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Abstract

While a large numberof virtual reality applicationssuchasfluid flow analysisandmolecular
modeling,dealwith simulateddata, mary newer applicationsattemptto recreaterue reality as
convincingly aspossible.Building detailednodeldor suchapplicationsyhichwe call tele-reality,
is a major bottleneckholding backtheir deployment. In this paper we presenttechniquedor
automaticallyderiing realistic2-D scenesnd3-D texture-mappednodelsfrom videosequences,
which canhelp overcomethis bottleneck.The fundamentatechniquewe useis imagemosaicing
i.e., the automaticalignmentof multiple imagesinto larger aggre@ateswhich are then usedto
represenportionsof a 3-D scene. We begin with the easiesproblems,thoseof flat sceneand
panoramicscenemosaicing,and progresso more complicatedscenesgculminatingin full 3-D
models.We alsopresenta numberof novel applicationdasedn tele-realitytechnology

Keywords: imagemosaics,mageregistration,image compositing,planarscenespanoramic
scenes3-D scenaecovery, motionestimation structurefrom motion, virtual reality, tele-reality
(©Digital EquipmentCorporationl994. All rightsresened.
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1 Introduction 1

1 Introduction

Virtual reality is currently creatinga lot of excitementand interestin the computergraphics
community Typical virtual reality systemauiseimmersve technologiesuchashead-mountedr

stereodisplaysanddatagloves. Theintentis to corvince usersthatthey areinteractingwith an
alternatephysicalworld, andalsooftento give insightinto computersimulations,e.g.,for fluid

flow analysisor molecularmodeling[Earnshav etal., 1993]. Realismandspeedf renderingare
thereforamportantissues.

Another classof virtual reality applicationsattemptsto recreaterue reality as convincingly
as possible. Examplesof suchapplicationsinclude flight simulators(which were amongthe
earliestusesof virtual reality), variousinteractve multi-player games,and medicalsimulators,
andvisualizationtools. Sincethereality beingrecreateds usuallydistant,we usethetermtele-
reality in this paperto referto suchvirtual reality scenariodasedon realimagery* Tele-reality
applicationswhich could be built usingthe techniquesiescribedn this paperinclude scanning
awhiteboardn your office to obtaina high-resolutionmage,walkthroughsof existing buildings
for re-modelingor selling, participatingin a virtual classroomand browsing throughyour local
supermarkeaislesfrom home(seeSection8.)

While mostfocusin virtual reality todayis on input/outpuidevicesandthe quality andspeedf
renderingperhapshebiggesbottleneckstandingn thewayof widespreadele-realityapplications
is the slow andtediousmodel-tuilding proces§Adam, 1993]. This alsoaffectsmary otherareas
of computergraphics,suchascomputeranimation,specialeffects,and CAD. For smallobjects,
say0.2—2m Jaserbasedscannersreagoodsolution. Thesescannerprovide registereddepthand
coloredtexturemaps,usuallyin eitherrasteror cylindrical coordinate$Cyberward_aboratoryinc,
1990; Rioux andBird, 1993]. They have beenusedextensvely in the entertainmenindustryfor
specialeffectsandcomputeranimation. Unfortunately laserbasedscannersrefairly expensve,
limited in resolution(typically 512 x 256pixels),andmostimportantly limited in range(e.g.,they
cannotbe usedto scanin abuilding.)

The image-basedangingtechniqueswvhich we develop in this paperhave the potentialto
overcometheselimitations. Imaginewalking throughan environmentsuchasa building interior
andfilming avideo sequenc®f whatyou see. By registeringandcompositingthe imagesin the

1Thetermtelepesences alsooftenused especiallyfor applicationssuchastele-medicinavheretwo-wayinter-
actiity (remoteoperation)s important[Earnsha etal., 1993].
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video togetherinto large mosaicsof the scene,mage-basedangingcan achie/e an essentially
unlimited resolution? Since the imagescan be acquiredusing ary optical technology(from

microscopy throughhand-heldvideocamsto satellite photography)the rangeor scaleof the

scenebeingreconstructeds not anissue. Finally, as desktopvideo becomesaubiquitousin our

computingenvironments—initiallyfor videoconferencingandlaterasanadwanceduserinterface
tool [Gold, 1993;RehgandKanade 1994;Blakeandlsard,1994]—image-basesteneandmodel

acquisitionwill becomeaccessibl¢o all users.

In this paper we develop novel techniquedor extractinglarge 2-D texturesand 3-D models
from imagesequencebasedon imageregistrationand compositingtechniquesandalso present
somepotentialapplications. After a review of relatedwork (Section2) andof the basicimage
formationequationgSection3), we presentbour techniqugor registeringpiecesof aflat (planar)
scenewhichis the simplestinterestingmagemosaicingoroblem(Sectiord). We thenshaov how
thesaméechniquecanbeusedo mosaigpanoramiscene®btainedy rotatingthecameraaround
its centerof projection(Section5). Section6 discussetiow to recover depthin scenes. Section
7 discussesthe mostgeneralnddifficult problem,thatof building full 3-D modelsfrom multiple
images.Section8 presentsomenovel application®f thetele-realitytechnologydevelopedn this
paper Finally, we closewith acomparisorof ourwork with previousapproachesndadiscussion
of thesignificanceof ourresults.

2 Reated work

While 3-D modelsacquiredwith laserbasedscannerarenow commonlyusedin computerani-
mationsandfor specialeffects,3-D modelsderived directly from still or videoimagesarestill a
rarity. Oneexampleof physically-basedhodelsdervedfrom imagesarethedancingvegetablesn
the“Cookingwith Kurt” video[TerzopoulosandWitkin, 1988]. Another morerecentexample,is
the3-D modelof abuilding extractedirom avideosequences [Azarbayejanetal., 1993],which
wasthencompositedvith a 3-D teapot. Someavhatrelatedaregraphicstechniquesvhich extract
camergositioninformationfrom images suchas[GleicherandWitkin, 1992].

2The traditional useof the term image compositing{Porter and Duff, 1984; Foley et al., 1990]is for blending
imageswhich arealreadyregistered.We usethe termimagemosaicingn this paperfor ourwork to avoid confusion
with this previouswork, althoughcompositing(asin compositesketchesplsoseemsappropriate.
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Theextractionof geometriadnformationfrom multiple imageshaslong beenoneof thecentral
problemsan computewision [BallardandBrown, 1982;Horn, 1986]andphotogrammetrjMoffitt
and Mikhail, 1980]. However, mary of the techniquesusedare basedon featureextraction,
producesparsedescriptionsof shape,and often requiremanualassistance.Certaintechniques,
suchasstereo producedepthor elevation mapswhich areinadequatéo modeltrue 3-D objects.
In computetrvision, the recoveredgeometryis normally usedeitherfor objectrecognitionor for
graspingandnavigation(robotics).Relatvely little attentionhasbeenpaidto building 3-D models
registeredwith intensity (texture maps),which are necessaryor computergraphicsand virtual
reality applications(but see[Mann, 1993] for recentwork which addressesomeof the same
problemsasthis paper)

In computergraphics,compositingmultiple image streamstogetherto createlarger format
(Omnimax imagesis discussedn [Greeneand Heckbert,1986]. However, in this application,
therelative positionof the camerasvasknown in advance.Theregistrationtechniquesleveloped
in this paperarerelatedto imagewarping [Wolberg, 1990] sinceoncethe imagesareregistered,
they canbewarpednto acommonreferencdramebeforebeingcomposited. While mostcurrent
techniguegequirethe manualspecificationof featurecorrespondencespmerecenttechniques
[Beymeretal., 1993]aswell asthetechniquesievelopedin this papercanbe usedto automate
this process.Combinationf local imagewarpingandcompositingarenow commonlyusedfor
specialeffectsunderthe generarubric of morphing[BeierandNeely, 1992]. Recentlymorphing
basedon z-huffer depthsand cameramotion hasbeenappliedto view interpolationasa quick
alternatveto full 3-D renderingChenandWilliams, 1993]. Thetechniquesve developin Section
6 canbe usedto computethe depthmapsnecessaryor this approachdirectly from real-world
imagesequences.

