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SURFACE RECONSTRUCTION FROM MULTIPLE
VIEWS USINGAPPARENT CONTOURSAND SURFACE
TEXTURE

Geoffrey CrossandAndrew Zisserman

Abstract We describea novel approachto reconstructingthecompletesurfaceof anob-
ject from multiple views, wherethe cameracircumnavigatesthe object. The
approachcombinestheinformationavailablefrom theapparentcontourwith the
informationavailablefrom theimagedsurfacetexture.

It is demonstratedthat this approachof combiningtwo informationsources
hassignificantadvantagesover usingeitherthe contouror texture alone: first,
the geometricconstraintsavailablearecomplementary, so that thedeficiencies
of onesourcecanbeovercomeby thestrengthsof theother;second,judicious
useof thetwo sourcesenablesanefficientautomaticreconstructionalgorithmto
bedeveloped.

In particularwe make thefollowing contributions: it is shown thatthesetof
epipolartangenciesgeneratesanepipolarnetat which thevisualhull coincides
with thesurface;astatisticalcostfunctionisdefinedwhichincorporatestermsfor
error in imageintensitysimilarity andgeometricerror in theapparentcontour;
and,animprovedphoto-consistency constraintis developedfor spacecarving.

Examplesof automaticallygeneratedtexture-mappedgraphicalmodelsare
givenfor variousobjectsandcameramotions.Theobjectsmaycontainconcav-
ities,andhave non-trivial topology.

1. INTR ODUCTION

Surfacereconstructionfrom imageshasbeenextensively investigatedover
thepastthreedecades.Themethodsthathave beendevelopedcanbroadlybe
categorizedintofour classes: reconstructionfromtheapparentcontour[5,7,13,
15,18,30,32,33]wherethevisualhull [21] iscomputed;texturecorrelation[2,
10, 14, 16] wherea densereconstructionis computedbasedon a measureof
intensitysimilarity; featurebasedmatching,e.g.[1, 24] whichproducesonly a
sparsesurfacemap;and,morerecently, spacecarving[20,27]whichisavariant
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ontexturecorrelation, wherevoxelsareprogressivelycarvedfromanoccupancy
representationbasedon theprincipleof “photo-consistency”betweenimages.

A secondaryissue,but of considerableimportancein implementations,is
how the surfaceis represented.The choiceis broadlyeithera parametrized
surface,for examplea triangulatedmeshor tensorproductsurface;or voxel
occupancy. A recentelegantadditionis representationby alevel setof ahyper-
surfacein 4D [28]. This representationwasthebasisof thetexturecorrelation
methoddescribedin [10], and hasthe advantageof being able to represent
surfaceswith varioustopologies.

Theobjective of thispaperis theautomaticreconstructionof asurfacefrom
multiple views, wherethecameramaycircumnavigateanobject. This means
that methodswhich build a depth-mapreconstructionfrom a particularview
are not appropriate. The novelty herelies in combiningelementsfrom the
variousclassesof reconstructionmethod,andalsoin animplementationwhich
usesdifferentsurfacerepresentationsasappropriatefor accuracy andefficiency,
suchthatall views contributeequally.

We startin section2.1by rehearsingandextendingthegeometryof thevi-
sualhull, which is the surfaceboundcomputedby back-projectingapparent
contours.In particularwe introducethe“epipolarnet” which is thecollection
of surfacepointconstraintsprovidedby theapparentcontoursoverasetof view
points.Thecomputationof thevisualhull is thendescribedin section2.3. Sec-
tion 3. introducesspacecarvingandthephoto-consistency testwhichis central
to thealgorithm.We thendevelopandimplementanextensionto thestandard
photo-consistency test[19]. Theextensionenablessub-pixel registrationand
greaterinvarianceto photometricvariations. Section4. thendescribesa sta-
tistical costfunctionwhich is anextensionof thatproposedandimplemented
by FaugerasandKerivenin [10]. Theextensionis to includeageometricerror
basedonconformityto themeasuredapparentcontour.

