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Abstract. AugmentedRealityf AR) aimsatmeigingtherealandthevirtual in or-
derto enricha real environmentwith virtual information. Augmentationgange
from simpletext annotationsaccompaning realobjectsto virtual mimicsof real-
life objectsinsertedinto areal environment.In the latter casethe ultimate goal
is to make it impossibleto differentiatebetweerrealandvirtual objects.Several
problemsneedto be overcomebeforerealizingthis goal. Amongstthemarethe
rigid registrationof virtual objectsinto therealervironment,the problemof mu-
tual occlusionof real andvirtual objectsand the extraction of theillumination
distribution of therealenvironmentin orderto renderthevirtual objectswith this
illumination model. This paperwill unfold how we proceededo implementan
AugmentedRealitySystenthatregistersvirtual objectsinto atotally uncalibrated
video sequenc®f areal ervironmentthat may containsomemoving parts.The
otherproblemsof occlusionandillumination will not bediscussedn this paper
but areleft asfutureresearchopics.

1 Intr oduction

1.1 PreviousWork

Accurateregistrationof virtual objectsinto arealenvironmentis anoutspolkenproblem
in AugmentedReality(AR).This problemneedgo besolvedregardles®f thecomplex-
ity of the virtual objectsonewishesto enhancehe real ervironmentwith. Both sim-
ple text annotationsand complex virtual mimics of real-life objectsneedto be placed
rigidly into therealenvironment. AugmentedRealitySystemshatlack this requirement
will demonstrateserious jittering' of virtual objectsin the real ernvironmentand will
thereforefail to give theuserareal-lifeimpressiorof theaugmenteadutcome.
Theregistrationproblemhasalreadybeentackledby severalresearcherm the AR-
domain.A generaldiscussiorof all coordinateframesthat needto be registeredwith
eachothercanbe foundin [25]. Someresearchersise prede nedgeometricmodels
of real objectsin the ervironmentto obtain vision-basedbjectregistration[15,22,
27]. However, this delimits the applicationof suchsystemdbecausgeometriomodels
of real objectsin a generalsceneare not always readily available. Othertechniques
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have beendevisedto make the calibrationof the videocameraobsoleteby usingaf ne
objectrepresentationfl6]. Thesetechniquesare simpleandfastbut fail to provide a
realimpressiorwhenprojective skew is dominantin thevideoimagesThereforevirtual
objectscanbe viewed correctly only from large distancesvherethe af ne projection
modelis almostvalid. Soit seemghatthe most e xible registrationsolutionsarethose
thatdon't dependon ary a priori knowledgeof the real ervironmentandusethe full
perspectieprojectionmodel.Our AR-Systenmbelonggo thisclassof e xible solutions.

To further enhancehe real-life impressionof an augmentatiorthe occlusionand
illumination problemsneedto be solved. The solutionsto the occlusionproblemare
versatile They differ in whethera 3D reconstructiorof the realervironmentis needed
or not[3, 5]. Also theillumination problemhasbeenhandledn differentways.A rst
methodusesanimageof are ective objectattheplaceof insertionof thevirtual object
to getanideaof theincominglight atthatpoint[6]. A secondapproactobtainsthetotal
reconstructiorof a 3D radiancedistribution by the samemethodsusedto reconstruct
a 3D sceng][19]. Anotherapproachconsistsof the approximationof the illumination
distribution by a sphereof illumination directionsatin nity [20].

As ComputerGeneratedsraphicsof virtual objectsare mostly createdwith non
physically-basedenderingmethodstechniqueshatuseimage-basedenderingcanbe
appliedto incorporatereal objectsinto anotherealervironment[23] to obtainrealistic
results.image-basedenderings explainedin [7].

However, thejittering' of virtual objectsin therealervironmentcandegradeseverely
the nal augmentedesult,evenif problemsof occlusionandillumination canbere-
solved exactly. We focussedon developingan AR-Systemthat solvesthe registration
problemas a prerequisitelt is basedprimarily on a 3D reconstructionrschemethat
extractsmotion and structurefrom uncalibratedvideo imagesand usesthe resultsto
incorporatevirtual objectsinto thereal ervironment.

