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Abstract

This paperinvestigateghe useof the SpaceCarvingalgorithmwith outdoor
image sequencesysing a lambertianlighting model. A new consisteng
function is proposedhat usesa statisticalcomparisonnsteadof the voxel
centroidsamplingthatwasinitially proposed.This is importantwhenthere
is moredetailin theimageshancanbestoredin avoxel representationThe
new functionis evaluatedusingsyntheticdataandrealimagesequences.

1 Introduction

Many different techniqueshave beenappliedto the problem of reconstructingthree-
dimensionakhapdrom imagesequencesTheseechniquesll work well for constrained
problems suchassmallcamerabaselingl6, 1, 2, 8], or smoothcurved objects[4]. Re-
cently voxel basedalgorithms[5, 9] have beendemonstrategvhich canreconstrucvery
complex shapesbut at the costof large memoryrequirementsOneof thesealgorithms
is calledSpaceCarving[5] (seesection2.1for adescription).

In this paperthe effectivenesof the SpaceCarvingalgorithmwill be testedon diffi-
cult outdoorimages. Theseimageshave beenchoseno shav off boththe benefits,and
difficulties of SpaceCarving. The voxel basedrepresentatiomeansthat the algorithm
canreconstruccomplex 3-D shapesthatwould not be possiblewith otherapproaches,
however it doesnot useall theimageinformationthatis available. This meanghatthe
algorithmcanbe susceptibldéo noise,which is especiallytrue of imagestaken outdoors
in uncontrolledighting conditions andwith uncalibratedmages.

Many of the difficultieswith SpaceCarvingaredueto the choiceof the consisteng
checkcriterionwhich is usedto decidewhetherto keepor discarda voxel. Thesevoxels
usuallyprojectto an areain theimagewhich is largerthana pixel, soit is importantto
useall theimageinformation,notjusttheinformationaboutthe pixel closesto thecentre
of thevoxel. In this paperwe will usea statisticalconsisteng checkandwe will shav
thatthis performsbetterthanthe existing methodof samplingthe centreof thevoxel.



2 Background to the Space Carving algorithm

2.1 Background

The“theory of shapeby spacecarving” by KutulakosandSeitz[5] is a provably correct
theoryfor thereconstructiorof three-dimensionahapefrom multiple images.This sec-
tion givesa brief summaryof the work, but the readeris advisedto referto [5] for more
detail.

Thespacecarvingalgorithmstartswith avolumeof spacehatis largerthantheobject
beingreconstructedAt eachiterationthevolumeis carvedaway until theresultingshape
is consistentwith the input images. A shapeis saidto be Shape Photo-Consistent if
all pointswithin the volume are consistentwith the inputimages. A three-dimensional
pointwithin thevolumeis Point Photo-Consistent with animagepoint, if its colourcould
have resultedfrom the radianceof the 3D point. Thisis valid for lighting modelswhich
arelocally computable(suchasthe Lambertianmodel). When more comple< models
areused,thenathree-dimensionalolumeis Shape-Radiance Photo-Consistent with an
imagepointif the colour of the image point could have resultedfrom the shapeof the
volumeunderthe currentlighting model.

The algorithmis suppliedwith aninitial volume (representedby an array of voxels)
and a Consistency Check Criterion. The purposeof the consisteng checkis to decide
whetherthereexists a radiancevaluewhich could be assignedo a pointin spacesothat
it is consistentvith theinputimages.At eachiterationtheconsisteng checkis computed
for an exterior voxel, andif consistentjs assignedhe radiancevalue, otherwiseit is
removedfrom themodel. This procesds repeatedintil no morevoxelscanberemoved,
andwhatremaings athree-dimensionahapecalledthe Photo Hull. KutulakosandSeitz
provedthatif this shapevasfound,thenit mustbe Shape Photo-Consistent with theinput
images.

In practice alambertiarighting modelis used.Thismeanghattheconsisteng check
functiononly need¢o comparehe RGB values.A voxelis acceptedf theRGB variance
is lessthanathreshold.TheprojectedRGB valuesareobtainedby projectinga voxel into
animage,andsamplingtheimageatthe voxelscentre.In this paperit will be shavn that
thisis anoversimplificationandthata statisticalcomparisorproducesetterresults.