Thesethreedevelopments(visualhull, photo-consistency, andstatisticalop-
timizationof thesurface)form theelementsof anefficientand‘optimal’ auto-
maticsurfacereconstructionalgorithmin which spacecarvingproceedsfrom
the visual hull, ratherthan the much looserboundusuallyusedin [20], and
the statisticaloptimizationproceedsfrom the spacecarved surface. Because
thecostfunctionincludesbothtextureandapparentcontourterms,regionsof
thesurfacemay be reconstructedeven in the absenceof adequatetexture for
correlation.

It is assumedthatthecameramatricesareknown for eachview. For all the
examplesequencesincludedheretheobjectsarerotatedon an(uncalibrated)
turntable,andthecameramatricesarecomputedautomaticallyfrom theimage
sequenceusingthemethoddescribedin [11]. Othermethodsfor generatingthe
camerasfrom cornerfeatures,e.g.[3, 12,34],or from theapparentcontourand
otherimagefeatures[4, 6, 8, 25] couldequallywell beused.
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Figure 1.1 Six images(top imageset)from a sequenceof a toy dinosaur. Thefiguredemon-
stratesthattheapparentcontours(middleimageset)area rich sourceof informationfor recon-
struction. Cornermatches(lower imageset)alsoprovide further informationon the surface
structure.

2. RECONSTRUCTION FROM APPARENT
CONTOURS

In this sectionwe first review the geometricconstraintson surfacerecon-
structionprovided by the apparentcontourover multiple images. Then we
describeasurfacereconstructionalgorithmusingtheapparentcontours.

2.1 GEOMETRY

Theimageoutlineof asmoothsurface
�

resultsfrom surfacepointsatwhich
theimagingraysaretangentto thesurface,asshown in figure1.2. Thecontour
generator on

�
is thesetof points � on

�
for whichraysaretangentto

�
. The

correspondingimageapparentcontouris thesetof points� whicharetheimage
of � , i.e. the apparentcontouris the imageof the contourgenerator. Image
pointson theapparentcontourback-projectto raystangentto thesurface,and
imagelines tangentto the apparentcontourback-projectto planeswhich are
tangentplanesto thesurface.

Back-projectingapparentcontours. Forknown cameras,theapparentcon-
tourgeneratesasetof tangency constraintsandaboundfor surfacereconstruc-
tion. Eachapparentcontourback-projectstoa“cone”asshown in figure1.3(a).
Thesurfaceis tangentto this coneat thecontourgenerator, andall pointson
thesurfacemustlie on or within thissemi-infinitecone.

If two or more imagesof the surfaceareavailable, the conesintersectto
enclosethesurface[17]. Theclosedsurfaceasreconstructedfrom thesecones
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Figure 1.2 Theapparentcontouris the imageof thecontourgenerator. Thesurfacetangent
planeat any pointon thecontourgeneratorpassesthroughthecameracentre� .

(a) (b)

Figure 1.3 (a) Back-projectingtheapparentcontourgivesa conetangentto thesurfacealong
thecontourgenerator. (b) Thevisualhull is givenby theintersectionof thecones,onefor each
view. It enclosestheoriginalsurfaceandis tangentto thissurfacealongthecontourgenerators.
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Figure 1.4 At an epipolartangentpoint � on the surface,the surfacetangentplanepasses
throughbothcameracentres.

is referredto asthevisualhull (seefigure1.3(b)).Thevisualhull is guaranteed
tofully enclosethesurface(aseachof thegeneratingconesenclosethesurface).
Thesurfacewill be coincidentwith andtangentto thevisualhull alongeach
of thecontourgeneratorsbut not elsewhere. As canbe seenin figure1.6(a),
thevisualhull doesnot,however, penetrateconcavitiesof thesurface,andonly
reconstructstheconvex elliptic andhyperbolicpartsof thesurface.

