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SURFACE RECONSTRUCTION FROM MUL TIPLE
VIEWS USING APPARENT CONTOURSAND SURFACE
TEXTURE

Geofrey CrossandAndrew Zisserman

Abstract We describea novel approacho reconstructinghe completesurfaceof an ob-
ject from multiple views, wherethe cameracircumnaigatesthe object. The
approacltombinegheinformationavailablefrom theapparentontourwith the
informationavailablefrom theimagedsurfacetexture.

It is demonstratethatthis approachof combiningtwo informationsources
hassignificantadwantagesover usingeitherthe contouror texture alone: first,
the geometricconstraintsavailable are complementaryso that the deficiencies
of onesourcecanbe overcomeby the strengthsof the other; secondjudicious
useof thetwo sourceenableanefficientautomatiaeconstructioralgorithmto
be developed.

In particularwe malke thefollowing contrikutions: it is shavn thatthe setof
epipolartangenciegenerateanepipolarnetat which the visual hull coincides
with thesurface;astatisticalcostfunctionis definedwhichincorporatesermsfor
errorin imageintensity similarity andgeometricerrorin the apparentontour;
and,animproved photo-consistenycconstraints developedfor spacecarving.

Examplesof automaticallygeneratedexture-mappedyraphicalmodelsare
givenfor variousobjectsandcameramotions. The objectsmay containconca-
ities, andhave non-trivial topology

1. INTRODUCTION

Surfacereconstructiorfrom imageshasbeenextensvely investigatedover
the pastthreedecadesThe methodgshathave beendevelopedcanbroadlybe
catgyorizedntofour classes reconstructiofromtheapparentcontour[5, 7,13,
15,18,30,32,33] wherethevisualhull [21] is computedt{exturecorrelation2,
10, 14, 16] wherea densereconstructions computedbasedon a measureof
intensitysimilarity; featurebasednatchinge.g.[1, 24] which producenly a
sparsesurfacemap;and,morerecently spacecarving[20, 27] whichis avariant
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ontexturecorrelaion, wherevoxelsareprogressvely carvedfromanoccuparcy
representatiobasedn the principle of “photo-consistencybetweenmages.

A secondaryissue,but of considerablemportancein implementationsis
how the surfaceis represented.The choiceis broadly eithera parametrized
surface,for examplea triangulatedmeshor tensorproductsurface; or voxel
occupang. A recentelegantadditionis representatioby alevel setof ahyper
surfacein 4D [28]. Thisrepresentatiowasthe basisof thetexture correlation
methoddescribedn [10], and hasthe adwantageof being ableto represent
surfaceswith varioustopologies.

Theobjectve of this paperis theautomatiareconstructiorof a surfacefrom
multiple views, wherethe cameramay circumnaigate an object. This means
that methodswhich build a depth-mapreconstructiorfrom a particularview
are not appropriate. The novelty herelies in combining elementsfrom the
variousclasse®f reconstructiormethodandalsoin animplementatiorwhich
usedlifferentsurfacerepresentatiorssappropriatdor accurag andefficiengy,
suchthatall views contrilute equally

We startin section2.1 by rehearsingandextendingthe geometryof the vi-
sualhull, which is the surface boundcomputedby back-projectingapparent
contours.In particularwe introducethe “epipolar net” which is the collection
of surfacepointconstraintprovidedby theapparentontoursoverasetof view
points. Thecomputatiorof thevisualhull is thendescribedn section2.3. Sec-
tion 3. introducesspacecarvingandthe photo-consisteryctestwhichis central
to thealgorithm. We thendevelopandimplementanextensionto the standard
photo-consisternctest[19]. The extensionenablessub-pixel registrationand
greaterinvarianceto photometricvariations. Section4. thendescribesa sta-
tistical costfunctionwhich is an extensionof that proposecandimplemented
by FaugerasndKerivenin [10]. Theextensionis to includeageometricerror
basedn conformityto the measure@pparentontour

Thesehreedevelopmentgvisualhull, photo-consistenyg andstatisticalop-
timization of the surface)form the elementf anefficientand‘optimal’ auto-
matic surfacereconstructioralgorithmin which spacecarvingproceedsrom
the visual hull, ratherthanthe muchlooserboundusually usedin [20], and
the statisticaloptimizationproceeddrom the spacecared surface. Because
the costfunctionincludesboth texture andapparentontourterms,regionsof
the surfacemay be reconstructeadvenin the absencef adequataexture for
correlation.