1.2 Overview

In the rst upcomingsectionwe will describethe motion and structurerecovery al-
gorithm of the AR-System.Although the main goal is the recovery of maotion of the
camerathroughoutthe video sequencethe systemalsorecoversa crude3D structure
of the real ervironment.This can be usefulto handlefuture problemslike resolving
occlusionsandextractingtheillumination distribution of the realervironment.We will
focusonthe motionrecovery abilities of the AR-System.

In afollowing sectionwe will discussthe useof the recoreredmotion parameters
andthe3D structureto registervirtual objectswithin therealervironment.Thisinvolves
usingthe crude3D representatioonf the real ernvironmentwhich we obtainasan extra
from the motionrecovery algorithm.Dense3D reconstructiorof the real ervironment
is not necessarput may prove usefulfor future solutionsto the occlusionproblem.

Anothersectionwill give anoverview of the nal AR-algorithm.We will nish by
shawing resultsof the AR-Systemon someapplicationsandby indicatingfuture work
to bedonein orderto upgradehe AR-System.
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2 Motion and Structure Recovery

2.1 Preliminaries

As inputto the AR-Systemwe cantake totally uncalibrated/ideosequenced hevideo
sequenceareneitherpreprocessedor setup to containcalibrationframesor ducial
markersin orderto simplify motion andstructurerecovery. Extra knowledgeon cali-
brationparametersf the video cameracanbe usedto helpthe AR-Systemto recover
motionandstructurebut is not necessaryo obtaingoodresults.

Thevideosequencearenotrequiredto betakenfrom a purelystaticervironment.
As longasthemoving partsin therealernvironmentaresmallin thevideosequencéhe
algorithmwill still beableto recover motionandstructure.

2.2 Motion and Structur e Recovery Algorithm

Image Features Selectionand Matching Recoery of motionin ComputerVision
is almostalways basedon tracking of featuresthroughoutimagesand usestheseto
determinemotion parameterof the cameraviewing the real ervironment. Features
comein all avourslike points,lines, curves[4] or regions[26]. The featureswve use
aretheresultof the Harris CornerDetectoralgorithm[9] appliedto eachimageof our
inputvideosequenceTl heresultconsistf pointsor corneisin theimagesdetermining
wheretheimageintensitychangesigni cantly in two orthogonaldirections.

We end up with corners in eachimage of the video sequenceout theseare still
unmatchedrom oneimageto another We needto matchthemin differentimages
in orderto extract motion information. An initial setof possiblematchingcornersis
constructedisinga smallsearchregion aroundeachcornerlooking for cornersn other
imageswhich have alargenormalizedntensitycross-correlatiomith the cornerunder
scrutiry. Correspondingr matcding cornersareconstrainedhroughepipolargeometry
to lie on eachothersepipolarline. This constrainttanbe expressedn termsof alinear
equatiorbetweerthetwo imagesonewishesto matchthe cornersfrom:

F 1)
where and denotehomogeneouBnagecoor
dinatesof matchingcornerdan the rst andsecondmageF isa singularmatrix

which describeshe epipolargeometrybetweerthetwo imagesTheepipolarline from
corner in image2 andfrom corner in imagel canbe written down respectiely
as:

F and (2)
F 3

Usingequation(1) eachpossiblematchbetweercornersfrom thetwo imagesadds
a constrainton the elementf the matrix F . Extra constraintanbe superimposed
onF duetoits singulamatureandbecausé canonly bedeterminedipto ascalec-
tor aswe areworking with homogeneousnagecoordinatesSeveral algorithmshave
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beendevisedto determinereliablematchesetweenrthe cornersof two images.These
matchedeadto a reasonable&onsistent , which meansthat equation(1) returnsa

smallresidualerrorfor animportantfractionof the presumednatchesThedetermina-
tion of this particularsetof matcheds achievedby a RANSAC algorithm[12] which

determined= from trial matchesandadditionalconstraintf singularityandscala-
bility. Oncea goodinitial F is obtainedit is optimizedusingall consistenmatches
anda Levenbeg-Marquard optimizationtechnique.

