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ABSTRACT

Modeling of three-dimensional(3D) objectsfrom imagesequencesis a challengingproblemandhasbeena researchtopic
for many years.Importanttheoreticalandalgorithmicresultswereachievedthatallow to extractevencomplex 3D modelsof
scenesfrom sequencesof images.Onerecenteffort hasbeento reducetheamountof calibrationandto avoid restrictionsonthe
cameramotion.In thiscontributionanapproachis describedwhichachievesthisgoalby combiningstate-of-the-artalgorithms
for uncalibratedprojectivereconstruction,self-calibrationanddensecorrespondencematching.

Keywords: 3D reconstruction,structure-from-motion,imagesequences,camera(self-)calibration

1. INTRODUCTION

Obtaining3D modelsfrom objectsis anongoingresearchtopicin computervision. A few yearsagothemainapplicationswere
robot guidanceandvisual inspection.Nowadayshowever the emphasisis shifting. Thereis moreandmoredemandfor 3D
modelsin computergraphics,virtual realityandcommunication.Thisresultsin achangein emphasisfor therequirements.The
visualquality becomesoneof themainpointsof attention.Theacquisitionconditionsandthetechnicalexpertiseof theusers
in thesenew applicationdomainscanoftennot bematchedwith therequirementsof existingsystems.Theserequireintricate
calibrationproceduresevery time thesystemis used.Thereis an importantdemandfor �e xibility in acquisition.Calibration
proceduresshouldbeabsentor restrictedto a minimum. Additionally, theexisting systemsareoftenbuilt aroundspecialized
hardware(e.g. laserrangescannersor stereorigs) resultingin a high costfor thesesystems.Many new applicationshowever
requirerobustlow costacquisitionsystems.Thisstimulatestheuseof consumerphoto-or videocameras.

Otherresearchershavepresentedsystemsfor extracting3D shapeandtexturefrom imagesequencesacquiredwith a freely
movingcamera.Theapproachof TomasiandKanade)+* usedanaf�ne factorizationmethodtoextract3D from imagesequences.
An importantrestrictionof this systemis theassumptionof orthographicprojection.Debevec,Taylor andMalik , proposeda
systemthatstartsfrom anapproximate3D modelandcameraposesandre�nes themodelbasedon images.View dependent
texturing is usedto enhancerealism.Theadvantageis thatonly a restrictednumberof imagesarerequired.On theotherhand
a preliminarymodelmustbeavailableandthegeometryshouldnotbetoocomplex.

In this paperwe presenta systemwhich retrievesa 3D surfacemodelfrom a sequenceof imagestakenwith off-the-shelf
consumercameras.Theuseracquiresthe imagesby freely moving thecameraaroundtheobject. Neitherthecameramotion
nor the camerasettingshave to be known. The obtained3D model is a scaledversionof the original object (i.e. a metric
reconstruction),andthesurfacetextureis obtainedfrom theimagesequenceaswell.

Oursystemusesfull perspectivecamerasanddoesnotrequireprior modelsnorcalibration.Thecompletesystemcombines
state-of-the-artalgorithmsof differentdomains:projectivereconstruction, self-calibrationanddensedepthestimation.

ProjectiveReconstruction: It hasbeenshown by Faugeras- andHartley . thatareconstructionupto anarbitraryprojective
transformationwaspossiblefrom anuncalibratedimagesequence.Sincethena lot of effort hasbeenput in reliablyobtaining
accurateestimatesof theprojective calibrationof an imagesequence.Robustalgorithmswereproposedto estimatethe fun-
damentalmatrix from imagepairs(e.g. Ref. 27 or 29). Basedon this, algorithmswhich sequentiallyretrievestheprojective
calibrationof acompleteimagesequencehavebeendeveloped(e.g.Ref.1).

Self-Calibration: Sincea projective calibrationis not suf�cient for many applications,researcherstried to �nd waysto
automaticallyupgradeprojective calibrationsto metric (i.e. Euclideanup to scale). Typically, it is assumedthat the same
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camerais usedthroughoutthesequenceandthattheintrinsic cameraparametersareconstant.This proveda dif�cult problem
andmany researchershaveworkedon it (SeeRef.6,10,19and28). Oneof themainproblemsis thatcritical motionsequences
exist for whichself-calibrationdoesnotresultin auniquesolution(for moredetails,seeRef.25).Weproposedamorepragmatic
approach)0/ which assumesthatsomeparametersare(approximately)known but which allows othersto vary. Thereforethis
approachcandealwith zooming/focusingcameras.

