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Abstract. AugmentedReality(AR) aimsatmergingtherealandthevirtual in or-
der to enricha realenvironmentwith virtual information.Augmentationsrange
from simpletext annotationsaccompanying realobjectsto virtual mimicsof real-
life objectsinsertedinto a real environment.In the latter casethe ultimategoal
is to make it impossibleto differentiatebetweenrealandvirtual objects.Several
problemsneedto beovercomebeforerealizingthis goal.Amongstthemarethe
rigid registrationof virtual objectsinto therealenvironment,theproblemof mu-
tual occlusionof real andvirtual objectsand the extractionof the illumination
distributionof therealenvironmentin orderto renderthevirtual objectswith this
illumination model.This paperwill unfold how we proceededto implementan
AugmentedRealitySystemthatregistersvirtual objectsinto a totally uncalibrated
videosequenceof a realenvironmentthatmaycontainsomemoving parts.The
otherproblemsof occlusionandillumination will not bediscussedin this paper
but areleft asfutureresearchtopics.

1 Intr oduction

1.1 PreviousWork

Accurateregistrationof virtual objectsinto arealenvironmentis anoutspokenproblem
in AugmentedReality(AR).Thisproblemneedsto besolvedregardlessof thecomplex-
ity of thevirtual objectsonewishesto enhancethe real environmentwith. Both sim-
ple text annotationsandcomplex virtual mimicsof real-life objectsneedto beplaced
rigidly into therealenvironment.AugmentedRealitySystemsthatlackthis requirement
will demonstrateserious̀ jittering' of virtual objectsin the real environmentandwill
thereforefail to give theusera real-life impressionof theaugmentedoutcome.

Theregistrationproblemhasalreadybeentackledby severalresearchersin theAR-
domain.A generaldiscussionof all coordinateframesthatneedto be registeredwith
eachothercanbe found in [25]. Someresearchersuseprede�nedgeometricmodels
of real objectsin the environmentto obtain vision-basedobject registration[15,22,
27]. However, this delimits theapplicationof suchsystemsbecausegeometricmodels
of real objectsin a generalsceneare not always readily available.Other techniques
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havebeendevisedto make thecalibrationof thevideocameraobsoleteby usingaf�ne
objectrepresentations[16]. Thesetechniquesaresimpleandfastbut fail to provide a
realimpressionwhenprojectiveskew is dominantin thevideoimages.Thereforevirtual
objectscanbe viewed correctlyonly from large distanceswherethe af�ne projection
modelis almostvalid. Soit seemsthatthemost�e xible registrationsolutionsarethose
that don't dependon any a priori knowledgeof the real environmentandusethe full
perspectiveprojectionmodel.OurAR-Systembelongsto thisclassof �e xiblesolutions.

To further enhancethe real-life impressionof an augmentationthe occlusionand
illumination problemsneedto be solved.The solutionsto the occlusionproblemare
versatile.They differ in whethera 3D reconstructionof therealenvironmentis needed
or not [3, 5]. Also theillumination problemhasbeenhandledin differentways.A �rst
methodusesanimageof are�ectiveobjectat theplaceof insertionof thevirtual object
to getanideaof theincominglight at thatpoint [6]. A secondapproachobtainsthetotal
reconstructionof a 3D radiancedistribution by thesamemethodsusedto reconstruct
a 3D scene[19]. Anotherapproachconsistsof the approximationof the illumination
distributionby asphereof illuminationdirectionsat in�nity [20].

As ComputerGeneratedGraphicsof virtual objectsare mostly createdwith non
physically-basedrenderingmethods,techniquesthatuseimage-basedrenderingcanbe
appliedto incorporaterealobjectsinto anotherrealenvironment[23] to obtainrealistic
results.Image-basedrenderingis explainedin [7].

However, the`jittering' of virtualobjectsin therealenvironmentcandegradeseverely
the �nal augmentedresult,even if problemsof occlusionandillumination canbe re-
solved exactly. We focussedon developingan AR-Systemthat solvesthe registration
problemas a prerequisite.It is basedprimarily on a 3D reconstructionschemethat
extractsmotion andstructurefrom uncalibratedvideo imagesandusesthe resultsto
incorporatevirtual objectsinto therealenvironment.