Epipolar tangents. Considertwo views. In generaltheconesbackprojected
from apparentcontoursintersectin a spacecurve which doesnot lie on the
surface.However, asshown in figure1.4,atapointwheretheepipolarplaneis
tangentto thesurfacethespacecurve is coincident(andtangentto) thesurface.
Suchpointsarisewheretheapparentcontouris tangentto the epipolarlines,
andaretermedepipolartangencies[25, 26] or frontierpoints[6].

Epipolar nets. Sincean epipolartangentpoint on the surfacearisesfrom
contactwith an epipolarplane,it is a propertyof view pairs. If one of the
cameracentreschangespositionthentheepipolartangentpointswill alsomove
in general1. Forthreeviewsthereareepipolartangenciesforeachpair of images
of thetriplet, andover a setof views anepipolarnetof suchpointsis built up
(seefigure1.5). Eachpointof thenetarisingat theintersectionof two contour
generatorsfor a view pair. However, sincenot all contourgeneratorsactually
intersectwith eachother, someimagepairswill not provide epipolartangent
points.

Eachpoint(node)ontheepipolar netisa3D point whichcanbefounddirectly
fromtheapparentcontour. Thevisualhull iscoincidentwith theviewedsurface
ateachof the3D pointsof thenet. Thereforein areaswith adenseepipolarnet
thevisualhull modelsasurfacemorecloselythanelsewhere.

1Epipolartangentpointsarethesameovermultipleviews if thecamerasshareanepipolarplane,e.g.in the
caseof threeviews with collinearcameracentres.
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(a) (b)

Figure 1.5 The epipolar net. (a) The intersectionsof eachpair of contourgeneratorsare
epipolartangentpointsfor theassociatedpair of images.Theepipolartangentpointscombine
to createanepipolarnetof pointsthroughwhichboththesurfaceandthevisualhull mustpass.
The cameracentresandimageplanesareshown. (b) The modelfrom the gourdsequenceof
figure1.15with all epipolartangentpointssuperimposeddemonstratesthatasignificantpartof
thesurfaceis coveredby theepipolarnet. Thenetis for 30imagescoveringa180degreesweep.

2.2 DEFICIENCIES IN RECONSTRUCTING FROM
THE VISUAL HULL

As shown above, reconstructionfrom apparentcontoursaloneprovidesthe
visualhull which is a boundon thesurface,but doesnot fully reconstructthe
surface. Therearetwo typesof deficiencies:first, concavities arenot recon-
structedsincethey do not contribute to theapparentcontour, seefigure1.6(a);
second,even for a convex surfacethe visual hull is not coincidentwith the
surface,seefigure1.6(b). This differencebetweenthevisualhull andsurface
dependson thesurfaceshape,andthenumberandpositionof theviews.

On the otherhand,surfacepoints(e.g. texture), viewed over multiple im-
agesandreconstructedby triangulation,“probe” thesurfaceatall visiblepoints
including concavities, seefigure 1.7. So, triangulatingon surface features
doesreconstructconcavities,but providesnoconstraintsat texture-lesssurface
patches;and,thevisualhull doesnot reconstructsurfaceconcavities, but does
reconstructsurfaceregionseven in theabsenceof any surfacefeatures.Con-
sequently, triangulatingon surfacetexturefeaturescomplementsthetangency
constraintsprovided by the apparentcontour. We return to triangulationon
surfacetexturein section3..
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(a) (b)

Figure1.6 2D schematicof thedifferencebetweenthe‘surface’andthevisualhull computed
fromimage‘outlines’. (a)Thevisualhull doesnot‘capture’surfaceconcavities;(b)Evenif there
areno concavities, thevisualhull computedfrom a finite numberof imagesmaynot coincide
with thesurface.

Figure1.7 Two viewsof asurfaceprovide informationfrom boththeapparentcontoursin the
form of a tangentconstraintanda point matchwhich providesa surfacepoint constraint.Both
reconstructionmethodscomplementeachother, andwill beusedtogetherto provide complete
models.
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(a) (b)

Figure 1.8 (a) Thevisualhull canbereconstructedastheintersectionof theconesgenerated
by back-projectingtheapparentcontourin eachimage. (b) If assumptionsaremadeaboutthe
smoothnessof the surface,the visual hull canbe reconstructedby locally fitting quadraticor
Bezierpatches.