As long asthemoving partsin therealervironmentaresmallin thevideosequence
the RANSAC algorithmwill treatcornersbelongingto thesemoving partsasoutliers.
They will beproperlydiscardedn thedeterminatiorof thematrixF  andthematching
corners.

Initializing Motion and Structur eRecovery Oncecornematchedetweenwo initial
imagesarefound,they canbeusedto initialize motionandstructurerecovery from the
videosequence.

Therelationbetweena 3D structurepoint andits projectiononto animagecanbe
describedy alinearrelationshipin homogeneousoordinates:

P (4)

in which and arethe homogeneousoor
dinatesof the 3D structurepoint andits projectionontoimage respectiely. P is a
matrix which describeshe projectionoperationrand™ ' denoteghatthis equality
is valid up to a scalefictor
Thetwo initial imagesof thesequencareusedto determineareferencdrame.The
world frameis alignedwith the cameraof the rst image.Thesecondcameras chosen
sothatthe epipolargeometrycorrespondso theretrieved

(5)

where indicatesthevectorproductwith . Equation(5) is not completelyde-
terminedby theepipolargeometry(i.e. and ), buthas4 moredegreesf freedom
(i.,e. and ). determineshepositionof thereferenceplane(this correspondso the
planeatin nity in anafne or metricframe)and determineshe globalscaleof the
reconstructionTo avoid someproblemsduringthereconstructiorit is recommendetb
determine in suchawaythatthereferenceplanedoesnotcrossthesceneOurimple-
mentationusesan approachsimilar to the quasi-Euclideampproachproposedn [2],

but the focal lengthis chosenso that mostof the pointsare reconstructedn front of

the camera& This approachwasinspiredby Hartley's cheirality [10]. Sincethereis

! Thequasi-Euclideampproacttomputegheplaneatin nity basednanapproximatealibra-
tion. Although this canbe assumedor mostintrinsic parametersthis is not the casefor the
focallength.Severalvaluesof thefocallengtharetried outandfor eachof themthealgorithm
computesthe ratio of reconstructegointsthat arein front of the cameralf the computed
planeat in nity —basedon a wrong estimateof the focal length—passeghroughthe object,
thenmary pointswill endup behindthe camerasThis procedureallows usto obtainarough
estimateof thefocallengthfor theinitial views.
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no way to determinethe global scalefrom theimages, canarbitrarily be chosento

Oncethe camerashave beenfully determinedthe matchescan be reconstructed
throughtriangulation.The optimal methodfor this is givenin [11]. This givesus a
preliminaryreconstruction.

Updating Motion and Structur e Recovery To obtainthematrix P or thecorrespond-
ing motionof thecamerdor all otherimagesn thevideosequenca differentstratey
is usedthanthe onedescribedn the previoussection.

Firstwetake animagefor whichthe correspondingnatrix P hasalreadybeencom-
putedandretrieve the 2D-3D matchesbetweencornersin thatimageandthe recon-
structed3D structurepoints. Secondlywe take anotherimageof which we only have
thecornersWith our RANSAC algorithmwe computethematrix F andcornermatches
betweenbothimages.Using cornermatchesetweencornersin image andim-
age andmatcheshetweercornersin image and3D structurepoints,we obtain
matchedetweercornersin image and3D structurepoints.See gure 1.

Knowing these2D-3D matcheswe can apply a similar techniqueas we usedto
estimateF, to determineP taking into accountequation(4) anda similar RANSAC
algorithm.It is importantto noticethatthematrix F senesnolongerto extractmatrices
P, but merelyto identify cornermatchesetweerdifferentimages.