DenseDepth Estimation: Sincethecalibrationof theimagesequencehasbeenestimatedwecanusestereoscopictriangu-
lationtechniquesbetweenimagecorrespondencesto estimatedepth.Thedif�cult partin stereoscopicdepthestimationis to �nd
densecorrespondencemapsbetweentheimages.Thecorrespondenceproblemis facilitatedby exploiting constraintsderived
from thecalibrationandfrom someassumptionsaboutthescene.We useanapproachthatcombineslocal imagecorrelation
methodswith a dynamicprogrammingapproachto constrainthecorrespondencesearch(seeRef.13). This techniquewas�rst
proposedby Cox) andfurtherdevelopedby Koch12) andFalkenhagen.3

This paperis organizedasfollows: In section2 a generaloverview of thesystemis given. In thesubsequentsectionsthe
differentstepsareexplainedin moredetail: projective reconstruction(section3), self-calibration(section4), densematching
(section5) andmodelgeneration(section6). Section7 concludesthepaper.

2. OVERVIEW OF THE METHOD

Thepresentedsystemgraduallyretrievesmoreinformationaboutthesceneandthecamerasetup.The�rst stepis to relatethe
differentimages.This is donepairwiseby retrieving theepipolargeometry. An initial reconstructionis thenmadefor the�rst
two imagesof thesequence.For thesubsequentimagesthecameraposeis estimatedin theprojectiveframede�nedby the�rst
two cameras.For every additionalimagethatis processedat this stage,theinterestpointscorrespondingto pointsin previous
imagesarereconstructed,re�ned or corrected.Thereforeit is not necessarythat the initial pointsstayvisible throughoutthe
entiresequence.For sequenceswherepointscandisappearandreappear, it canne necessaryto matchthe imagesto other
imagesthanthepreviousone.Thealgorithmwasadaptedto ef�ciently dealwith this. Theresultof thisstepis a reconstruction
of typically a few hundredto a few thousandinterestpointsandthe(projective)poseof thecamera.Thereconstructionis only
determinedup to a projectivetransformation.

The next stepis to restrict the ambiguityof the reconstructionto a metric one. In a projective reconstructionnot only
thescene,but alsothecamerais distorted.Sincethealgorithmdealswith unknown scenes,it hasno way of identifying this
distortionin thereconstruction.Althoughthecamerais alsoassumedto beunknown,someconstraintson theintrinsiccamera
parameters(e.g. rectangularor squarepixels,constantaspectratio, principalpoint in themiddleof the image,...) canoften
still be assumed.A distortionon the cameramostly resultsin the violation of oneor moreof theseconstraints.A metric
reconstruction/calibrationis obtainedby transformingthe projective reconstructionuntil all the constraintson the cameras
intrinsicparametersaresatis�ed.

At this point the systemeffectively disposesof a calibratedimagesequence.The relative positionandorientationof the
camerais known for all theviewpoints.This calibrationfacilitatesthesearchfor correspondingpointsandallows usto usea
stereoalgorithmthatwasdevelopedfor a calibratedsystemandwhichallows to �nd correspondencesfor mostof thepixelsin
theimages.Fromthesecorrespondencesthedistancefromthepointsto thecameracentercanbeobtainedthroughtriangulation.
Theseresultsarere�ned andcompletedby combiningthecorrespondencesfrom multiple images.

A densemetric3D surfacemodelis obtainedby approximatingthedepthmapwith a triangularwireframe.Thetextureis
obtainedfrom theimagesandmappedontothesurface.

In Fig. 1 anoverview of thesystemis given.It consistsof independentmoduleswhichpassonthenecessaryinformationto
thenext modules.The�rst modulecomputestheprojective calibrationof thesequencetogetherwith a sparsereconstruction.
In thenext modulethemetriccalibrationis computedfrom theprojectivecameramatricesthroughself-calibration.Thendense
correspondencemapsareestimated.Finally all resultsareintegratedin a textured3D surfacereconstructionof thesceneunder
consideration.