2.3 COMPUTING THE VISUAL HULL

If no assumptionsaremadeaboutthe surfaceshape,the visual hull must
simply bereconstructedasthe intersectionsof theback-projectedconesasin
figure 1.8(a). However, an approachusedby several authors[5, 7, 15] is to
assumea local quadricform of the surfacewhich is fitted generallyto three
apparentcontours(seefigure 1.8(b)). This hull surfaceis thenparametrized
by a net formed by the contourgeneratorfor eachview linked by epipolar
curves.Theproblemwith thisparameterizationis thatit is singularatepipolar
tangencies,andreconstructionerrorsresult.An alternative approachis avolu-
metriccomputationwherethevisualhull is computedandrepresentedby voxel
occupancy. This ideadatesbackto [22].

Volumetric modelgeneration. A regionof space,known to enclosethesur-
face,is subdividedvolumetricallyatagiven(but notnecessarilyuniform) res-
olution. Eachsub-region is thenclassifiedaccordingto whetherit lies inside
the visual hull, outsidethe visual hull or spansthe surfaceof the visual hull
(figure1.9). This classificationis achievedby observingtheprojectionof the
sub-region, or voxel, onto eachimageplane: if the projectedvoxel lies out-
sideany of theapparentcontours,it mustalsolie outsidethevisualhull. The
algorithmis closeto thatpresentedby Szeliskiin [31].

Octreerepresentation. An implementationbasedon octreeshassignificant
speedadvantages.A region of spaceis subdividedinto a setof cubesat a low
resolution.Eachcubeis thenclassifiedwith respectto thevisualhull asabove.
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Figure1.9 A regionof spaceis sampled,andeachvoxel is assignedoneof threevalues.Light
cubesareknown to lie outsidethevisualhull, anddarkcubesareknown to lie insidethevisual
hull (from this singleimage).Graycubeslie on thesurfaceandcanbesub-sampledfor greater
resolution.

If a higherresolutionis required,eachcubeis subdivided into 8 equalsized
cubesandtheclassificationis repeated.However, cubeswhich areknown to
lie completelyoutsideor completelyinsidethe visual hull do not needto be
subdivided,astheclassificationof their ‘children’ will be thesameasthatof
theirparents.

Usingthis approach,anarbitraryvolumetricresolutioncanbeachieved. A
trade-off is requiredatthispoint: atalow resolution,importanttopologicalfea-
turesof thevisualhull maybemissed,whilsthighresolutionmodelstakelonger
to generateandaremoredifficult to manipulate.Figure1.10demonstratesthis
trade-off.

3. COMPUTING THE SURFACE FROM TEXTURE
INFORMA TION

It hasbeenshown that theapparentcontourdoesnot give any information
aboutconcavitiesof theviewedsurface.In orderto accuratelyreconstructsuch
surfaceregions,it isnecessaryto makeuseof otherinformationsuchastexture.

Densestereoalgorithms,e.g.[16], makegooduseof textureinformation,but
to datehave only beenextendedfrom two views to many by merging surface
patches— anapproachthatdoesnotgeneralizewell tocircumnavigationof the
object.

It is alsopossibleto obtainsurfaceshapeinformationfrom featuressuchas
cornersor curves in the image. However, this datais sparseandgenerallya
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Figure1.10 Threedifferentresolutionreconstructions(from left to right: 728voxels,4kvoxels
and246kvoxels)of thevisualhull of a mugimagedfrom 36 views (six of theoriginal images
areshown in thetoprow). Note,thechangein topologybetweenthefirst andsecondresolution.

parametrizedsurfacemodelmustsubsequentlybefitted, e.g. [14], in orderto
obtainadensereconstruction.

3.1 SPACE CARVING

Spacecarving[20, 27] doesnot suffer from eitherof theselimitations. It
providesasuccessive algorithmfor removing voxelsin avoxmapwith theaim
of creatinga3D shapewhich reproducestheinput images.