2.2 Analysis

In this sectionwe will testthe spacecarving[5] algorithmusingtwo very difficult image
sequencesThefirst sequencéseefigure 1) consistf sevenuncalibratedmagesof the
fountainin GreatCourt, Trinity College,Cambridge This sequencés difficult to recon-
structbecausehe fountain hasa very complex shapewith large amountsof occlusion.
The secondsequenc®f GreatCourt (seefigure 3) is difficult to reconstrucbecausét is
a concae shape.The occludingcontourgivesvery little informationaboutthe structure
of thesceneandis hencea goodsequencéor evaluatingthe consisteng function.

The imageswere capturedusing a Fuji-700 digital camera,and about20-30 point
correspondencesereenteredmanually Theimageswere projectively calibratedusing
[3], andwere then upgradedto a metric calibrationusing[7]. The final solutionwas
optimisedusinga bundleadjustmentandthereprojectiorerrorwas0.5 pixels.

Thespacecarvingalgorithm([5] hastwo parametershatneedto be chosen.Thefirst
is thesizeof thevoxel array andthe seconds thethresholdfor the consisteng criterion.



Thisexperimentwill shaw thatit is notalwayspossibleto chooseavaluefor thethreshold
thatfindsthecorrectshapeasthe algorithmhasatendeng to createholesin themodel.
Figure 4 shavs a numberof differentreconstructiongor the GreatCourtimagese-
guencewith differentvaluesof the threshold. Notice how the windows have beenre-
moved. Theseerrorsresultbecausehe resolutionin the imageis higherthanthat of the
voxel representationT he SpaceCarvingalgorithmis only provably correctif theimages
can be re-generateaxactly from the voxel representation.By correctly samplingthe
voxels,thealgorithmcantake into accounthedifferentamountsof detailin thedifferent

images.

Figurel: Thisimagesequencahownsthefountainin GreatCourt, Trinity College,Cam-
bridge. This sequencéassomevery complex structuresandwould bedifficult to match
with edgesor surfaces.The hardesproblemwith this sequencés separatinghefountain
from thecourtyardbehindthefountain. Thefountainhasbeenmanuallysegmentedising
TheGimp.

Figure 2: Resultsfrom the existing SpaceCarving algorithm using differentthreshold
settings. The voxel array size was 1282, andthe thresholdswere 48,32,24,160f 255)
respectiely. Notice how much of the shapewas obtainedfrom the occludingcontour

(left).



Figure3: Thisimagesequencevastakenin GreatCourt, Trinity College,CambridgeThe
basicstructureof thesequencés fairly simple,but it is adifficult sequencéo reconstruct
using SpaceCarvingasvery little informationis obtainedfrom the occludingcontour
Thissequencwvill beusedio demonstratdow well thealgorithmis ableto carve concave

shapes.

Figure 4: Resultsfrom the existing SpaceCarving algorithm using differentthreshold
settings.Thevoxel arraysizewas1283, andthethresholdsvere64,48,32,24,16of 255)
respectiely. Noticethatit is not possibleto chosea valueof thethresholdthatfindsthe
correctshapeandpreseresthewindows.



3 Thenew statistical consistency function

3.1 How toestimatethe statistics of a projected voxel

The problemwith the existing consisteng checkcriterion is thatit doesnot correctly
sampletheimage. This canbeenseenin figure5. Whenavoxel projectsto anarealarger
thana pixel, theinformationfrom all the pixelsneedgo be considerednotjust the pixel
atthecentre.

The simplestapproacthis to smootheachof the imageswith a fixed NxN mask,but
this is not the correctway of solving the problemas voxels projectto differentsizes,
dependingon how closethey areto the viewer. A betterway of samplinga voxel is
to projectits exterior boundaryinto eachof the images,anddeterminewhich pixelsare
insidethe projectedshape.