3 Basicimaging equations

Mary of theideasin this paperhave their simplestexpressiorusingprojectve geometry{Semple
andKneebone1952]. However, ratherthanrelying on theseresults,we will usemore standard
methodsand notationsfrom computergraphics[Foley et al., 1990], and prove whatever simple

3Onecanview theimageregistrationtaskasaninversewarpingproblem sincewe aregiventwo imagesandasked
to recover theunknowvn warpingfunction.
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Figurel: Rigid, affine,andprojectve transformations

resultswe requirein AppendixA. Throughoutwe will usehomogeneousoordinatesto represent
points, i.e., we denote2-D pointsin the imageplaneas (z,y,w), with (z/w,y/w) beingthe
correspondingartesiancoodinategFoley etal., 1990]. Similarly, 3-D pointswith homogeneous
coordinategz, y, z, w) have Cartesiarcoordinatez/w, y /w, z/w).

Usinghomogeneousoordinateswe candescribeheclassof 2-D planartransformationsising
matrix multiplication

T Mmoo Mo1 MQ2 T
/
y' = | myp mi1 M2 Y or u = Mpypu. (1)
’
w mpo M1 M22 w

Thesimplestransformationg thisgeneratlassarepuretranslationsfollowedby translationsnd
rotations(rigid transforms)plusscaling(similarity transforms)affine transformsandfull projec-
tive transforms Figurel shavs a squareandpossiblerigid, affine, andprojectve transformations.
Rigid andaffine transformationfiave thefollowing formsfor the M, matrix,

cosf§ —sinfd t, moo ™Mol M2
Mrigid-ZD: sind cosf t, |, Mgafine-2D= | mwo mu mi |,
0 0 1 0 0 1

with 3 and6 degreesf freedomyespecitrely, while projectvetransformationbave ageneralM ;p
matrix with 8 degreesof freedon?

In 3-D, we have the samehierarchyof transformationswith rigid (6 degreesof freedom),
similarity (7 dof), affine (12 dof), andfull projective (15 dof) transforms.The Msp matricedn this

4Two M ,p matricesareequialentif they arescalamultiplesof eachother We remove thisredundang by setting

moo2 — 1.
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caseare4 x 4. Of particularinterestaretherigid (Euclidean)}ransformation,

R t
EZ!OT 1], (2

whereR is a 3 x 3 orthonormalrotationmatrix andt is a 3-D translationvector andthe 3 x 4
viewing matrix

10 0 0
v=[Vo]=|01 0 of, (3)
00 1/f 0

which projects3-D pointsthroughthe origin ontoa 2-D projectionplaneadistancef alongthe z
axis[Foley etal., 1990]. The3 x 3 V matrix canbeageneramatrixin thecasewheretheinternal
camergparameterareunknavn. Thelastcolumnof V is alwayszerofor centralprojection.

Thecombinedequationgrojectinga 3-D world coordinatep = (z,y, z, w) ontoa 2-D screen
locationu = (z',y’,w') canthusbewrittenas

u = VEp = M¢np, (4)

whereMcam is @ 3 x 4 camern matrix ~ This equationis valid even if the cameracalibration
parameterand/orthe cameraorientationareunknowvn.

4 Planar image mosaicing

The simplestpossiblesetof imagesto mosaicare piecesof a planarscenesuchasa document,
whiteboard or flat desktop.Imaginethatwe have a camerafixed directly over our desk. As we

slidea documenunderthe cameradifferentportionsof the documentrevisible. Any two such
piecesarerelatedto eachotherby atranslatioranda rotation(2-D rigid transformation).

Now imaginethatwe arescanninga whiteboardwith a hand-heldvideo camera.The classof
transformationselatingtwo piecesof the boardis moregeneraln this case.lt is easyto seethat
this classis thefamily of 2-D projective transformationgjustimaginehow asquareor grid in one
imagecanappeatin another) Thesetransformationganbe computedwithoutary knowledgeof
theinternalcamerecalibrationparametergsuchasfocallengthor opticalcenter)or of therelative
cameramotion betweenframes. The fact that 2-D projective transformationsaptureall such
possiblemappingss abasicresultof projectve geometry(seeAppendixA.)
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Giventhis knowledge,how dowe go aboutcomputingthetransformationselatingthevarious
scenguiecessothatwe canpastethemtogether?A variety of techniquesrepossible somemore
automatedhanothers.For example we couldmanuallyidentify four or morecorrespondingoints
betweerthe two views, which is enoughinformationto solwe for the eightunknovnsin the 2-D
projective transformation. Or we could iteratively adjustthe relative positionsof input images
using eithera blink comparatorr transparenc[Carlbomet al., 1991]. Thesekinds of manual
approachearetootediousto be usefulfor largetele-realityapplications.

4.1 Local imageregistration

The approachwe usein this paperis to directly minimize the discrepang in intensitiesbetween
pairsof imagesafterapplyingthetransformatiorwe arerecovering. This hasthe advantageof not
requiringary easilyidentifiablefeaturepoints,andof beingstatisticallyoptimaloncewe arein the
vicinity of thetruesolution[SzeliskiandCoughlan1994]. More concretelysupposeave describe
our 2-D transformationgs

o — Mo + may; +mo y = mae; + mMmay; + ms (5)
Yomezi+moy;+ 177 mez +moyi + 10

Ourtechniqueminimizesthe sumof thesquaredntensityerrors
E =3 [I"(a},y;) — I(zs:)> =D € (6)

over all correspondingpairsof pixels: which areinsidebothimages!/(z,y) and'(z',y') (pixels
which are mappedoutsideimage boundariesldo not contribute.) Oncewe have found the best
transformatioriM,p, we canwarp image I’ into the referenceframeof I using M2 [Wolberm,
1990]andthenblendthetwo imagegogether To reducevisible artifacts,we weightimagedeing
blendedogethemoreheaily towardsthe centerusingabilinearweightingfunction.

