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Abstract

Visual Hull (VH) constructionfrom silhouetteimagesis
a popular methodof shapeestimation. The method,also
knownasShape-Fom-SilhouettéSFS),s usedn manyap-
plicationssud as non-irvasive3D modelacquisition,ob-
stacleavoidance and more recentlyhumanmotion track-
ing and analysis. One of the limitations of SFS,however,
is that the approximatedshapecan be very coarse when
there are only a few cameams. In this paper we propose
an algorithmto improve the shapeapproximationby com-
bining multiple silhouetteémagescapturedacrosstime The
improvements achievedby r stestimatingherigid motion
betweerthevisualhullsformedat differenttimeinstants(vi-
sual hull alignment)and thencombiningthem(visual hull
re nementlo getatighterboundontheobjectsshape Our
algorithm r stconstructsarepresentatiorof theVHscalled
the boundingedge representation. Utilizing a fundamen-
tal propertyof visual hulls which statesthat eat bounding
edge musttouch the object at at least one point, we use
multi-view steleo to extract points called Colored Surface
Points (CSP)on the surfaceof the object. TheseCSPsare
thenusedin a 3D image alignmentalgorithmto nd the 6
DOF rigid motionbetweertwo visualhulls. Oncetherigid
motion acrosstime is known,all of the silhouetteimages
are treatedas beingcaptured at the sametime instantand
theshapeof theobjectis re ned. We validateour algorithm
on both syntheticand real dataand compae it with Space
Carving

1. Intr oduction

Threedimensionakhapeestimationfrom multiple cam-
erashaslong beenan importantand active researchopic
in computervision. Among the algorithmsthat were pro-
posedin the last two decadesthe methodof Visual Hull
(VH) constructioror Shape-From-Silhouet{&F S)approx-
imates the shapeof an object using silhouette images.
Sinceits rst introductionin [1], differentvariations,rep-
resentationand applicationsof SFShave beenproposed
[14,15,10,11, 2,4,9,21], andit hasbecomeastandardind
popularmethodof shapeestimation. Estimating3D shape
usingSFShasmary advantagesSilhouettegrereadilyand
easily obtainableand the implementatiorof SFSmethods
is generallystraightforward. The visual hulls constructed
using SFSprovide anupperboundon the shapeof the ob-
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ject. This inherentlyconserative propertyis particularly
usefulin applicationssuchasobstacleavoidanceand visi-
bility analysis.

On the otherhand,if thereareonly a few camerasthe
visual hulls obtainedusing SFS canbe a very coarseap-
proximationto the shapeof the actualobject. This poses
a big disadantagefor SFSin applicationssuchasdetailed
shapeacquisitionandrealisticre-renderingf objects.

Bettershapeestimatecanbe obtainedusing SFSif the
numberof distinctsilhouetteimagesis increasedThis can
be donein one of two ways: acrossspaceor acrosstime.
By acrossspacewe meanincreasingthe numberof cam-
erasused. The acrossspaceapproachthoughsimple and
straightforvard, may not be feasiblein mary practicalsit-
uationsdueto nancial (buying morecameraspr physical
(systemsetup)limitations. For rigidly moving objects,an
alternatve way to increasehe numberof effective cameras
is by combiningsilhouetteinformationacrosdime. In other
words,if we estimatetherigid motionof theobjectbetween
the time instants,we cancombinethe silhouetteimagesat
thesetime instantsto geta re ned shapeof the object. We
refer to the task of computingthe rigid transformationas
visual hull alignmentandthe taskof combiningthe larger
numberof imagesasvisualhull re nement

It canbe shown that using silhouetteimagesaloneto
align two visual hulls is inherently ambiguous. Gener
ally thereare an in nite numberof consistentrigid mo-
tion/objectshapepairswhich producethe samesetsof sil-
houetteimagesat two differenttime instants[5]. In or-
der to get an unambiguouslignmentbetweentwo visual
hulls, additionalinformationbesideghe silhouetteimages
is neededIn this paperwe shav how color consisteng can
be usedto breakthe alignmentambiguity

Theremaindeiof this paperis organizedasfollows. The
problemscenarids introducedn Section2. In Section3 a
new visualhull representationalledtheboundingedgerep-
resentatioris proposed.We thenusea fundamentaprop-
erty of the boundingedgerepresentatiomo nd a number
of 3D pointsonthe surfaceof the object. These3D surface
pointsareusedto align two visual hulls usinga 3D image
alignmenialgorithm. After thealignmentprocesstheshape
of the objectis re ned by treatingall the silhouetteimages
asbeingcapturedat a singletime instant. In Section4 the
problemof determiningvisibility is addressedavhile both
syntheticand real resultsare presentedn Section5. We
concludein Section6 with asummaryanddiscussion.
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Figure 1. An exampleof classicalShape-From-Silhouette
with a head-shapedbjectandfour camerasittime