In brief, theideaof spacecarvingis to projecteachvoxel onthesurfaceinto
thesetof images.Theprojectedvoxeldefinesacorrespondencebetweenimage
points,andtheintensityat thecorrespondingpointsis evaluatedto determine
if it is “photo-consistent” (seebelow), ensuringthe voxel is only compared
with pixel valuesin imagesin which it is not occluded. If the voxel is not
photo-consistentit is removed (carved) from the occupancy space,and the
algorithmrepeats.If it is photo-consistentthenthevoxel canbecolouredwith
thecorrespondingpixel value.Thefinal resultis a setof voxelswhich closely
reproducetheoriginal images.

Thereare2maindrawbacksto theoriginalimplementationdescribedin [19].
Thefirst concernsinitialization,andthesecondthephoto-consistency test.The
following sectionsdescribesimprovementsin thesetwo areas.

3.2 SURFACE DIRECTED INITIALIZA TION

It is oftennecessaryto initialize thealgorithmwith avery largevoxmapped
spacein order to ensurethat it completelyenclosesthe surface. Eachvoxel
must thenbe testedin turn for consistency with the imageswhich resultsin
a high computationalload. As hasbeenshown in section2.1, thevisualhull
completelyenclosesthegeneratingsurface,andcanbeefficiently constructed
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usingoctrees.It followsnaturallythatthevisual hull should beusedasastarting
point for thespacecarvingalgorithm.

3.3 IMPR OVED PHOTO-CONSISTENCY
CONSTRAINT

In theoriginal implementationof spacecarving[19], thephoto-consistency
testproceededasfollows: projectavoxelcentroidintoeachimage, andcompare
theintensitiesof thecorrespondingpixels. If theintensitiesdiffer by lessthana
thresholdthanthevoxel is photo-consistent.Unfortunatelythis testis proneto
errorsfrom imageintensitynoiseandfrom thespatialsamplingnoiseinherent
in thevoxelationof space.A “shift transform”wasintroducedin [20] to solve
thesecondof theseproblems.However, it canbeshownthatabiasis introduced
suchthat themodelis larger thantheoriginal objectandhencemissescertain
smallconcavities.

If the thresholdon the photo-consistency test is too low, the result is false
protrusionson thesurface. Conversely, (andmoreserioushere),if the testis
tooconservative (i.e. pointsarenot consideredconsistentevenwhenthey are)
the resultis indentationsor holesin thefinal surface. Thephoto-consistency
testmustthereforeberobustto imagenoise.

Herewe improve thephoto-consistency testsothatit is morerobust in two
ways:first, asmoothsurfacefit is usedto provideanimageto imagemap(see
figure1.11). This enablesregistrationto sub-pixel accuracy. Interpolationis
now requiredbecausepixels from oneimagewill not in generalcoincidewith
pixel positionsin theotherimage;second,thecomparisonof intensitiesuses
normalizedcross-correlationso is invariantto a local affine transformationin
brightness( �����	��

� ). Thephoto-consistency testdefinesa binaryvalued
indicator functionfor voxels.

Photo-consistencyconstraint — implementation. In order to provide an
accurateand smoothsurface-inducedmapping,it is necessaryto fit a local
surfacepatchto the voxelatedsurface. This is achieved by locally fitting a
quadraticpatchto a setof surfacepoints. Eachpatchcanthenberepresented
asaquadricsurfacein theform �������������
where ��������� �!�#"$�&%(')� is a 3D point on thesurfacepatch,and � is a *,+-*
symmetricmatrix representingthe quadric. It canbe shown [9, 29] that the
quadricinducesanalgebraicmapping,�/.	��01���324' betweenany two images,5
and6 , where�/. and �32 arecorrespondingpointsin images5 and6 respectively.

