

Figures4.3and4.4 shavs an exampleof MAP estimation.Note that, unlike the vec-
tor elds in Figures4.1 and4.3, backgroundvectorsare now more highly constrainedo
be similar to oneanother Again, this follows sincethe backgrounds a plane. Therere-
maindifferenceshowever, amongsthevectorsof thebackgroundvhichareanobstaclen
estimatingthedisparity eld of theforegroundobjectalone.
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(b)
Figure4.4: MAP estimate(a)vector eld (b). disparitymap

4.4 Using the Alpha Channel for Further Improvements
to Disparity Estimation

In Chapter3, estimatingthe alphachannelwasdiscussed.As previously stated,it is re-
quiredfor performingthe compositingof two images sinceit providesa seggmentatiornof
the original image. However, this segmentationmay alsobe usedto provide threeuseful
functionsin disparityestimation.

The rst is limiting regionsin the left imagewhereestimationshouldbe carriedout.
Sincethealphachannekffectively isolategsheareasn animagewhereanobjectis located
(i.e., theforegroundregion), it is unnecessarto performary disparityestimationoutside
of theseareaq(i.e.,thebackgroundegion).

Secondly the alphachannelmay be usedto eliminateregionsin the right imagethat
might causefalsecorrespondenced.he alphachannelclassi esregionsof animageinto
two cateyories,foregroundand background. Pointsin the foregroundregion of the left
imagewill not correspondo pointsin the backgroundegion of the right image,thereby
makingthis correspondenceestuseless.

Finally, the alphachannelsf the two imagescanbe usedto createan initial estimate
of thedisparity eld for the MAP estimatehroughcross-correlationTherelative simplic-
ity of the alphachannelqi.e., monochromati®r grayscaledatawith typically very little
texture) may be exploited to createcoarseestimatesof the disparity eld (in the desired
regions). This may be achieved at lower computationakostthan by derving an initial
disparity eld throughthe ML estimatementionedn Section4.2.

4.4.1 Limiting estimatedregions

Following the goal of the overall systemfrom Chapterl.4 andthe alphachannelestima-
tion of Chapter3, the foregroundregion containsall the desiredinformation. Thatis, the
constant-coloredbackgroundcontainsnothing of interest,sinceit will all be eliminated
whenthecompositds created.Thealphachannelde nestheregionsof theoriginalimage
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thatareto be eliminatedandthe regionsthatwill be kept. It is thereforeusefulto utilize
thisalphachanneko alsoactasa segmentatiorfor the disparityestimationalgorithm.

Sincethe disparity estimationis heredonefrom left to right, it is usefulto consider
the alphachannelof the left image,sinceit will be usedto limit the regionswhereary
estimationwill becarriedout. Let | bede ned asthealpha eld associatedvith the left
imageof the stereopair. Any point that falls within the foregroundregion of | will be
estimatedor disparity Otherwisejt will beassigned null valuefor disparity sinceit will
notultimatelybe usedto determinehe nal composite.

If block matchingis usedinsteadof individual points, thena null value will be as-
signedautomaticallyfor disparityonly if noneof the pixelswithin a block fall within the
foregroundregion. This ensureghatblocksthatfall onthe boundarybetweerforeground
andbackgroundegionswill be estimatedyhile blocksthatarecompletelylocatedin the
backgroundegionwill beignored.

4.4.2 Eliminating regionsto test

In additionto limiting regionsin the left imagewheredisparityvalueswill be estimated,
it is alsousefulto limit the disparityrangeor the homologougpoint positionsin the right
image. Regionsthatfall outsideof the foregroundregion of the alphachannein theright
imageshouldnotbetestedor correspondenc&hisis dueto theassumptiohattherewill
be no matchedetweena foregroundpoint of interestin the left imageanda background
point of theright image. This is a fair assumptiorsincethe backgrounds assumedlso
to be constant-colorednd that the foreground object containslittle or no color of this
backgroundPointslocatedin the foregroundregion of the left imageshouldmatchpoints
in theforegroundregion of theright image.

