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Abstract

We presenta simplisticapproach to obtaininga 3D rep-
resentationof an objectmoving in a scene. Theobject is
monitoredby four differentcameraswith knowncharacter-
istics.At anygiventimeframe, thesilhouettesof theobject
are extractedfrom each of the four imagesusing a back-
ground subtraction method. Somestrategy is afterwards
usedto performa computationallyef�cient 3D modelcon-
structionby projectingvoxelsfrom the 3D sceneonto the
camera'sviewingplanes.A 3D binary grid is obtainedand
visualizedusing a simplevoxel coloring strategy that we
developed. Depth mapsare constructedas well for each
camera image to helpwith thecoloring.

1. Intr oduction

We considertheproblemof 3D modelingof humanac-
tions in real time. In general,we would like to extract the
movementsof differentpartsof the humanbody andused
themin othercontextssuchashumancomputerinteraction,
imitation,scenerenderingfrom new viewpointsetc.Ideally,
thisshouldbedonein anasnaturalwayaspossible,without
usingany markers,joysticksor otherdevicesattachedto the
body. Theareaof researchthatdealswith this ideais called
markerlessmotioncapture [3].

Oneapproachto achievethisgoalis to usemulti-camera
imagesof a personmoving in thescenefrom which to con-
structa3D modelof theperson.Any extensionof theprob-
lem,suchasmotioninterpretation,postureestimation,kine-
maticmodelextractionor recognition,usesthevolumetric
modelgenerated.

In this paperwe presentour approachto constructinga
3D modelof anobjectfrom 2D images.Ouraim is thatthe
approachwe take neednot becomputationallyintensiveso
that it canbeapplicableto on-lineprocessing,which how-
evercanrestricttheaccuracy of theresults.Wealsodevelop
avoxel coloringmethodasanapplicationof voxel carving.

Wepresentthegeneralmethodin section2, togetherwith

existing methods. Algorithmic considerationsof our ap-
proachfollow in section3. Weshow experimentalresultsin
section4, a discussionof computermemoryrequirements
in section5, ways to extendthis paperin section6 anda
summaryandconclusionin section7.

2. GeneralMethod
Themaingoalis to extractavolumetricmodelovertime

of anobjectusingmultiple synchronizedcameras.We use
the shapefromsilhouettetechnique[2]. There are three
stepsinvolved in this method(1-3), to which we addtwo
moresteps(4-5) to performvoxel coloring:

1. Initialization - cameracalibration

The intrinsic and extrinsic parametersof each
cameraareestimated.

2. Silhouettesegmentation

The silhouetteof the object is segmentedfrom
eachimageusing a variant of backgroundsub-
tractionmethod.

3. Voxel carving

A voxelgrid is constructed,andvoxelprojections
areintersectedwith silhouettepixels.

4. Depthmapsconstruction

The depth of the closestvoxel in the volume
shapeto eachpixel in everycameraimageis de-
termined.

5. Voxel coloring

Eachvoxel on the volumesurfacegetsassigned
a color valuebasedon depthmapsandcamera
images.
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2.1. PreviousWork
2.1.1 CameraCalibration

For the �nal resultto bemeaningful,thecharacteristics
of thecamerashave to bepreciselydetermined.For exam-
ple, the position of the camerain�uences the transforma-
tion of a point from world coordinatesto cameracoordi-
nates.Thebehavior of a camerais modeledby its intrinsic
(focal length,principal point, skew anddistortionscoef�-
cients)andextrinsic (translationandrotation)parameters.
Cameracalibrationtechniquesandparameterde�nitions are
describedin [1, 10].

2.1.2 SilhouetteSegmentation

Segmentingthesilhouettesfrom the imagesis typically
doneusingimagedifferencing.First, a backgroundimage
is acquired,usuallydirectlyby takingapictureof thescene
without theforegroundobjectin it. Second,by subtracting
the backgroundimagefrom the currentimage,the silhou-
etteof the objectwill standout. Whenever the difference
betweenabackgroundpixel andtherun-timepixel colorsis
large,thepixel belongsto thesilhouette.