Throughoutthe restof this paperthedifferentstepsof themethodwill beexplainedin moredetail. An imagesequence
of theArenberg castlein Leuvenwill beusedfor illustration. Someimagesof this sequencecanbeseenin Fig. 2. The full
sequenceconsistsof 25 imagesrecordedwith a videocamera.
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Figure1. Overview of thesystem:from theimagesequence( 46587�9;:$< ) theprojectivereconstructionis computed;theprojection
matrices= arethenpassedon to the self-calibrationmodulewhich deliversa metric calibration = > ; the next moduleuses
theseto computedensedepthmaps?@587A90:$< ; all theseresultsareassembledin the lastmoduleto yield a textured3D surface
model. On theright sidetheresultsof thedifferentmodulesareshown: thepreliminaryreconstructions(bothprojective and
metric)arerepresentedby point clouds,thecamerasarerepresentedby little pyramids,the resultsof thedensematchingare
accumulatedin densedepthmaps(light meanscloseanddarkmeansfar).



Figure 2. Image0,8,16and24 of theArenberg castlesequence.This sequenceis usedthroughoutthis paperto illustratethe
differentstepsof thereconstructionsystem.

Table1. Robustestimationof theepipolargeometryfrom asetof matchescontainingoutliersusingRANSAC ( = OKindicates
theprobabilitythattheepipolargeometryhasbeencorrectlyestimated).

B repeat

- take minimal sample (7 matches)

- compute C

- estimate DFEHGJIKEMLON�P

until = OK5HDFEQGJI8EMLRN�P%9TSFUMNREMVWIXPY< Z�[]\^D

B refine C (using all inliers)

3. PROJECTIVE RECONSTRUCTION

At �rst the imagesarecompletelyunrelated.The only assumptionis that the imagesform a sequencein which consecutive
imagesdonotdiffer toomuch.Thereforethelocalneighborhoodof imagepointsoriginatingfrom thesamescenepointshould
look similar if imagesareclosein thesequence.This allows for automaticmatchingalgorithmsto retrieve correspondences.
Theapproachtakento obtaina projectivereconstructionis verysimilar to theoneproposedby Beardsley etal (seeRef.1).

3.1. Relating the Images

It is not feasibleto compareeverypixel of oneimagewith everypixel of thenext image.It is thereforenecessaryto reducethe
combinatorialcomplexity. In additionnotall pointsareequallywell suitedfor automaticmatching.Thelocalneighborhoodsof
somepointscontaina lot of intensityvariationandarethereforeeasyto differentiatefrom others.TheHarriscornerdetector_
is usedto selecta setof suchpoints.Correspondencesbetweentheseimagepointsneedto beestablishedthrougha matching
procedure.

Matchesare determinedthroughnormalizedcross-correlationof the intensityvaluesof the local neighborhood.Since
imagesaresupposednot to differ too much,correspondingpointscanbeexpectedto befoundbackin thesameregion of the
image.Thereforeat �rst only interestpointswhich have similar positionsareconsideredfor matching.Whentwo pointsare
mutualbestmatchesthey areconsideredaspotentialcorrespondences.

Sincetheepipolargeometrydescribesthecompletegeometryrelatingtwo views,this is whatshouldberetrieved.Comput-
ing it from thesetof potentialmatchesthroughleastsquaresdoesin generalnot givesatisfyingresultsdueto its sensitivity to
outliers.Thereforea robustapproachshouldbeused.Severaltechniqueshavebeenproposed)+`ba )+. basedon robuststatistics.)0,

Our systemincorporatestheRANSAC (RANdomSAmplingConsesus)` approachusedby Torr et al.)+` Table1 sketchesthis
technique.

Oncetheepipolargeometryhasbeenretrieved,onecanstartlooking for morematchesto re�ne thisgeometry. In thiscase
thesearchregion is restrictedto a few pixelsaroundtheepipolarlines.
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3.2. Initial Reconstruction

Thetwo �rst imagesof thesequenceareusedto determineareferenceframe.Theworld frameis alignedwith the�rst camera.
Thesecondcamerais chosensothattheepipolargeometrycorrespondsto theretrieved C
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determinestheglobalscaleof thereconstruction.To avoid someproblemsduringthereconstruction(dueto theviolation
of thequasi-Euclideanassumption),it is recommendedto determineIH•€90I8•�90I8ƒ in sucha way thattheplaneat in�nity doesnot
crossthe scene.Our implementationusesan approachsimilar to the quasi-Euclideanapproachproposedin, 1 but the focal
lengthis chosensothatmostof thepointsarereconstructedin front of thecameras.This approachwasinspiredby Hartley's
cheirality12/ andtheorientedprojectivegeometryintroducedby Laveau.12- Sincethereis noway to determinetheglobalscale
from theimages,
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Oncethecamerashavebeenfully determinedthematchescanbereconstructedthroughtriangulation.Theoptimalmethod
for this is givenin Ref.11. Thisgivesusa preliminaryreconstruction.