Thedifficulty with projectinga completevoxel cubeis thatatthetime of performing
the consisteng check,we do not know whetherthe voxel neighboursaresolid or empty
We only know information aboutvoxels which are closerto the viewer thanthe voxel
beingtested. It would hencebe incorrectto projectthe side facesof the voxels aswe
would not necessarilknow if they arevalid or not. For this reasorthe front facesof all
voxelsareprojectednto theimagesandthisinformationis usedto computethe statistics.
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Figure5: (a) Theold centroidsamplingmethod,(b) The new statisticaltechnique.

3.2 Thegtatistical consistency check

The problemthatwe have identified,is thattheremaybe moreinformationin theimages
thanin thevoxel representatiorsowe needsomeway of modellingthis difference Each
voxel is colouredwith auniqueRGB valuewhichis projectednto animage.If theimage
containsmoreinformationthanthe voxel array, thenthis is modelledasGaussiamoise.
Theconsisteng checkis basedn the F-statisticwherethe datais modelledasafixed
valueplusnoise.A voxelis only removedif thereis sufiicientevidenceto suggesthatthe
imagesamplescould not have hadthe samemean,or in otherwords,they werenot the
reprojectionf the samevoxel. Thisis evaluatedoy computingthe ratio of the between
classvarianceto the within classvariance. The correctvarianceratio for a confidence



interval canbecomputedrom thenumberof degreesof freedomin thetwo samplesising
the F-statistic.

This methodhasbeensuggestedby SeitzandDyer [9] asa possibleextensionto the
Voxel Colouringalgorithm, but it hasnot beenanalysedandhasnot beenappliedto the
SpaceCarvingAlgorithm. In this paperwe shav thatthis is animportantimprovement
to the SpaceCarvingalgorithm,especiallywhendifficult imagesequenceareused.

3.3 A new method for determining the visibility of a voxel

Whenimplementingthe planesweepalgorithm, it is necessaryo queryeachvoxel and
determinewhetherit is visible in eachof theimages. A voxel is visible in animageif

thereis a clearline of sightfrom the camerato the voxel. Or, in otherwords,all voxels
closerto the camerahave beencarvedaway. This couldbe considerecdisanimagebased
constraint. If therewasa voxel closerto the camerathenit would have alreadybeen
renderednto the image, as the algorithm works away from the cameracentres. This

meanghatto checkvisibility we only have to look in theimageandseeif the projected
areais empty(similarto aZ buffer).

Algorithm 1 This algorithmimplementsa plane sweepin the x-direction without the
needto performray castingin thevoxel array Thevisibility testsareall performedn the
imageplane.
for eachiterationof thesweepplane:z = .5 10 Tyyq, dO
for eachvoxel in planex do
for eachcamergwhichis behindthe sweepplane)do
Projectthefront faceof the voxel into theimage.
if theregion hasnotalreadybeenrenderedhen
Computethe RGB statisticsfor the projectedregion
end if
end for
ComparehestatisticH(if visible)
if thevoxel satisfieghe statisticalconsisteng function then
Assignthevoxel with themeanRGB value.
Paintthe front faceof thevoxel. (Thesameregionasabove.)
else
Remoe thevoxel from themodel.
end if
end for
for eachvoxel in planex do
Paintall thesidefaces
end for
end for




4 Qualitative Results

The modifiedalgorithmwasappliedto the sametwo imagesequencethatweredemon-
stratedin section2.2, andthe resultsareshawvn in figures6 and7. The importantthing
to noticein figure 6 is thatthewindows have beencorrectlyreconstructedyihich wasnot

thecasen figure4.

Figure6: Spacecarvingusingthe statisticalconsisteng function. The top two images
shaw areconstructionf theGreatCourtimagesequencwith 1282 voxels. Theimportant
thing to noticeis thatthewindows have beencorrectlyreconstructedn contrasto figure
4. Thelower two imagesuse256° voxels.

Figure7: Spacecarvingusingthe statisticalconsistenyg function. Comparetheseresults
with figure 2. This reconstructioruses1 282 voxels.



5 Quantitative Evaluation

A syntheticsequencefimagesvasusedto testthestatisticalconsisteng functionagainst
the centroidsamplingmethodusedby Kutulakos and Seitz[5]. Thetestsequencdsee
figure 8 ) consistsof a hollow unit cubewith texturedimageson the backthreefaces.
This configurationwaschoserbecausédt hasalarge hollow volumethathasto be caned
away, andthe exterior boundarygivesno informationaboutthe internalshape.All the
voxelswill haveto be carvedusingthe consisteng function.