1.2 Overview

In the �rst upcomingsectionwe will describethe motion andstructurerecovery al-
gorithm of the AR-System.Although the main goal is the recovery of motion of the
camerathroughoutthevideosequence,thesystemalsorecoversa crude3D structure
of the real environment.This canbe useful to handlefuture problemslike resolving
occlusionsandextractingtheilluminationdistributionof therealenvironment.We will
focuson themotionrecoveryabilitiesof theAR-System.

In a following sectionwe will discusstheuseof the recoveredmotionparameters
andthe3Dstructureto registervirtualobjectswithin therealenvironment.Thisinvolves
usingthecrude3D representationof therealenvironmentwhich we obtainasanextra
from themotionrecovery algorithm.Dense3D reconstructionof therealenvironment
is notnecessarybut mayproveusefulfor futuresolutionsto theocclusionproblem.

Anothersectionwill giveanoverview of the�nal AR-algorithm.We will �nish by
showing resultsof theAR-Systemon someapplicationsandby indicatingfuturework
to bedonein orderto upgradetheAR-System.
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2 Motion and Structure Recovery

2.1 Preliminaries

As input to theAR-Systemwecantaketotally uncalibratedvideosequences.Thevideo
sequencesareneitherpreprocessednor setup to containcalibrationframesor �ducial
markersin orderto simplify motion andstructurerecovery. Extra knowledgeon cali-
brationparametersof thevideocameracanbeusedto help theAR-Systemto recover
motionandstructurebut is notnecessaryto obtaingoodresults.

Thevideosequencesarenot requiredto betakenfrom a purelystaticenvironment.
As longasthemoving partsin therealenvironmentaresmallin thevideosequencethe
algorithmwill still beableto recovermotionandstructure.

2.2 Motion and Structur eRecovery Algorithm

Image FeaturesSelectionand Matching Recovery of motion in ComputerVision
is almostalways basedon tracking of featuresthroughoutimagesand usestheseto
determinemotion parametersof the cameraviewing the real environment.Features
comein all �a vourslike points,lines,curves[4] or regions[26]. The featureswe use
aretheresultof theHarrisCornerDetectoralgorithm[9] appliedto eachimageof our
inputvideosequence.Theresultconsistsof pointsor cornersin theimagesdetermining
wheretheimageintensitychangessigni�cantly in two orthogonaldirections.

We end up with corners in eachimageof the video sequencebut theseare still
unmatchedfrom one imageto another. We needto matchthem in different images
in order to extract motion information.An initial setof possiblematchingcornersis
constructedusingasmallsearchregionaroundeachcornerlooking for cornersin other
imageswhichhavea largenormalizedintensitycross-correlationwith thecornerunder
scrutiny. Correspondingor matchingcornersareconstrainedthroughepipolargeometry
to lie oneachothersepipolarline. This constraintcanbeexpressedin termsof a linear
equationbetweenthetwo imagesonewishesto matchthecornersfrom:

����� F �������
	 � (1)

where ���
	 �����������������

� and ����	 �����������������

� denotehomogeneousimagecoor-
dinatesof matchingcornersin the�rst andsecondimage.F ��� is a � �!� singularmatrix
whichdescribestheepipolargeometrybetweenthetwo images.Theepipolarline from
corner ��� in image2 andfrom corner ��� in image1 canbewritten down respectively
as:

F �

���

���"	 � and (2)

F ���#��� 	 � (3)

Usingequation(1) eachpossiblematchbetweencornersfrom thetwo imagesadds
a constrainton theelementsof thematrix F ��� . Extraconstraintscanbesuperimposed
onF ��� dueto its singularnatureandbecauseit canonly bedeterminedupto ascalefac-
tor aswe areworking with homogeneousimagecoordinates.Severalalgorithmshave
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beendevisedto determinereliablematchesbetweenthecornersof two images.These
matchesleadto a reasonableconsistentF ��� , which meansthat equation(1) returnsa
smallresidualerrorfor animportantfractionof thepresumedmatches.Thedetermina-
tion of this particularsetof matchesis achievedby a RANSAC algorithm[12] which
determinesF ��� from trial matchesandadditionalconstraintsof singularityandscala-
bility. Oncea goodinitial F ��� is obtainedit is optimizedusingall consistentmatches
andaLevenberg-Marquardt optimizationtechnique.