Oneimplicit assumptionis brightnessconstancy, which
saysthattheintensityof thebackgroundpixelsis thesame
in all images.In practicethis assumptionmight not neces-
sarily hold. For example,it is known thatthe lighting used
to illuminatethescenepulsates.Reference[9] proposestak-
ing a few dozenbackgroundimagesandestimatethepixel
statistics.A thresholdcanbesetonthevariationaroundthe
meanof a pixel valueto segmentforegroundobjectsfrom
background.

Another dif�culty encounteredin this processis deal-
ing with shadows in an ef�cient manner. Shadows arethe
byproductof a foregroundobjectbeingpresentin thescene
andthereforetendsto bedetectedaspartof thesilhouette.
A fastandrobustsolutionto eliminatingshadows is given
by Cheunget. al. [2]. They proposetwo techniquesfor
this. First, they usecolor information to identify shadow
pixels. If the anglebetweenthe RGB vectorsof the pixel
in the two imagesis large,thepixel is not a shadow pixel.
Second,they pre-processthebackgroundimageto identify
regionswith differentshadow statisticsandassignregion-
dependentshadow thresholds.

Sometimesa backgroundimagecannotbe acquireddi-
rectly or it is slowly changingover time. In this caseit is
possibleto indirectly estimateit andupdateit from a se-
quenceof imagesin which theobjectis moving moredis-
tinctively thanthebackground.François et. al. [5] model
thebackgroundin real-timeby incrementallylearningand
adjustingthe statisticalcolor of eachpixel in the back-
ground. They alsosuggestusingthe HSV color spacein-
steadof theRGBone,asit providesstrongercuesfor back-
groundclassi�cation.

2.1.3 VoxelCarving

We can identify two major classesof methodsusedto
construct3D volumetric models: methodsthat are con-
cernedwith accuracy andmethodsthatareconcernedwith
speed. Typically, the methodsusedfor accurateresults
[] arecomputationallyintensive andtime consuming,and
hencethevolumetricsegmentationhasto beperformedoff-
line. In contrast,thereexist many applicationswhich need
to completethe segmentationprocessin real-timebefore
the next framebecomesavailable[2, 6, 9]. The resultsin
this casehowever arenot asaccurate.Thereforea tradeoff
needsto be madebetweenspatialresolutionandtemporal
resolution.

Therearea numberof waysto partition the spaceinto
voxels. As statedby [2], whenthe silhouetteis projected
perspectively into the world space,a conic surfaceis ob-
tained which should enclosethe entire object. Here the
voxels have a conic shapeand the sizevarieswith depth.
Intersectingtheconicvolumesfrom eachof theimagescan
becomputationallyexpensiveandthereforeimpracticalfor
real-timeprocessing.

In contrast,a rectangularboundingbox canbe usedto
enclosethe relevant world space. The box can be parti-
tionedeitherusingoctreesor voxels of equalsize. Refer-
ence[9] usesanoctreerepresentationin which thebound-
ing box is recursively subdivided into smallervoxels until
a voxel is fully occupiedor empty. This proceduregener-
atesvoxelsof differentsizes,but is veryconcise.Thevoxel
resolutionmatchestheobjectresolutionin this case.

Many methods[2, 6] usevoxelsof equalsizebecauseit
hasits own bene�ts. In particular, having thevoxel position
andsizepre-determined,we canbuild look-up tableswith
depthand projectioninformation off-line, and thus speed
uptheon-lineprocessingtime. Wetakethisapproachin the
presentpaper.

2.1.4 Depth Maps

We have not consideredany previous work regarding
building depthmaps.

2.1.5 VoxelColoring

Oneapplicationof voxel carvingis synthesizingobject
imagesfrom viewpoints other than the cameraviews. It
turnsout that the work donetowardsthis enddid not use
the volumetric model. At the sametime, they aimed to
the highestquality results. Reference[7] performsvoxel
coloring by traversingthe voxel spacein depth-orderwith
respectto the new viewpoint and �nding the closestvox-
els thatarecolor consistentin all of the referenceimages.
Recentwork [4] in renderingimagesfrom new viewpoints
without explicitly reconstructingthe volumeof the object
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looksalongtheepipolarlines to achieve color consistency
andusesimage-basedpriors for increasedrealism(by pre-
servingtexturestatistics).