To performthe minimization,we usethe Levenbeg-Marquarditerative non-linearminimiza-
tionalgorithm[Pressetal., 1992]. Thisalgorithmrequiregshecomputatiorof thepartialderivatives
of e; with respecto the unknavn motion parametergmy ... m-}. Thesearestraightforwardo
computej.e.,

(7)

8@1- . ZT; (9[’ 8@1- . Y. ( ,8[’ ,8[’)

dmo  D; 0z ' '0m;  D;\ ‘oz Yoy
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where D; is the denominatotin (5), and (91'/0z',01'/0y’) is theimageintensity gradientof I’
at (z},y!). From thesepartials, the Levenbeg-Marquardtalgorithm computesan approximate
Hessiarmatrix A andtheweightedgradientvectorb with components

881' 881'

8mk 8ml ’

(9mk’

App = Z by = —22 € (8)
andthenupdateshe motion parameteestimatem by anamountAm = (A + AI)~'b, where
is atime-varying stabilizationparametefPresset al., 1992]. The adwvantageof usingLevenbeg-
Marquardtover straightforwardgradientdescenis thatit convergesin fewer iterations. The

completeregistrationalgorithmthusconsistsof thefollowing steps:

1. For eachpixel: atlocation(z;, y;),

(a) computeits correspondingositionin the otherimage(z;, y;) using(5);
(b) computeheerrorin intensitybetweernhecorespondingixelse; = I'(z}, y;)—I(z:, y:)
andtheintensitygradient(81'/0z', 81' | 0y');
(c) computethe partialderivative of e; w.r.t. them, using
Oe; O0I' 8"  OI' by
Omy Oz’ Omy Oy’ Omy

asin (7);
(d) addthepixel’s contribtutionto A andb asin (8).

2. Solve the systemof equationg A + AI)Am = b andupdatethe motionestimatem¢+% =
m® + Am.

3. Checkthatthe errorin (6) hasdecreasedf not,incrementA (asdescribedn [Pressetal.,
1992])andcomputeanew Am,

4. Continueiteratinguntil the erroris belov a thresholdor a fixed numberof stepshasbeen
completed.

Thestepsn thisalgorithmaresimilarto theoperationperformedvhenwarpingimagegWolbeg,
1990; Beierand Neely, 1992], with additionaloperationdor correctingthe currentwarping pa-
rameterdasednthelocalintensityerrorandits gradientgsimilarto theprocessn [Gleicherand
Witkin, 1992]). For moredetailson the exactimplementationsee[SzeliskiandCoughlan 1994].
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4.2 Global imageregistration

UnfortunatelybothgradiendescenandLevenbeg-Marquardbnly find locally optimalsolutions.
If the motionbetweensuccesske framesis large, we mustusea differentstratgy to find the best
registration. We have implementedwo differenttechniquedor dealingwith this problem. The
first techniquewhichis commonlyusedin computervision, is hierarchical matding, which first
registerssmaller subsampledersionsof theimageswvheretheapparentmotionis smallerffQuam,
1984;Witkin etal., 1987;Bemgenetal., 1992]. Motion estimate$rom thesesmallercoarsetevels
arethenusedto initialize motion estimatesat finer levels, therebyavoiding the local minimum
problem(see[Szeliskiand Coughlan,1994]for details.) While this techniqueas not guaranteed
to find the correctregistration,we have obsered empirically thatit works well whenthe initial
misregistrationis only a few pixels (the exact domainof cornvergencedependon the intensity
patternin theimage.)

For larger displacementsye usephasecorrelation [Kuglin andHines, 1975; Brown, 1992].
This techniqueestimateghe 2-D translationbetweena pair of imagesby taking 2-D Fourier
Transformsof eachimage, computingthe phasedifferenceat eachfrequeng, performing an
inverseFourier Transform,andsearchingor a peakin the magnitudemage. In our experiments,
this techniquehasprovento work remarkablywell, providing goodinitial guesse$or imagepairs
which overlapby aslittle as50%. Thetechniquewill notwork, however, if theinter-framemotion
is not mostly translationallarge rotationsor zooms),but this doesnot occurin practicewith our
currentimagesequences.

4.3 Reaults

To demonstrat¢he performanceof our algorithm,we digitizedanimagesequencevith acamera
panningover awhiteboard.Figure2ashaows thefinal mosaicof thewhiteboardwith thelocations
of the constituentmagesin themosaicshavn asblackoutlines.Figure2bis a portionof thefinal
mosaicwithouttheseoutlines. Thismosaids 1300x 2046pixels,basedncompositing39NTSC
(640 x 480)resolutionimages.

To computethis mosaic we developedaninteractve imagemosaicingool which letstheuser
coarselypositionsuccesske framegelativeto eachother Thetool alsohasanautomatianosaicing
optionwhich computegheinitial roughplacemenbf eachimagewith respecto the previousone
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usingphasecorrelation. Our algorithmthenrefinesthe locationof eachimageby minimizing (6)
usingthe currentmosaicthusfar as(z,y) andtheinput framebeingadjustedas’(z’,y'). The
imagesn Figure2 wereautomaticallycompositedvithoutuserinterventionusingthemiddleframe
(centerof theimage)astheandor image(no deformations.)As we cansee our techniquenorks
well onthis example.Section9 discussesomeimagingartifactswhich cancausedifficulties.

5 Panoramicimage mosaicing

Anotherimagemosaicingproblemwhich turns out to be equally simpleto solwe is panoramic
imagemosaicing.In this scenariowe rotatea cameraaroundits optical centerin orderto create
afull “viewing sphere”of images(in computergraphicsthis representatiors sometimesalled
anernvironmenimap[Greene1986].) Thisis similarto theactionof panoramicstill photographic
cameraswvherethe rotationof a cameraon top of a tripod is mechanicallycoordinatedwith the
film transportthe anamorphidensusedin [Lippman,1980],andto “cinemain theround” movie
theater§GreeneandHeckbert,1986]. In ourcase however, we canmosaicnultiple 2-D imagesof
arbitrarydetailandresolution andwe neednotknow thecameramotion. Examplesf applications
include constructingrue scenicpanoramagsay of the view at the rim of the GrandCaryon), or
limited virtual environmentg(recreatinga meetingroomor office asseenfrom onelocation.)

It turnsout thatimagestakenfrom the sameviewpoint (stationaryoptical center)arerelated
by 2-D projectve transformationsjust asin the planarscenecase(seeAppendixA for a quick
proof.) Intuitively, we cannottell the relative depthof pointsin the sceneaswe rotate(thereis no
motionparallax), sothey may aswell be locatedon ary plane(in projectve geometrywe could
saythey lie ontheplaneat infinity, w = 0.) For someapplicationsthis propertyis usuallyviewed
asa deficieng, i.e., we cannotrecover scenedepthfrom rotationalcameramotion. For image
mosaicingthisis actuallyanadwantagesincewe just wantto compositea largesceneandbeable
to “look around”from a staticviewpoint.

More formally, the 2-D transformatiordenotedoy My, is relatedto the viewing matricesV
andV’ andtheinter-view rotationR by

M, = V'RV 9)

(seeAppendixA.) In the caseof a calibratedcamera(known centerof projection),this hasa
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Figure2: Whiteboardmagemosaicexample

(a) mosaicwith componentocationsshavn as black outlines, (b) portion of mosaicin greater

detail.
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particularlysimpleform,

Too 01 f 702
Mjp = 710 r11 f7'12 ) (10)
roo/ f' ra1/f frooff'

wheref and f' arethe scaledfocal lengthsin thetwo views, andrg; arethe entriesin therotation
matrix R.% In this case,we only have to recover five independenparametergor threeif the f
valuesareknown) insteadof the usualeight.

How do we represent panoramicscenecompositedusingour techniques?Oneapproachs
to divide the viewing sphereinto several large, potentially overlappingregions,andto represent
eachregion with a planeontowhich we pastetheimageqGreene 1986]. Anotherapproachs to
computethe relative positionof eachframerelative to somebaseframe,andto thenre-compute
anarbitraryview onthefly from all visible pieces givena particularview directionR andzoom
factor f. In our currentimplementationywe adopttheformerstratgy sinceit is a simpleextension
of theplanarcase.