As longasthemoving partsin therealenvironmentaresmallin thevideosequence
theRANSAC algorithmwill treatcornersbelongingto thesemoving partsasoutliers.
They will beproperlydiscardedin thedeterminationof thematrixF ��� andthematching
corners.

Initializing Motion andStructur eRecovery Oncecornermatchesbetweentwo initial
imagesarefound,they canbeusedto initialize motionandstructurerecovery from the
videosequence.

Therelationbetweena 3D structurepoint andits projectionontoan imagecanbe
describedby a linearrelationshipin homogeneouscoordinates:

����� P��� (4)

in which � 	 ��� �
	 ��� ����� and � � 	 ���
� ����� �����

� are the homogeneouscoor-
dinatesof the3D structurepoint andits projectiononto image � respectively. P � is a

�
��� matrixwhichdescribestheprojectionoperationand` � ' denotesthatthisequality
is valid up to a scalefactor.

Thetwo initial imagesof thesequenceareusedto determineareferenceframe.The
world frameis alignedwith thecameraof the�rst image.Thesecondcamerais chosen
sothattheepipolargeometrycorrespondsto theretrieved �

��� .
�

�"	 � ������� � ��� �

�

� 	 � �"! �������

�

���$# ! ����%'& ��()! ���*�

(5)

where �"! ������� indicatesthevectorproductwith ! ��� . Equation(5) is not completelyde-
terminedby theepipolargeometry(i.e. �

��� and ! ��� ), but has4 moredegreesof freedom
(i.e. % and ( ). % determinesthepositionof thereferenceplane(this correspondsto the
planeat in�nity in anaf�ne or metric frame)and ( determinestheglobalscaleof the
reconstruction.To avoid someproblemsduringthereconstructionit is recommendedto
determine% in suchawaythatthereferenceplanedoesnotcrossthescene.Our imple-
mentationusesan approachsimilar to the quasi-Euclideanapproachproposedin [2],
but the focal lengthis chosenso that mostof the pointsarereconstructedin front of
the cameras1. This approachwas inspiredby Hartley's cheirality [10]. Sincethereis

1 Thequasi-Euclideanapproachcomputestheplaneat in�nity basedonanapproximatecalibra-
tion. Although this canbeassumedfor mostintrinsic parameters,this is not thecasefor the
focal length.Severalvaluesof thefocal lengtharetriedoutandfor eachof themthealgorithm
computesthe ratio of reconstructedpoints that are in front of the camera.If the computed
planeat in�nity –basedon a wrong estimateof the focal length–passesthroughthe object,
thenmany pointswill endup behindthecameras.This procedureallows usto obtaina rough
estimateof thefocal lengthfor theinitial views.
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no way to determinethe global scalefrom the images,( canarbitrarily be chosento
( 	 � .

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

Updating Motion and Structur eRecovery To obtainthematrixP or thecorrespond-
ing motionof thecamerafor all otherimagesin thevideosequenceadifferentstrategy
is usedthantheonedescribedin theprevioussection.

Firstwetakeanimagefor whichthecorrespondingmatrixP hasalreadybeencom-
putedandretrieve the 2D-3D matchesbetweencornersin that imageandthe recon-
structed3D structurepoints.Secondlywe take anotherimageof which we only have
thecorners.With ourRANSAC algorithmwecomputethematrixF andcornermatches
betweenboth images.Using cornermatchesbetweencornersin image ���

� andim-
age � andmatchesbetweencornersin image ���

� and3D structurepoints,we obtain
matchesbetweencornersin 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 noticethatthematrixF servesnolongerto extractmatrices
P, but merelyto identify cornermatchesbetweendifferentimages.

