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ABSTRACT

Modeling of three-dimensional(3D) objectsfrom imagesequencesis a challengingproblemandhasbeena research
topic for many years.Importanttheoreticalandalgorithmicresultswereachievedthatallow to extractevencomplex 3D
modelsof scenesfrom sequencesof images.Onerecenteffort hasbeento reducetheamountof calibrationandto avoid
restrictionson thecameramotion. In this contribution anapproachis describedwhich achievesthis goalby combining
state-of-the-artalgorithmsfor uncalibratedprojectivereconstruction,self-calibrationanddensecorrespondencematching.

1 INTRODUCTION

Obtaining3D modelsfrom objectsis an ongoingresearchtopic. A few yearsago the main applicationswere robot
guidanceandvisual inspection.Nowadayshowever the emphasisis shifting. Thereis moreandmoredemandfor 3D
modelsin computergraphics,virtual realityandcommunication.Thisresultsin achangein emphasisfor therequirements.
Thevisualqualitybecomesoneof themainpointsof attention.Theacquisitionconditionsandthetechnicalexpertiseof
theusersin thesenew applicationdomainscanoftennot bematchedwith the requirementsof existing systems.These
requireintricatecalibrationproceduresevery time the systemis used. Thereis an importantdemandfor �e xibility in
acquisition.Calibrationproceduresshouldbeabsentor restrictedto a minimum. Additionally, theexisting systemsare
oftenbuilt aroundspecializedhardware(e.g.laserrangescannersor stereorigs) resultingin ahighcostfor thesesystems.
Many new applicationshowever requirerobustlow costacquisitionsystems.Thisstimulatestheuseof consumerphoto-
or videocameras.

Other researchershave presentedsystemsfor extracting3D shapeand texture from imagesequencesacquiredwith a
freely moving camera.The approachof TomasiandKanade(1992)usedan af�ne factorizationmethodto extract 3D
from imagesequences.An importantrestrictionof this systemis theassumptionof orthographicprojection.Debevecet
al.(1996)proposeda systemthatstartsfrom anapproximate3D modelandcameraposesandre�nes themodelbasedon
images.View dependenttexturing is usedto enhancerealism.Theadvantageis thatonly a restrictednumberof images
arerequired.On theotherhanda preliminarymodelmustbeavailableandthegeometryshouldnotbetoocomplex.

In thispaperwepresenta systemwhich retrievesa 3D surfacemodelfrom a sequenceof imagestakenwith off-the-shelf
consumercameras.The useracquiresthe imagesby freely moving the cameraaroundthe object. Neitherthe camera
motion nor the camerasettingshave to be known. The obtained3D model is a scaledversionof the original object
(i.e. a metricreconstruction),andthesurfacetextureis obtainedfrom theimagesequenceaswell. Our systemusesfull
perspective camerasanddoesnot requireprior modelsnor calibration. The completesystemcombinesstate-of-the-art
algorithmsto solve thedifferentsubproblems:projectivereconstruction, self-calibrationanddensedepthestimation.

ProjectiveReconstruction: It hasbeenshown by Faugeras(1992)andHartley etal. (1992)thatareconstructionupto an
arbitraryprojectivetransformationwaspossiblefrom anuncalibratedimagesequence.Sincethena lot of effort hasbeen
put in reliably obtainingaccurateestimatesof theprojective calibrationof an imagesequence.Robustalgorithmswere
proposedto estimatethe fundamentalmatrix from imagepairs,e.g. Torr (1995)or Zhanget al. (1995). Basedon this,
algorithmswhichsequentiallyretrievestheprojectivecalibrationof acompleteimagesequencehavebeendeveloped,e.g.
Beardsley etal. (1997).