We have developedour own methodwhich is only in-
tendedto give a courseapproximationof how the object
would look like from new viewpoints.

3. Our Approach - Algorithmic Con-
siderations

Our contributions in this paperare mainly related to
voxel carvingandvoxel coloring. Every time framewhen
datais capturedcreatesa new instanceof the sameprob-
lem which is solved independentlyfrom the other time
frames. We considera voxel grid, which is an equal-size
rectangular-shapedvoxel-spacerepresentationdivided into
NX � NY � NZ voxels. Imagesfrom k camerasareac-
quiredandsilhouettesaresegmentedfrom them.

3.1 Point Projections

Geometricallyspeaking,for an ideal camerawhich in-
troducesnodistortionsin theimage,projectingapointfrom
world coordinatesto cameracoordinatescanbedoneusing
theequationX C = RX W + T, whereX W is theworld co-
ordinatesof a point, X C is thecameracoordinates,andR
andT representtheorientationandthepositionof thecam-
erarespectively. This equationhowever doesnot take into
accounttheintrinsic parametersthatmodelthebehavior of
thecamera.Nonetheless,it illustratesthemaincorrelation
betweenworld andcameracoordinates.

3.2 VoxelProjections

The problemof reconstructingthe volumeof an object
from multiple views canbe ill-posed. Simply put, if only
oneimageis available, it is clearly impossibleto obtaina
uniquesolution. Evenwith morethanoneview this might
still be the case.The goal is to constructa volumethat is
consistentin all images,eventhoughit mightbebiggerthan
the real one. Nonethelessthis approximationis very good
in mostcases.

A voxel is volume consistent if its projections
into thecameraimagesareinsidethesilhouettes.

Thereconstructedvolumecomprisesall thevolumecon-
sistentvoxels. To formalize this idea,we denotethe pro-
jectedregion of voxel v into the imageplaneof camerak
by Proj k (v), andthesilhouetteby Sk . Let V bethevolu-
metricmodelthatwe wantto construct.Thenv 2 V if and
only if 8k Proj k (v) � Sk . WheneverProj k (v) * Sk for
someimagek, it is certainthat v =2 V andthe remaining

imagesneednotbetested,thusreducingthecomputational
time.

Sincethesizeof avoxel is not in�nitely small,its projec-
tion into a silhouetteimagecanoccupy severalpixels. The
projectedregion is delimited by the convex hull obtained
from theprojectionsof theeightverticesof thevoxel. We
considertheprojectionof a voxel asinsidethesilhouetteif
a certainproportionof thepixelsfrom theprojectedregion
belongto thesilhouette:jProj k (v) \ Sk j � " jProj k (v)j,
" < 1.

Reference[2] proposestestingonly a sampleof thepix-
els from theprojectedregion. Thesmallerthesample,the
smaller the computationtime, but the error rate of mis-
classi�cationis higher. However, asthevoxel grid resolu-
tion increases,mis-classi�cationdecreases.Reference[6]
takesthis ideato extremeandconsidersonly onepoint for
eachvoxel which is projectedandtestedagainstthesilhou-
ette. This correspondsto a samplesizeof 1. We take the
latterapproachwhenperformingvoxel carving.

Sincethepositionof thecamerasandthevoxel grid are
stationary, a look-up tablecanbe constructedbefore-hand
containingprojectioninformationfor eachvoxel andcam-
era.Memoryrequirementsarehigh in this case,however it
drasticallyreducesthenecessaryon-lineprocessingtimeby
avoiding expensive matrix multiplication neededfor point
projections.

We madean implicit assumptionthat the object is en-
tirely visible in all cameraimages.If thiswerenot thecase,
reference[6] suggestsimposinga secondrequirementon
voxel consistency: any voxel belongingto the volumehas
to be visible from at leastsomepre-determinednumberof
cameras.