Usingthepreviously reconstructed3D structurepointsto determineP for thenext
image,we ensurethat this matrix P is situatedin thesameprojective frameasall pre-
viously reconstructedP's. New 3D structurepointscanbe initialized with the newly
obtainedmatrix P. In this way the reconstructed3D environmentwhich oneneedsto
computeP of thenext imageis updatedon eachstep,enablingusto moveall arounda
realobjectin a 3D environmentif necessary.

In this mannermotion andstructurecanbe updatediteratively. However the next
imageto becalibratedcannotbechosenwithoutcare.Supposeonechoosestwo images
betweenwhich onewantsto determinecornermatches.If theseimagesare`too close'
to eachother, e.g. two consecutive imagesin a video sequence,the computationof
the matrix F and thereforethe determinationof the cornermatchesbetweenthe two
imagesbecomesanill-conditionedproblem.Evenif thematchescouldbefoundexactly
the updatingof motion and structureis ill-conditionedas the triangulationof newly
reconstructed3D pointsis very inaccurateasdepictedin �gure 2.

We resolved this problemby running throughthe video sequencea �rst time to
build up anaccuratebut crude3D reconstructionof therealenvironment.Accuracy is
obtainedby usingkeyframeswhich areseparatedsuf�ciently from eachother in the
videosequence.See�gure 3. Structureandmotionareextractedfor thesekeyframes.
In thenext stepeachunprocessedimageis calibratedusingcornermatcheswith thetwo
keyframesbetweenwhich it is positionedin thevideosequence.For thesenew images
no new 3D structurepointsarereconstructedasthey will probablybe ill-conditioned
dueto theclosenessof thenew imageunderscrutiny andits neighbouringkeyframes.
In this way a crudebut accurate3D structureis built up in a �rst passalongwith the
calibrationof the keyframes.In a secondpass,every other imageis calibratedusing
the2D-3D cornermatchesit haswith its neighbouringkeyframes.This leadsto botha
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Fig.2. left: If the imagesarechosentoo closeto eachotherthe positionandorientationof the
camerahasn't changedmuch.Uncertaintiesin theimagecornersleadto a largeuncertaintyellip-
soidaroundthereconstructedpoint.Right: If imagesaretakenfurtherapartthecameraposition
andorientationmaydiffer morefrom oneimageto thenext, leadingto smalleruncertaintyonthe
positionof thereconstructedpoint.
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robustdeterminationof the reconstructed3D environmentandthecalibrationof each
imagewithin thevideosequence.

Fig.3. The small dotson the backgroundrepresentthe recoveredcrude3D environment.The
largerdarkspotsrepresentcamerapositionsof keyframesin thevideostream.Thelighter spots
representthecamerapositionsof theremainingframes.

Metric Structur e and Motion Even for an uncalibratedcamerasomeconstraintson
theintrinsiccameraparametersareoftenavailable.For example,if thecamerasettings
are not changedduring recording,the intrinsic parameterswill be constantover the
sequence.In general,thereis no skew on the image,theprincipalpoint is closeto the
centerof the imageandtheaspectratio is �x ed(andoftencloseto one).For a metric
calibrationthe factorizationof theP-matricesshouldyield intrinsic parameterswhich
satisfytheseconstraints.

Self-calibrationthereforeconsistsof �nding a transformationwhich allows theP-
matricesto satisfyasmuchaspossibletheseconstraints.Most algorithmsdescribedin
theliteraturearebasedon theconceptof theabsoluteconic[8,24,18].