Let |, bede nedasthealphachannebssociatewvith therightimage.Thisalphachan-
nel containsthe labelsfor the foregroundandbackgroundegionsof thisimage. Earlier,
thesearchwindow S wasarbitrarily de ned by the maximumvaluesof thedisparity How-
ever, this searchwindow containsboth backgroundandforegroundregions. Performing
computation®n the backgroundegionsis uselessincethereshallbe no matchedocated
there. It is desirablethen,to de ne a nev searchwindowv S°which is the intersectionof
the previously de ned searchwindow andthe foregroundregion of the alphachannelor
S%°= |\ S. Sinceultimatelyeachpixel will bescannedtleastonce,evenif it is notop-
eratedon, it is moreusefulto implementthis asa multiplicative costfunctionincorporated
into the minimizationof eitherequation(4.10)or equation(4.23).

Let f (x) bede ned asa costfunctionwhich is dependenbn the alphachannelof the
rightimage:

1 for ((x)> 0;
1 for ((x)=0:

Regionsthat fall within the foregroundregion will have estimationperformedas ex-
pectedby the given estimationalgorithm. Regionsthatfall outsidethe foregroundregion
will begivenanin nite costandthuswill beignoredin the costminimizationof eitherthe
ML or the MAP estimatesMathematicallythe following is obtained:

f(x) =
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n X X
dave = argmin 4 f(x+ A1) 1(x+d)*+ jid  d(x J#24)
d25 k2K x2B Xj 2N (x)

Equationd.24will beappliedto all locationsx suchthat (x) > 0. More preciselyshould

ary pixel within ablock have analphavaluethatis greaterthanO, thenthedisparityof that
blockwill beestimated.
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Figure4.5: MAP estimatewith alphachannelaugmentatior§a). vector eld (b). disparity
map

(a) (b)

Figure4.6: MAP estimatewith alphachannelaugmentatior§a). vector eld (b). disparity
map

Figures4.5and4.6demonstratetheusefullnes®f thealphachannekonstraintsn dis-
parity estimation.Backgroundegions,which previously generatednighly varying vector
elds, arenow eliminatedcompletelyfrom the estimationprocess.The foregroundobject

is now isolatedin thedisparity eld andanestimateor theobjectshapecannow beeasily
performed.
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While f (x) operate®nonly theobserationterm,it is concevableto modify thisfunc-
tion for the MAP estimate.The MAP estimateas comprisedf two terms,oneof whichis
the regularizationterm. This regularizationterm controlsthe smoothnessf the disparity

eld. However, it is undesirabléo smoothover discontinuitiedik e boundarieslt is possi-

ble to furtherutilize thealphachannelo aid in preventingsmoothingover the boundaries.

Thealphachannelmaybe usedto constrainthe computatiorof the vectorsof the edgesof
theforegroundregion. Vectorsattheseedgewould useonly othervectorghatarewithin the
foregroundregion, ratherthanalsousingvectorscorrespondingo the backgroundegion.
This couldbeusedto preventsmoothingover discontinuitiesat the edgeof theforeground
region. Figures4.7 and4.8 demonstratehis modi cation. Although mostof the vector
eld remainslargely unchangedrom the estimatesn Figures4.5and4.6, somechanges
canbe seenat the bordersof thevector eld. Thesechangesnadebe moreeasilyseenin
Figure4.9, wherea differenceimagehasbeencreated.Here,white representsegions of
greatesthangewhile blackrepresentteastchange Note the changesroundthe borders

of the objectsin both caseswith the centersectionremainingshaving almostno change,
aswould be expected.
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Figure4.7: MAP estimatewith alphachannelaugmentatiorandregularizationlimitation
(a). vector eld (b). disparitymap

4.4.3 Creatingan initial disparity estimateusing phasecorrelation

It wasstatedn Sectiord.3thatMAP estimatiorrequiresaninitial disparity eld. To satifsy
thisinitial estimatethe eld couldbe rst estimatedisingthe ML estimatorfrom Section
4.2.While it doesprovide aninitial estimateto the problem,it alsoaddsa signi cant com-
putationalload to solving the problem. Performingexhaustve pixel or block matching,
dependingpnwhich estimatoris used,s anexpensve operation However, thealphachan-
nel estimatepreviously computedrom Chapter3 canbe usedto increaseahe speedf this
initial estimate Thisinitial estimatewill bea coarseguesf disparity computingasingle
disparityvectorthatwill be assignedo the foregroundregion of animage. Creatingthis
initial estimatecanbe donein eitherthe spatialor frequeng domain.
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) (b)

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

(a) (b)

Figure4.9: Differenceelds (a). boxes(b). face

For eitherdomain,it is importantto recallthatthe alphachanneis a2D eld of scalar
data. Assumingthatreal(asopposedo usingintegers)valuesareused,thenthe rangefor
eachvalueof the alphachannelis [0; 1]. For the purpose®f creatingthis initial estimate,
it is importantto assumehatthe foregroundobjectis completelywithin the eld of view
of bothimages.