3.3 VoxelColoring and Depth Maps

Therehasbeenpreviouswork doneinvolving voxel col-
oring,however it avoidedtheproblemof reconstructingthe
volumeof theobject. We thereforedevelopedour own ap-
proach.

Wewishto determinethecolorof eachvoxel in thevolu-
metricmodelwhich is consistentin all cameraimages.Due
to occlusionandself-occlusion,voxelsarenot visible in all
images.In anextremecase,voxels thatarecompletelyin-
sidethe volumearenot visible in any image. Much com-
putationaltime canbe saved by removing the non-surface
voxels. Thesetof all surfacevoxel, Sur f (V ), is thesetof
voxels v from volumeV for which at leastoneof the six
neighborsdoesnotbelongto V .

Multiple voxels can have the sameprojectedregion in
theimageplane,but only theclosestonecontributesto the
pixel color. We usea depthmapfor eachimageto indicate
thedepthof thevoxel that induceda pixel color. Denoting
thedepthof avoxel v from imagek by Depthk (v), wecan
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de�ne thedepthmapof an imagek asDepthM apk (p) =
minv2 Sur f (V ) ;p2 P r oj k (v) (Depthk (v)) , wherep is a pixel
in theimagek.

For eachcameraimagewe want to determinethedepth
of thevoxelsthatprojectedinto any givenpixel. It is com-
putationallymore ef�cient to iterate �rst over the voxels
ratherthanover thepixels to constructthedepthmaps. In
this way, eachvoxel is traversedonly once.In this respect,
weneedto considerall thepixelsthatagivenvoxelprojects
into andupdatetheDepthM apk (p) valuewheneverneces-
sary.

The pseudo-codefor constructingthedepthmapsis in-
cludedfor clarity.

For eachimagek andeachpixel p in imagek
SetDepthM apk (v) = + 1

For eachvoxel v 2 Sur f (V )
For eachimagek andeachpixel p 2 Proj k (v)

If DepthM apk (p) < Depthk (v)
Then SetDepthM apk (p) = Depthk (v)

Thedepthinformationateachpixel canbeusedto deter-
mineef�ciently whetheravoxel is visible in agivenimage.
For apixelp 2 Proj k (v) theinequalityDepthM apk (p) �
Depthk (v) holdsthroughconstruction.Moreover, equality
arisesonly whenvoxel v is the closestvoxel that projects
into p.

Ideally, the pixels from which a voxel v is visible
should be color consistent. In practice, factorssuch as
the view angle,surfacematerial, camerabias etc. intro-
ducesmall variationsin pixel color intensity. Given the
multi-set ColorSet(v) of all pixel colors that a voxel v
inducesin the cameraimages,we chooseby convention
to assignthe medianvaluein the multi-setasthe color of
voxel v. Formally, we assignthe color by Color(v) =
mediank ;p2 P r oj k (v) ;D epthM apk (p)= D epth k (v) (Colork (p))
wherev is a voxel on Sur f (V ), Color(v) is thecolor we
assignto voxel v andColork (p) is the color of pixel p in
imagek.

We provide thepseudo-codefor voxel coloringbelow.

For eachvoxel v 2 Sur f (V )
SetColorSet(v) = ;
For eachimagek andeachpixel p 2 Proj k (v)

If DepthM apk (p) == Depthk (v)
Then Set

ColorSet(v) = ColorSet(v) [ f Colork (p)g
SetColor(v) = median(ColorSet(v))

It is well known thatthemedianvalueis morerobustto
errorthanthemeanvalueandthusexpectedto becloserto
thetruevalue;nonetheless,themeanvaluein themulti-set
mightproducesmootherresults.

4. Experimental Results
4.1. Data Set

Thedatasetthatwe usedcomesfrom a sequenceof im-
agesfrom four differentsynchronizedcameras[8]. Figure1
showstheimagesfor onetimeframe.Theimageresolution
is 644� 484.

Figure1: Original images

We have usedthesilhouettesgeneratedandprovidedby
[8]. They areshown in �gure 2. As opposedto [5, 9] in
which the backgroundpixel statisticsis assumedto have
a Gaussiandistribution, reference[8] assumesa weighted
sumof threeGaussiandistributions.