3.3. Adding a View

For every additionalview the posetowardsthe pre-existing reconstructionis determined,thenthe reconstructionis updated.
This is illustratedin Fig. 3. The �rst stepsconsistsof �nding the epipolargeometryasdescribedin Section3.1. Thenthe
matcheswhich correspondto alreadyreconstructedpointsareusedto computetheprojectionmatrix

j

d . This is doneusing
a robust proceduresimilar to the onelaid out in Table1. In this casea minimal sampleof 6 matchesis neededto compute

j

d . Once
j

d hasbeendeterminedtheprojectionof alreadyreconstructedpointscanbepredicted.This allows to �nd some
additionalmatchesto re�ne theestimationof

j

d . This meansthat thesearchspaceis graduallyreducedfrom thefull image
to theepipolarline to thepredictedprojectionof thepoint. This is illustratedin Fig. 4. Oncethecameraprojectionmatrixhas
beendeterminedthereconstructionis updated.Thisconsistsof re�ning, correctingor deletingalreadyreconstructedpointsand
initializing new pointsfor new matches.
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Figure 4. (a) a priori searchrange,(b) searchrangealongtheepipolarline and(c) searchrangearoundthepredictedposition
of thepoint.

Oncethisprocedurehasbeenrepeatedfor all theimages,onedisposesof cameraposesfor all theviewsandthereconstruc-
tion of the interestpoints. In the furthermodulesmainly the cameracalibrationis used. The reconstructionitself is usedto
obtainanestimateof thedisparityrangefor thedensestereomatching.

3.4. Relating to Other Views

Theproceduretoaddaview describedin theprevioussectiononly relatestheimageto thepreviousimage.In factit is implicitly
assumedthatoncea point getsout of sight,it will not comeback.Althoughthis is truefor many sequences,it is certainlynot
alwaysthecase.For somehand-heldsequencesthecameracanbeusedto recordtheappearanceof theobjectfrom all around.
Often the camerawill be moved backandforth to scanthe viewing sphereof the object. With the traditionalschemethis
would imply thatnew 3D pointskeepbeinginstantiated.This will not immediatelycauseproblems,but sincefor thesystem
thesetwo 3D pointsareunrelatednothingenforcestheir positionto correspond.This is especiallycrucial for longerimage
sequenceswheretheerrorsaccumulate.It resultsin a degradedcalibrationor evencausesthe failureof thealgorithmaftera
certainnumberof views.

A possiblesolutionconsistsof relatingeverynew view with all previousviewsusingtheprocedureof Section3.1. It is clear
that this would requirea considerablecomputationaleffort. We proposea morepragmaticapproach.This approachworked
well on somecaseswe worked on. Let Š

j�‹

be the initial estimateof the cameraposeobtainedasdescribedin the previous
section.A criterionis thenusedto de�ne which viewsarecloseto theactualview. All thesecloseviews arematchedwith the
actualview (asdescribedin Section3.1).For everycloseview asetof potential2D-3Dcorrespondencesis obtained.Thesesets
aremergedandthecameraprojectionmatrix

jF‹

is reestimatedusingthesamerobustprocedureasdescribedin theprevious
section.

4. UPGRADING THE RECONSTRUCTION TO METRIC

Thereconstructionobtainedasdescribedin thepreviousparagraphis only determinedupto anarbitraryprojectivetransforma-
tion. Thismightbesuf�cient for someroboticsor inspectionapplications,but certainlynot for visualization.

Thesystemusestheself-calibrationmethoddescribedin Ref.17,21to restricttheambiguityonthereconstructionto metric
(i.e. Euclideanup to scale).This �e xible self-calibrationtechniqueallows theintrinsic cameraparametersto vary duringthe
acquisition.This featureis especiallyusefulwhenthecamerais equippedwith azoomor with auto-focus.

It is outsidethescopeof this paperto discussthis methodin detail. Thegeneralconceptconsistof translatingconstraints
on theintrinsiccameraparametersto constraintson theabsoluteconic.Oncethisspecialconicis identi�ed, it canbeusedasa
calibrationpatternto upgradethereconstructionto metric.

