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ABSTRACT

We describea methodto completelyautomaticallyrecover

3D scenestructuretogethemvith 3D camergpositionsfrom a

sequencef imagesacquiredby anunknovn cameraunder

going unknovn movement. Unlike “tuned” systemswhich

usecalibrationobjectsor markersto recover this informa-
tion, andarethereforeoftenlimited to a particularscale the

approactof thispaperis moregenerabndcanbeappliedto a

large classof sceneslt is demonstratetierefor interior and
exterior sequencesising both controlled-motionand hand-
heldcameras.

The paperreviews ComputerVision researctinto structure
andmotionrecovery, providing a tutorial introductionto the

geometryof multiple views, estimationandcorrespondence
in video streams. The core method,which simultaneously

extractsthe 3D scenestructureand camerapositions,is ap-
pliedto theautomatedecovery of VRML 3D texturedmod-
elsfrom avideosequence.

1 INTRODUCTION

As virtual worldsdemandaver morerealistic3D models at-
tentionis beingfocussedn systemdhat canacquiregraph-
ical modelsfrom realobjects.This paperdescribes method
for processing sequencef imagesacquiredby anunknown
cameraundegoingunknavn movementto completelyauto-
maticallyrecover 3D scenestructuretogethemwith 3D cam-
erapositions.We employ StructureandMotion recoveryres-
ultsfrom thephotogrammetrandcomputewisionliterature,
whereit hasbeenshownn thatthereis suficientinformation
in perspectie projectionsof a staticcloud of 3D pointsand
linesto determinethe 3D structureaswell asthe camergo-
sitionsfromimage measuementsalone

The core systemis an automaticprocesswhich can be
thoughtof, at its simplest,as corvertinga camcorderto a
sparserangesensor Togetherwith more standardgraph-
ical post-processinguchastriangulationof sparse3D point
andline sets,andtexture mappingfrom images the system
becomes “VHS to VRML” corverter— to acquirea real-
istic modelof a 3D scenea usermustsimply videoit. The
primary applicationis asa simple,automatic,accurateand
guick meansf modelacquisitionto populatevirtual worlds.
Figurel shavs a schematioverview of thesystem.

{awf , az}@ obot s. ox. ac. uk

Core: Simultaneous feature matching and geometry
estimation

Matchedfeatures3 x 4 projectionmatrices 3D structure

Postprocessing: Triangulatior/ Planefitting /
Photogrammetrgoftware
T | =

i P s e gy
13 isiols T Fweo)|

a1 VEDL, 77 polyzone tust o VML, 77 polyeons, taxt

Figurel: Overview of the system.Four framesfrom the 32-
frameinput video sequenceare shovn at the top; views of
the automaticallyacquiredVRML modelare shovn at the
bottom.



Thekey advantageof theapproactwe adoptis thatnoin-
formationotherthantheimageshemselesis requireda pri-
ori: thecamergoseis computedautomaticallyfrom texture
in the viewed 3D scene so that neithercalibrationpatterns
nor 3D controlpointsarerequired.

1.1 Background

Although the generalframework for uncalibratedstructure
from motionhasbeenin placefor sometime [6, 14, 17] only
recentlyhave generalacquisitionsystemsomenearto be-
comingareality. Thisis becaus@combinatiorof imagepro-
cessingprojective geometryfor multiple views [13, 23, 25],

androbust statisticalestimation[28, 29] hasbeenrequired
in orderto succeedat automatingstructureand motion al-

gorithms[1, 16)].

Tomasiand Kanade$ acquisitionsystem[26] hasmuch
in commonwith ours, taking uncalibratedviews and con-
verting them to 3D structure. However there are several
importantdifferences:first, a simplified projectionmodel
is used,in our casethe mostgeneralprojectionmodel ap-
plies. Significantperspectie effectsin the Kanadesystem
(giving rise to vanishingpoints etc) will degradethe res-
ults. Secondtheir systemusesa simplepointtracker to find
matchesanddoesnotemploy robuststatisticsandrigid geo-
metryfor tracking—thisseverelylimits cameramotionsand
thetypeof acquisitionscenes.