Usingthe previously reconstructe®D structurepointsto determineP for the next
image,we ensurethatthis matrix P is situatedin the sameprojective frameasall pre-
viously reconstructedP's. New 3D structurepoints can be initialized with the newly
obtainedmatrix P. In this way the reconstructe@D ervironmentwhich oneneedsto
computeP of the next imageis updatedon eachstep,enablingusto move all arounda
realobjectin a 3D ervironmentif necessary

In this mannermotion and structurecanbe updatediteratively. However the next
imageto becalibratedcannotbe choserwithout care.Suppos@nechooseswo images
betweenwhich onewantsto determinecornermatchesif theseimagesare 'too close’
to eachother, e.g.two consecutie imagesin a video sequencethe computationof
the matrix F andthereforethe determinationof the cornermatchesbetweenthe two
imageshecomesnill-conditionedproblem.Evenif thematchesouldbefoundexactly
the updatingof motion and structureis ill-conditioned as the triangulationof newly
reconstructe@®D pointsis very inaccurateasdepictedn gure 2.

We resoled this problemby running throughthe video sequencea rst time to
build up anaccuratebut crude3D reconstructiorof thereal ervironment.Accurag is
obtainedby using keyframeswhich are separatedgufciently from eachotherin the
video sequenceSee gure 3. Structureandmotion are extractedfor thesekeyframes.
In thenext stepeachunprocesseiinageis calibratedusingcornermatchesith thetwo
keyframesbetweernwhichit is positionedn thevideo sequence-or thesenew images
no new 3D structurepointsarereconstructe@sthey will probablybe ill-conditioned
dueto the closenes®f the new imageunderscrutiry andits neighbouringkeyframes.
In this way a crudebut accurate3D structureis built upin a rst passalongwith the
calibrationof the keyframes.In a secondpass,every otherimageis calibratedusing
the 2D-3D cornermatchest haswith its neighbouringkeyframes.This leadsto botha
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image match

R
Fig. 1. Knowing thecornermatchesdetweerimagek-1 andimagek andthe2D-3D
matchedor imagek-1 , the2D-3D matchedor imagek canbededuced

Fig. 2. left: If the imagesare chosentoo closeto eachotherthe positionand orientationof the
cameréhasnt changednuch.Uncertaintiesn theimagecornerdeadto alarge uncertaintyellip-
soid aroundthe reconstructegboint. Right: If imagesaretaken furtherapartthe cameraposition
andorientationmaydiffer morefrom oneimageto thenext, leadingto smalleruncertaintyonthe
positionof thereconstructegboint.
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robust determinatiorof the reconstructe@D ernvironmentandthe calibrationof each
imagewithin thevideosequence.

Fig. 3. The small dots on the backgroundrepresenthe recoveredcrude 3D environment. The
larger dark spotsrepresentamergpositionsof keyframesin thevideo stream.Thelighter spots
representhe camergpositionsof theremainingframes.

Metric Structure and Motion Evenfor anuncalibrateccamerasomeconstraintson
theintrinsic camergparameterareoftenavailable.For example,if the camerasettings
are not changedduring recording,the intrinsic parametersvill be constantover the
sequenceln generalthereis no skew on theimage,the principal pointis closeto the
centerof the imageandthe aspectatiois x ed (andoftencloseto one).For a metric
calibrationthe factorizationof the P-matricesshouldyield intrinsic parametersvhich
satisfytheseconstraints.

Self-calibrationthereforeconsistsof nding a transformatiorwhich allows the P-
matricesto satisfyasmuchaspossibletheseconstraintsMost algorithmsdescribedn
theliteraturearebasednthe concepbf the absoluteconic[8, 24,18].

The presentedapproachusesthe methoddescribedn [18]. The absoluteconic
is animaginaryconic locatedin the planeat in nity . Both entitiesare the only
geometricentitieswhich areinvariantunderall EuclideantransformationsThe plane
atin nity andtheabsoluteconicrespectrely encodeheaf ne andmetric propertiesof
space This meanghatwhenthe positionof is known in a projective framework,
af ne invariantscanbe measuredSincetheabsoluteconicis invariantunderEuclidean
transformationgts imageonly depend®ntheintrinsiccamergarameteréfocallength,
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...) andnot on the extrinsic camergparametergcamergpose).The following equation
appliesfor the dualimageof theabsoluteconic:

(6)

where is an uppertriangularmatrix containingthe cameraintrinsicsfor image .