5.1 Results

Figure3 shavs a mosaicof a bookshelfandcluttereddesk,whichis obviously anon-planasscene.
The imageswere obtainedby tilting and panninga video cameramountedon a tripod, without
ary specialstepstakento ensurethat the rotationwasaroundthe true centerof projection. The
completescenads registeredquitewell.

6 Sceneswith arbitrary depth

Mosaicingflat sceneor panoramicscenesnay beinterestingfor certaintele-realityapplications,
e.g.,transmittingwhiteboardor documenicontents,or viewing an outdoorpanorama.However,
for mostapplicationsywe mustrecover the depthassociatewvith the sceneo give theillusion of a
3-D ervironment,e.g.,throughnearbyview synthesigChenandWilliams, 1993]. Two possible
approacheareto modelthe sceneaspieceavise-planaior to recover dense3-D depthmaps.

SAt largefocal lengthsandsmallrotations M ,p resembles puretranslationmatrix.
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Figure3: Panoramidmagemosaicexample(bookshelfandcluttereddesk)
(a) mosaicwith componentocationsshavn as black outlines, (b) portion of mosaicin greater
detail.
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The first approachs to assumehat the sceneis piecavise-planarasis the casewith mary
man-madeervironmentssuch as building exteriors and office interiors. The image mosaicing
techniguedevelopedin Section4 canthenbe appliedto eachof the planarregionsin theimage.
Thesggmentatiorof eachimageintoits planarcomponentsaneitherbedoneinteractvely (e.g.,by
drawving thepolygonaloutlineof eachregionto beregistered) or automaticallyby associatingach
pixel with oneof several globalmotionhypotheseflepsorandBlack, 1993;WangandAdelson,
1993]. Oncetheindependenplanarpieceshave beencompositedye could,in principle,recover
the relative geometryof the variousplanesandthe cameramotion (seeAppendixA.) However,
ratherthanpursuingthis approachn this paper we will pursethe secondmoregeneralsolution
whichis to recover a full depthmap,i.e., to infer the missingz componentssociatedavith each
pixel in agivenimagesequence.

Whenthe cameramotionis known, the problemof depthmaprecovery is calledsteeorecon-
struction(or multi-framestereoif morethantwo views areused[Matthieset al., 1989; Okutomi
andKanade ,1993].) This problemhasbeenextensvely studiedin photogrammetrnandcomputer
vision [Moffitt andMikhail, 1980;BarnardandFischler 1982;Horn, 1986;DhondandAggarwal,
1989]. Whenthe cameramotionis unknown, we have the more difficult structue from motion
problem[Horn, 1986;Wengetal., 1993;Azarbayejanetal., 1993;SzeliskiandKang,1994]. In
this section,we presentbur solutionto this latter problembasedon recovering projectivedepth
whichis particularlysimpleandrobustandfits in well with the materialalreadydevelopedin this
paper Readersnterestedn alternatve techniqueshouldconsultthe above references.

6.1 Formulation

To formulatethe projective structurefrom motionrecovery problem,we notethatthe coordinates
correspondingo apixel u with projectve depthw in someotherframecanbe written as

u' = V'Ep = VRV 'u + wV't = Mpu + wt, (11)

whereV, E, R, andt aredefinedin (2—3),and M,p andt arethe computedplanarprojection
matrix andepipoledirection(see(25) in AppendixA.) To recover the parametersn M,p andt

for eachframealongwith the depthvaluesw (whicharethe samefor all frames) we usethesame
Levenbeg-Marquardilgorithmasbefore.
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In moredetail, we write the projectionequationas

o — Mo + m1y; + tow; + mo Y = maz; + may; + Liw; + ms
mez; +myy; +tow; + 177 mez; + may; +tow; + 1

(12)

We computethe partialderivativesof z; andy; w.r.t. them,, andt, (which we concatenateto the
motionvectorm) asbeforein (7.) We similarly computethe partialsof z. andy. with respecto

w;, i.e.,
6ac; . Dito— tz 8y1’ . Dito— tz

8wi N l)z2 76’!1)1' N l)z2 ’
whereD; is thedenominatoin (12).

(13)

To estimatethe unknovn parametersye alternateterationsof the Levenbeg-Marquardtal-
gorithm over the motionparametergme, . .., t} in m andthe depthparameter§w;}, usingthe
partialderivativesdefinedabore to computeheapproximatéHessiarmatricesA andtheweighted
errorvectorsb asin (8). In our currentimplementationjn orderto reducethe total numberof
parameterdeing estimatedwe representhe depthmapusinga tensorproductspline,andonly
recover the depthestimatesat the spline control vertices(the completedepthmapis availableby
interpolation)[SzeliskiandCoughlan1994].

6.2 Reaults

Figure4 shavs anexampleof usingour projective depthrecorvery algorithm. Theimagesequence
wastakenby moving thecameraup andover thesceneof atablewith stacksof paperqgFigure4a).
Theresultingdepth-maps shovn in Figure4basintensity-codedangevalues. FiguresAc—dshov
the original intensityimagetexture mappedonto the surface(an exampleof view extrapolation),
and Figures4c—d shav a setof grid-lines overlayedon the recoveredsurface. The shapeis
recoveredreasonablywell in areaswvherethereis sufficient texture (uniform intensityareasgive
no depthcues),andthe extrapolatedview looksreasonableFigure5ashavs resultsfrom another
sequencethis time from an outdoorsceneof sometrees. Again, the geometryof the sceneis
recoveredreasonablyvell, asindicatedin the depthmapin Figure5h.

7 Full 3-D model recovery

Recwering depthmapsmay be adequatdor mary tele-realityapplicationsg.g.,scannindibrary
bookshelesor supermarkeaisles,but for otherapplicationsg.g.,whenwe needto seethe back
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Figure4: Depthrecorery example:tablewith stacksof papers
(a)inputimage,(b) intensity-codedlepthmap(darkis fartherback),(c—d)texture-mappedurface

seerfrom novel viewpoints,(e—f) griddedsurface.
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(b)

Figure5: Depthrecorery example:outdoorscenewith trees
(a)inputimage,(b) intensity-codediepthmap(darkis fartherback).

side of anobject,full 3-D modelsmay be required. This is the mostdifficult imagemosaicing
problem, sincenot only do we have to recover depth, but we also have to memge (registerand
composite)multiple depthmaps,andrepresenbbjectsgiven no a priori knowledgeabouttheir
roughshapeor topology

For simpletopologiesandshapesgeformablephysically-basednodelscando a goodjob of
recovering the unknovn geometry[Terzopouloset al., 1987; Pentlandand Sclarof, 1991]. For
generaltopologiesthe problemis moredifficult. Sincemary currentshaperecovery techniques
producancompleteor sparsegeometriadescriptionsageneraB-D surfacdanterpolatiortechnique
mayberequiredo generat@asmoothcontinuousurfacefHoppeetal., 1992;SzeliskiandTonnesen,
1992].