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

XX
c(x%y9) = Li(x + X%y + YOl (X y) (4.25)

x=1 y=1

The value of (x%y9 that maximizesc(x®y9 will correspondo the approximatecoarse
disparity betweenthe two images. Sincethe imagesof the alphachannelwill be mono-
chormaticor grayscale this computationmay be donerelatively quickly as opposedo

colorimages.
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In thefrequeny domain,phasecorrelationmaybeexploitedto produceafastestimate
of thecoarsalisparityvectorbetweertheleft andrightimages.Phaseorrelationusesshift
propertiesof the Fourier transform[56]. Let F, andF, be the Fourier transformsof the
alphachannelf theleft andrightimagesyespectrely. Then,from equation(4.1):

(X)) = I,(x+d) (4.26)
takingthe Fourier Transform:

Fi(f) = F.(f)g2 " (4.27)
andtakingthecross-pwer spectrunof |,(x) andl (x):

CROFRD _ e
*0O = EmrR M ° (4.28)

Finally, takingtheinverseFourier Transform the following is obtained:
IFTfE(f)g= (x+ d) (4.29)

Determiningthe coarsedisparity estimatenow reduceso searchinghe imageproduced
by the inverseFourier transformfor the greateswvalue. The choiceof which oneto use
dependn the numberof foregroundobjects.If thereis only a singleforegroundobject,
thenthefrequeng-domainmethodwill provide thequicker solution.Thisis easilyseerby

examiningthecomputationatosts.Templatematchingor cross-correlatiohasa computa-
tional costontheorderof O(N M 2), whereN andM is theheightandwidth of theimage.
On the otherhand,phasecorrelationusesthreeFourier transforms(two to transformthe
imagedso thefrequeny domainandoneto transformthe normalizeddivision of thesetwo

transformsbackto the spatialdomain),andone 2D searchto nd the highestpeakin the
nal image.This correspond$o a computationatoston the orderof O(N M logN logM ).

Clearly, usingphasecorrelationproducesa fasterestimategspeciallyfor largeimages.

However, phasecorrelationcannotbe usedfor imageswith severalforegroundobjects
whosedepthsaredrasticallydifferent. Phasecorrelationprovidesaroughestimateof dis-
parity for the entire foregroundobject. However, if thereexists two or more foreground
objectswith differentcoarsedisparityvectors(i.e., eachobjectis locatedoverall ata differ-
entdepth).thenphasecorrelationwill producea meaninglessesult.In this case aversion
of crosscorrelationmaybeused, rst by nding theconnectedomponentsf eachobject,
thenby usingspatialcorrelationwith eachof the connectedcomponentn turn.

An exampleof thevector eld producedoy usingphasecorrelationon thealphachan-
nelsof a stereopair canbe seenin Figures4.10and4.11. The estimationgproducedoy
usingphasecorrelationcanbe seenin Figures4.10and4.13. This initial estimateseems
to producea betterresultfor the boxesexampleasopposedo theface.Thesurfacesn the
boxes exampleare effectively angledplanes,whereagshe faceconsistsof a largely non-
planarsurface. Using phasecorrelationasaninitial estimateeffectively entailsassuming
thatthe underlyingobjectis planar While this assumptiormay be a goodinitial computa-
tion for the boxesexample thefaceexampledoesnot produceasdetailedasdisparitymap
asfoundin previouscomputationsExaminatiorof thevector elds in FiguresFigures4.10
and4.13shavs thatthe nal vector eld for the boxesexamplecomesmuchcloserto that
of aplaneasopposedo thefaceexample.
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Figure4.10: Initial vector eld throughphasecorrelation(a)left image(b). rightimage

(a) (b)

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

4.5 Improving Speedand Performance: Hierar chical Frame-
work

Despitethe useof blocksof pixels,color channelsandregularizationto increaseheaccu-
ragy of our disparityestimatejncorrectmatchesnay still be encounteredWhenmultiple
egualminimaareencounteredt is necessaryo setacriterionto chooseamongsthe vari-
ousminima. Onemethodis to simply pick the minimawith thesmallestEuclidiandistance
(i.e., the disparity vectorwith the smallestmagnitude).In addition, the time requiredto
performan exhaustve searchis prohibitive for applicationsthatwork on large baselines,
largeimagesizes,imagesequencesyr all three.