It is assumedhatthe cameramatricesareknown for eachview. For all the
examplesequencecludedherethe objectsarerotatedon an (uncalibrated)
turntable,andthecameranatricesarecomputecautomaticallyfrom theimage
sequencesingthemethoddescribedn [11]. Othermethoddor generatinghe
cameragrom cornerfeaturese.g.[3, 12,34], or from theapparentontourand
otherimagefeatured4, 6, 8, 25] couldequallywell beused.
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Figure1.1 Siximages(topimageset)from asequencef atoy dinosaur The figuredemon-
strateghatthe apparentontourgmiddleimageset)arearich sourceof informationfor recon-
struction. Cornermatcheglower imageset) also provide further information on the surface
structure.

2. RECONSTRUCTION FROM APPARENT
CONTOURS

In this sectionwe first review the geometricconstraintson surfacerecon-
structionprovided by the apparentcontourover multiple images. Thenwe
describea surfacereconstructioralgorithmusingthe apparentontours.

2.1 GEOMETRY

Theimageoutlineof asmoothsurfacesS resultsfrom surfacepointsatwhich
theimagingraysaretangento thesurface,asshavnin figurel.2. Thecontour
geneator on S is thesetof pointsx on S for whichraysaretangento S. The
correspondingmageappaentcontouris thesetof pointsx whicharetheimage
of X, i.e. the apparentontouris the imageof the contourgeneratar Image
pointson the apparentontourback-projecto raystangento the surface,and
imagelinestangentto the apparentontourback-projectto planeswhich are
tangeniplanesto the surface.

Back-projectingapparentcontours. Forknown camerastheapparenton-
tour generatea setof tangeng constraint&ndaboundfor surfacereconstruc-
tion. Eachapparentontourack-project$o a“cone” asshavnin figurel.3(a).
The surfaceis tangentto this coneat the contourgeneratgrandall pointson
thesurfacemustlie on or within this semi-infinitecone.

If two or moreimagesof the surface are available, the conesintersectto
enclosehesurface[17]. Theclosedsurfaceasreconstructedrom thesecones



contour generator

apparent contour

Figure 1.2 Theapparentontouris the imageof the contourgeneratar The surfacetangent
planeatary pointonthe contourgeneratopasseshroughthe cameracentreC.

Figure 1.3 (a)Back-projectinghe apparentontourgivesa conetangento the surfacealong
thecontourgeneratar(b) Thevisualhull is givenby theintersectiorof the conespnefor each
view. It enclosesheoriginal surfaceandis tangento this surfacealongthe contourgenerators.
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Figure 1.4 At anepipolartangentpoint X on the surface,the surfacetangentplane passes
throughbothcameracentres.

is referredto asthevisualhull (seefigure 1.3(b)). Thevisualhull is guaranteed
tofully enclosehesurface(aseachof thegeneratingonesnclosahesurface).
The surfacewill be coincidentwith andtangentto the visual hull alongeach
of the contourgeneratorgut not elsevhere. As canbe seenin figure 1.6(a),
thevisualhull doesnot, however, penetrateoncaities of thesurface,andonly
reconstructshe corvex elliptic andhyperbolicpartsof the surface.