Thereexist mary techniquedor extracting3-D shapefrom multiple views. For example,we
canrecoveravolumetricdescriptiorfrom thebinarysilhouette®f anobjectagainsits background
[Szeliski, 1993], computelocal optic flow (pixel motion) estimatesandcorvert theseinto sparse
3-D pointestimategSzeliski, 1991],or track the occludingcontoursof anobjectto generate3-D
spacecurves[SzeliskiandWeiss,1993]. A completesuney of 3-D shapeaxtractiontechniquess
beyondthe scopeof this paper Insteadwe presentheresultsof two of our previously developed
algorithmsappliedto animagesequencef acuprotatingon a calibratedurntable(Figure6a).
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Figure6: 3-D modelrecovery example

(a) inputimage,(b) octreerecaveredfrom silhouettegc) 2-D edges(d) 3-D extremalcontours
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Ourfirst techniqueconvertseachimageinto a binarysilhouetteby differencingtheimagewith
an empty backgroundmage. Eachcubein the octreevolumetric 3-D modelis then projected
(usingthe known cameraposition)into the silhouette,and cubesthat fall outsidethe silhouette
areculled. Cubeswhich fall partially into the silhouetteare markedfor later subdvision, andthe
processs repeatecftereachcompleterevolutionatsuccessely finerresolutiongSzeliski,1993].
Theresultingoctreeis shavn in Figure6h.

Our secondechniquextractssilhouette(extremal)edgesrom theimagesequenceanduses
amulti-framestereaalgorithmto reconstructheir 3-D position(internalalbedoedgesarealsoex-
tractedandreconstructedSzeliskiandWeiss,1993]. Figure6¢c shavsoneof theedgeimagesused
by the algorithm,andFigure6d shavn the collectionof 3-D curvesestimatedy thealgorithm.

Theseexamplesdemonstratesomeof our algorithmsfor reconstructingan isolatedobject
undegoing known motion. Similar techniquesanbe usedto solve the moregeneral3-D scene
recovery problemwherethe cameramotion is unknavn. Methodsfor determiningthe motion
includethe projectve motion algorithm presentedn the previous section,aswell astechniques
describedn [Horn, 1986;Wengetal., 1993; Azarbayejanetal., 1993]. Comparedo the 2-D
anddepth-mapnodelsdevelopedn Sectiongl—6,therecovery of 3-D modelss moredifficult and
lessrobust, but holdsthe promiseof morerealisticandmoregenerabbjectandscenanodels.

8 Applications

Givenautomatedechniquedor building 2-D and3-D scenedrom video sequencesyhatcanwe
do with thesemodels?In this section,we describea numberof potentialapplicationsjncluding
whiteboardanddocumenscanning3-D modelacquisitionfor inverseCAD, modelacquisitionfor
computeranimationandspecialeffects,supermarkeshoppingat home,interactve walkthroughs
of historicalbuildings,andlive tele-reality(telepresencegpplications.

8.1 Planar mosaicing applications

The moststraightforwardapplicationis scanningwhiteboard=or blackboardssan aid to video-
conferencingor asan easyway to captureideas. Scanningcanproduceimagesof muchgreater
resolutionthansinglewide-angldensshots. Thisfacility couldbecombinedwith avideoprojec-
tion systento createavirtual whiteboad similarto the DigitalDeskproposedy Wellner[Wellner,
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1993](see[Gold, 1993]for otherexamplesof ubiquitouscomputingandaugmentedeality.) The
technigueslevelopedin this paperenableary videocameraattachedo a computerto beused.In
specializedsituationsg.g.,in classroomsacomputercontrolledcameracouldbe usedto perform
thescanningremoving the needfor automatiaegistrationof theimages.
Anotherobviousapplicationof thistechnologyis for documenscanning.Hand-heldscanners
currently performthis function quite well. However, sincethey arebasedon linear CCDs, they
are subjectto “skewing” problemsin eachstrip of the scannedmagewhich mustbe corrected
manually Using2-D videoimagesasinput removessomeof theseproblems.A final globalskewn
may still be neededo makethe documentsquare but this can be performedautomaticallyby
detectingdocumentdgesr internalhorizontalandverticaledgegqe.g.,columnborders).

8.2 3-D mode building applications

The 3-D modelbuilding technology while more difficult to automatereliably, haseven greater
potential. For example,we could constructa 3-D fax which would scan3-D objectsat oneend
usingavideocameraandeithermechanicabr usercontrolledmotion,anda 3-D graphicdisplay
attheotherend[Carlbometal., 1992]. This fax could beusedto transmit3-D modelsto aremote
sitefor viewing anddesignrevision, or to inputroughCAD modelsfor reverseengineeringr clay
mock-upapplications.Of course this technologycould alsobe combinedwith stereolithography
or numericallycontrolledmilling to makethis atruesolid 3-D fax [Bresenham1993].

Rapid 3-D modelbuilding is also critical in the computeranimationand specialeffectsin-
dustries. Currently it cantakedaysor weeksto build by handeachcomputermodelusedin a
feature-lengthilm. Theability to build suchmodelsrapidlyfrom realobjectsor physicalmock-ups
would beof greatutility, especiallywhenfreedfrom therangeandresolutionlimitationsof active
rangefindingsystemsThetechniquesve usefor computing3-D geometrycouldalsobe modified
to automaticallytrackthemotionsof objectsor actorsin ascengthisis calledmotioncaptue, and
is currentlydoneusingspeciallyplacedmarkers.)

8.3 End-user applications

A moremass-markedpplicationshomeshoppingppliednotto singleobjects(eitherdenonstrated
by amodelor availablein a catalog) but to completestores suchasyourlocal supermarketThis
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hastheadwantageof having afamiliar look andorganizationandenableghe pre-planningf your
next shoppingrip. Theimagef theaisles(with theircurrentcontentsanbedigitizedby rolling
a video camerathroughthe store. More detailedgeometricmodelsof individual items canbe
acquiredeitherby a 3-D modelbuilding processor, in thefuture, directly from the manufacturer
Theshoppercanthenstroll down theaisles pick outindividualitems,andlook attheiringredients
andprices.

A similarscenarids possiblewith otherbuildings. Architecturalwalkthroughdave longbeen
a part of computergraphics[Greenbeg, 1974], but only for buildings currently underdesign.
Walkthroughof existing building canhave a numberof applications For example,interactve 3-D
walkthroughsof your home, built by walking a video camerathroughthe roomsand mosaicing
the imagesequences;ould be usedfor selling your house(an extensionof existing still-image
basedsystems)or for re-modelingor renovating its design. Walkthroughsof historic building
(e.g.,palacesor museumsytanbe usedfor educationabndentertainmenpurposes.A museum
scenarianightincludetheability to look atindividual 3-D objectssuchassculpturesandto bring
up relatedinformationin a hypertext systemMiller etal., 1991].

Walkthroughgor fly-throughs)canalsobedonein generale.g.,outdoor)3-D scenesAn early
exampleof thiswastheMovie-Mapsproject[Lippman,1980]whichwasbasednvideodisaech-
nology Sincethis systemwasbasedon choosingirom a numberof pre-storednotionsequences,
the rangeof possibleviewpoints (and detail) waslimited. The basicMovie-Mapsideacanbe
extendedby building true 3-D scenedrom the input motion sequences. Such3-D tele-reality
modelshave thepotentialof beingof extremelyhigh compleity andwill requiresolvingproblems
in representatiompartial 3-D models[ChenandWilliams, 1993],andswitchingbetweerdifferent
levels of resolutionFunkhouseandSéquin,1993].