1.2 The scope of the approach

The limitations of the approactof this papercanessentially
besummarizedy sayingthattheimageamustbesuficiently
“interesting”"—if the scenehasno significanttexture (to be
definedmorepreciselylater),thenthefeaturebasednethods
we usewill have too few 2D measurementt work with;
and second that the cameramotion betweenimagesneeds
to berelatively small,in particularrotationaboutthe optical
axisshouldbelimited—otherwiseghecross-correlatiotech-
niguesusedto matchthe featuresbetweenimageswill fail.
Happily, this restrictedmotionis the typical motionbetween
framesof avideosequenceandthe systemis tunedfor such
data. We alsorequirethat the 3D scenebe largely static,
althoughsmallerindependentlymoving objects—shadaes,
highlights, passingcarsandthe like—aretoleratedbecause
of theuseof robuststatistics.

The advantageof a video sequencewherethe distance
betweercameracentreqthe baselinefor successie frames
issmall,is thatcorrespondendeetweersuccessieimagess
simplifiedbecaus¢heimagesaresimilarin appearancelhe
disadantages thatthe 3D structures estimategoorly due
to thesmallbaseline However, this disadwantages amelior
atedby trackingover mary views in thesequencesothatthe
effective baselines large. The accuratepositionof the 3D
point or line is thencomputedby a bundle adjustmen{24]
overall viewsin whichit appears.

2 THE CORE METHOD: CAMERAS FOR EACH
FRAME, AND 3D POINTSAND LINES

The coremethodis now described—theincalibratedstruc-
ture and motion algorithm. The core methodis automatic,
requiring no manualinterventionat ary stage. The house
sequenceof figure 1 will be usedto illustrate the method
throughouthis paper

The key ideasare that the imagesof 3D entities(points,
lines) satisfy relationshipswhich are inducedby the geo-
metry of camerasviewing a rigid scene[7, 15]. Thesere-
lationshipsarerepresentetby tensors;in the two-view case
the tensoris the fundamentaimatrix. Thesetensorscanbe
computedrom theimagecoordinate®f a sufficientnumber
of correspondingentitiesalone. The camerapositionsare
thendeterminedrom thetensorsandgiventhecamerasand
correspondencdke 3D structurecanberecovered.

Sections3to 5 describehecoresystemithe2D featureex-
tractionprocessthe geometryof multiple-view tensorsand
the statisticalestimationof thetensordrom the 2D features.

3 FEATURE EXTRACTION

In orderto recover the 3D entities, their 2D imagesmust
be extractedfrom the input sequence. Two typesof im-
ageprimitivesareused—interegpoints(“corners”)andline
segments—etractedindependentlyn eachframeof the se-
guenceusing standardcomputervision algorithms. These
algorithmshave the desirablepropertythatthe featureshey
produceare generallythe imagesof real 3D point andline
featuredn thescene.

Cornersaredetectedo sub-piel accurag usingthe Har-
ris corner detector[12]. Line segmentsare detectedby:
Canry edgedetectionat sub-pixel accurag[4]; edgelink-
ing; segmentatiorof the chainat high curvaturepoints;and
finally, straightline fitting to the resultingchain sgments.
The straightline fitting is by orthogonalregressionwith a
tight toleranceto ensurethat only actualline sggmentsare
extracted,.e. thatcurvesarenot piecaviselinearapproxim-
ated. Furtherimplementationdetailsare givenin [1], and
examplesareshawvn in figure 2b.

4 THE GEOMETRY OF MULTIPLE VIEWS: RE-
VIEW

We work in projective 2- and 3- space,representinggeo-
metric objectsin homogeneousoordinates. In general
bold uppercasds usedfor homogeneoug-vectorsX =
(x,v,z,1)T andbold lowercasefor image 3-vectorsx =
(z,y,1)T. Note that equationsinvolving homogeneous
primitivesaredefinedonly up to scale.Thisreview is based
onthefollowing papersaandbooks|2, 6, 9, 13, 14, 15, 1§].