Epipolar tangents. Considettwo views. In generatheconesackprojected
from apparentontoursintersectin a spacecurve which doesnot lie on the
surface.However, asshavn in figure 1.4,atapointwheretheepipolarplaneis
tangento thesurfacethespacecurwe is coincident(andtangento) thesurface.
Suchpointsarisewherethe apparentcontouris tangentto the epipolarlines,
andaretermedepipolartangencies[25, 26] or frontier points[6].

Epipolar nets. Sincean epipolartangentpoint on the surface arisesfrom
contactwith an epipolarplane, it is a propertyof view pairs. If one of the
cameraentregshangepositionthentheepipolartangenpointswill alsomove
ingeneral. Forthreeviewsthereareegpolartangendesfor ead pair of images
of thetriplet, andover a setof views an epipolar net of suchpointsis built up
(seefigure 1.5). Eachpoint of the netarisingattheintersectiorof two contour
generatordor aview pair. However, sincenot all contourgeneratoractually
intersectwith eachother someimagepairswill not provide epipolartangent
points.

Eachpoint(node)ontheeppolar netisa3D point which canbefound directly
fromtheapparentontour Thevisualhull is coincidenwith theviewedsurface
ateachof the3D pointsof thenet. Thereforan areaswith adenseepipolarnet
thevisualhull modelsa surfacemorecloselythanelsavhere.

1Epipolartangenipointsarethe sameover multiple views if thecamerashareanepipolarplane,e.g.in the
caseof threeviews with collinearcameracentres.
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Figure 1.5 Theepipolar net (a) The intersectionsof eachpair of contourgeneratorsare
epipolartangentpointsfor the associategair of images.The epipolartangentpointscombine
to createanepipolarnetof pointsthroughwhich boththe surfaceandthevisualhull mustpass.
The cameracentresandimageplanesareshavn. (b) The modelfrom the gourdsequencef
figure 1.15with all epipolartangentpointssuperimposedemonstratethata significantpartof
thesurfaceis coveredby theepipolamet. Thenetis for 30imagescoveringa 180degreesweep.

2.2 DEFICIENCIES IN RECONSTRUCTING FROM
THE VISUAL HULL

As shawvn above, reconstructiorfrom apparentontoursaloneprovidesthe
visual hull which is a boundon the surface,but doesnot fully reconstructhe
surface. Therearetwo typesof deficiencies:first, concaities arenot recon-
structedsincethey do not contritute to the apparentontour seefigure 1.6(a);
second,even for a corvex surfacethe visual hull is not coincidentwith the
surface,seefigure 1.6(b). This differencebetweerthe visual hull andsurface
depend®nthe surfaceshapeandthe numberandpositionof the views.

On the otherhand,surfacepoints (e.g. texture), viewed over multiple im-
agesandreconstructetdy triangulation,‘probe” thesurfaceatall visible points
including concaities, seefigure 1.7. So, triangulatingon surface features
doesreconstructoncaities, but providesno constraintattexture-lessurface
patchesand,thevisualhull doesnotreconstrucsurfaceconcaities, but does
reconstrucsurfaceregionsevenin the absencef ary surfacefeatures.Con-
sequentlytriangulatingon surfacetexture featurescomplementshe tangeng
constraintsprovided by the apparenicontour We returnto triangulationon
surfacetexturein section3..
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(a) | (b)

Figure1.6 2D schematiof thedifferencebetweerthe‘surface’andthevisualhull computed
fromimage'outlines’. (a) Thevisualhull doesnot‘capture’surfaceconcaities; (b) Evenif there
areno concaities, the visual hull computedrom a finite numberof imagesmay not coincide

with thesurface.

Figure1.7 Two views of asurfaceprovide informationfrom boththeapparentontoursin the
form of atangentconstraintanda point matchwhich providesa surfacepoint constraint.Both
reconstructioomethodscomplementeachother andwill be usedtogetherto provide complete

models.
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Figure 1.8 (a) Thevisualhull canbereconstructedstheintersectiorof the conesgenerated
by back-projectinghe apparentontourin eachimage. (b) If assumptionaremadeaboutthe
smoothnessf the surface,the visual hull canbe reconstructedby locally fitting quadraticor
Bezierpatches.