Self-Calibration: Sincea projective calibrationis not suf�cient for many applications,researcherstried to �nd waysto
automaticallyupgradeprojectivecalibrationsto metric(i.e. Euclideanup to scale).Typically, it is assumedthatthesame
camerais usedthroughoutthe sequenceandthat the intrinsic cameraparametersareconstant.This proveda dif�cult
problemandmany researchershave workedon it (Faugeraset al., 1992,Hartley, 1993,Pollefeys andVanGool, 1999,
Triggs,1997).Oneof themainproblemsis thatcritical motionsequencesexist for which self-calibrationdoesnot result
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in auniquesolution(Sturm,1997).Recentlyamorepragmaticapproach(Pollefeysetal, 1999a)whichassumesthatsome
parametersare(approximately)known but which allows othersto vary wasproposed.Thereforethis approachcandeal
with zooming/focusingcameras.

DenseDepth Estimation: Sincethecalibrationof theimagesequencecanbeestimated,stereoscopictriangulationtech-
niquesbetweenimagecorrespondencescanbeusedto estimatedepth.Thedif�cult part in stereoscopicdepthestimation
is to �nd densecorrespondencemapsbetweentheimages.Thecorrespondenceproblemis facilitatedby exploiting con-
straintsderivedfrom thecalibrationandfrom someassumptionsaboutthescene.An approachthatcombineslocal image
correlationmethodswith a dynamicprogrammingapproachto constrainthecorrespondencesearchis used(Cox et al.,
1996,Koch,1996,Falkenhagen,1997). To obtaina betteraccuracy a multi-view approachwasdeveloped(Kochet al.,
1998).

This paperis organizedasfollows: In section2 a generaloverview of the systemis given. In the subsequentsections
thedifferentstepsareexplainedin moredetail: projective reconstruction(section3), self-calibration(section4), dense
matching(section5) andmodelgeneration(section6). Section7 concludesthepaper.

2 OVERVIEW OF THE METHOD

The presentedsystemgraduallyretrievesmoreinformationaboutthe sceneandthe camerasetup. The �rst stepis to
relatethedifferentimages.This is donepairwiseby retrieving theepipolargeometry. An initial reconstructionis then
madefor the�rst two imagesof thesequence.For thesubsequentimagesthecameraposeis estimatedin theprojective
framede�ned by the �rst two cameras.For every additionalimagethat is processedat this stage,the interestpoints
correspondingto pointsin previousimagesarereconstructed,re�ned or corrected.Thereforeit is not necessarythat the
initial pointsstayvisible throughoutthe entiresequence.The resultof this stepis a reconstructionof typically a few
hundredto a few thousandinterestpointsandthe(projective)poseof thecamera.Thereconstructionis only determined
up to a projectivetransformation.

The next stepconsistof restrictingthe ambiguityof the reconstructionto a metric one. In a projective reconstruction
not only the scene,but alsothe camerais distorted. Sincethe algorithmdealswith unknown scenes,it hasno way of
identifying this distortionin thereconstructionof thescene.Althoughthecamerais alsoassumedto beunknown, some
constraintson theintrinsic cameraparameters(e.g. rectangularor squarepixels,constantaspectratio,principalpoint in
themiddleof theimage,...) canoftenstill beassumed.A distortionon thecameramostlyresultsin theviolationof one
or moreof theseconstraints.A metricreconstruction/calibrationis obtainedby transformingtheprojectivereconstruction
until all theconstraintson thecamerasintrinsicparametersaresatis�ed.

At this point thesystemeffectively disposesof a calibratedimagesequence.Therelative positionandorientationof the
camerais known for all theviewpoints. This calibrationfacilitatesthesearchfor correspondingpointsandallows usto
usea stereoalgorithmthatwasdevelopedfor a calibratedsystemandwhich allows to �nd correspondencesfor mostof
thepixels in theimages.Fromthesecorrespondencesthedistancefrom thepointsto thecameracentercanbeobtained
throughtriangulation.Theseresultsarere�ned andcompletedby combiningthecorrespondencesfrom multiple images.