Per spective Projection A cameramapsa pointin 3D to
a 2D imageplane. The mappingis perspectie (or central)
projection,andis representethy a 3 x 4 projectionmatrix,
P, which projectsa 3D point X toits 2D imagex:

x = PX Q)



Figure2: Image triplet processing: The workhorseof the
system, corverting a passie, uncalibrated,camerainto a
sparsgangesensar(a) Thefirst threeimagesof a 32-image
sequenc&herethe cameracircumnaigatesatoy house.(b)

Point (white) andline (grey) featuresxtractedfrom the se-
guence. (c) featuresmatchedacrossthesethreeviews. (d)

Visualizationof therecosered3D structureandcameras.

The 3 x 4 projectionmatrix has 12 elementsbut is only
definedup to an overall scale(becausét appearsn homo-
geneougquations)andsohasonly 11 degreesof freedom.
It may be computedfrom the correspondencef 6 or more
3D pointsandtheirimages.Thenull-spaceof P, i.e. C such
thatPC = 0, is thecentreof projectionof the camera.

Multiple-View Geometry Supposéherearen views,with
the cameragepresentedby projectionmatrices{P;}?~,. A
3D point X will projectto a (different)2D pointx; = P;X
in eachview. These2D pointsarecorrespondingeatures—
they areimagesof the same3D feature. It is assumedal-
waysthatthescends rigid, thatis theworld doesnotdeform
betweernviews. Thenthemotionof the cameranducesmul-
tiple view relationswhich aresatisfiedby ary corresponding
imagepoints. Correspondindines aredefinedin ananalog-
ousmanneyagainwith rigidity inducingmultiple view rela-
tionsfor lines. Themultiple view relationsfor two andthree
views aredescribedn thefollowing subsections.

4.1 Two-View Geometry: The Fundamental Matrix
Triangulation Supposehe projectionmatrices,P and P’
say areknown for two views, thenthe 3D point X canbe
computedrom itsimagesx andx’. Eachimagepointplaces
two constrainton X as

x = PX x' =P'X

Reconstructed 3D point

Know these rays in 3D

Figure 3: The principle of triangulation. The known pro-
jection matricesP and P’ back projectimage pointsto 3D
rays on which the 3D point lies. The 3D point positionis
recoveredby intersectingherays.

1. Seethis 2. Know it must
point be on this ray

3. So it must
be on this line

Figure4: The epipolarline of a point (in the first view) is
theimage(in thesecondview) of theray passinghroughthe
pointin thefirst. Thetwo imagedrom theexamplesequence
shav a pointx selectedn thefirst generatingheline Fx in
thesecond.Theepipolarline of the2D pointin thefirst view
passeshroughtheimageof the 3D pointin thesecondriew.
The F matrix for thesetwo views wascomputedautomatic-
ally by thealgorithmdescribedn section5.1.

andthesefour constraintgover) determineX. Thisis trian-
gulation, andis illustratedin Figure3. It is the basisfor all
algorithmswhichrecover 3D structurefrom 2D images.

Epipolar Geometry and the Fundamental Matrix The
imagesof a 3D pointin two views obey asimplelinearrela-
tionship.As shavnin figure4, correspondingointsmustlie
on eachothersepipolarlines This constraints represented
in homogeneousoordinatesisingthe fundamentamatrix

xTFx=0 2

whereF is a3 x 3 matrix of ranktwo. Thisis thebilinearre-
lation in the homogeneousoordinate®f the corresponding
pointsin two images.Theprojective geometryof this 2-view
relationis shavn in figure4.

Thefundamentamatrixis independentf thescenestruc-
ture X, dependingonly on the cameramotion andinternal
parametersMoreover, becausehe fundamentamatrix dir-
ectly relatesimagepoints, it canbe computedfrom image
correspondencesone: 7 point correspondencedetermine
F (thereareoneor threesolutions).In turn, from F, the pro-
jectionmatricesmay be determinedsubjectto the choiceof
anarbitrarybasisfor projective 3-space.