2.3 COMPUTING THE VISUAL HULL

If no assumptionsire madeaboutthe surface shape the visual hull must
simply bereconstructeéstheintersection®f the back-projectedonesasin
figure 1.8(a). However, an approachusedby sereral authors[5, 7, 15] is to
assumea local quadricform of the surfacewhich is fitted generallyto three
apparentontours(seefigure 1.8(b)). This hull surfaceis thenparametrized
by a net formed by the contourgeneratorfor eachview linked by epipolar
curves. The problemwith this parameterizatiors thatit is singularatepipolar
tangenciesandreconstructiorerrorsresult. An alternatve approachs avolu-
metriccomputatiorwherethevisualhull is computedandrepresentetly voxel
occupang. Thisideadatesbackto [22].

Volumetric modelgeneration. A region of spaceknown to enclosehesur
face,is subdvided volumetricallyata given (but not necessarilyiniform) res-
olution. Eachsub-rgion is thenclassifiedaccordingto whetherit liesinside
the visual hull, outsidethe visual hull or spansthe surfaceof the visual hull
(figure 1.9). This classificationis achiered by observingthe projectionof the
sub-rgjion, or voxel| onto eachimageplane: if the projectedvoxel lies out-
sideary of theapparentontoursjt mustalsolie outsidethe visualhull. The
algorithmis closeto thatpresentedby Szeliskiin [31].

Octreerepresentation. An implementatiorbasedn octreeshassignificant
speedadwantagesA region of spacds subdvidedinto a setof cubesatalow
resolution.Eachcubeis thenclassifiedwith respecto thevisualhull asabove.
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Figure1.9 A regionof spacds sampledandeachvoxel is assigneaneof threevalues.Light

cubesareknown to lie outsidethevisualhull, anddark cubesareknown to lie insidethevisual
hull (from this singleimage). Gray cubedie onthe surfaceandcanbe sub-sampledor greater
resolution.

If a higherresolutionis required,eachcubeis subdvided into 8 equalsized
cubesandthe classificationis repeated.However, cubeswhich are known to
lie completelyoutsideor completelyinside the visual hull do not needto be
subdvided, asthe classificationof their ‘children’ will be the sameasthat of
their parents.

Usingthis approachan arbitraryvolumetricresolutioncanbe achieved. A
trade-of isrequiredatthispoint: atalow resolutionjmportanttopologicalfea-
turesof thevisualhull maybemissedwhilst highresolutiormodelgsakelonger
to generatendaremoredifficult to manipulate Figurel.10demonstratethis
trade-of.

3. COMPUTING THE SURFACE FROM TEXTURE
INFORMATION

It hasbeenshawvn thatthe apparentontourdoesnot give ary information
aboutconcaities of theviewedsurface.In orderto accuratelyeconstrucsuch
surfaceregions,it is necessaryo make useof otherinformationsuchastexture.

Densesterealgorithmse.g.[16], make gooduseof textureinformation,but
to datehave only beenextendedfrom two views to mary by meiging surface
patches— anapproactihatdoesnotgeneralizevell to circumnaigationof the
object.

It is alsopossibleto obtainsuriaceshapenformationfrom featuressuchas
cornersor curvesin theimage. However, this datais sparseandgenerallya
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Figure1.10 Threedifferentresolutiorreconstructionffromlefttoright: 728voxels,4k voxels
and246kvoxels) of the visual hull of amugimagedfrom 36 views (six of the original images
areshovnin thetoprow). Note,thechangen topologybetweerthefirst andsecondesolution.

parametrizedurfacemodelmustsubsequentipefitted, e.g. [14], in orderto
obtainadenseeconstruction.