Figure2: Silhouetteimages

As an exercise,we have discoveredthat we canobtain
similar resultsby using the nä�ve backgroundsubtraction
methodand�ltering the resultingimagea few timeswith
a median�lter . The only downsideof this approachis the
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computationtime,which is highdueto thefactthattheme-
dian�lter is nota linear�lter .

4.2. Generatingvolumemodel

We useda built-in function de�ned in the calibration
toolboxin [1] to transformpointsfrom world to cameraco-
ordinates.

The size and coordinatesof the world spacebounding
box wereprovidedby [8]. This box wasjust big enoughto
enclosethepersonit hercurrentposition.Sincewe assume
thatthepersonis movingovertime,alargerboxwouldhave
hadto be usedwhich shouldencloseall possiblelocaliza-
tion of theperson.We haveusedasmallerbox justbecause
we testedour methodat only onetime frame. This hasre-
ducedthe computationaltime for voxel carvingsinceless
voxelshadto be classi�ed aspartof or not of thevolume.
The sizeof the boundingbox hasno impacton any other
aspectsof thealgorithm,which only iterateover thevoxels
thatarepartof thesurfaceof thecarvedvolume.

Theboundingboxresolutionusedin ourexperimentwas
23� 31� 80 and the voxels were cubesof size approxi-
mately19. About a �fth of thevoxelsbelongedto thevol-
ume,andhalf of thoseto its surface.

Figure3: VolumeReconstruction

Thevolumethat resultedfrom thevoxel carvingproce-
dureis displayedfrom 12differentviewpointsin �gure 3. It
is clearthatholesin thesilhouettestranslateddirectly into
holesin thereconstructedvolume.Also, theleft handof the
personis constructedincorrectly, coveringtheentirespace
in front of thebodyfrom theleft sideto theright side.The
reasonfor thisis that,giventheimagesin �gure 1, theprob-
lemis ill-posed.Thisis obviousoncenoticingthatnoimage
showsthefront-left sideof theperson.

4.3. Recovering color information
Before assigningcolor to surface voxels, depth maps

were constructed. They are displayedin �gure 4. They
arevery goodat conveying 3D orientationandpositionof
differentbodyparts.

Figure4: Depthmapimages- Lighter color meanscloser;
darkermeansfarther

Color reconstructionwasperformedasdescribedin the
previoussection.Theresultsareshown in �gure 5. Again,
thesurfacevoxelsonthefront-left sideof thepersonarenot
visiblein any of thefour cameraimages,andthereforethere
thereconstructionfailed.Voxelswherecolorreconstruction
wasnotpossibleweredisplayedwith pure-blackcolor.

The color reconstructionis somewhat coarseandcolor
transitionis not smooth.

Figure5: ColorRestoration- Completelyblackcolormeans
colorwasnot restored
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5. Computer Memory Requirements
Previously in the presentpaperwe statedthat a look-

up tablecanbepre-computedfor easyaccessof projection
informationProj k (v). Similarly we could usea look-up
tablefor voxel depthinformationDepthk (v).

Our implementationdid notuselook-uptablesfor voxel
depth,andas a consequencethe executiontime is higher
during the building depthmapsphase. First, depthinfor-
mationwasnecessaryonly for surfacevoxels. We saw in
section4.2 that in thedatasetexamplesurfacevoxelscon-
stitutedabout10%of all voxels. We did not want to usea
lot of memoryspaceto storethedepthmaplook-up table,
of which only about10%getused.Second,thegain from
using a look-up table for voxel depth information (scalar
multiplication andaddition) is not assigni�cant asfor the
projectioninformationtable(matrix multiplicationandad-
dition). Nonetheless,if thecomputationaltime needsto be
reducedfurther, depthlook-uptablesshouldbeused.

Thevoxel carvingprocedurethatweuseneedsto project
just one point belongingto a voxel to eachimageplane.
This is becausewe reducedProj k (v) to have only one
pixel. The spacerequirementcomplexity for the projec-
tionslook-uptablenecessaryfor voxel carvingis therefore
�( K � N 3), whereK is thenumberof cameras,andN is
voxel resolution.