2. Problem Scenario

Supposethereare  x ed cameragpositionedaround
arigid Lambertian3D object . Let

bethe setof color andcorrespondingilhou-
etteimagesof the object obtainedfrom the  cameras
at time It is assumedhat the camerasare color bal-

ancedandcalibratedwith and being
the perspectie projectionfunction andthe centerof cam-
era respectiely. Usingthe silhouetteimages and

the cameracalibrationfunctions , anupperboundof
the object's shapecalledthe visual hull attime can
be reconstructedby eithervisual coneintersection[10] or
voxel-based15] methods. The situationat time  with
four camerads shawn in Figure 1. Now supposehe ob-
jectis moving arbitrarily but rigidly over time andwe are
given setsof color and silhouetteimagestaken at time
. Without loss of generality we assumethe
orientationandthepositionof theobjectattime is 0
andthatattime it is . The
problemis to nd the motion of the object ) over
time and a re ned shapeof the objectby combiningthe
silhouetteimages.

3. Visual Hull Alignment and Re nement

Although SFSis a popularmethodof shapereconstruc-
tion at singletime instant,little work hasbeendonein ex-
tendingit acrosgime. Thework mostrelatedto this paper
is by CipollaandWong[20, 21]. They studythe problemof
estimatinghestructureandmotionof anobjectundegoing
circular motionfrom silhouettepro les. They assumeasin-
gle camerawhich is weakly calibrated(i.e. with known in-
trinsic but unknawvn extrinsic parameters)Either the cam-
era (on a robotic arm) or the object (on a turntable)per
formsunknown circularmotionwhile thesilhouettedmages
aretaken. They identify andestimatethe frontier pointson
the silhouetteboundaryand usethemto estimatethe cir-
cular motion (axis of rotation) betweenimages. Oncethe

motionis estimatedthe objectshapeis reconstructedis-
ing avoxel-basedSFSmethod.Ponceet al. alsostudythe
problemof recovering the motion and shapeof a smooth
curvedobjectfrom silhouetteimagesin [7, 19]. They de-
ne alocal parabolicstructureon the surfaceof the object
anduseepipolargeometryto locatecorrespondindrontier
pointson threesilhouetteimages.Motion betweerimages
is thenestimatey a two-stepnonlineaminimization.

It is shawvn in [5] thatthe problemof visual hull align-
mentusing silhouetteimagesaloneis inherentlyambigu-
ous. The motion ambiguityis closelyrelatedto the inde-
terminay in shape. To breakthis ambiguity we now de-
scribehow to incorporatecolor informationinto the tradi-
tional SFSformulation,therebycombiningSFSandstereo.

3.1 The Bounding EdgeVisual Hull Representation

Considerthesetof  silhouetteimages atagiven
timeinstant . We proposehefollowing representationf
the visual hull which we call the boundingedgerepre-
sentation.

De nition of BoundingEdge
Let bea point on the boundaryof the silhouetteimage
By projecting  into 3D spacethroughthe camera
center ,wegetaray . A boundingedge isde ned
to bethepartof  suchthatthe projectionof  ontothe
imageplanelies completelyinsidethe silhouette  for

all . Mathematicallythe conditionis ex-
presseds

and Q)

An exampleillustratingthede nition of aboundingedgeat
is shavnin Figure2. A boundingedgecanbe computed
by rst projectingtheray ontothe silhouetteim-

ages , andthenre-projecting
the sgmentswhich overlap with backinto 3D space.
Theboundingedgeis theintersectiorof thereprojectedey-
ments.Notethattheboundingedge is notnecessarilya

continuoudine. It mayconsistof severalsggmentsf ary of
thesilhouetteémagesarenot corvex. Hereaftera bounding

edge s denoteddy asetof ordered 3D vertex pairsas:
)
where and representespectiely thestart

vertex and nish vertex of the segmentof thebounding
edgeand is the numberof sggmentsthat  is com-
prisedof. By samplingpointson the boundarief all the
silhouetteimages , We cancon-
structalistof  boundingedgeghatrepresentshevisual
hull

Therearetwo mainadwantage®f usingboundingedges
to representhevisualhull. Firstly, they lie exactly on the
surfaceof visual hull andthereforearenot approximations
likediscretevoxel representation8]. Secondlytheessence



Figure2. Theboundingedge is obtainedby ®rstproject-
ing theray onto , , andthenre-projectingthe
segmentsoverlappedwith the silhouettesbackinto the 3D
space. istheintersectiorof thereprojectedsegments.

of Shape-From-Silhouetie naturallyembeddedh thedef-
inition of boundingedges asindicatedby the secondfun-
damentapropertyof visualhulls statecbelow.

FundamentalPropertiesof Visual Hulls (FPVHSs)

1st FPVH: Theobjectthat createdthe silhouettelies com-
pletelyinsidethevisualhull.

2nd FPVH: Ead boundingedce of thevisual hull touches
theobject(thatformedthesilhouettdmages)at at leastone
point.