3.1 SPACE CARVING

Spacecarving[20, 27] doesnot suffer from eitherof theselimitations. It
providesa successk algorithmfor removing voxelsin avoxmapwith theaim
of creatinga 3D shapewhich reproducesheinputimages.

In brief, theideaof spacecarvingis to projecteachvoxel onthesurfaceinto
thesetof images.Theprojectedvoxel definesacorrespondendeetweenmage
points,andtheintensityat the correspondingpointsis evaluatedto determine
if it is “photo-consisterit (seebelow), ensuringthe voxel is only compared
with pixel valuesin imagesin which it is not occluded. If the voxel is not
photo-consistenit is removed (cared) from the occupang space,and the
algorithmrepeatslf it is photo-consisterthenthevoxel canbe colouredwith
thecorrespondingixel value. Thefinal resultis a setof voxelswhich closely
reproduceheoriginalimages.

Thereare2 maindravbackgo theoriginalimplementatiordescribedn [19].
Thefirst concerngnitialization,andthesecondhephoto-consistenctest. The
following sectiongdescribesmprovementsn thesetwo areas.

3.2 SURFACE DIRECTED INITIALIZA TION

It is oftennecessaryo initialize the algorithmwith avery large voxmapped
spacein orderto ensurethatit completelyenclosegshe surface. Eachvoxel
mustthenbe testedin turn for consisteng with the imageswhich resultsin
a high computationaload. As hasbeenshavn in section2.1, thevisual hull
completelyencloseghe generatingsurface,andcanbe efficiently constructed
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usingoctrees It followsnaturallythatthevisud hull should beusedasastating
pointfor the spacecarvingalgorithm.

3.3 IMPR OVED PHOTO-CONSISTENCY
CONSTRAINT

In the originalimplementatiorof spacecarving[19], the photo-consisteryc
testproceededsfollows: projectavoxel centroidnto eachimage andcompare
theintensitiesof thecorrespondingixels. If theintensitiediffer by lessthana
thresholdhanthevoxel is photo-consistentUnfortunatelythis testis proneto
errorsfrom imageintensitynoiseandfrom the spatialsamplingnoiseinherent
in thevoxelationof space A “shift transform”wasintroducedn [20] to solve
thesecondf theseproblems.However, it canbeshavn thatabiasisintroduced
suchthatthe modelis larger thanthe original objectandhencemissescertain
smallconcaities.

If the thresholdon the photo-consisternyctestis too low, the resultis false
protrusionson the surface. Corversely (andmoreserioushere),if thetestis
too conserative (i.e. pointsarenot considereatonsistenevenwhenthey are)
theresultis indentationsor holesin thefinal surface. The photo-consistenc
testmustthereforeberobustto imagenoise.

Herewe improve the photo-consistenyctestsothatit is morerobustin two
ways: first, asmoothsurfacefit is usedto provide animageto imagemap(see
figure 1.11). This enablegegistrationto sub-pixel accurag. Interpolationis
now requiredbecausegixelsfrom oneimagewill notin generalkoincidewith
pixel positionsin the otherimage;secondthe comparisorof intensitiesuses
normalizedcross-correlatiosois invariantto a local affine transformatiorin
brightnesgI — ol + B). Thephoto-consistenctestdefinesa binaryvalued
indicator functionfor voxels.

Photo-consistencyconstraint — implementation. In orderto provide an
accurateand smoothsuriace-inducednapping, it is necessaryo fit a local
surface patchto the voxelatedsuriace. This is achiered by locally fitting a
gquadraticpatchto a setof surfacepoints. Eachpatchcanthenberepresented
asaquadricsuriacein theform

x'Qx =0,

wherex = (X,Y, Z,1) is a3D pointonthesurfacepatch,andQ is a4 x 4
symmetricmatrix representinghe quadric. It canbe shavn [9, 29] thatthe
quadricinducesanalgebraiomapping x; = f(x;) betweerary two images;
andj, wherex; andx; arecorrespondingointsin images andj respectiely.