Finally, a densemetric3D surfacemodelis obtainedby approximatingthedepthmapwith a triangularwireframe.The
textureis obtainedfrom theimagesandmappedontothesurface.

In �gure 1 an overview of the systemis given. It consistsof independentmoduleswhich passon the necessaryinfor-
mationto thenext modules.The�rst modulecomputestheprojective calibrationof thesequencetogetherwith a sparse
reconstruction.In thenext modulethemetriccalibrationis computedfrom theprojective cameramatricesthroughself-
calibration. Thendensecorrespondencemapsareestimated.Finally all resultsareintegratedin a textured3D surface
reconstructionof thesceneunderconsideration.Throughouttherestof this paperthedifferentstepsof themethodwill
beexplainedin moredetail.

3 PROJECTIVE RECONSTRUCTION

At �rst theimagesarecompletelyunrelated.Theonly assumptionis thattheimagesform asequencein whichconsecutive
imagesdo not differ too much. Thereforethe local neighborhoodof imagepoints originating from the samescene
point shouldlook similar if imagesareclosein thesequence.This allows for automaticmatchingalgorithmsto retrieve
correspondences.Theapproachtakentoobtainaprojectivereconstructionis verysimilarto theoneproposedbyBeardsley
etal (1997).
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Figure1: Overview of thesystem(thecamerasarerepresentedby little pyramids,theresultsof thedensematchingare
accumulatedin densedepthmapswherelight meanscloseanddarkmeansfar).

3.1 Relating the Images

It is not feasibleto compareevery pixel of oneimagewith every pixel of the next image. It is thereforenecessaryto
reducethecombinatorialcomplexity. In additionnotall pointsareequallywell suitedfor automaticmatching.Thelocal
neighborhoodsof somepointscontaina lot of intensityvariationandarethereforeeasyto differentiatefrom others.The
Harriscornerdetector(HarrisandStephens,1988)is usedto selecta setof suchpoints.Correspondencesbetweenthese
imagepointsneedto beestablishedthrougha matchingprocedure.

Matchesaredeterminedthroughnormalizedcross-correlationof the intensityvaluesof the local neighborhood.Since
imagesaresupposednot to differ too much,correspondingpointscanbeexpectedto be foundbackin thesameregion
of theimage.Thereforeat �rst only interestpointswhich have similar positionsareconsideredfor matching.Whentwo
pointsaremutualbestmatchesthey areconsideredaspotentialcorrespondences.

Sincetheepipolargeometrydescribesthecompletegeometryrelatingtwo views, this is whatshouldberetrieved. Com-
puting it from the set of potentialmatchesthroughleastsquaresdoesin generalnot give satisfyingresultsdue to its
sensitivity to outliers.Thereforea robustapproachshouldbeused.Our systemincorporatestheRANSAC (Fischlerand
Bolles,1981)approachimplementedby Torr (1995).It consistof randomlyselectinga minimalsetof matches(i.e. 7 for
thefundamentalmatrix)andverifying theconsistenceof theothermatcheswith theobtainedsolution.This procedureis
repeateduntil a solutionis obtainedwith suf�cient support.Oncetheepipolargeometryhasbeenretrieved,onecanstart
looking for morematchesto re�ne this geometry. In this casethesearchregion is restrictedto a few pixelsaroundthe
epipolarlines.

3.2 Initial Reconstruction

Thetwo �rst imagesof thesequenceareusedto determinea referenceframe. Theworld frameis alignedwith the�rst
camera.The secondcamerais chosenso that the epipolargeometrycorrespondsto the retrieved
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Oncethecamerashavebeenfully determinedthematchescanbereconstructedthroughtriangulation.Theoptimalmethod
for this is givenin (Hartley andSturm,1997).Thisgivesusapreliminaryreconstruction.