The presentedapproachusesthe methoddescribedin [18]. The absoluteconic �

is an imaginaryconic locatedin the planeat in�nity
���

. Both entitiesare the only
geometricentitieswhich areinvariantunderall Euclideantransformations.The plane
at in�nity andtheabsoluteconicrespectively encodetheaf�ne andmetricpropertiesof
space.This meansthatwhenthepositionof

���

is known in a projective framework,
af�ne invariantscanbemeasured.Sincetheabsoluteconicis invariantunderEuclidean
transformationsits imageonlydependsontheintrinsiccameraparameters(focallength,
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...) andnot on theextrinsic cameraparameters(camerapose).Thefollowing equation
appliesfor thedualimageof theabsoluteconic:

���

��� �

�

�

&

� (6)

where �

� is an uppertriangularmatrix containingthecameraintrinsicsfor image � .
Equation(6) showsthatconstraintsontheintrinsiccameraparametersarereadilytrans-
latedto constraintsonthedualimageof theabsoluteconic.Thisimageis obtainedfrom
theabsoluteconicthroughthefollowing projectionequation:

���

�

�

�

���

�

�

&

� (7)

where �

�

is the dual absolutequadricwhich encodesboth the absoluteconic andits
supportingplane,the planeat in�nity . The constraintson �

�

� can thereforebe back-
projectedthroughthis equation.Theresultis a setof constraintson thepositionof the
absoluteconic(andtheplaneat in�nity).

Our systems�rst usesa linear methodto obtainan approximatecalibration.This
calibrationis then re�ned througha non-linearoptimizationstepin a secondphase.
More detailson this approachcanbefoundin [17].

3 AugmentedVideo

3.1 Virtual Object Embedding

Resultsobtainedin theprevioussectioncanbe usedto mergevirtual objectswith the
input videosequence.Onecanimport the �nal calibrationof eachsingleimageof the
videosequenceandthereconstructedcrude3D environmentinto a ComputerGraphics
Systemto generateaugmentedimages.

In a ComputerGraphicsSystemvirtual camerascanbe instantiatedwhich corre-
spondto theretrievedcalibrationsof eachimage.Theimagecalibrationsincludetrans-
lation,rotation,focal length,principalpointandskew of theactualrealcamerathattook
theimageatthattime.TypicallyComputerGraphicsSystemsdonotsupportskew of the
camera.Thiscaneasilybeadaptedin thesoftwareof theComputerGraphicsSystemby
includingaskew transformationafterperformingthetypicalperspectivetransformation
asexplainedin [13]. We useVTK [21] asourComputerGraphicsPackage.Thevirtual
camerascannow beusedto createimagesof virtual objects.

Thesevirtual objectsneedto beproperlyregisteredwith thereal3D environment.
This is achievedin thefollowing manner. Firstvirtual objectsareplacedroughlywithin
the3Denvironmentusingits crudereconstruction.Finetuningof thepositionisachieved
by viewing theresultof a roughpositioningby severalvirtual camerasandoverlaying
therenderingresultsfrom thesevirtual camerason their correspondingreal imagesin
thevideosequence.See�gure 4. Usingspeci�c featuresin therealvideo imagesthat
werenot reconstructedin thecrude3D environmenta betterand�nal placementof all
virtual objectscanbeobtained.Notethatat this stageof the implementationwe don't
take into accountocclusionswhenrenderingvirtual objects.
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Fig.4. The AR-interface: In the top right the virtual objectscanbe roughly placedwithin the
crudereconstructed3D environment.Theresultof thisplacementcanbeviewedinstantaneously
onsomeselectedimages.
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3.2 Virtual Object Merging

After satisfactoryplacementof eachsinglevirtual objectthevirtual cameracorrespond-
ing to eachimageis usedto producea virtual image.Thevirtual objectsarerendered
againsta backgroundthat consistsof the original real image.By doing so the virtual
objectscanberenderedwith anti-aliasingtechniquesusingthecorrectbackgroundfor
mixing.