4.2 Threeview Geometry: The Trifocal Tensor

For atriplet of images/et theimageof a 3D point X bex!,
x2 andx? in thefirst, secondandthird imagesrespectiely,
andsimilarly theimagesof aline arel!, 12 and13.
Correspondingpointsin threeimages,andcorresponding
linesin threeimagessatisfytrilinear relationswhich areen-
capsulatedh thetrifocal tensor7, a3 x 3 x 3 homogeneous



Figure5: Trifocal geometry. Raysbackprojectedrom cor-
respondingmage pointsin the first and secondview inter-
sect,andthusdetermine the 3D point. The positionof the
correspondingpoint in the third view is computedby pro-
jecting this 3D point onto the image. Similarly lines back-
projectedrom thefirst andsecondmageintersectn the3D
line, the projectionof this line in 3-spacdo the third image
determinesdts imageposition.

Figure6: Trifocal linetransfer. Correspondinginesin the
first two images(the roof edgemarkedin black) predictthe
infinite line in the third.

tensor Usingthetensora point canbetransferredo athird
imagefrom correspondencen thefirst andsecond:

k=3 k=3

3 2 1 2 1

xp = x; E Tk Trji — 5 E z kTt
k=1 k=1

foralli,7 =1...3. Similarly, aline canbetransferredas

=3 k=3

0= LT

j=1 k=1

i.e. the sametensorcanbe usedto transferboth pointsand
lines. The geometryof these3-view relationsis shavn in
figures5 and®é.

The trifocal tensorcan be computedfrom 6 correspond-
ing imagepointsover 3 views (thereare one or threesolu-
tions). Giventheimagerelation7, the projectionmatrices
Py, P2, P53 for thethreeviews canbe extractedagainsubject
to thechoiceof basisin projective 3-space.

4.3 Recoveringthe 3D structureand cameras

Givena setof imagecorrespondencefx;} < {x}}, suffi-
cientto determinghefundamentammatrix, thecorresponding
objectspacecoordinate X;} maybecomputedupto aho-
mographyof 3-space.

In more detail supposehe Euclideancoordinatesf the
actual(i.e. true) setof pointsare X, thenfrom the image
correspondencdsetweentwo views alone,a projectie re-
constructiorX; canbeobtainedwhichis relatedto XF as

X; = HX}

whereH is a4 x 4 homographynatrix whichis unknavn but
the samefor all points. The cameramatricesof the recon-
structionarealsodeterminedip to the sameambiguity:

p—pEg! p — pE g1

wherethecamerasredefinedoy x; = PEXF, x! = pEXE
for the Euclideancoordinatesandx; = PX;, x; = P'X;
for the projective reconstruction.To remove this ambiguity

autocalibratioriechnique$8, 19 areused.

5 CORRESPONDENCE AND ESTIMATION: RE-
VIEW

In the following subsectionsve describetwo robust match-
ing schemespplicableto a cameramaoving througha scene
thatis largely static. In thetwo view casethe objectve s to

simultaneouslestimatethe fundamentamatrix anda con-

sistentsetof point correspondence#) the threeview case
theobjectieis to simultaneouslestimatehetrifocal tensor
anda consistensetof point correspondencesser the three
views. No a priori information on camerainternal para-
metersor motion is assumedtherthana thresholdon the

maximumdisparity betweenimages. The methodologyfor

matchingis essentiallythe samein bothcases.

5.1 Matching cornersbetween image pairs

The two-view matchingproblemis representatie of all the

simultaneousnatchingand geometryestimationproblems.
In the two view case,the pertinentgeometricrelation that

we wishto estimatds the 7 degree-of-freedonfFundamental
Matrix, and the primitives matchedare 2D cornerscorres-
pondingto 3D point features.The algorithmis summarized
asfollows:

- Extract seedcorrespondencelsy simple image-based
matching.

- Use robust estimationto computethe F that hasthe
greateshumberof consistentorrespondences.

- Generatenorecorrespondencdsy guidedmatchingus-
ing thethe newly computed-.

- And repeatsteps2 and 3 until the numberof matches
stabilizes.

- Computethe MaximumLik elihoodEstimateof F.

The following paragraphslescribein greaterdetail the im-
plementatiorof eachof thesesteps.



Seed correspondences by unguided matching Given a
cornerat position(z, y) in the first image,the searchfor a
matchconsidersall cornerswithin aregion centredon (z, y)

in the secondimagewith a thresholdon maximumdispar

ity. The strengthof candidatamatchess measuredby cross-
correlationon corner neighbourhoods. The thresholdfor

matchacceptancés deliberatelyconsenrative at this stage
to minimizeincorrectmatches.