ISPRS,Vol. XXXIII, Amsterdam,2000

M

P

image match

k

k
k-1

k-1

m
m

P
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3.3 Adding a View

For every additionalview theposetowardsthepre-existing reconstructionis determined,thenthe reconstructionis up-
dated.This is illustratedin �gure 2. The�rst stepsconsistsof �nding theepipolargeometryasdescribedin Section3.1.
Then,from theimagematcheswhichcorrespondto alreadyreconstructedpoints,2D-3Dmatchesareinferred.Theseare
usedto computethe projectionmatrix 8)/ . This is doneusinga robust proceduresimilar to the onefor retrieving the
epipolargeometry. In this casea minimal sampleof 6 matchesis neededto compute89/ . Once 8:/ hasbeendetermined
theprojectionof alreadyreconstructedpointscanbepredicted.Thisallows to �nd someadditionalmatchesto re�ne the
estimationof 8:/ . This meansthat thesearchspaceis graduallyreducedfrom the full imageto theepipolarline to the
predictedprojectionof thepoint. Oncethecameraprojectionmatrix hasbeendeterminedthereconstructionis updated.
Thisconsistsof re�ning, correctingor deletingalreadyreconstructedpointsandinitializing new pointsfor new matches.
This procedureonly relatestheimageto thepreviousimage.In fact it is implicitly assumedthatoncea point getsout of
sight, it will not comeback. Althoughthis is true for many sequences,it is certainlynot alwaysthecase.Therefore,in
somecasesit canbeinterestingto adapttheschemesothatmoreviews arematchedwith thenew view (Pollefeys,1999,
Kochetal.,1999).

Oncethis procedurehasbeenrepeatedfor all the images,onedisposesof cameraposesfor all theviews andtherecon-
structionof theinterestpoints. In thefurthermodulesmainly thecameracalibrationis used.Thereconstructionitself is
usedto obtainanestimateof thedisparityrangefor thedensestereomatching.

4 UPGRADING THE RECONSTRUCTION TO METRIC

Thereconstructionobtainedasdescribedin thepreviousparagraphis only determinedup to anarbitraryprojective trans-
formation. This might be suf�cient for someroboticsor inspectionapplications,but certainlynot for visualizationor
metrology. The systemusesa �e xible self-calibrationapproach(Pollefeys et al, 1999a,Pollefeys, 1999)to restrictthe
ambiguityon thereconstructionto metric(i.e. Euclideanup to scale).This approachallows theintrinsic cameraparam-
etersto vary during theacquisition.This featureis especiallyusefulwhenthecamerais equippedwith a zoomor with
auto-focus.

It is outsidethescopeof thispaperto discussthismethodin detail.Thegeneralconceptconsistof translatingconstraints
ontheintrinsiccameraparametersto constraintsontheabsoluteconic.Oncethisspecialconicis identi�ed, it canbeused
asa calibrationpatternto upgradethereconstructionto metric.Somereconstructionsbeforeandafter theself-calibration
stageareshown. Theleft partof �gure 3 givesthereconstructionbeforeself-calibration.Thereforeit is only determined
uptoanarbitraryprojectivetransformationandmetricpropertiesof thescenecannotbeobservedfromthisrepresentation.
Theright partshowstheresultafterself-calibration.At thispoint thereconstructionhasbeenupgradedto metric.

5 DENSEDEPTH ESTIMATION

In thepreviousstepsonly a few scenepointswerereconstructed.Obtaininga densereconstructioncouldbeachievedby
interpolation,but in practicethis doesnot yield satisfactoryresults.Smallsurfacedetailswould never bereconstructed
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Figure3: Reconstructionbefore(left) andafter(right) self-calibration.

Figure4: Original imagepair (left) andrecti�ed imagepair (right).

in this way. Additionally, someimportantfeaturesareoftenmissedduringthecornermatchingandwould thereforenot
appearin the reconstruction.Theseproblemscanbe avoidedby usingalgorithmswhich estimatecorrespondencesfor
almosteverypoint in theimages.Becausethereconstructionwasupgradedto metric,algorithmsthatweredevelopedfor
calibratedstereorigscanbeused.