4 Algorithm Overview

In this sectionthedifferentstepstakenby ourAR-Systemaresummarized:

step1 : Theinitializationstep.Taketwo imagesfrom thevideosequenceto initialize a
projective framein which bothmotionandstructurewill bereconstructed.During
this initializationphasebothimagesareregisteredwithin this frameandpartof the
3D environmentis reconstructed.Onehasto makesuretheseimagesarenot taken
toocloseor toofarapartasthiswill leadto ill conditions.This is doneby imposing
a maximumanda minimum separation(countingnumberof frames)betweenthe
two images.The �rst imagepair conformingto theseboundsthat leadsto a good
F-matrix is selected.

step2 : Take the last imageprocessedandanotherimagefurther into the video se-
quencethat still needsregistering.Again theseimagesaretaken not too closeor
too farapartwith thesameheuristicmethodasappliedin step1.

step3 : Cornermatchesbetweentheseimagesandthe 2D-3D matchesfrom the al-
readyprocessedimageareusedto construct2D-3D matchesfor the imagebeing
registered.

step4 : Usingthesenew 2D-3DmatchesthematrixP for thisimagecanbedetermined.
step5 : UsingP new 3D structurepointscanbereconstructedfor lateruse.
step6 : If theendof thevideosequenceis not reached,returnto step2.

Now only keyframesthatarequitewell separatedhavebeenprocessed.Theremain-
ing framesareprocessedin a mannersimilar to step3 and4.

step7 : For eachremainingframethecornermatchesof thekeyframesbetweenwhich
it liesandtheir 2D-3Dmatchesareusedto obtain2D-3Dmatchesfor this frame.

step8 : Similar to step4, thematrix P of theseframescanbecalculated.Howeverno
additional3D structurepointsarereconstructed.

Now all framesareregisteredandvirtual objectscanbe placedinto the realenvi-
ronmentasdescribedin section3.

step9 : First thevirtual objectsareroughlyplacedwithin therealenvironmentusing
its crude3D reconstructionobtainedin previoussteps.

step10 : Finetuningof thepositionsof thevirtual objectsis doneby seeingtheresult
overlaidonsomeselectedimagesandadjustingthevirtual objectsuntil satisfactory
placementis obtained.
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5 Examples

We �lmed a sequenceof a pillar standingin front of our department.Using the AR-
Systemwe placeda virtual box on top of this pillar. Note that by doing so we didn't
have to solve theocclusionproblemfor now asthebox wasnever occludedsincewe
werelookingdown ontothepillar. TheAR-Systemperformedquitewell. The`jittering'
of thevirtual boxon topof thepillar is still noticeablebut verysmall.See�gure 5.

Fig.5.A virtual box is placedontopof arealpillar. `Jittering' is still noticeablein theaugmented
videosequencebut is very small.

Anotherexampleshows a walk througha street.Thecameramotionof theperson
takingthe�lm wasfar from smooth.HowevertheAR-Systemmanagedto registereach
camerapositionquitewell. See�gure 6.

A third exampleshowsanotherstreetscenebut with a personwalking aroundin it.
Despitethis moving realobjectthemotionandstructurerecovery algorithmextracted
thecorrectcameramotion.See�gure 7.

All videoexamplescanbefoundat
http://www.esat.kuleuven.ac.be/� kcorneli/smile2.

6 Future Research

It is clearthattheproposedAR-Systemcanbefurtherenhanced.Onecantry to reduce
the`jittering' of virtual objectsby consideringdifferenttechniques.E.g. incorporation
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Fig.6. A streetscene:Thevirtual box seemsto stay�rmly in placedespitethejaggednatureof
thecameratrajectory.

Fig.7.Anotherstreetscene:Despitethemoving personthemotionof thecameracanbeextracted
andusedfor augmentingtherealenvironmentwith virtual objects.
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of restrictionsonthepathfollowedby therealcameracanbeusedto obtainasmoother
pathoutlinedby the virtual cameras.This leadsto a smoothermotion of the virtual
objectsin theaugmentedvideoandcanthereforegive moreappealingresultsthanthe
abruptjumpsin motionof noisyvirtual camerapositions.Anotherapproachto reduce
`jittering' usesreal imageinformation in the neighbourhoodof the virtual objectsto
lock it onto a real object.The latter techniqueis not useful in the casewhenvirtual
objectsaremeantto �y , �oat or movearoundin therealenvironment.