Somereconstructionsbefore andafter theself-calibrationstageareshown. Thetop partof Fig. 5 givesthereconstruction
beforeself-calibration.Thereforeit is only determinedupto anarbitraryprojectivetransformationandmetricpropertiesof the
scenecannot beobservedfrom this representation.Thebottompartof Fig. 5 shows the resultafterself-calibration.At this
point thereconstructionhasbeenupgradedto metric.

5. DENSEDEPTH ESTIMATION

Only a few scenepoints are reconstructedfrom featuretracking. Obtaininga densereconstructioncould be achieved by
interpolation,but in practicethis doesnot yield satisfactoryresults.Smallsurfacedetailswould never bereconstructedin this
way. Additionally, someimportantfeaturesareoftenmissedduringthecornermatchingandwould thereforenotappearin the
reconstruction.



Figure5. Reconstructionbefore(top)andafter(bottom)self-calibration.

Theseproblemscanbeavoidedby usingalgorithmswhich estimatecorrespondencesfor almosteverypoint in theimages.
Becausethereconstructionwasupgradedto metric,algorithmsthatweredevelopedfor calibratedstereorigscanbeused.

5.1. Recti�cation

Sincewehavecomputedthecalibrationbetweensuccessive imagepairswecanexploit theepipolarconstraintthatrestrictsthe
correspondencesearchto a 1-D searchrange. It is possibleto re-mapthe imagepair to standardgeometrywith theepipolar
linescoincidingwith the imagescanlines.1;) Thecorrespondencesearchis thenreducedto a matchingof the imagepoints
alongeachimagescan-line.This resultsin a dramaticincreaseof thecomputationalef�ciency of thealgorithmsby enabling
severaloptimizationsin thecomputations.

For somemotions(i.e. whentheepipoleis locatedin theimage)standardrecti�cation basedonplanarhomographiesis not
possibleandamoreadvancedprocedureshouldbeused.);3

Thesystemdescribedin thispaperusesanalternativeapproach(SeeRef.)0) ). Themethodcombinessimplicitywith minimal
imagesize andworks for all possiblemotions. The idea is to usepolar coordinateswith the epipoleas origin. Sincethe
ambiguity for the locationof matchingpoints in a pair of imagesis restrictedto half epipolarlines12- we only have to use
positivevaluesfor thelongitudinalcoordinate.Since(half-)epipolarline transferis fully describedby anorientedfundamental
matrix, this is all our methodneeds. The necessaryinformation is alsoeasilyextractedfrom (oriented)cameraprojection
matrices.Theanglebetweentwo consecutivehalf-epipolarlinesis computedto have theworstcasepixelspreservetheir area.
This is doneindependentlyfor everyhalf-epipolarline. This thereforeresultsin a minimal imagesize.

As an examplea recti�ed imagepair from the castleis shown for both the standardtechniqueandour new generalized
technique.Fig. 6 showstherecti�ed imagepair for bothmethods.



Figure6. Recti�ed imagepair for bothmethods:standardhomographybasedmethod(left), new method(right).

Figure7. Densedepthmap(light meansnearanddarkmeansfar).

5.2. DenseStereoMatching

In additionto theepipolargeometryotherconstraintslike preservingtheorderof neighboringpixels,bidirectionaluniqueness
of thematch,anddetectionof occlusionscanbeexploited.Theseconstraintsareusedto guidethecorrespondencetowardsthe
mostprobablescan-linematchusinga dynamicprogrammingscheme(SeeRef.4 for moredetails).

For densecorrespondencematchinga disparityestimatorbasedon the dynamicprogrammingschemeof Cox et al, ) is
employed that incorporatesthe above mentionedconstraints.It operateson recti�ed imagepairs 5X4

d
9+4TŒX< wherethe epipolar

linescoincidewith imagescanlines.Thematchersearchesateachpixel in image4�d for maximumnormalizedcrosscorrelation
in 4

Œ by shifting a smallmeasurementwindow (kernelsize5x5 to 7x7 pixel) alongthecorrespondingscanline. Theselected
searchstepsize •�? (usually1 pixel) determinesthesearchresolution.Matchingambiguitiesareresolvedby exploiting the
orderingconstraintin thedynamicprogrammingapproach(seeRef.12). Thealgorithmwasfurtheradaptedto employ extended
neighborhoodrelationshipsandapyramidalestimationschemeto reliablydealwith very largedisparityrangesof over50%of
imagesize(seeRef.4). This algorithmthatwasat �rst developedfor calibratestereorigs (SeeRef.12) couldeasilybeused
for ourpurposessinceat thisstagethenecessarycalibrationinformationhadalreadybeenretrievedfrom theimages.