Equation(6) shavsthatconstraint®ntheintrinsiccamergparameterarereadilytrans-
latedto constraintonthedualimageof theabsoluteconic. Thisimageis obtainedrom

theabsoluteconicthroughthe following projectionequation:

(7)

where s the dual absolutequadricwhich encodedoth the absoluteconic andits
supportingplane,the planeat in nity . The constraintson  canthereforebe back-
projectedthroughthis equation.Theresultis a setof constrainton the positionof the
absoluteconic(andthe planeatin nity).

Our systemsrst usesa linear methodto obtainan approximatecalibration.This
calibrationis thenre ned througha non-linearoptimizationstepin a secondphase.
More detailson this approactcanbefoundin [17].

3 AugmentedVideo

3.1 Virtual Object Embedding

Resultsobtainedin the previous sectioncanbe usedto meige virtual objectswith the
inputvideo sequenceOnecanimportthe nal calibrationof eachsingleimageof the
videosequencandthereconstructedrude3D environmentinto a ComputerGraphics
Systemto generat@ugmentedmages.

In a ComputerGraphicsSystemvirtual camerasan be instantiatedwhich corre-
spondto theretrievedcalibrationsof eachimage.Theimagecalibrationsincludetrans-
lation, rotation focallength,principalpointandskew of theactualrealcamerahattook
theimageatthattime. Typically ComputeiGraphicsSystemsionotsupporiskew of the
cameraThiscaneasilybeadaptedn thesoftwareof the ComputeiGraphicsSystenby
includinga skew transformatiorafterperformingthetypical perspectietransformation
asexplainedin [13]. We useVTK [21] asour ComputerGraphicsPackage Thevirtual
cameragsannow beusedto createimagesof virtual objects.

Thesevirtual objectsneedto be properlyregisteredwith the real 3D ervironment.
Thisis achievedin thefollowing mannerFirstvirtual objectsareplacedroughlywithin
the3D environmentusingits crudereconstructionkinetuningof thepositionis achieved
by viewing the resultof a roughpositioningby severalvirtual camerasndoverlaying
therenderingresultsfrom thesevirtual camerasn their correspondingeal imagesin
thevideo sequenceSee gure 4. Usingspeci ¢ featuresin the real video imagesthat
werenot reconstructedh the crude3D ervironmenta betterand nal placemenof all
virtual objectscanbe obtained Note that at this stageof theimplementatiorwe don't
take into accountocclusionsvhenrenderingvirtual objects.



156 Kurt Cornelis,Marc Pollefeys, MaartenVergauwenandLuc VanGool

Fig. 4. The AR-interface: In thetop right the virtual objectscanbe roughly placedwithin the
crudereconstructe@D ervironment.Theresultof this placementanbeviewedinstantaneously
onsomeselectedmages.
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3.2 Virtual Object Merging

After satishctoryplacemenbf eachsinglevirtual objectthevirtual cameracorrespond-
ing to eachimageis usedto producea virtual image.The virtual objectsarerendered
againsta backgroundhat consistsof the original realimage.By doing so the virtual
objectscanberenderedvith anti-aliasingtechniquesisingthe correctbackgroundor
mixing.