In aneffort to bothreducethe time requiredfor searchingaswell asto suppressocal
minima, a hierarchicaframenork is utilized. Thatis, animagepyramid[1] is createdf a
givenimage.At level Lo, the baseof the pyramid,is simply the original image.However,
for all Ly levels of the pyramid, the imageat L is obtainedthroughlow pass ltering
andsubsamplingf theimageat level L ;. This hasthe overall effect of shrinkingthe
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Figure4.12: MAP estimatewith alphachannebugmentation,igularizationlimitation, and
phasecorrelation(a). vector eld (b). disparitymap

@ (b)

Figure4.13: MAP estimatewith alphachannebugmentation,igularizationlimitation, and
phasecorrelation(a). vector eld (b). disparitymap

dimension®of animageand,consequentlythe searchspaceof thedisparityvectors.At the
lowestlevel, thedisparityvectorsmaybesearchedor over asearchwindow thatis smaller
in sizethanthesearchwindow in the originalimage.However, becausehis smallerimage
is a dovnsampledversionof the original image,the disparity vector estimatedrom the
smallerimageis a scaledversionof the disparity vector from the original image. The
estimatefrom the smallestlevel may be propogtedto the next level. This estimatewill
be scaledby anappropriatdactor correspondingo the amountof downsamplingapplied
betweenevels. The searchwindow is alsoexpandedput its centeris now aroundthe end
of the newly-scaleddisparityvector This processs repeatedor eachlevel of the pyramid
until the originalimageis reached.

In theory this successiorof Itering and subsamplingcould continueuntil therere-
mainsonly asinglepixel (if theimagehappenso beof 2N 2N resolutionsize). However,
if blocksareused,thenit is necessaryo maintainintegersizedblocks. The maximum
depthof theimagepyramidsconstructedvill dependontheblock size.
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Figure4.14:1magepyramid

As detailedin [35], achoiceexiststo performeithervariable-sizeor constant-sizélock
matching.In variable-sizeblock matching,we will shrinkour blockin correspondences
the level of the pyramid at which we are pefromingdisparity estimation. Thatis, if our
initial block sizeis 16 16 atlevel 0, thenat level 1, the sizeshallbe8 8, atlevel 2,
it shallbe4 4, etc. In constant-sizélock matching,the block sizeremainsunchanged
throughoutall the levels. In this latter schemethis correspondso effectively performing
disparityestimationover a greaterareaof theoriginalimage.

Although constant-sizélock matchingmay seemattractve sinceit would potentially
supply a larger searchareafor estimation,the numberof vectorsestimatedchangede-
pendingon whatlevel of the pyramidthe estimationtakesplace.In fact,assuminghatthe
imageis reducedn eachdirectionby afactorof 2 ateachlevel, this meanghatthereis a
four-fold reductionin the numberof disparityvectorscomputedat eachlevel. This would
thenrequiresomeinterpolationof the vectorsto be performedat eachlevel.

To avoid this interpolation,variableblock sizesare emplo/ed at eachlevel. This, of
course,meansthat the numberof disparity vectorsremainsthe sameat eachlevel. In
addition,eachblock at a givenlevel correspondslirectly to a block of the originalimage,
albeit,atareducedesolution.

Foragivenlevel L  1(L > 0), ary givenvectorv(i; j) correspondssfollows to a

vectoratlevel L:
ve 1(i)) = 2VL(2, 2) (4.30)

SinceL 1 correspondgo a higherresolutionthanL, the factorof 2 (multiplied in
eachdirectionof the disparityestimatelensuresappropriatescalingof the vector

If regularizationis employed in the disparity estimation,then the estimateghat are
propoatedfrom level to level canbeusedastheinitial seed.In thiscaseaninitial estimate
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of thedisparity eld is only neededor the very lowestlevel of the pyramid.