5.3. Multi View Matching

Thepairwisedisparityestimationallows to computeimageto imagecorrespondencebetweenadjacentrecti�ed imagepairs,
andindependentdepthestimatesfor eachcameraviewpoint. An optimal joint estimateis achievedby fusingall independent
estimatesinto a common3D model. The fusioncanbeperformedin aneconomicalway throughcontrolledcorrespondence
linking. Theapproachutilizesa �e xible multi viewpoint schemewhich combinestheadvantagesof smallbaselineandwide
baselinestereo(seeRef.13). Theresultof this procedureis a very densedepthmap.Most occlusionproblemsareavoidedby
linking correspondencesfrom upanddown thesequence.An exampleof suchaverydensedepthmapis givenin Fig. 7.



6. BUILDING THE MODEL

Thedensedepthmapsascomputedby thecorrespondencelinking mustbeapproximatedby a3Dsurfacerepresentationsuitable
for visualization.Sofareachobjectpointwastreatedindependently. To achievespatialcoherencefor a connectedsurface,the
depthmapis spatiallyinterpolatedusingaparametricsurfacemodel.Theboundariesof theobjectsto bemodeledarecomputed
throughdepthsegmentation.In a �rst step,anobjectis de�ned asa connectedregion in space.Simplemorphological�ltering
removesspuriousandverysmall regions.Thena boundedthin platemodelis employedwith a secondordersplineto smooth
thesurfaceandto interpolatesmallsurfacegapsin regionsthatcouldnotbemeasured.

Thespatiallysmoothedsurfaceis thenapproximatedby a triangularwire-framemeshto reducegeometriccomplexity and
to tailor themodelto therequirementsof computergraphicsvisualizationsystems.Themeshtriangulationcurrentlyutilizes
thereferenceview only to build themodel.

Texturemappingonto the wire-framemodelgreatlyenhancesthe realismof the models.As texturemaponecould take
thereferenceimagetexturealoneandmapit to thesurfacemodel.However, thiscreatesa biastowardstheselectedimageand
imagingartifactslike sensornoise,unwantedspecularre�ectionsor theshadingof theparticularimageis directly transformed
onto theobject. A betterchoiceis to fusethe texture from the imagesequencein muchthesameway asdepthfusion. The
viewpointlinking buildsacontrolledchainof correspondencesthatcanbeusedfor textureenhancementaswell. Theestimation
of a robustmeantexturewill capturethestaticobjectonly andtheartifacts(e.g. specularre�ectionsor pedestrianspassingin
front of abuilding) aresuppressed.Thetexturefusioncouldalsobedoneona �ner grid, yieldingasuperresolutiontexture.1;*

An exampleof theresultingmodelcanbeseenin Fig. 8. Somemoreviews of thereconstructionaregivenin Fig. 9. To

Figure8. 3D surfacemodelobtainedautomaticallyfrom anuncalibratedimagesequence,shaded(left), textured(right).

furtherillustratethe�e xibility of thesystemasecondexampleis given.The5 imagesseenin Fig. 10weretakenwith a simple
photocameraandtransferedto aPhotoCD.Featurepointswereextractedandmatchedautomaticallybetweentheseimagesand
thecalibrationwasobtainedasdescribedin thispaper(seeFig. 11). Next, a full surfacemodelwascomputedfrom this. Some
detailsof thismodelcanbeseenin Fig. 12. Dueto the�e xibility of thesystem,it couldfor examplealsobeusedto reconstruct
scenesfrom pre-existingvideo)T1 or to obtainthecalibrationrequiredto constructplenopticmodels.123

7. CONCLUSION

An automatic3D scenemodelingtechniquewas discussedthat is capableof building modelsfrom uncalibratedimagese-
quences.Thetechniqueis ableto extractmetric3D modelswithout any prior knowledgeaboutthesceneor thecamera.The
calibrationis obtainedby assumingarigid sceneandsomeconstraintson theintrinsiccameraparameters(e.g.squarepixels).

Work remainsto bedoneto getmorecompletemodelsby fusingthepartial3D reconstructions.Thiswill alsoincreasethe
accuracy of themodelsandeliminateartifactsat theoccludingboundaries.



Figure9. Somedetailedviewsof thereconstructedcastlemodel.

Figure10. Photographswhich were usedto generatea 3D modelof a detailof a Jain templeof Ranakpur.
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