Thephoto-consistentindicatorfunctionis thencomputedasfollowsfor each
voxel: fit a quadricpatchto the voxel neighbourhood,andproject the voxel
centroidinto eachimage.Theprojectedcentroiddefinescorrespondingpoints
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Figure1.11 Surface-inducedtransfer. Any imagepointback-projectsto aray in space.Given
thelocal geometryof a surface,this ray canbeintersectedwith thesurfaceto give a 3D point,
whichin turncanbeprojectedintoasecondimage.Thisprocessdefinesapointtopointmapping
betweentheimagesinducedby thesurface.

betweentheimages.Startingfrom themostfronto-parallelimagemeasurethe
normalizedcross-correlationwith correspondingimageneighbourhoods, where
the mapbetweenimagesis definedby the fitted quadricpatch. If the cross-
correlationsareaboveathreshold(here0.8)thenthevoxel is photo-consistent.

3.4 SPACE CARVING IMPLEMENT ATION

Thestartingpointfor thespacecarvingalgorithmis thevoxel representation
of thevisualhull producedfrom theapparentcontours.Often,andin particular
whenmany viewsof asingleobjectareavailable,thevisualhull is closeto the
final surface. Incorrectlymodeledregions(the two deficienciesillustratedin
figure 1.6) areidentifiedusingthe indicator function, andonly theseregions
area candidatefor spacecarving. Voxels aresuccessively removed in these
regionsuntil thesurfaceis photo-consistentwith theimages.

3.5 RESULTS

Figure1.12shows six imagesfrom a sequenceof 36 imagesof a skull, and
thecomputedvisualhull. Theeyeandnoseareasarenotaccuratelymodeledby
thevisualhull. However, areasaroundthebackof theheadwhich areconvex
andsmoothareaccuratelyreconstructedin thevisualhull. Thesetwo typesof
regionsareidentifiedby thephoto-consistency indicatorfunction. Figure1.13
shows thenumberof voxels remainingin themodelthroughiterationsof the
algorithmin section3.4.
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(a) (b)

(c) (d)

Figure1.12 (a)A voxelelatedmodelof thevisualhull of askull. It canbeseenthatthevisual
hull “smoothesover” concavities suchasthenoseandeye sockets. (b) An indicatorfunction
(section3.3)is appliedto thesurfaceof thevisualhull, andregionswith highscoreareshown in
gray andthosewith low scoreareshown in black. A high scoreindicatesthatthereprojection
of thesurfaceis consistentwith theinput images.It canbeseenthattheeyesandnoseregions
havebeenmarkedas“incorrect”. (c) Thefinal modelafterapplyingthespacecarvingalgorithm
asdescribedin section3.4. After spacecarving,areassuchastheeye socket andnoseregion
arecorrectlyreconstructed.A simplemeshsmoothingalgorithmhasbeenappliedto thesurface
to highlight theseareas,but themodelis storedas 7 8#9#: voxels. (d) A textured-mappedmodel
usingintensitiesfrom theoriginal images.
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Figure1.13 Numberof voxelsremainingin model(figure1.12)asthespace-carvingalgorithm
converges.

Figure 1.14 Texture-mapped3D modelsof thedinosaurfrom sequencein figure1.1 andthe
cupfrom thesequencein figure1.10
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(a) (b)

Figure1.15 (top) Six imagesfromasequence(30images)of agourd.(a)An untexturedmodel
and(b) a texturedmodel.

Figures1.14 and 1.15 shows further examplesof using the voxel based
algorithm. In eachcasetheVRML modelsgeneratedhave in theorderof 50k
faceswhichallows themto berenderedin reasonablespeedsonaworkstation.

4. MINIMISING REPROJECTION ERRORS USING A
SURFACE REPRESENTATION

Althoughtheresultsfrom thespacecarvingalgorithmaresubjectively good,
andobjectivelyaccuratetowithin onevoxel, they arelimitedbytheresolutionof
thevoxels(whichis oftenlimited by computationtimeandavailablememory).
This limitation is illustratedin figure1.16(a).