Vector elds producedby the hierarchicalframenork are shavn in Figures4.15and
4.16. Note that thesevector elds anddisparity elds are producedusingthe hierarchi-
cal framavork, MAP estimation,and alphachannellimitations on the searchspace. In
bothinstancestesultsarecomparablevith previous,nonhierarchicalversions.Generally
however usinga hierarchicaframavork producessector elds atagreatlyincreasegace.
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Figure 4.15: MAP estimatewith alphachannelaugmentationregularizationlimitation,
phasecorrelationandhierarchicaframenork (a). vector eld (b). disparitymap

(a) (b)

Figure4.16: MAP estimatewith alphachannelaugmentationregularizationlimitation,
phasecorrelationandhierarchicaframework (a). vector eld (b). disparitymap
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Chapter 5

ShapeReconstructionand 3D
CompositeCreation

Having obtainedan alphachanneffor the foregroundobjectandhaving estimateca depth
eld, it is now possibleto createa texturedmeshmodelof the object. Thedepth eld will
rst be preprocesseth orderto eliminateary outliersin the eld aswell assmooththe
eld to producea morecontinuoussurface. Subsequentfythe eld canbe processednto
a meshmodelanda texture mapcanbe generatedrom oneof the original imagesof the
stereopair. Lighting canthenbe manipulatedo shadethis texturedmodelto t with the
appropriateendscene.The nal resultis thenrenderedusingstandarccomputergraphics
algorithms.

5.1 Depth Map Processing

Estimationerrorsmay arisein disparityestimationwhich will directly affectthe estimated
shapeof the foregroundobiject. In orderto corrector reducepotentialerrorsin the nal
shape someprocessings performedon the depthmap. The goal of this processings to
eliminateor suppres®rrorsin the depthestimation. The rst stepis to performmedian
Itering on the vector eld generatedy the disparity estimation.In a similar fashionas
removing “salt andpepper’noisein imagesmedian ltering attemptdo eliminateoutliers.
This is preferredhereover low passltering sincemedian ltering canremove anoutlier
ratherthansimply smoothoverit. Themedianlter usednherehasa3 3regionof support.
The depthestimatef this eld arenot absolute put are only relative to somescale
factor[20]. Giventhis,thevectorsof thedisparity eld (whichareusedto createthedepth
map)arenormalizedo betweerD andl. A depthimage,of dimensiongqualto theoriginal
imagesin the sterecestimationjs createdusingthe horizontalcomponenbf the disparity
eld usingequatiorn2.11. Thedepthimageis a piecavise constandepth eld, whereeach
sitein ablockin theimageis assignea depthfrom theblock's correspondingectorin the
disparity eld. Thegrayscalevaluescorrespondo therelative depthsof theimage:black
regionscorrespondo maximumdepth;white areagepresenareasvith theleastamountof
depth. The graylevelsin betweertheseextremesrepresentvarying levels of depth. After
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the depthimageis created)ow passltering with a Gaussiarkernelis appliedto smooth
out transitionsbetweendiscreteblocks of the depthmap and createa smoothercloud of
depthpoints. Onequick methodfor accomplishinghis goalis to take the original image
of the depthmapandutilize a third party tool suchas Adobe Photoshopwhich enables
real-timeperformancdor adjustingthelevel of Itering thatshouldbeappliedto thedepth
image. Theinitial disparitymapsfor the stereopairsof Figuresl.2and1.3 areshovn in
Figure5.1. The processedlepthmapsfor the samestereopaisris shavn in Figure5.2.
Note that in additionto removing the outliers, thereare changesn intensity valuesfor
the depthmaps. Oncethe outlierswereremoved from theinitial estimate the maximum
andminimumvalueswererecalculatedo producethe nal image.Notethatin the boxes
exampleof Figure 5.2, thereexists an outlier in the upperleft handcorner This is due
to misestimationn theimages alphachannelwhich subsequentlgausedisparityto be
estimatedatthatpoint. However, in the nal image,thisregionwill beeffectively masled,
sincethevalueof alphaatthatparticularregion is extremelysmall.

(a) (b)

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

(a) (b)

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

Oncethegrayscaleepthmaphasbeencreatecandprocessed;reationof thetexturedmesh
may begin. Ratherthancreatea renderingsystemfrom scratch,a commercialprogramis
utilized. Caligari Truespacg5] is a 3D modeling,animation andrenderingpackagevhich
is usedherefor the nal imagecreation.A pluginfor this softwarepackageTsxtruder2],
creates3D triangulatedmeshsurfacesfrom grayscalemagesof depth. Oncethis model
hasbeencreated a texture mapis thenappliedto the surface. This texture mapis taken
from theleft imageof the stereopair, sincethe disparityestimation(Chapter4) measured
disparityfrom the left imageto the right image. In addition,the re ned alphachannelis
alsousedasatranspaencymapontheobjectsurface.Thistransparencmapsenesin 3D
spacean equivalentfunctionasanimages alphachannel. The transparenc mapdenotes
thoseregionson the objectsurfacewhich areopaquetransparentr translucent.