5.1 Recti�cation

Sincethecalibrationbetweensuccessive imagepairswascomputed,theepipolarconstraintthat restrictsthecorrespon-
dencesearchto a 1-D searchrangecanbeexploited. Imagepairsarewarpedso thatepipolarlinescoincidingwith the
imagescanlines. Thecorrespondencesearchis thenreducedto a matchingof theimagepointsalongeachimagescan-
line. Thisresultsin adramaticincreaseof thecomputationalef�ciency of thealgorithmsby enablingseveraloptimizations
in thecomputations.

For somemotions(i.e. whentheepipoleis locatedin theimage)standardrecti�cation basedon planarhomographiesis
not possibleanda moreadvancedprocedureshouldbeused.Theapproachusedin thepresentedsystemwasproposed
in (Pollefeysetal. 1999b).Themethodcombinessimplicity with minimal imagesizeandworksfor all possiblemotions.
Thekey ideais to usepolarcoordinateswith theepipoleasorigin. A minimaimagesizeis achievedby computingthe
anglebetweentwo consecutiveepipolarlinesto have theworstcasepixel on theline preserve its area.�gure 4 showsan
imagepairandtheassociatedrecti�ed imagepair.

5.2 DenseStereoMatching

In additionto theepipolargeometryotherconstraintslikepreservingtheorderof neighboringpixels,bidirectionalunique-
nessof thematch,anddetectionof occlusionscanbeexploited. Theseconstraintsareusedto guidethecorrespondence
towardsthemostprobablescan-linematchusinga dynamicprogrammingscheme(Falkenhagen,1997).

For densecorrespondencematchinga disparityestimatorbasedon thedynamicprogrammingscheme(Cox etal., 1996),
is employed that incorporatesthe above mentionedconstraints.It operateson recti�ed imagepairswherethe epipolar
lines coincidewith imagescanlines. The matchersearchesat eachpixel in the �rst imagefor maximumnormalized
crosscorrelationin the otherimageby shifting a small measurementwindow (kernelsize5x5 to 7x7 pixel) alongthe
correspondingscanline. The selectedsearchstepsize (usually1 pixel) determinesthe searchresolution. Matching
ambiguitiesareresolvedby exploiting theorderingconstraintin thedynamicprogrammingapproach(Koch,1996).The
algorithmwas further adaptedto employ extendedneighborhoodrelationshipsand a pyramidalestimationschemeto
reliablydealwith very largedisparityrangesof over50%of imagesize(Falkenhagen,1997).This algorithmthatwasat
�rst developedfor calibratestereorigs couldeasilybeusedfor our purposessinceat this stagethenecessarycalibration
informationhadalreadybeenretrievedfrom theimages.



ISPRS,Vol. XXXIII, Amsterdam,2000

Figure5: Densedepthmap(light meansnearanddarkmeansfar).

5.3 Multi View Matching

The pairwisedisparityestimationallows to computeimageto imagecorrespondencebetweenadjacentrecti�ed image
pairs,andindependentdepthestimatesfor eachcameraviewpoint. An optimal joint estimateis achievedby fusing all
independentestimatesinto a common3D model.Thefusioncanbeperformedin aneconomicalway throughcontrolled
correspondencelinking. Theapproachutilizesa �e xible multi viewpointschemewhichcombinestheadvantagesof small
baselineandwide baselinestereo(Koch et al., 1998). The resultof this procedureis a very densedepthmap. Most
occlusionproblemsareavoidedby linking correspondencesfrom up anddown thesequence.An exampleof sucha very
densedepthmapis givenin �gure 5.