To overcomethis limitation a parametrizedsurfacerepresentationmay be
usedinsteadof voxeloccupancy. In [10] aparametrizedsurfacefit wasobtained
using a cost function basedon imagecorrelation. Here we extend the cost
function to also enforcethe geometricconstraintsarising from the apparent
contour.
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(a) (b)

Figure 1.16 The apparentcontourasprojectedfrom the generatedvolumetricmodelof the
visualhull. (a) A low resolutionmodelhasbeenchosento exaggeratethere-projectionerrors.
This modelhasapproximately8000polygonsandgivesan approximatereprojectionerror of
5–7pixels. (b) Theerrorsarereducedto sub-pixel if thecostfunctionof equation(1.2) is used
in a minimizationover thesurface.

Intensity correlation. Thecostfunctionusedin [10] hastheform;=<?> 7@BADCFE�G4HI H EJGLKI K
MONQP)RTSUPWVXSZY?[]\NQP^RTS�P_Ya`bMON cdRfegRTSUPhViSZYaY?[
\N cQRfegRTS�P_Ya`WjkSml

(1.1)
thuscorrelatingatexturepatch,centredaroundimagepoint npo in afirst image,�4o&��n�' with thesurface-mappedpatchin asecondimage,�kqL��n�' . Thefunctionr ��n�' mapspointsbetweenthetwo imagesgivenahypothesizedsurfaceshape
(theoptimizationparameter),

�
. Themeanpatchintensities, s�4o and s�kq , allow

for anaffine scalingof intensities.
Here,we extendthecostfunctionby introducinganextra distancetermto

minimiseerrorsin thereprojectedsurface:t?u � E�v �xwy� � 'z�a{4'#� |3�a{D'^' v {�} (1.2)

Thedistancefunction, v , measuresthedistancebetweentheprojectedapparent
contour, w,� � ' from theapparentcontourdetectedin theoriginal images,| .

Theoverall costfunctionbalancesthesetwo termsaccordingto varianceof
thenoiseprobabilitydistributions, ~3� (of intensitycross-correlation)and ~ u (of
pixel localizationerror),on eachoneof thecostterms:t � t �~ q� 
 t u

~ qu } (1.3)

Theimportanceof includingthis termis thatthesurfaceis now constrained
(by theapparentcontour)at regionsatwhichthereis notexture. This informa-
tion is unusedin theoriginal work [10] becausethecostis not included.
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Figure1.17 Six images(top) from asequenceof 100imagesof aplasticineobjectwith asingle
large concavity. The planecommonto the camerasis intersectedwith eachimageplaneand
the1D intensityimagecorrespondingto theline of intersection(bottom) takenasanexamplein
section4.1.

4.1 TWO DIMENSION AL
EXAMPLE—IMPLEMENT ATION

Figure1.17(top) shows a turn-tableimagesequenceof a plasticineobject
with a largeconcavity. As anexample,we will considera cross-sectionof the
objectby consideringthe imagesalonga setof correspondingepipolarlines
(figure1.17(bottom)).

Thevisualhull is usedasthestartingpoint for theoptimization(computed
usingthe algorithmoutlinedin section1.8). By applyinga similar indicator
function to thatusedin section3.3, thecorrectlyreconstructedregionsof the
curve arelocatedandheldconstantduringtheoptimization(figure1.19(a)).

For thepurposesof this example(seediscussionbelow), thecurve is repre-
sentedasapiecewiselinearspline,with approximately150line segments.The
verticesarerestrictedto movealongthecurvenormals.Thecostfunction(1.3)
is minimizedby moving the vertex positionsof the curve usinga Levenberg
Marquardtalgorithm. A Z-buffer is maintainedduring the optimization to
computethereprojectedapparentcontour, andto ensurethatoccludedregions
arenot includedin the correlations. Figure1.19(b) show the resultsof this
optimizationif the texture term aloneis used(it is clear that the algorithm
hasonly convergedto a local minimum,andis far from thecorrectsolution),
whilst figure1.19(c) showshow theapparentcontourtermimprovesthemodel
considerably. In the concave region, results(b) and (c) are identical as the
apparentcontourprovidesno information. It is clearthat thetexturedoesnot
provide sufficient informationalone(indeed,figure1.19(d) violatesthevisu-
al hull constraint)andis augmentedby theapparentcontourconstraintin the
convex regions.