Thegraphsin figure 9 shov the performancef the two algorithmswith andwithout
addingimagenoise. The correct solid plot shavs the percentagef the voxelswhich are
colouredasafractionof thosethatshouldhave beencoloured.Lik ewisethecorrect empty
plot shavsthepercentagef voxelsthathave beencarvedaway, of thosethatshouldhave
beencarnedaway. Theincorrect solid plot shavs the percentagef voxelsthatwerenot
canedaway from theregion thatshouldhave beenempty

Figure8: Thisis a syntheticimagesequencef a cubetexturedwith threewell known
paintingsby Van Gogh (Self Portrait, Little Grey Church). The cubeis rotatedabout
a single axis. The importantthing to notice aboutthis sequenceis that the occluding
contourdoesnot give ary information aboutthe interior shape.All the interior voxels
mustbe carnedusingthe consisteng function.

6 Discussion

Thestatisticaimethodof comparingprojectedvoxelsis very importantwhendealingwith
outdoorimagesequencesOutdoorsequencesufer from the difficulties of uncontrolled
lighting and calibrationerrorswhich canbe avoidedin the lab. The statisticalmethod
hasbeenshavn to performbetterundernoisethanthe centroidsamplingmethodwhich
waspreviously used.In particularthe statisticalmethodcopesbetterwith voxel aliasing
which wasthe causeof thewindows to be removedin figure 4. The size of thewindow
panesvassmallerthanthe sizeof thevoxels.

As a moregeneralcommentthe spacecarvingalgorithmperformsvery well on ob-
jectswhich have complex occluding contours,suchasthe Trinity fountain. (A quick
initialisationis obtainedby removing all voxelsthat projectto the background in any of
theimages.)Thealgorithmperformslesswell onconcae shapesvheretheshapds com-
pletely determinedby the consisteng function, andit is henceimportantto choosethe
bestconsisteng functionto achieve thistask.



Statistical consistency function

Centroid Sampling consistency function
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(a) Thesegraphsweregeneratedrom syntheticdata,with no addednoise. Comparethe intersection
of the two correct curveswhich occurat 85% and 80%. Notice how the statisticalmethodperforms
slightly betterdueto betterhandlingof voxel aliasing.
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(b) Thesetwo graphsshav the effect of corrupting the synthetic imageswith Gaussiannoise
(sigma=10%).The centroidsamplingmethodperformsconsiderablyworsethanthe statisticalmethod
in this case.Notice how thetwo correct curvescrossat 85% and75%. (not 85% and80% asthey did
in figure9(a)).

Figure9: Thesegraphscomparehe performancef the statisticalandcentroidsampling
consisteng functions. Synthetictestdatawasusedsothattherewould be no calibration
errors,imagenoise,or illumination effects(seefigure 8).



7 Futurework

Thereis a possibleextensionto this algorithmwhich would save a large amountof com-
putermemory It wasobsenedin section3.3thatthe imageplanecould be usedto per

form the visibility test. Thisimageonly neededo storethe visibility (1-bit) but it could
be usedto storethe RGB value of the voxel aswell. This would meanthat only 1-bit

would needto be storedin thevoxel array This bit would storewhetheror not the voxel

hadbeencarnedaway. For high resolutionvoxel arraysthis would save a large amount
memory but it would complicatethe renderingprocess.

8 Conclusion

In thispapertheSpaceCarving[5] algorithmhasbeentestedusingdifficult outdoorimage
sequencedt hasbeenshovn thatSpaceCarvingcanproducereasonableeconstructions
from arelatively smallnumberof uncalibratedmages.A statisticalconsisteng function
hasbeenusedto replacethe centroidsamplingmethodusedby Kutulakosand Seitz. A
guantitatve evaluationusing syntheticimageshasshavn that the statisticalmethodis
morerobustto noise,whichis importantwhendealingwith uncalibratedmagestakenin
uncontrolledervironments.
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