It is importantto notethatthe reconstructeabjectis only approximateat bestandis
unlikely to beatruereconstructiorof the 3D characteristicef the foregroundobject. One
chiefreasons thatthattheobjectis selfoccluding(e.g.,thebackof a person$ headcannot
be accuratelyestimatedsincethereis no dataif only views of the front of the persons
headareavailable). The reconstructeghapecanbe usedto createother syntheticviews
of the foregroundobject. However, sincethe datawasreconstructedrom stereoimages,
themostaccuratamageswill be createdoy syntheticcamerasvhich occupy pointsin the
synthetic3D spacewhich are equialentto pointsalongthe line sggmentconnectingthe
centersof projectionof the two original cameras Although othersyntheticviews outside
this constraintmay be generatedtheseviews may requiredatathatwasoutsidethe elds
of view of the two original cameras.In addition, errorssuchasoutliersin the disparity
estimationaremorelikely to be seenin the otherviews. Anotherimportantlimitation of
this systemis thatthe surfaceis alwaysconsideredo have mattere ectancefunction. This
is aresultof the original assumptiorof Lambertiansurfacesthatwasusedto generatehe
initial disparityestimates.

5.3 Light Manipulation and Output Rendering

Oncethe object's shapehasbeenreconstructed,nal lighting manipulationsand scene
renderingmay be performed. The objectcanbe placedinto arny syntheticscene. Since
theforegroundobjectnow existsasameshsurfacein thesyntheticworld, lights within that
synthetioworld usedto illuminatethescenewill alsoilluminatetheobject. Thisseemlessly
placesit into the 3D ervironment. Renderingof the objectand scenebecomeghe nal
product, combiningthe information obtainedfrom the alphachanneland surface shape
with the syntheticbackgroundo accuratelycompositethe objectinto the syntheticscene.
It is also possibleto interactvely manipulatethe lights of the sceneso that they would
correspondo light sourcedn a real-world backgroundmage. In this case,the lights of
the scenewould be positionedto provide similar illumination asfoundin the background
image.Thiswould requireauserto ne tunethepositionsandtheintensitiesof thelights,
but would potentiallyresultin a moreaccuratecompositeémage,sincelighting effectson
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theforegroundobjectwould be matchedo thedesiredbackgroundmage.

DeberecandYu [60] [15] describesystemdo determineglobalillumination within a
real-world scene for usein renderingsyntheticobjects. A systemsuchasthis could be
combinedwith thiswork to provide thenecessarinformationfor thelight sourceof areal-
world scene. This informationcould be usedto determinethe positions,intensities,and
colorsof thelightsin thesynthetioworld to correspondo theilluminationin thereal-world
backgroundmage. With suchinformation,the amountof userinput to the systemcould
be potentiallyreducedandthe accurag of the nal compositeamagespossiblyenhanced.
This remainsanopenavenuefor theaugmentatiomf this work.

Figure5.4 shawvs a renderingof the boxesfrom Figure 1.2 with amoving light source.
Noticethatthe shapeof thelight bendsat the cornerof thetwo boxes.

(a) (b)
Figure5.3: Stereqgpair (a). left image(b). rightimage

Figure5.4: Outputrenderingdor stereopair of Figurel.2

Additional steregpairsandrenderingsanbefoundin Figures5.5-5.13.In Figures5.6-
5.7,thelight bendsaroundthefaceof thepersonasit wouldif therewasanactualphysical
light in thescene Notably, thereis still darknessn theinnercornersof theeyes. Sincethe
originalimageshadshadavs therein the rst place,they remaindarker thantherestof the
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region evenin the nal renderingsA solutionto a problemsuchasthis would beto shine
diffuseor neutrallighting moreevenly onthe subject.