The gourdsequenceof figure1.15is usedasa 3D exampleusingthecost
functionof equation1.2. Figure1.16demonstrateshow thereprojectionerrors
of theapparentcontourreducefrom 5–7pixelsto subpixel.
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Figure1.18 (a)A voxel modelof thevisualhull. Dueto samplingerrors,it doesnotaccurately
obey the apparentcontourconstraints.(b) Applying the costfunctionof equation(1.2) (min-
imizing errorsin the reprojectedapparentcontouralong),themodelis significantlyimproved
from thevoxelatedvisualhull.

(a) (b) (c)

(d) (e)

Figure 1.19 (a) The cost function (1.3) is appliedto the surfaceof the visual hull. Areas
with high cost(incorrectlymodeledregionssuchasthe concavity) aremarked. (b) A model
generatedby minimising the cost function of equation(1.1) is shown. The concavity is now
moreaccuratelymodeled,but if thefull costfunction(equation(1.3))is usedtheconvex regions
arefurtherconstrainedby theapparentcontourconstraint(c). (d) and(e) show theresultsof (b)
and(c) with two of theback-projectedapparentcontourssuperimposed.(d) clearlyshows that
themodeldoesnotobey theapparentcontourconstraintif equation(1.2)is notdirectly included
in thecostfunction(asis thecasein (e)).
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5. SUMMARY

The algorithmpresentedhereenablesan accurateandcompletemodelof
a surfaceto bebuilt automaticallyfrom multiple images,andwe now discuss
limitationsandpossibleextensionsto thisapproach.

Apparentcontours. Thiscontributiontothecostfunctioninvolvesageomet-
ric imageerrorminimization.Theerrormakesminimalassumptionsaboutthe
world (cf thephoto-consistency constraintdiscussedbelow). Its userequires
that theapparentcontouris correctlysegmentedfrom the image(herethis is
achieved by ‘blue-screening’)andthis is the point at which errorscanoccur
Therearetwo failuremodes:first, undersegmentation(wherepartsof thecon-
touraremissed).Thisfailureis notparticularlyseriousbecausethesurfacecan
still becarvedawayfrom otherviewswherethecontouris detected;thesecond
typeof failure,oversegmentation,is seriousbecausepartsof theactualobject
will thenberemoved.

Photo-consistency. This requiresassumptionsaboutthephoto-metricprop-
ertiesof the surface,i.e. aboutthe BRDF, which is generallyassumedto be
Lambertian.A seriousproblemis with specularitieswheretheassumedprop-
ertiesarestronglyviolated. The naive useof the spacecarvingalgorithmis
inappropriatein suchcases.Unfortunately, specularitiesdo commonlyoccur,
e.g.for metallicandshiny surfaces.However, it is possibleto verify thecon-
sistency of the BRDF assumptions:at the epipolarnet pointsthe visual hull
generatessurfacepoints(andthesurfacenormal),andthebrightnessof these
pointscanbeusedto assess,for example,theLambertianassumption.

Extensions. Thepresenceof specularitiescanalsobeturnedto anadvantage
if thepositionof thelight sourceis known. In thiscase,basedon thestandard
geometryof mirror reflection,thesurface(positionandnormal)canberecon-
structedup to a oneparameterfamily. Shadows mayalsobeusedto provide
geometricconstraints.

In thecurrentimplementation,it hasbeenassumedthat thevisualhull cor-
rectlycapturesthetopology, andthetopologydoesnotsubsequentlychangein
theoptimizationstage.We arecurrentlyinvestigatingotherparameterizations
of thesurface,suchasthe level setsusedin [10]) andtheT-snakesdeveloped
in [23] whichwill enablechangesin surfacetopologywithin theoptimization.
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