Thephoto-consisterihdicatorfunctionis thencomputedasfollows for each
voxel: fit a quadricpatchto the voxel neighbourhoodand projectthe voxel
centroidinto eachimage. The projectedcentroiddefinescorrespondingoints
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Figure1.11 Surface-inducettansfer Any imagepointback-projectso arayin space Given
the local geometryof a surface,this ray canbeintersectedvith the surfaceto give a 3D point,
whichin turncanbeprojectednto asecondmage. Thisprocesslefinesapointto pointmapping
betweertheimagesinducedby the surface.

betweertheimages.Startingfrom the mostfronto-paralleimagemeasurehe
normalizedross-corrationwith correspondingimage neghbaurhoods where
the mapbetweenimagesis definedby the fitted quadricpatch. If the cross-
correlationsareabove athreshold here0.8) thenthevoxel is photo-consistent.

3.4 SPACE CARVING IMPLEMENT ATION

Thestartingpointfor thespacecarvingalgorithmis thevoxel representation
of thevisualhull producedrom theapparentontours.Often,andin particular
whenmary views of asingleobjectareavailable,thevisualhull is closeto the
final surface. Incorrectlymodeledregions(the two deficienciesllustratedin
figure 1.6) areidentified using the indicator function, and only theseregions
area candidatefor spacecarving. Voxels are successiely removed in these
regionsuntil the surfaceis photo-consistenwith theimages.

3.5 RESULTS

Figurel.12shaws six imagesfrom a sequencef 36 imagesof a skull, and
thecomputedvisualhull. Theeyeandnoseareasarenotaccuratelymodeledoy
thevisualhull. However, areasaroundthe backof the headwhich areconvex
andsmoothareaccuratelyreconstructedh thevisualhull. Thesetwo typesof
regionsareidentifiedby the photo-consistenycindicatorfunction. Figure1.13
shaws the numberof voxels remainingin the modelthroughiterationsof the
algorithmin section3.4.
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Figure1.12 (a)A voxelelatedmodelof thevisualhull of askull. It canbeseenthatthevisual
hull “smoothesover” concaities suchasthe noseandeye soclets. (b) An indicatorfunction
(section3.3)is appliedto the surfaceof thevisualhull, andregionswith high scoreareshavn in

gray andthosewith low scoreareshavn in bladk. A high scoreindicatesthatthe reprojection
of thesurfaceis consistenwith theinputimages.It canbe seernthatthe eyesandnoseregions
havebeenmarkedas“incorrect”. (c) Thefinal modelafterapplyingthespacecarvingalgorithm
asdescribedn section3.4. After spacecarving,areassuchasthe eye soclet andnoseregion

arecorrectlyreconstructedA simplemeshsmoothingalgorithmhasbeenappliedto thesurface
to highlight theseareas put the modelis storedas128® voxels. (d) A textured-mappeanodel
usingintensitiesfrom the originalimages.
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Figure1.13 Numberof voxelsremainingn model(figure1.12)asthespace-carvinglgorithm
converges.

Figure 1.14 Texture-mappe@D modelsof the dinosaurfrom sequencén figure 1.1 andthe
cupfrom thesequencén figure1.10
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Figure1.15 (top) Siximagesfromasequencé€30images)pfagourd.(a) An untexturedmodel
and(b) atexturedmodel.

Figuresl.14and 1.15 shaws further examplesof usingthe voxel based
algorithm. In eachcasethe VRML modelsgeneratedhave in the orderof 50k
faceswhich allows themto berenderedn reasonablspeed®n aworkstation.

4. MINIMISING REPROJECTION ERRORSUSING A
SURFACE REPRESENTATION

Althoughtheresultsfrom thespacecarvingalgorithmaresubjectvely good,
andobjectively accuraetowithin onevoxel, they arelimited by theresolution of
thevoxels(whichis oftenlimited by computatiortime andavailablememory).
Thislimitation is illustratedin figure1.16@).