The virtual objectsusedto augmentthe real environmentcanbe the resultof an
earlier3D reconstructionof realobjects.A realvasecouldbemodeledin a �rst 3D re-
constructionstepandthe resultusedasvirtual object to be placedon top of the real
pillar. In this way expensive or fragile objectsdon't needto be handledphysicallyto
obtainthedesiredvideo.Onecanjust useits 3D modelinsteadandplaceit anywhere
onewantsin a realenvironment.E.g.relicsor statuespresentlypreservedin museacan
beplacedbackin their original surroundingwithout endangeringthepreciousoriginal.
This canbeappliedin producingdocumentariesor evena real-timeAR-Systemat the
archaeologicalsiteitself.

After the registrationproblemis solved in a satisfactoryway we will dive into the
occlusionandillumination problemswhich arestill left to be solved andprove to be
verychallenging.

A topic which seemsinterestingis to simulatephysicalinteractionsbetweenreal
andvirtual objects.A simpleform maybeto implementacollisiondetectionalgorithm
which canhelpuswhenplacingvirtual objectsontoa surfaceof therealenvironment
for easypositioningof thevirtual objects.

7 Conclusion

In this paperwe presentedan AR-Systemwhich solves the registrationproblemof
virtual objectsinto a video sequenceof a real environment.It consistsof two main
parts.

The �rst part tries to recover motion andstructurefrom the imagesin the video
sequence.Thismotionandstructurecanbeprojectivebut is upgradedto 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 part to
con�gure a ComputerGraphicsSystemin orderto placevirtual objectsinto the input
videosequence.

Theinput to theAR-Systemis a videosequencewhich canbetotally uncalibrated.
No specialcalibrationframesor �ducial markersareusedin the retrieval of motion
andstructurefrom the video sequence.Also the video sequencedoesnot have to be
oneof a purely staticreal environment.As long asthe moving partsin the video se-
quencearesmall themotion andstructurerecovery algorithmwill treatthesepartsas
outliers(RANSAC) andthereforewill discardthemcorrectly in the determinationof
motion andstructure.The ComputerGraphicsSystemusedfor renderingthe virtual
objectsis adaptedto usegeneralcamerasthatincludeskew of imagepixels.

ThepresentAR-Systemis far from complete.Futureresearchefforts will bemade
to solveocclusionandilluminationproblemswhicharecommonin AugmentedReality.
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Discussion

1. KostasDaniilidis, University of Pennsylvania: Whenyouhaveasimpletask,like
in yourcaseinsertingacube,it is notnecessaryto computeaEuclideanreconstruc-
tion. Thereis otherwork, seeKutulakosandVallino [1], which describessystems
thatjust assumescaledorthographicprojections.
Kurt Cornelis: I think that's true,but we arealsoaimingat building a Euclidean
reconstructionwith whichwecan�nally interactin awaythatweareusedto in the
realworld.Wemightwantto computeatrajectoryof anobjectin areal-lifemanner.
I don't seehow you caneasilycalculatethe equivalent trajectoryin a projective
reconstruction.We arethinking now of futureapplications,sowe wantto obtaina
Euclideanreconstructionin advance.
Mar c Pollefeys: It is simplerto put a virtual objectin the scenewhenthemetric
structureis available.In this caseonly 7 parameters(correspondingto a similarity
transformation)have to beadjusted,while for insertionin a projective reconstruc-
tion 15 parametersneedto beadjusted.Someof theseparametersarenot asintu-
itive to adjustasrotations,translationandscale.Soif theinformationfor a metric
upgradeis in theimages,it is betterto takeadvantageof it.

2. KyrosKutulakos,University of Rochester: I de�nitely agreewith you that Eu-
clideanreconstructionisveryimportant.But I thinkyoushoulddistinguishbetween
augmentedreality systemswherethe input is live video, real-time,and systems
whereyou areworking on recordedvideo. I'm wonderingif you could comment
onhow easyit wouldbeto do this in real-time?
Kurt Cornelis: Thesystemhasbeendesignedfor off-line processingof recorded
video. The computationalrequirementsto dealwith hand-heldmarkerlessvideo
dataexceedthe capabilitiesof real-timesystems.Furthermorethe currentimple-
mentationis working with keyframesandrelieson their availability from thestart.
Theproposedapproachwould thusnot besimpleto adaptto work with real-time
videostreams.