The ultimatein tele-realitysystemds dynamictele-reality (sometimesalled telepesenci
which compositesvideo from multiple sourcein real-timeto createthe illusion of beingin a
dynamic(and perhapseactve) 3-D ernvironment. An exampleof suchan applicationmight be
to view a 3-D versionof a concertwith control over the camerashots,evenbeingableto seethe
concertfrom the musicians’point of view. Otherexamplesmightbeto participateor consultin a
suigery from a remotelocation(tele-medicing or to remotelyparticipatein a virtual classpom
Building suchdynamic3-D modelsat frameratesis beyondthe processingpower of today’s high-
performanceuperscalaworkstationsputit couldbeachiaredusingacollectionof suchmachines
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(or special-purpossteredhardware).In suchapplicationswe needto usemultiple camerassince
in moving scenesve cannotrely on the motion parallaxfrom a singlecamerao give usreliable
shapeanformation.

9 Discussion

Imagemosaicingprovidesa powerful nev way of creatingthe detailed3-D modelsandscenes
neededor tele-realityapplications By registeringmultiple imagestogetheywe cancreatescenes
of extremelyhighresolutiorandatthesamdimerecover partialor full 3-D geometrianformation.
While we usetechniquedrom computervision to performtheregistration,our focusis different:
traditionalvision techniquesredesignedor inspectionyecognitionandrobotcontrol,while our
techniquesredesignedo producerealistic3-D modelsfor computergraphicsandvirtual reality
applications.

The approachwe use,namelydirect minimization of intensity differencesbetweenwarped
images,hasa numberof adwantagesover more traditional vision techniqueswhich are based
on trackingfeaturesrom frameto frame[TomasiandKanade,1992; Azarbayejanket al., 1993;
Szeliskiand Kang, 1994]. Our techniquegproducedenseestimatesof shape,work in highly
texturedareaswvherefeaturesmay not bereliably obsered, andmakestatisticallyoptimal useof
all theinformation[SzeliskiandCoughlan1994]. Ourapproachs similarto [Bergenetal., 1992],
who alsouseintensitydifferences However, we usefull 2-D projectve modelsof motioninstead
of instantaneouguadraticflow fields, andwe alsousea projective formulationof structurefrom
motion,which eliminateshe needfor calibratedcamerasit is alsovery similarto [Mann, 1993],
who alsouseplanarprojective motionestimatesFurthermore[MannandPicard,1994]have also
demonstrateduperresolutiomesults,i.e., the ability to obtainhigherresolutionimagesby simply
jittering the cameraratherthanpanning[lrani andPeley, 1991].

While our techniqueshave workedwell in the scenesn which we have tried them,we must
be cautiousabouttheir generalapplicability Theintensity-basedechniquesve usearesensitve
to imageintensity variation, suchas thosecausedoy video cameragain control and vignetting
(darkeningof the cornersat wide lens apertures)working with band-pasdiltered imagescan
remove mostof theseproblems. All vision techniquesrealsosensitve to geometricdistortions
(deviationsfrom the pinholemodel)in the optics, so careful calibrationis necessaryor optimal
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accuray (theresultsin this paperwereobtainedwith uncalibratedcameras.)

Thedepthextractiontechniguesve userely onthepresencef texturein theimage.In areasof
sufficienttexture,it is still possible€for theregistration/matchinglgorithmto computeanerroneous
depthestimatgsuchgrosserrorsarelesscommonin active rangefinders.Wheretextureis absent,
interpolationmustbe used,andthis canleadto erroneoughallucinated)depthestimates.Other
visual cues,suchas occludingcontoursor shading[Horn, 1986], canbe usedto mitigate these
problemsin somecasesbut a general-purposeeliablevision-basedangingsystenremainsvery
muchanopenresearciproblem.

The size and structureof the modelsproducedfor tele-realityapplicationshave interesting
implicationsfor specializedyraphicshardwareandsoftwareinterfaces Currentgraphicshardware
storegheintensityimageqtexturemaps)eparatelyromthegeometrywhichis storedaspolygons
usuallyspanningnary pixels. A moreappropriatarchitecturenightberegisteredmulti-resolution
colorimagesanddepthmaps. View interpolation,ratherthan3-D rendering,couldthenbe used
to synthesizenovel 3-D views [Chen and Williams, 1993]. Thesekinds of architecturesand
algorithmspoint towardsa tighter coupling betweencomputergraphicsand image processing
[Pickering,1993].

10 Conclusions

In thispaperwehavepresentedhierarchyof scenemodelsrangingfrom 2-D planarandpanoamic
mosaicghroughfull 3-D objectmodels,anddevelopeda collectionof associategcenerecovery
algorithms.Thecreationof realistichigh-resolutior8-D scene$rom videoimageryopensupmary
new applicationdor tele-realitytechnology Thesencludeoffice applicationsuchaswhiteboard,
document,and bookshelfscanning simulatedmeetingspacesengineeringapplicationssuchas
reverseengineeringand collaboratve design,and computergraphicsapplicationssuchas 3-D
modelbuilding. Moreimportantly thistechnologyenablesnassmarketapplicationsuchashome
shopping,education(the virtual classroom),and entertainmen{virtual travel). Ultimately, as
processingpeedsaindreconstructioralgorithmsimprove further, we will seedynamicreal-time
3-D sceneandmodelrecorvery beingusedto provide anevenmoreexciting rangeof telepresence
andtele-realityapplications.



10 Conclusions 23

Acknowledgements

Bob Thomasintroducedme to the term tele-reality, which he usedto describethe live concert
telepresencecenario.JamesCoughlandevelopedthe imageregistrationcode. David Tonnesen,
DemetriTerzopoulosSing Bing Kang,andRichardWeisswerecollaboratorson someof the 3-D
reconstructioralgorithmsdescribedn this paper William Hsu helpedme producethe resultsin
thispaper Ingrid CarlbomandGudrunKlinker providedusefulcommentsn the manuscript.

References

[CyberwareL.aboratorylnc, 1990] Cyberward_aboratoryinc. 4020/RGB3D Scannemwith color
digitizer. Montersy, 1990.

[Adam,1993] J.A. Adam. Virtual reality is for real. Spectrum:22—29,0ctober1993.

[Azarbayejanketal., 1993] A. AzarbayejaniB. Horowitz, andA. Pentland.Recursve estimation
of structureand motion using relative orientationconstraints. In IEEE ComputerSociety
Confeenceon Computension and Pattern RecognitionCVPR’93) pages294—-299 New
York, New York, Junel993.

[BallardandBrown, 1982] D. H. Ballard and C. M. Brown. ComputerMsion. Prentice-Hall,
EnglevoodCliffs, New Jersg, 1982.

[BarnardandFischler 1982] S.T. BarnardandM. A. Fischler Computationastereo.Computing
Survegs 14(4):553-572Decembed 982.

[BeierandNeely 1992] T. BeierandS. Neely Feature-basemnagemetamorphosisComputer
Graphics(SIGGRAPH’92)26(2):35-42,July 1992.

[Bergenetal., 1992] J.R.Bemgen,P. AnandanK. J.HannaandR.Hingorani.Hierarchicaimodel-
basedmotionestimation.In SecondeuropeanConfeenceon ComputenMsion (ECCV’'92)
page237-252 SpringerVerlag,SantaMargheritaLiguere,ltaly, May 1992.