(@) (b)

Figure5.5: Initial steregpair (a). left image(b). rightimage

Figure5.6: Outputrenderingfor stereopair of Figurel.3

Figure5.11is anexampleof a concae objectwhoseshapes beingestimated.In the
renderingof Figure5.12athelight is atanobliqueanglestahepairof books.And elliptical
patternof light resultson the left book,forming a semi-circleon the right bookwherethe
spotlight shines.n Figure5.13,thelight facesn the oppositedirectionandgivesasimilar
result.

Figure5.14is anexampleof anincorrectcomposite.The”books” objectwasoriginally
renderedwith very darklighting. Thescenehatit would becompositedvith hasvery high
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Figure5.7: Outputrenderingdor stereopair of Figurel.3

intensitylighting. Compositingthe two createsan unnaturalscene.However, Figure5.15
demonstratea correctcompositewherethelight is ableto shineon the object. Note also
thatthe "books” object,in the correctscene produceshadevs which obscurethe "face”
object,aswould be expected. Figure 5.16 is anotherexampleof a correctly composited
scene at a differentcameraposition. With objectshape,it is possibleto utilize virtual
camerago shootscenedrom different, if limited, angles. Figure 5.17 shawvs the same
scenewith illumination comingfrom multiple sourcesNote the overlappingshadaevs cast
by the bookson the staircasdrom multiple lights. Figure5.18is the nal imageof the
seriesandhasa powerful spotlight shiningfrom theright sideof thescreen Sincetherays
of light do notdirectly hit theobject,thefaceis obscuredrom view completely Although
Figures5.14,5.15, and 5.18 may seemto be "cut-off”, this is simply dueto the lights
shiningoff the white wall. Becausehe lights arepowerful andat closerangeto the wall,
thereis no diffusecomponento revealthe structureof thewall ontheright.
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Figure5.8: Outputrenderingdor stereopair of Figurel.3

Figure5.9: Outputrenderingdor steregpair of Figurel1.3
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Figure5.10: Outputrenderingdor stereopair of Figurel.3

(a) (b)
Figure5.11:Initial steregpair (a). left image(b). rightimage
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Figure5.12: Outputrenderingfor stereopair of Figure5.11

Figure5.13: Outputrenderingfor steregpair of Figure5.11
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Figure5.14:IncorrectComposite

Figure5.15: CorrectCompositel
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Figure5.16: CorrectComposite?

Figure5.17: CorrectComposite3
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Figure5.18: CorrectCompositet



Chapter 6

Conclusionsand Futur e Work

This work hasdescribeda multistagesystemfor stereopairsof objectsagainstconstant-
coloredbackgroundsThis systemencompassédbe estimationandre nementof thealpha
channelsof the stereopairs, the estimationof a disparity map for approximatingobject
shapeandproducingrendereccomposite®f anobjectwith modi ed lighting. Theimme-
diateusagewould befor compositingreal-world objectsinto syntheticscenesThis system
may alsobe usedinteractvely to approximatethe lighting on the estimatedbjectfrom a
real-wordsceneln addition,sincetheobject's 3D shapenasbeenapproximatelyestimated,
alimited setof multiple views of theobjectmaybegeneratedhroughdifferentvirtual cam-
eraplacementsvithin thesyntheticscene Potentiaimprovementgo thiswork lie in every
areaof the system. Re ning the alphachannelestimateis a time consumingprocess;a
fasteralgorithmwould greatlyimprove its usefulnesssincemary commerciaklphachan-
nel estimationsystemsthoughunre ned, canrun at real-timeor nearreal-timespeedsn
video streams Althoughthe disparityestimationwhich is directly usedin the shapeesti-
mation,employs both a hierarchicalframevork andregularization errorsstill occurin the
disparityvalues.Additionaltechniquesuchasimage-dependemegularization(takingthe
statisticsof the imagesinto accountwhenweightingthe disparityvectors),variablesized
andoverlappingblocks,reestimatiorof regionsof animagebasedn reconstructiorerror,
etc. could be usedto improve the depthestimationand,consequentlythe shapeestimate.
Thiswork utilizesa commerciaprogramto createthe meshmodel. The particularmethod
of 3D interpolationof the depthdataseemdo be throughsimpletriangulation. More ad-
vanceddatainterpolationtechniquesuchas Delanug triangulation,controllablesplines
ratherthanstraightline segments etc. could be usedto improve the nal producedshape.
Finally, asmentionedearlier the compositingof an objectwith a real-world scenecould
be accomplishedhroughthe additionof a globalillumination estimationsystemto better
approximateheillumination of thatreal-world scene.
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