To overcomethis limitation a parametrizedsuriacerepresentatiomay be
usednsteadf voxel occupang. In[10] aparametrizegurfacefit wasobtained
using a cost function basedon image correlation. Here we extend the cost
function to also enforcethe geometricconstraintsarising from the apparent
contour
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Figure 1.16 The apparentontouras projectedfrom the generatedsolumetric model of the
visualhull. (a) A low resolutionmodelhasbeenchoserto exaggeratehe re-projectionerrors.
This modelhasapproximately8000 polygonsand gives an approximatereprojectionerror of
5-7pixels. (b) Theerrorsarereducedo sub-piel if thecostfunctionof equation(1.2)is used
in aminimizationover the surface.

Intensity correlation. Thecostfunctionusedin [10] hastheform
1 +p pta _ _
/ (Il(ml +m) — Il(ml)) (I2(K(m1 +m)) — Iz(K(ml)) dm ,

! (1.1)
thuscorrelatingatexturepatch,centredaroundmagepointm; in afirstimage,
I, (m) with thesurface-mappegatchin asecondmage,/>(m). Thefunction
K (m) mapspointsbetweerthetwo imagesyivenahypothesizedurfaceshape
(the optimizationparameter)S. The meanpatchintensities,/; andl,, allow
for anaffine scalingof intensities.

Here,we extendthe costfunction by introducingan extra distancetermto
minimiseerrorsin thereprojectedsurface:

t =
4pq J_,

Ca = / d(P(S)(s), c(s))ds - (1.2)

Thedistancdunction,d, measurethedistancebetweertheprojectedapparent
contour P(.S) from theapparentontourdetectedn theoriginalimagesc.
Theoverall costfunctionbalanceshesetwo termsaccordingto varianceof
thenoiseprobabilitydistributions,o; (of intensitycross-correlationdndo, (of
pixel localizationerror),on eachoneof the costterms:
_ Ct Ca

C — . 1.3
0t2+0§ (1.3)

Theimportanceof includingthis termis thatthe surfaceis now constrained
(by theapparentontour)atregionsatwhichthereis notexture. Thisinforma-
tionis unusedn theoriginal work [10] becauséhe costis notincluded.
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Figure1.17 Siximagegtop) fromasequencef 100imagesof aplasticineobjectwith asingle
large concaity. The planecommonto the camerass intersectedvith eachimageplaneand
the 1D intensityimagecorrespondingo theline of intersectionbotton) takenasanexamplein
sectiond. 1.

4.1 TWO DIMENSION AL
EXAMPLE—IMPLEMENT ATION

Figure 1.17¢op) shavs a turn-tableimage sequencef a plasticineobject
with alarge concaity. As anexample,we will considera cross-sectionf the
objectby consideringthe imagesalong a setof correspondingepipolarlines
(figure 1.17 potton)).

Thevisualhull is usedasthe startingpoint for the optimization(computed
usingthe algorithmoutlinedin section1.8). By applyinga similar indicator
functionto that usedin section3.3, the correctlyreconstructedegionsof the
curve arelocatedandheldconstantluringthe optimization(figure 1.19@)).

For the purpose®f this example(seediscussiorbelow), thecurwe is repre-
sentecasa piecaviselinearspline,with approximatelyl50line sggments.The
verticesarerestrictedo move alongthe curve normals.Thecostfunction(1.3)
is minimized by moving the vertex positionsof the curve usinga Levenbeg
Marquardtalgorithm. A Z-buffer is maintainedduring the optimizationto
computethereprojectedapparentontour andto ensureghatoccludedregions
arenot includedin the correlations. Figure 1.190) shav the resultsof this
optimizationif the texture term aloneis used(it is clear that the algorithm
hasonly convergedto alocal minimum, andis far from the correctsolution),
whilst figure1.19€) shavs how theapparentontourtermimprovesthemodel
considerably In the concae region, results(b) and (c) areidentical asthe
apparentontourprovidesno information. It is clearthatthe texture doesnot
provide sufiicient informationalone(indeed figure 1.19¢) violatesthe visu-
al hull constraint)andis augmentedy the apparentontourconstraintin the
Corvex regions.