Robust computation of the epipolar geometry The aim
thenis to obtaina setof “inliers” consistentwith the geo-
metric constraintusinga robusttechnigue— RANSAC has
provedthe mostsuccessfu]10, 27, 28, 29]: A putative fun-
damentalmatrix (up to threesolutions)is computedirom a
randomsetof seven cornercorrespondenceshe minimum
numberrequiredo computeafundamentatnatrix). Thesup-
portfor thisfundamentaiatrixis determinedy thenumber
of correspondencés theseedsetwithin athresholdlistance
of theirepipolarines. Thisis repeatedor mary randomsets,
andthefundamentaiatrixwith thelargestsupports accep-
ted. The outcomeis a setof cornercorrespondenceson-
sistentwith the fundamentamatrix, anda setof mismatches
(outliers). Thefundamentamatrix is thenreestimatedising
all of its associateéhliersto improveits accurag.

Guided matching The aim hereis to obtain additional
matchesonsistenivith the geometricconstraint. The con-

straintprovidesa far morerestrictve searctregion thanthat

usedfor unguidedmatching. Consequentlya lesssevere

thresholdcan be usedon the matchingattributes. In this

case,matchesare soughtfor unmatchedcornerssearching
only epipolarlines. This generates: larger setof consistent
matches.

Maximum Likelihood Estimation Given a statistical
modelfor the measuremergrror, thatthe obsenedfeatures
have beenperturbedby a GaussiamoiseprocessMaximum
LikelihoodEstimation(MLE) canbe developedfor boththe
fundamentamatrix andthe correspondences.
Suppose{x; < x|} arethe measuredoints, thenthe
MLE involvesobtaininga fundamentamatrix ¥ andcorrec-
tedcorrespondence; < x;} thatminimize

D = Zd(f{i,xi)Q -+ d(fc;,x;)2

K3

subjectto %, TF%; = 0, wherethe notationd(x,y) is the
Euclideanmagedistancébetweernx andy. Minimization of
D requiresa consistenparametrizatiorof F, i.e. onewhere
theconstraintonthematrix elementareimposed— in this
casethatdet F = 0. The minimizationis carriedout using
the Levenbeg-Marquardalgorithm[20].

Typical results Typically the numberof cornersusedin a
768 x 576 imageof anindoorscends about500, the num-
ber of seedmatchess about200, and the final numberof

matchess about250. Using cornerscomputedo sub-pixel
accurag, the averagedistanceof a point from its epipolar
lineis ~0.2-0.4pixels.

5.2 Matching pointsbetween imagetriplets

The samebasicstepsare usedover imagetriplets, with the
geometricconstraintprovidedby thetrifocal tensor Briefly,
putative point matches(Harris corners)are first obtained
for the consecutie imagepairs, one/two and two/three,by
simultaneouslycomputingepipolargeometryand matches
consistentvith this estimatedyeometryasdescribecabove.
Fromtheseseedmatcheghetrifocal tensoris robustly fitted.
Thenumberof pointcorrespondencés eachrandomsample
is now reducedo six, assix pointtripletsareenoughto de-
terminethe trifocal tensor New matchesarefound (guided
matding) which areconsistentith thefitted 7. Fitting and
guidedmatchingare repeateduntil the numberof matched
pointsstabilises Theimprovementover[1] include:

1. Parametrizingthe trifocal tensorsuchthatit obeys all
the constraintbetweerthetensorelementg28].

2. Maximume-Likelihood Estimation (MLE) of 7 via
bundleadjustment.

Typical results Typically thenumberof seedmatchesver
atriplet is about100 corners. The final numberof matches
is about180. Using cornerscomputedo sub-piel accurag,
thetypical distanceof a cornerfrom its transferredoosition
is ~1 pixel.

5.3 Matching linesbetween imagetriplets

Line matchingis notoriously difficult over image pairs as
there is no geometricconstraintequivalent to the funda-
mental matrix for point correspondences.The following
schemamatchedines over triplets usingthe geometriccon-
straint provided by the trifocal tensorcomputedas above
from point correspondencesnd also a photometriccon-
straint basedon intensity cross-correlatiorfor neighbour
hoodslongthelines.