4 Algorithm Overview

In this sectionthe differentstepstakenby our AR-Systemaresummarized

stepl: Theinitialization step.Take two imagedrom thevideosequencéo initialize a
projective framein which bothmotionandstructurewill bereconstructedduring
thisinitialization phasebothimagesareregisteredwithin this frameandpartof the
3D ernvironmentis reconstructedOnehasto make suretheseimagesarenottaken
too closeor toofarapartasthiswill leadtoill conditions.Thisis doneby imposing
a maximumand a minimum separation(countingumberof frames)betweenthe
two images.The rst imagepair conformingto theseboundsthatleadsto a good
F-matrixis selected.

step2 : Take the lastimageprocesseand anotherimagefurther into the video se-
guencethat still needsregistering.Again theseimagesare taken not too closeor
too far apartwith the sameheuristicmethodasappliedin stepl.

step3 : Cornermatcheshetweentheseimagesandthe 2D-3D matchesfrom the al-
readyprocessedmageare usedto construct2D-3D matchedor theimagebeing
registered.

stepd : Usingthesenew 2D-3D matcheshematrix P for thisimagecanbedetermined.

step5 : UsingP new 3D structurepointscanbereconstructedor lateruse.

step6 : If theendof thevideosequencés notreachedreturnto step2.

Now only keyframegthatarequitewell separatetiave beenprocessedl heremain-
ing framesareprocesseth a mannersimilarto step3 and4.

step7 : For eachremainingframethe cornermatcheof the keyframesbetweenwhich
it lies andtheir 2D-3D matchesareusedto obtain2D-3D matchedor this frame.

step8 : Similarto step4, thematrix P of theseframescanbe calculatedHowever no
additional3D structurepointsarereconstructed.

Now all framesareregisteredandvirtual objectscanbe placedinto the real ervi-
ronmentasdescribedn section3.

step9 : Firstthe virtual objectsareroughly placedwithin the real ervironmentusing
its crude3D reconstructiorobtainedn previoussteps.

stepl0: Finetuningof the positionsof thevirtual objectsis doneby seeingtheresult
overlaidonsomeselectedmagesandadijustingthevirtual objectsuntil satishctory
placements obtained.
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5 Examples

We Imed a sequencef a pillar standingin front of our departmentlUsing the AR-
Systemwe placeda virtual box on top of this pillar. Note thatby doing sowe didn't
have to solve the occlusionproblemfor now asthe box wasnever occludedsincewe
werelooking down ontothepillar. The AR-Systenperformedquitewell. Thejittering'
of thevirtual box on top of thepillar is still noticeabldout very small. See gure 5.

Fig. 5. A virtual boxis placedontop of arealpillar. "Jittering'is still noticeablen theaugmented
videosequencéut is very small.

Anotherexampleshavs a walk througha street.The cameramotion of the person
takingthe Im wasfarfrom smooth Howeverthe AR-Systemmanagedo registereach
camergositionquitewell. See gure 6.

A third exampleshavs anotherstreetscenebut with a personwalking aroundin it.
Despitethis moving real objectthe motion and structurerecovery algorithmextracted
the correctcameramotion. See gure 7.

All videoexamplescanbefoundat
http://wwwesat.kuleuven.ac.bekcorneli/smile2

6 Future Reseach

It is clearthatthe proposedAR-SystemcanbefurtherenhancedOnecantry to reduce
thejittering' of virtual objectsby consideringdifferenttechniquesk.g. incorporation
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Fig. 6. A streetsceneThe virtual box seemsgo stay rmly in placedespitethe jaggednatureof
thecamerdrajectory

Fig. 7. Anotherstreetscene Despitethemaving persorthemotionof thecameracanbeextracted
andusedfor augmentingherealervironmentwith virtual objects.
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of restrictionsonthe pathfollowedby therealcameracanbe usedto obtaina smoother
path outlined by the virtual camerasThis leadsto a smoothemmotion of the virtual

objectsin the augmentedideo andcanthereforegive moreappealingesultsthanthe

abruptjumpsin motion of noisy virtual camergpositions.Anotherapproacto reduce
‘jittering' usesreal imageinformationin the neighbourhoodf the virtual objectsto

lock it onto a real object. The latter techniqueis not usefulin the casewhenvirtual

objectsaremeantto y, oat or move aroundin therealervironment.