The gourdsequencef figure 1.15is usedasa 3D exampleusingthe cost
functionof equationl.2. Figurel.16demonstratelow thereprojectiorerrors
of theapparentontourreducefrom 5—7 pixelsto subpixel.
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Figure1.18 (a)A voxel modelof thevisualhull. Dueto samplingerrors,it doesnotaccurately
obey the apparentontourconstraints.(b) Applying the costfunction of equation(1.2) (min-
imizing errorsin the reprojectedapparentontouralong),the modelis significantlyimproved
from the voxelatedvisual hull.

Figure 1.19 (a) The costfunction (1.3) is appliedto the surface of the visual hull. Areas
with high cost(incorrectly modeledregions suchasthe concaity) aremarked. (b) A model
generatedy minimising the costfunction of equation(1.1) is shovn. The concaity is now
moreaccuratelynodeledput if thefull costfunction(equation(1.3))is usedthecorvex regions
arefurtherconstrainedy theapparentontourconstrainic). (d) and(e) shav theresultsof (b)
and(c) with two of the back-projectedpparentontourssuperimposed(d) clearly shavs that
themodeldoesnotobey theapparentontourconstrainif equation(1.2)is notdirectlyincluded
in the costfunction (asis thecasein (g)).
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5. SUMMARY

The algorithm presentechereenablesan accurateand completemodel of
a surfaceto be built automaticallyfrom multiple imagesandwe now discuss
limitationsandpossibleextensiongo this approach.

Apparentcontours. Thiscontritutionto thecostfunctioninvolvesageomet-
ric imageerrorminimization. Theerrormalkesminimal assumptiongboutthe

world (cf the photo-consisterycconstraintdiscussedelow). Its userequires
thatthe apparentontouris correctly sggmentedirom theimage(herethis is

achieved by ‘blue-screening’andthis is the point at which errorscanoccur
Therearetwo failuremodes:first, undersggmentatior(wherepartsof thecon-
touraremissed).Thisfailureis notparticularlyserioushecaus¢hesurfacecan
still becanedaway from otherviews wherethecontouris detectedthesecond
typeof failure,over sggmentationjs seriousbecauseartsof the actualobject
will thenberemoved.

Photo-consistency This requiresassumptionsiboutthe photo-metrigprop-
ertiesof the surface, i.e. aboutthe BRDF, which is generallyassumedo be
Lambertian.A seriousproblemis with specularitiesvherethe assumegbrop-
ertiesare stronglyviolated. The nave useof the spacecarvingalgorithmis

inappropriatan suchcases.Unfortunately specularitiesio commonlyoccug

e.g.for metallicandshiry surfaces.However, it is possibleto verify the con-
sisteng of the BRDF assumptionsat the epipolarnet pointsthe visual hull

generatesurfacepoints(andthe surfacenormal),andthe brightnessof these
pointscanbeusedto assesdor example,the Lambertianassumption.

Extensions. Thepresencef specularitieganalsobeturnedto anadwantage
if the positionof thelight sourceis known. In this case pasedn the standard
geometryof mirror reflection,the surface(positionandnormal)canberecon-
structedup to a oneparametefamily. Shadavs may alsobe usedto provide
geometricconstraints.

In the currentimplementationijt hasbeenassumedhatthe visual hull cor-
rectly captureghetopology andthetopologydoesnot subsequentlghangen
the optimizationstage.We arecurrentlyinvestigatingotherparameterizations
of the surface,suchasthe level setsusedin [10]) andthe T-snalesdeveloped
in [23] whichwill enablechangesn surfacetopologywithin the optimization.
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