In detail there are two stagesof verification for line
matchesover an imagetriplet. First, a geometricverifica-
tion. Giventhe trifocal tensorandputatively corresponding
linesin two images the correspondindine in the third im-
ageis determined A line sggmentshouldbe detectecht the
predictedpositionin the third image.Seconda photometric
verification. The basicideais to treateachline sggmentasa
list of pointsto which neighbourhoodorrelationis applied
asa measureof similarity. Only the point to point corres-
pondences required,andthis is provided by epipolargeo-
metry. Detailsaregivenin [21].

Typical results Typically thereare200linesin eachimage
anda third of theseare matchedover the triplet. The line
transfererroris generallylessthana pixel. In practicethe
two stagesof verificationeliminateall but a coupleof mis-
matches.
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Figure7: Registered triplets. Registeredcamerasndstruc-
turefor 7 frames(five triplets) of the examplesequence.

Figure 8: Example sequences. Model house(32 frames);
Dinosauronturntable(36 frames);Castle hand-helccamera
(25frames);Basementcameraon avehicle(12 frames).

5.4 From tripletsto sequences

The computationof the trifocal tensorandthe concomitant
point and line correspondencegrovides accurateand reli-
able3D structureandcamergositionsfrom eachsuccessie
triplet of viewsin the sequence.

Theseimagetriplets arethenmemedin orderto extract
structureand cameramotion for the entire sequence.This
problemis similar to that of registeringrangeimagesinto a
consistenframe and the approachtaken is broadly related
to the iteratedclosestpoint (ICP) algorithm[3]. The prob-
lem herediffers from ICP in two ways. First, ratherthan
solving for a scaledEuclideantransformationasin the cal-
ibrated(e.g.rangeimage)case,a projectie transformation
of 3-spacerepresentedsa4 x 4 homogeneouansform-
ation matrix, mustbe determined.Secondthe correspond-
enceproblemis renderedrivial in this caseby the existence
of the imagefeaturecorrespondencesFurtherdetailsare
suppliedin [11]. An exampleof the registeredviews and
structureis shown in figure 7.

6 EXAMPLES

Several examplesequenceareshawn in figure 8. The fol-
lowing descriptionsllustratesereralapplicationf thecore
structureand motion recovery system. First the sequences
arediscussedwith the pointsof note beingidentified,and
thensomeapplicationof thesystemarepresentedwith ref-
erenceo theexamplesequences.

Figure9: Model house: 3D point and line structureplus
cameragepresentedly their (numbered)mageplanes.

Figure 10: Dinosaur: 3D point structurefor the Dinosaur
sequence.

6.1 Mode house sequence

This is a 32 frame sequenceobtainedfrom a low resolu-
tion monochroméPulnix camera.The modelis rotatedon a
turntableso that effectively the cameracircumnaigatesthe
object.Noinformationconcerninghecameramotionis used
atary stagen particulartheangulamrotationbetweernviews
is irregular The factthatthe sequencés closedis usedto

refinethe recoveredstructure. The automaticallyextracted
point and line structureis shavn in figure 9. Becausehe
modelis known to berotatingon a turntable the quality of

therecoveredstructurecanbe assesselly observingthe po-
sitionsof therecoveredcameraswhichshouldlie in acircle.
Of coursghemodelcouldbeimprovedby imposingthecon-
straintthatthe cameradie in a circle, andthis is plannedin

thenearfuture.

6.2 Dinosaur sequence

This sequencas againa closedturntablesequencebut of
a non-polyhedrabbject. Featureextractionis performedon
the luminancecomponenbf the colour signal. No reliable
lines are extractedon this object so only points are used.
Again note (Fig. 10) the circularity of the recoreredcam-
eras.Again, no knowledgeof the circularmotionwasused,
in orderto morethoroughlyexercisethe system.

6.3 Castle sequence

This sequencds taken with a standardSLR camera,by
a cameramanwalking around the groundsof a Belgian
castle. The imageshave beendigitized to PAL resolution
and presentedo the system. Thereis significantlighting
variation betweenthe first and final frames, and the se-
guencecontainsnon-rigid componentgpassingpedestrians
andmoving trees). Figure 11 shaws that structureand mo-
tion aresuccessfullyecovereddespitetheseimpediments.