[Beymeretal., 1993] D. Beymer, A. ShashuaandT. Poggio.ExampleBasedmageAnalysisand
SynthesisA. I. Memo01431,Massachusettsstituteof TechnologyNovemberl993.

[Blake andlsard,1994] A. BlakeandM. Isard. 3d position,attitude andshapenput usingvideo
trackingof handsandlips. ComputerGraphics(SIGGRAPH’'94)July 1994.



24 10 Conclusions

[Bresenham1993] J. BresenhamRealvirtuality: Stereolithography- rapid prototypingin 3-D.
ComputerGraphics(SIGGRAPH’93):377-378 August1993.

[Brown, 1992] L. G. Brown. A sunwey of imageregistrationtechniques. ComputingSurve's
24(4):325-376Decembe992.

[Carlbometal., 1992] I. Carlbomandothers.Modelingandanalysisof empiricaldatain collab-
orative ervironments.Communicationsf the ACM, 35(6):74—84April 1992.

[Carlbometal., 1991] I. Carlbom,D. TerzopoulosandK. M. Harris. Reconstructingndvisual-
izing modelsof neuronaldendrites.In N. M. Patrikalakis,editor, ScientificMsualizationof
PhysicalPhenomengpage23-638 SpringerVerlag,New York, 1991.

[ChenandWilliams, 1993] S. Chenand L. Williams. View interpolationfor image synthesis.
ComputerGraphics(SIGGRAPH’93):279-288 August1993.

[DhondandAggarwal,1989] U. R. Dhond and J. K. Aggarwal. Structurefrom stereo—are-
view. |EEE Transactionson SystemsMan, and Cybernetics 19(6):1489—-1510Novem-
ber/Decembet989.

[Earnshav etal., 1993] R. A. Earnsha, M. A. Gigante,andH. Jones,editors. Virtual Reality
SystemsAcademicPressl.ondon,1993.

[Faugeras1992] O. D. Faugeras. What can be seenin threedimensionswith an uncalibrated
stereaig? In SeconduropeanConfeenceon ComputeMsion (ECCV’'92) page$63-578,
SpringerVerlag,SantaMargheritaliguere,ltaly, May 1992.

[Foley etal., 1990] J.D. Foley, A. vanDam, S. K. FeinerandJ. F. Hughes.ComputerGraphics:
PrinciplesandPractice Addison-Weslg/, ReadingMA, 2 edition,1990.

[FunkhouseandSequin,1993] T. A. FunkhouseandC. H. Séquin. Adaptive displayalgorithm
for interactve frameratesduring visualizationof comple virtual environments. Computer
Graphics(SIGGRAPH’93):247-254 August1993.

[GleicherandWitkin, 1992] M. GleicherandA. Witkin. Through-the-lensameracontrol. Com-
puter Graphics(SIGGRAPH’92)26(2):331-340July 1992.

[Gold, 1993] R. Gold. Ubiquitouscomputingandaugmentedeality. ComputerGraphics(SIG-
GRAPH’93) :393-394 August1993.

[Greenbeg, 1974] D. P. Greenbgy. Computergraphicsin architecture. ScientificAmerican
:98-106,May 1974.



10 Conclusions 25

[Greene1986] N. Greene. Ervironmentmappingand other applicationsof world projections.
IEEE ComputeiGraphicsand Applications 6(11):21-29Novemberl986.

[GreeneandHeckbert,1986] N. GreeneandP. Heckbert. CreatingrasterOmnimaximagesfrom
multipleperspectieviewsusingtheelliptical weightedaveragdilter. IEEEComputeiGraph-
icsand Applications 6(6):21-27,Junel986.

[Hartley, 1994] R. |. Hartley. Euclideanreconstructiorfrom uncalibratedviews. In IEEE Com-
puter SocietyConfeenceon Computenvision and Pattern RecognitionCVPR’94) Seattle,
Washington,Junel994.

[Hoppeetal., 1992] W. Hoppeandothers.Surfaceeconstructiofirom unomganizedoints. Com-
puter Graphics(SIGGRAPH'92)26(2):71-78,July 1992.

[Horn, 1986] B. K. P. Horn. Robot\Vision. MIT PressCambridgeMassachusett4,986.

[Irani andPelay, 1991] M. IraniandS.Pelg. Improving resolutionby imageregistration.Graph-
ical ModelsandImageProcessing(3), May 1991.

[JepsorandBlack,1993] A. JepsorandM. J. Black. Mixture modelsfor optical flow computa-
tion. In IEEE ComputerSocietyConfeenceon ComputerMision and Pattern Recognition
(CVPR’'93) pages’60—761 New York, New York, Junel993.

[KuglinandHines,1975] C. D. Kuglin andD. C. Hines. The phasecorrelationimagealignment
method. In IEEE 1975Confeenceon Cyberneticsaand Society pagesl63—165New York,
Septembel 975.

[Lippman,1980] A. Lippman. Movie maps:An applicationof the optical videodiscto computer
graphics.ComputeiGraphics(SIGGRAPH’80)14(3):32—-43,July 1980.

[Mann,1993] S. Mann. Compositingmultiple picturesof the samescene: Generalizedarge-
displacemen8-parametemotion. In Proceeding®f the46th AnnuallS&T Confeence The
Societyof ImagingScienceandTechnologyCambridgeMassachusett$fay 1993.

[MannandPicard,1994] S. Mann and R. W. Picard. The projectve group model for multi-
frameresolutionenhancementn First IEEE InternationalConfeenceonImageProcessing
(ICIP’94), (submitted)1994.

[Matthiesetal., 1989] L. H. Matthies,R. Szeliski,andT. Kanade Kalmanfilter-basedlgorithms

for estimatingdepth from image sequences.International Journal of Computer\ision,
3:209-2361989.



26 10 Conclusions

[Miller etal., 1991] G. Miller and others. The virtual museum: Interactve 3D navigation of
a multimediadatabase.Journal of Misualizationand ComputerAnimation 3(3):183-198,
1991.

[Moffitt andMikhail, 1980] F. H. Moffitt andE. M. Mikhail. Photogammetry Harper& Row,
New York, 3 edition,1980.

[OkutomiandKanade 1993] M. Okutomi and T. Kanade. A multiple baselinestereo. IEEE
Transactionon Pattern Analysisand Machine Intelligence 15(4):353—-363April 1993.

[PentlandandSclarof, 1991] A. PentlandandS. Sclarof. Closed-formsolutionsfor physically-
basedshapemodelingandrecognition.lEEE Transactionn Pattern AnalysisandMadhine
Intelligence 13(7):715—729July 1991.

[Pickering,1993] W. R. Pickering.Merging 3-D graphicsandimaging— applicationsandissues.
ComputerGraphics(SIGGRAPH’93):395-396 August1993.

[PorterandDuff, 1984] T. PorterandT. Duff. Compositingdigital images.ComputerGraphics
(SIGGRAPH’84)18(3):253—-259July 1984.

[Pressetal., 1992] W. H. PressB. P. Flannery S. A. Teukolsky, andW. T. Vetterling. Numerical
Recipesn C: The Art of ScientificComputing CambridgeUniversity Press,Cambridge,
England secondedition,1992.

[Quam,1984] L. H. Quam. Hierarchicalwarp stereo. In Image UnderstandingWorkshop
pagesl149-155,ScienceApplicationsinternationalCorporation,New Orleans,Louisiana,
Decembel984.