The virtual objectsusedto augmentthe real environmentcan be the resultof an
earlier3D reconstructiorof realobjects A realvasecouldbemodeledn a rst 3D re-
constructionstepand the resultusedas virtual objectto be placedon top of thereal
pillar. In this way expensve or fragile objectsdon't needto be handledphysicallyto
obtainthe desiredvideo. Onecanjust useits 3D modelinsteadandplaceit anywhere
onewantsin arealenvironment.E.g.relicsor statuegpresentlypreseredin museeacan
be placedbackin their original surroundingwvithout endangeringhe preciousoriginal.
This canbe appliedin producingdocumentariesr evenareal-timeAR-Systemat the
archaeologicasiteitself.

After the registrationproblemis solvedin a satishctoryway we will dive into the
occlusionandillumination problemswhich are still left to be solved and prove to be
very challenging.

A topic which seemsnterestingis to simulatephysicalinteractionsbetweenreal
andvirtual objects A simpleform maybeto implementa collision detectioralgorithm
which canhelp uswhenplacingvirtual objectsonto a surfaceof the real ervironment
for easypositioningof thevirtual objects.

7 Conclusion

In this paperwe presentedan AR-Systemwhich solves the registration problem of
virtual objectsinto a video sequencef a real ervironment.It consistsof two main
parts.

The rst parttries to recoser motion and structurefrom the imagesin the video
sequenceThis motionandstructurecanbe projective but is upgradedo metricby self-
calibration.In this way the registrationof the virtual objectsin the sceneis reduced
from 15 to 7 degreesof freedom.The secondpart usesthe resultsof the rst partto
con gure a ComputerGraphicsSystemin orderto placevirtual objectsinto the input
videosequence.

Theinputto the AR-Systemis a video sequencevhich canbetotally uncalibrated.
No specialcalibrationframesor ducial markersare usedin the retrieval of motion
and structurefrom the video sequenceAlso the video sequenceloesnot have to be
oneof a purely staticreal ervironment.As long asthe moving partsin the video se-
guencearesmall the motion andstructurerecovery algorithmwill treatthesepartsas
outliers(RANSAC) andthereforewill discardthem correctlyin the determinationof
motion and structure.The ComputerGraphicsSystemusedfor renderingthe virtual
objectsis adaptedo usegeneracamerashatincludeskew of imagepixels.

The presentAR-Systemis far from complete Futureresearctefforts will be made
to solve occlusionandillumination problemswvhicharecommonin AugmentedReality.
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Discussion

1. KostasDaniilidis, University of Pennsyhania: Whenyou have asimpletask,like
in your casensertingacube,it is notnecessaryo computea Euclidearreconstruc-
tion. Thereis otherwork, seeKutulakosandVallino [1], which describesystems
thatjustassumescaledorthographigrojections.

Kurt Cornelis: | think that's true, but we arealsoaiming at building a Euclidean
reconstructiomith whichwe can nally interactin away thatwe areusedto in the

realworld. We mightwantto computeatrajectoryof anobjectin areal-life manner

I don't seehow you can easily calculatethe equivalenttrajectoryin a projective

reconstructionWe arethinking now of future applicationssowe wantto obtaina

Euclidearreconstructionn advance.

Mar c Pollefeys It is simplerto put a virtual objectin the scenewhenthe metric

structureis available.In this caseonly 7 parametergcorrespondingo a similarity

transformationhave to be adjustedwhile for insertionin a projective reconstruc-
tion 15 parameterseedto be adjusted Someof theseparameterare not asintu-

itive to adjustasrotations translationandscale.Soif theinformationfor a metric

upgrades in theimagesit is betterto take advantageof it.

2. KyrosKutulakos, University of Rochester | de nitely agreewith you that Eu-
clideanreconstructioiis veryimportant.But| think youshoulddistinguishbetween
augmentedeality systemswherethe input is live video, real-time,and systems
whereyou areworking on recordedvideo. I'm wonderingif you could comment
on how easyit would beto dothisin real-time?