6.4 Basement sequence

A cameravasmountedon a mobilerobotfor this sequence.
Therobotmaovesalongthefloor turningto theleft. Thefor-
ward translationin this sequencenakes structurerecovery
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Figure1l: Castle: Computedcamerasand 3D point struc-

ture. The planview shavs the accurag of the self calibra-
tion.

Figure 12: Basement: Computedcamerasand 3D struc-
ture. Digital cameramountedon autonomouguidedvehicle
(AGV). Forward motionis a difficult casedueto the small
interocularbaseline.In this casethe combiningof all views
givesgreatlyimprovedstructureover the sequentiaystem.

difficult, dueto the small baselinefor triangulation. In this
situation, the benefitof usingall framesin the sequencés
significant.Figure12 shavs therecoveredstructure.

7 VRML MODEL CONSTRUCTION

Having the completepoint and line structure,we now de-
scribehow to convertthe sparseD featurednto aform suit-
ablefor graphicalrendering.

To producetriangulatedstructurefor the polyhedralex-
ampledn this paper planesareautomaticallyextractedfrom
the 3D datausingthe RANSAC technique:random3-point
subsetsof the data are selectedto define planes,and the
numberof 3D points which are lessthan a userspecified
distancefrom eachplaneare counted. The planewith the
greatesnumberof consistenpointsis stored,andthe data
pointswhich wereconsistentvith it removedfrom the struc-
ture. Repeatinghis processxtractsthe largestplanesfrom
the datasetandthe procesds terminatedvhentherequired
numberof planeshave beenfound.

The RANSAC procedureby its nature will ignoresmall-

Figure 13: Final model. Two views of the VRML model
obtainedafterplanefitting andphotogrammetricnodelling.

File_Navigate_Anchors _Display. Help|
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Figure 14: Basement: Texture mappedplanarmodel built
from 11 views of the basemensequence. Left: VRML
modelof thescenewith thecamerasepresentedy theirim-
age planes(texture mappedwith the original imagesfrom
the sequence)Right: arenderingof the scenefrom a novel
viewpointdifferentfrom ary in thesequence.

scalestructurein the data,but is anideal startingpoint for
photogrammetri¢echniquesuchasthe Deberecet al. ar
chitecturakysteni5]. A simplifiedversionof theirapproach
is usedhereto add the chimneys and porch backinto the
model.

The planesare textured by selecting(automatically)the
imagefrom thesequencehichis mostfronto-paralleto that
plane,andthentexture mappingfrom the appropriatepoly-
gonalimageregion. As thetexture mappingfrom theimage
to the planeis via an affine transformationjt is necessary
to first warp the imageto remove ary projective distortion.
Againthis correctionis automatic.Figure13 shavsthefinal
texture-mappednodel. Figure 14 shows the resultsof the
sameprocessappliedto the point andline dataof the base-
mentsequence.

Non-polyhedral objects For the non-polyhedralobjects,
the surfaceextractionproblemis moredifficult, mainly due
to the sparsityof thedata.However, thedinosaursequences
easilyapproachetby segmentingthe (blue) backgroundand
intersectinghe conedormedby theoccludingcontoursand
resultsareshowvn in figure 15.

8 FUTURE DEVELOPMENTS

We have presented systemthatwill take sequencesf im-
agesrom anuncalibrateccameraor camerasandwill auto-
matically recover camerapositionsand 3D point and line



Figure 15: Dinosaur: Reconstructiorfrom occludingcon-
tours.

structurefrom thesesequencesWe are currentlyextending
thecoresystento includespacecurves[22].

The systemcanbe usedasa pre-processo a numberof
computergraphicsalgorithms. For examplebuilding a lu-
migraphor for light field rendering Sincethedepthis known
for eachimagethereis alsothe opportunityin film andvideo
post-productiorior technique$o employ this. Examplesare
“blue-screeningbasedn depth(Z-keying); depthbasedp-
tical blurring to simulatedepthof field effects;changingthe
lighting of avideoedsceneand,augmentinghevideo(AR).
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