6 BUILDING THE MODEL

Thedensedepthmapsascomputedby thecorrespondencelinking mustbeapproximatedby a 3D surfacerepresentation
suitablefor visualization. For this purposea triangularmeshis overlaidon top of the depthmapandthe trianglesare
backprojectedin spaceaccordingto thedepthof thevertices.Theoriginal imageitself canbeusedasatextureto enhance
realism.Notethatin thiscasetheproblemof registeringthetexturewith the3D modelis trivial. To avoid highlightsand
otherartefactswhichcouldbepresentin thereferenceimagearobusttexturecanbebuild-upthroughthesameschemeas
wasusedto re�ne depthin theprevioussection.This is describedmorein detailin (Kochetal.,1998).

An exampleof theresultingmodelcanbeseenin �gure 6. Somemoreviews of thereconstructionaregivenin �gure 7.
To furtherillustratethe�e xibility of thesystemasecondexampleis given.The5 imagesseenin �gure 8 weretakenwith
a simplephotocameraandtransferedto a PhotoCD.Featurepointswereextractedandmatchedautomaticallybetween
theseimagesandthecalibrationwasobtainedasdescribedin this paper. Next, a full surfacemodelwascomputedfrom
this. Theseresultsareillustratedin �gure 9. Due to the �e xibility of the system,it could for examplealsobe usedto
reconstructscenesfrom pre-existing video(Pollefeys, 1999)or to obtainthecalibrationrequiredto constructplenoptic
models(Kochetal.,1999).

7 CONCLUSION

An automatic3D scenemodelingtechniquewasdiscussedthat is capableof building modelsfrom uncalibratedimage
sequences.Thetechniqueis ableto extractmetric3D modelswithoutany prior knowledgeaboutthesceneor thecamera.
The calibrationis obtainedby assuminga rigid sceneand someconstraintson the intrinsic cameraparameters(e.g.
squarepixels).Futureresearchwill try to dealwith morewidely separatedviewsandto obtaina betteraccuracy through
maximumlikelihoodestimation.Work alsoremainsto be doneto get morecompletemodelsby fusing the partial 3D
reconstructions.

ACKNOWLEDGMENTS

We wish to acknowledgethe �nancial supportof theBelgianIUAP 24/02'ImechS' projectandof the ITEA99002BE-
YOND projectthatis supportedby the�emish district - IWT.



ISPRS,Vol. XXXIII, Amsterdam,2000

Figure6: 3D surfacemodelobtainedautomaticallyfrom anuncalibratedimagesequence,shaded(left), textured(right).

Figure7: Somedetailedviewsof thereconstructedcastlemodel.

Figure8: Photographswhich were usedto generatea 3D modelof a part of a Jain templeof Ranakpur.

Figure9: Reconstructionof interestpointsandcameras(left), twodetail viewsof thereconstructedmodel(right).



ISPRS,Vol. XXXIII, Amsterdam,2000

REFERENCES

Beardsley, P., Zisserman,A., andMurray, D., 1997.SequentialUpdatingof ProjectiveandAf�ne Structurefrom Motion,
Int. J.of ComputerVision,23(3),pp.235-259.

Cox,I., Hingorani,S.,andRao,S.,1996.A MaximumLikelihoodStereoAlgorithm,ComputerVisionandImageUnder-
standing,63(3).

Debevec, P., Taylor, C., and Malik, J., 1996. Modeling and RenderingArchitecturefrom Photographs:A Hybrid
Geometry-andImage-BasedApproach,Proc.ACM Siggraph.

Falkenhagen,L., 1997.HierarchicalBlock-BasedDisparity EstimationConsideringNeighbourhoodConstraints.Proc.
Int. WorkshoponSNHCand3D Imaging.

Faugeras,O., 1992.Whatcanbeseenin threedimensionswith anuncalibratedstereorig, ComputerVision - ECCV'92,
LNCS,Vol. 588,Springer-Verlag,pp.563-578.

Faugeras,O., Luong,Q.-T., andMaybank,S.,1992.Cameraself-calibration:Theoryandexperiments,ComputerVision
- ECCV'92,LNCS,Vol. 588,Springer-Verlag,pp.321-334.