[RehgandKanade 1994] J.RehgandT. Kanade.Visualtrackingof highdofarticulatedstructures:
anapplicationto humanhandtracking. In Third EuropeanConfeenceon Computeision
(ECCV’'94) pages35-46,SpringerVerlag,Stockholm SwedenMay 1994.

[Rioux andBird, 1993] M. RiouxandT. Bird. Whitelaser syncedscan.lEEEComputeiGraphics
andApplications 13(3):15-17May 1993.

[SempleandKneebone1952] J.G. SempleandG. T. Kneebone Algebiic ProjectiveGeometry
ClarendorPressOxford, England,1952.

[Szeliski,1991] R. Szeliski. Shapdrom rotation.In IEEE ComputetSocietyConfeenceon Com-
puter ision and Pattern RecognitionCVPR’91) pages625—-630,|EEE ComputerSociety
PressMaui, Hawaii, Junel991.



10 Conclusions 27

[Szeliski,1993] R. Szeliski. Rapid octreeconstructionfrom imagesequencesCVGIP: Image
Understanding58(1):23—-32,July 1993.

[Szeliski,1994] R. Szeliski. A leastsquarespproacto affineandprojective structureandmotion
recovery. 1994.1n preparation.

[SzeliskiandCoughlan1994] R. SzeliskiandJ. Coughlan.Hierarchicalspline-basetmagereg-
istration. In IEEE ComputeiSocietyConfeenceon ComputeMsionandPatternRecognition
(CVPR’94) Seattle Washington,Junel994.

[SzeliskiandKang,1994] R. Szeliskiand S. B. Kang. Recwering 3D shapeand motion from
imagestreamausingnonlinearleastsquares.Journal of Visual Communicatiorand Image
Repesentation5(1):10-28March1994.

[SzeliskiandTonnesen1992] R. SzeliskiandD. Tonnesen Surfacemodelingwith orientedpar
ticle systems ComputeiGraphics(SIGGRAPH92)26(2):185-194July 1992.

[SzeliskiandWeiss,1993] R. SzeliskiandR. Weiss. Rolustshaperecovery from occludingcon-
toursusinga linear smoother In ImageUnderstanding\brkshop pages939-948 Morgan
KaufmannPublishersWashingtonD. C., April 1993. A longerversionis availableasCRL
TR 93/7.

[TerzopoulosandWitkin, 1988] D. Terzopoulosand A. Witkin. Physically-basedanodelswith
rigid anddeformablecomponentsIEEE ComputerGraphicsand Applications 8(6):41-51,
1988.

[Terzopoulostal., 1987] D. TerzopoulosA. Witkin, and M. Kass. Symmetry-seekingnodels
and 3D object reconstruction. International Journal of ComputerMsion, 1(3):211-221,
October1987.

[TomasiandKanade 1992] C. Tomasiand T. Kanade. Shapeand motion from image streams
under orthography: A factorizationmethod. International Journal of Computer\Vsion,
9(2):137-154November1992.

[WangandAdelson,1993] J. Y. A. WangandE. H. Adelson. Layeredrepresentatiofor motion
analysis.In IEEE ComputeiSocietyConfeenceon ComputeMsion andPatternRecognition
(CVPR’'93) pages361-366 New York, New York, Junel993.

[Wellner, 1993] P. Wellner. Interactingwith paperon the DigitalDesk. Communication®f the
ACM, 36(7):86—96,July 1993.



28 A 2-D projectietransformations

[Wengetal., 1993] J. Weng, T. S. Huang,and N. Ahuja. Motion and Structue from Image
SequencesSpringerVerlag,Berlin, 1993.

[Witkin etal., 1987] A. Witkin, D. Terzopoulosand M. Kass. Signal matchingthroughscale
space.InternationalJournal of Computension, 1:133-1441987.

[Wolberg, 1990] G. Wolbem. Digital ImageWarping. IEEE ComputerSocietyPress|.os Alami-
tos, California, 1990.

A 2-D projective transfor mations

Planarsceneviews arerelatedby projectve transformationsThisis truein themostgenerakase,
i.e.,for ary 3-D to 2-D mapping,
u = Mcan'p, (14)

wherep is a3-D world coordinaten is the2-D screerocation,andM,mis a 3 x 4 camea matrix
definedin (4). SinceMcan is of rank3, we have

p=M"u+ sm (15)

whereM* is aleft inverseof M¢;m andm is in the null spaceof My, i.€., Mcamm = 0. The
equationof a planein world coordinate€anbewritten as

ar+by+cz=d or n-p=0 (16)
from which we canconcludethat
n"M*u+sn-m=0 or s=—(n"M*u)/(n-m) (17)

andhence

~

p=(I-(n- m)_lmnT)M*u = Mu. (18)

Fromary otherviewpoint,we have
u' = M., Mu = Mypu, (19)

whichis a2-D planarprojective transformation.
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For theremaindeof thisappendixjt is corvenientto assumehattheworld coordinatesystem
coincideswith thefirst cameraposition,i.e., E = I andM¢y, =V = [ vV 0 ] andtherefore
M* = V-1 andm = (0,0,0,1)T in (15-18). An imagepoint u then correspondso a world

V-lu
p= l ] : (20)

w

coordinatep,

wherew is the unknavn fourth coordinateof p (calledprojectivedepth) which controlshow far
thepointis from theorigin.
For panoramidmage mosaicing,we rotatethe point p aroundthe cameraoptical centerto

R 0 RV-lu
(3 e[

obtain

v = VRV~ 'u = Mypu. (22)
Thus,themappingoetweerthetwo screercoordinatesystemanbedescribedy a2-D projectve
transformation.

For piecavise-planaiscenesthepointp will lie onsomeplanek whoseequatiorwe canwrite
asng - p = (fix, —1) - p = 08 Then,(18)reducego

n;

i = [ . ] v (23

asthe3-D positiononplanek correspondingp thescreemositionu. In asecondtamergosition,
theworld coordinatediave undegonea Euclideantransformatiorp;, = Ep;, with rotationR and
translationt. Thenew screercoordinatesretherefore

u, = V'Ep, = V/(R + tnf)V~lu = Myu (24)

Thus,we seethat2-D projectve motionmatricesfor thevariousplanarpiecesareinterrelatedand
arein fact determinedoy the planeequationgn;), therigid motion (R andt), andthe viewing
matrices(V and'V'). For methodsfor recovering theseunknavn parametersrom the My, see
[Faugeras1992;Hartley, 1994].

5We excludeplanespassinghroughthefirst cameracenterin this formulation.
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For generaldepthrecovery, eachimagepointu correspondso a 3-D pointp with anunknavn
projective depthw asgivenin (20). In someotherframe,whoserelative orientationto the first
frameis denotedby E, we have

u' = V'Ep = VRV lu + wV't = Mypu + wt. (25)

Thus,the motion betweerthe two framescanbe describedy our familiar 2-D planarprojectve
motion, plus an amountof motion proportionalto the projective depth along the direction £
(which is calledthe epipold [Faugeras1992]. Notethatthe valuesof M.p, t, andw arenot
unique: thereis a scaleambiguity betweemy andt, and multiples of t canbe addedto M,p
with theappropriateadjustment$o w. To remove theseambiguitieswe mustenforcetherigidity
constraintdVl,p = V'RV~ [Szeliski,1994].