Kurt Cornelis: The systemhasbeendesignedor off-line processingf recorded
video. The computationakequirementgdo dealwith hand-heldmarkerlessvideo

dataexceedthe capabilitiesof real-timesystemsFurthermorethe currentimple-

mentationis working with keyframesandrelieson their availability from the start.
The proposedapproachwould thusnot be simpleto adaptto work with real-time
videostreams.

3. Andrew Fitzgibbon, University of Oxford: You notethatjitter is low, but in a

systemsuchasthis, you wouldn't expectto getjitter becauseou are tting into
theimage.However, you would expectto getdrift becauserrorsarebeingaccu-
mulatedovertime. To whatextentis drift anissue?
Kurt Cornelis: | haven't really consideredlrift. Thevideosequencegousav were
actuallyquiteshort.Sol think therewasnotenoughimeto experiencedrift. | think
it is goodto investigatethis for longersequenceandseewhatit gives.Thankyou
for thecomment.

4. Richard Szeliski,Micr osoft It wasinterestingo hearthatyou thoughtyou hadto
modelskew. You couldn' live with a computergraphicspackagehatdidn't allow
that.| thoughtl heardthe otherspealrssaythatwe agreethe skew is zerofor all
practicalpurposesThat's why | wantedto hearyour comment.

Kurt Cornelis: As | said,themetricupdateis notgoingto be perfect. Thecameras
obtainedafterthis updatearestill goingto have somesmall skew andwe wantto
beableto modelthis.

Mar ¢ Pollefeys We planto put a bundleadjustmentn the systemandenforcethe
skew to bezero.Thiswasjusta rst implementatiorandit waseasietto twist VTK
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to handleskew thanto implementbundle adjustmenfust to seeif the systemis
workingwell. If zero-slew is enforcedwithout bundleadjustmentit will introduce
jitter in theaugmentedideo,becausé¢he projectionmatricesaremodi ed without
taking the effect on the reprojectionerrorinto account.The metric reconstruction
canbe off by a few degreescomparedo the true scenebut this is in generalnot
visible. Note thatbundleadjustmentvill probablyreducethis error, but therewill
alwaysbe someerror.

5. Jean Ponce,University of llliniois at Urbana-Champaign: Concerningprojec-
tive versuametricreconstruction, think it depend®ntheapplication For example,
with your cubethatyou areplacingagainsthewall, you canjust putsomemarkers
onthewall andtrackthem.They form anaturalway to dotheinterface . But maybe
for medicalapplicationlik e suigery, a metricreconstructioris moreneeded.

Kurt Cornelis: | totally agreejt dependontheapplicationathand.

6. Kyros Kutulakos, University of Rochester | don't think | agreewith Jeanor
Kostas,you cancertainly put objectsin the sceneprojectively but you cannotdo
shadingprojectively. Sounlessyouwantto renderimagesvhereyou have surfaces
thathave at texture,whichwaswhatl did, renderinga mirroring spherevould be
very hardto do projectiely.

AndrewZisserman,University of Oxford (comment). After auto-calibratiorthere
maybesomeslightresidualprojective skew in 3D (betweerthereconstructiorand
ground-truth) The effect of this is thatobjectsinsertedinto theimageswill have a
slight skew, but this might not be very noticeableThe samewith lighting errors,a
smallerrorin the normalsbecaus®f projective skew maynotbevery noticeable.
Mar c Pollefeys In this casel do not fully agreewith Kyros. We certainly need
metricstructureto getthelighting andotherthingscorrect,but by correctlyinsert-
ing a virtual object(which is a metric object)in a projective reconstructiorwe do
in factcarryouta calibration.

KostasDaniilidis, University of Pennsyhania: | talkedaboutaf ne andnotpro-
jectivereconstructionvhichcomego whatRick Szeliskiindicatedearlie—thatwe
shouldestablistsomemetricsfor the peoplefor whomwe aregoingto solvethese
things,whetheraf ne reconstructioris important,whetherthe drift is important,
whetherthejittering is the mostimportantaspect? his would be nice to quantify
somehav.
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