Fischler, M., andBolles, R., 1981.RANdom SAmpling Consensus:a paradigmfor model �tting with applicationto
imageanalysisandautomatedcartography, Commun.Assoc.Comp.Mach.,24,pp.381-95.

Harris,C., andStephens,M., 1988.A combinedcornerandedgedetector, FourthAlvey VisionConference,pp.147-151.

Hartley, R., Gupta,R., andChang,T., 1992.Stereofrom UncalibratedCameras,Proc.IEEE Conf. on ComputerVision
andPatternRecognition,pp.761-764.

Hartley, R.,1994.Euclideanreconstructionfrom uncalibratedviews,in : J.L.Mundy, A. Zisserman,andD. Forsyth(eds.),
Applicationsof Invariancein ComputerVision,LNCS,Vol. 825,Springer-Verlag,pp.237-256.

Hartley, R.,andSturm,P., 1997.Triangulation,ComputerVisionandImageUnderstanding,68(2),pp.146-157.

Koch, R., 1996, AutomatischeOber�achenmodellierungstarrer dreidimensionalerObjekte aus stereoskopischen
Rundum-Ansichten,PhD thesis,University of Hannover, Germany, 1996alsopublishedasFortschritte-BerichteVDI,
Reihe10,Nr.499,VDI Verlag,1997.

Koch,R.,Pollefeys,M., andVanGool,L., 1998.Multi ViewpointStereofrom UncalibratedVideoSequences.Computer
Vision- ECCV'98,LNCS,1406,Springer-Verlag,pp.55-71.

Koch,R., Pollefeys, M., Heigl, B., VanGool, L., andNiemann,H., 1999.Calibrationof Hand-heldCameraSequences
for PlenopticModeling,Proc.Int. Conf.onComputerVision,IEEEComputerSocietyPress,pp.585-591.

Pollefeys, M., and Van Gool, L., 1999.Strati�ed self-calibrationwith the modulusconstraint,IEEE Transactionson
PatternAnalysisandMachineIntelligence,21 (8), pp.707-724.

Pollefeys, M., 1999.Self-calibrationandmetric 3D reconstructionfrom uncalibratedimagesequences,Ph.D.Thesis,
ESAT-PSI,K.U.Leuven.

Pollefeys,M., Koch,R., andVanGool,L., 1999(a).Self-CalibrationandMetric Reconstructionin spiteof Varyingand
Unknown InternalCameraParameters,Int. J.of ComputerVision,32(1),pp.7-25.

Pollefeys,M., Koch,R.,andVanGool,L., 1999(b). A simpleandef�cient recti�cation methodfor generalmotion,Proc.
Int. Conf.onComputerVision,IEEEComputerSocietyPress,pp.496-501.

Sturm,P., 1997.Critical Motion Sequencesfor MonocularSelf-CalibrationandUncalibratedEuclideanReconstruction,
Proc.Conf.onComputerVisionandPatternRecognition,IEEEComputerSoc.Press,pp.1100-1105.

Tomasi,C. andKanade,T., 1992.Shapeandmotionfrom imagestreamsunderorthography:A factorizationapproach,
Int. J.of ComputerVision,9(2),pp.137-154.

Torr, P., 1995.Motion SegmentationandOutlierDetection,PhDThesis,Dept.of Engineering,Univ. of Oxford.

Triggs,B., 1997.TheAbsoluteQuadric,Proc.Conf.on ComputerVisionandPatternRecognition,IEEEComputerSoc.
Press,pp.609-614.

Zhang,Z., Deriche,R., Faugeras,O., andLuong,Q.-T., 1995.A robusttechniquefor matchingtwo uncalibratedimages
throughtherecoveryof theunknown epipolargeometry, Arti�cial IntelligenceJ.,pp.87-119.