3. Andr ew Fitzgibbon, University of Oxford: You note that jitter is low, but in a
systemsuchasthis, you wouldn't expectto get jitter becauseyou are�tting into
the image.However, you would expectto getdrift becauseerrorsarebeingaccu-
mulatedover time.To whatextentis drift anissue?
Kurt Cornelis: I haven't reallyconsidereddrift. Thevideosequencesyousaw were
actuallyquiteshort.SoI think therewasnotenoughtimeto experiencedrift. I think
it is goodto investigatethis for longersequencesandseewhatit gives.Thankyou
for thecomment.

4. Richard Szeliski,Micr osoft: It wasinterestingto hearthatyouthoughtyouhadto
modelskew. You couldn't live with a computergraphicspackagethatdidn't allow
that.I thoughtI heardtheotherspeakerssaythatwe agreetheskew is zerofor all
practicalpurposes.That'swhy I wantedto hearyourcomment.
Kurt Cornelis: As I said,themetricupdateis notgoingto beperfect.Thecameras
obtainedafter this updatearestill goingto have somesmall skew andwe want to
beableto modelthis.
Mar c Pollefeys: We planto put a bundleadjustmentin thesystemandenforcethe
skew to bezero.Thiswasjusta �rst implementationandit waseasierto twist VTK
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to handleskew than to implementbundleadjustmentjust to seeif the systemis
workingwell. If zero-skew is enforcedwithoutbundleadjustment,it will introduce
jitter in theaugmentedvideo,becausetheprojectionmatricesaremodi�ed without
taking theeffect on thereprojectionerror into account.Themetric reconstruction
canbe off by a few degreescomparedto the true scenebut this is in generalnot
visible. Notethatbundleadjustmentwill probablyreducethis error, but therewill
alwaysbesomeerror.

5. JeanPonce,University of Illiniois at Urbana-Champaign: Concerningprojec-
tiveversusmetricreconstruction,I think it dependsontheapplication.Forexample,
with yourcubethatyouareplacingagainstthewall, youcanjustputsomemarkers
onthewall andtrackthem.They form anaturalway to dotheinterface.But maybe
for medicalapplicationlikesurgery, a metricreconstructionis moreneeded.
Kurt Cornelis: I totally agree,it dependson theapplicationat hand.

6. Kyros Kutulakos, University of Rochester: I don't think I agreewith Jeanor
Kostas,you cancertainlyput objectsin the sceneprojectively but you cannotdo
shadingprojectively. Sounlessyouwantto renderimageswhereyouhavesurfaces
thathave �at texture,whichwaswhatI did, renderingamirroringspherewouldbe
veryhardto doprojectively.
Andr ewZisserman,University of Oxford (comment): After auto-calibrationthere
maybesomeslight residualprojectiveskew in 3D (betweenthereconstructionand
ground-truth).Theeffectof this is thatobjectsinsertedinto theimageswill havea
slight skew, but this might not beverynoticeable.Thesamewith lighting errors,a
smallerrorin thenormalsbecauseof projectiveskew maynotbeverynoticeable.
Mar c Pollefeys: In this caseI do not fully agreewith Kyros. We certainlyneed
metricstructureto getthelighting andotherthingscorrect,but by correctlyinsert-
ing a virtual object(which is a metricobject)in a projective reconstructionwe do
in factcarryouta calibration.
KostasDaniilidis, University of Pennsylvania: I talkedaboutaf�ne andnot pro-
jectivereconstructionwhichcomesto whatRick Szeliskiindicatedearlier—thatwe
shouldestablishsomemetricsfor thepeoplefor whomwe aregoingto solve these
things,whetheraf�ne reconstructionis important,whetherthe drift is important,
whetherthe jittering is themostimportantaspect?This would benice to quantify
somehow.
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