The voxel coloring procedureneedsto constructdepth
mapsfor eachpixel in thecameraimages,andthereforethe
entireprojectionregion is needed.The pixels that belong
to the projectionregion of a voxel are found by project-
ing theeightverticesof thevoxel into theimageplane;the
pixels that areinsidetheir convex hull areselectedaspart
of Proj k (v). If we denoteby A as the averagenumber
of pixels in the projectedregion of a voxel in one image,
thenthespacecomplexity for theprojectionslook-uptable
is �( A � K � N 3). Keepin mind thatN andA areinversely
related.This look-uptablecanbeusedfor bothvoxel carv-
ingandvoxelcoloring.In theexampleweconsideredin this
paper, A = 24:32, K = 4 andN 3 = 23� 31� 80, andthe
tableused36MB.

As far as time complexity is concerned,it follows di-
rectly from thediscussionin section3 that

� voxelcarving: �( K � N 3)

� depth maps: �( A � K � � (N 3))

� voxelcoloring: �( A � K � � (N 3))

where� (�) takesinto accountsurfacevoxelsonly.

6. Futur e Work
In this paper, eachset of synchronizedimagesfrom a

giventimecreatedanew instanceof thesameproblem.We

canenvisionusinginformationacquiredor computedatear-
lier timesfor processingthecurrentdataset. Probabilistic
priorscouldbeusedto re�ne thevolumetricmodel. Since
the goal is to performon-line voxel carving,we could re-
cover thevolumetricmodelincrementally, by startingwith
a low resolutionmodel,andgraduallyincreasingthevoxel
resolution.

We have seenthat the recoveredcolor wasnot smooth,
which might be dueto the medianchoice. A meanvalue
might producesmoothercoloring, but it is subjectto out-
liers. We think that resultsof this quality canbe obtained
with lesscomputationaltime by usingthe �rst pixel color
thatis foundfor whichDepthM apk (p) = Depthk (v), and
ignoringtheotherpixelsthatsatisfythis condition.

The currentimplementationrunssomewhatslow for an
on-line process.We needto investigatewhich part of the
procedureis thebottle-neck,andif it is analgorithmcom-
plexity problemor animplementationproblem.

7. Summary and Conclusion

Wehavepresentedamethodfor reconstructingthevolu-
metricmodelof anobjectandwe have recoveredcolor in-
formationfor realisticallyrenderingthe3D shape.We did
soby segmentingthesilhouettesfrom the images,by con-
structingthe volumeas the set of voxels that project into
all silhouettes,andby assigningcolor to eachsurfacevoxel
takinginto accountself-occlusion.

This applicationcanbeusedfor monitoringover time a
sceneandtheobjectsmoving in it from arbitraryviewpoints
with a limited immobilenumberof cameras.Onesuchex-
ampleis broadcastinga football game. It is impracticalto
have a physicalcameraroamingaroundthe�eld, but noth-
ing canstopa virtual camerafrom doing so. Imagescap-
turedfrom aroundthe �eld with real camerascanbe used
in synthesizingnew imagesfrom theviewpoint of a virtual
camera.Eventhoughthisexamplemightbebeyondthecur-
rent technologicalcapabilitiesdueto thegiganticsizeof a
football �eld, it might still be applicablein environments
with a smallerscale.

Anotherapplicationthat couldbene�t from voxel carv-
ing andcoloring ideasis broadcastingover Internetthe3D
informationof a virtual scenechangingover time. Rather
thantransmittingtheentire3D scene,a numberof 2D im-
agesaresentover theInternetandthedestinationcouldre-
constructthe sceneanddisplay it from any viewpoint de-
sired.Thisstrategy coulddecreasethenecessarybandwidth
of thetransmission.

This methodis supposedto be usedin real-time,how-
everthecurrentimplementationtakesaboutaminuteto run.
Theapplicationsthatthis methodcouldbeusedto, suchas
theonesmentionedaboveandmany others,makesit worth-
while andshouldbere�ned for betterperformance.
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