The2nd FPVH allows usto useboundingedgesdo store
andrepresenthe key shapeinformationof the objectthat
canbe obtainedfrom the setof silhouetteimages. In the
next section,we will combinethe 2nd FPVH and color
stereoon the boundingedgesto extract 3D pointson the
surfaceof the objects. One negative aspectof the bound-
ing edgerepresentatiolis thatit is incomplete. Sincethe
boundaryof the silhouetteis sampledat a nite collection
of points, the surfaceof the visual hull is not represented
entirely by the boundingedges.By increasinghe number
of sampleon theboundarythe surfacecanberepresented
morecompletely

In [4, 13, 3], Matusiketal. proposedalgorithmsto build
and rendervisual hulls in real-time. Their way of inter
sectingviewing raysfor VH rendering13] andintersecting
visualconesfor VH construction[3] aresimilarto theway
ourboundingedgesareconstructedHowever, therearetwo
fundamentadifferencesbetweentheir algorithmsand the
de nition of boundingedge. Firstly, our boundingedges
areoriginatedonly from pointson the silhouetteboundary
while in [13], theviewing rayscanoriginatefrom ary point
insidethe silhouette.Also the VH constructedn [3] is 2D
surface-basedvhile our boundingedgeis 1D line-based.
Secondlyboththeirviewing raysandthesurface-baseyH
do notembedtheimportant ~ FPVH asboundingedges
do. On the otherhand, Lazebniket al. proposeda new
way of representingisual hulls in [12]. The de nition of
boundingedgein our paperis theoreticallyequivalentto the
edgeof thevisualhull meshde nedin theirwork, although
they derivetheedgedrom locatingfrontierandtriple points

Non-touching point: high
projected color variance

Occluded
Color image
of camera4
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projected color variance

Figure 3. Locating the touching point (colored surface
point) by searchingalongthe boundingedgefor the point
with the minimum projectedcolor variance.

while we constructthe edgesdirectly from the silhouette
images.

3.2 Locating 3D Colored Surface Points

The 2nd FPVH statesthat eachboundingedgetouches
the objectat at leastonepoint. How arewe goingto to lo-
catethis touchingpoint? Herewe useinformationfrom the
colorimages to help nd thetouchingpoint. Sincethe
objectis assumedo be Lambertianandall the camerasre
color balancedary point on the surfaceof the objectwill
have the sameprojectedcolorin all of thecolorimages.In
otherwords, for ary point on the surfaceof the object, its
projectedcolor varianceacrossthe visible camerashould
be zero. Henceon a boundingedge,the point with zero
projectedcolor variances thepointwherethe edgetouches
the object. Hereafterwe call thesetouchingpointsthe col-
oredsurfacepointsof theobject.

To expressheideamathematicallyconsiderabounding
edge fromthe  visualhull. We parameterize point

on bytwo parameters and , where

and with

(3)

Let bethefunctionwhichreturnsthe projectedcolor

of a 3D point  on the color imageat time . The
projectedcolor mean andvariance of
thepoint aregivenas

— (4)

The projectedcolor from camera is used
in calculatingthe meanand varianceonly if is
visiblein thatcameraand  denoteghenumberof thevis-
ible cameragor point . Wewill discussn Sectiord how



to consenratively determinegthevisibility of a 3D pointw.r.t
a camerausingonly the silhouetteimages. Figure 3 illus-
tratesthe idea of locatingthe touchingpoint by searching
alongtheboundingedge.

In practice dueto noiseandinaccuracien colorbalanc-
ing, insteadof searchindgor the pointwhich hasa zeropro-
jectedcolorvariancewe locatethe pointwith theminimum
variance.n otherwords,we setthecoloredsurfacepoint of
theobjecton tobe where and minimizes

for . Note
thatby choosingthe point with the minimumvariance the
problemof tweakingparametersr thresholdsof any kind
is alsoavoided. Theneedto adjustparametersr thresholds
is alwaysa problemin othershapereconstructiormethods
suchas spacecarving[9] or stereo. Spacecarving relies
heavily on a colorvariancethresholdto remove non-object
voxelsandstereanatchingresultsaresensitveto thesearch
window size.In our caseknowing thateachboundingedge
touchesthe objectat at leastone point (2nd FPVH) is the
key pieceof informationthatallows usto avoid ary thresh-
olds. In factlocatingCSPsdis a specialcaseof the problem
of matchingpointson pairs of epipolarlines asdiscussed
in [17, 6]. In[17] and[6], pointsarematchedon “general”
epipolarlinesonwhichtheremayor maynotbeamatching
point so thresholdand an independentecisionis needed
for eachpoint. To locateCSPspointsarematchedn “spe-
cial” epipolarlines which guaranted¢o have at leastone
one matchingpoint so no thresholdis required. Note that
thereis no point-to-pointcorrespondenceelationshipbe-
tweentwo differentsetsof CSPsobtainedat differenttime
instant. Theonly propertycommonto the CSPsis thatthey
all lie on the surfaceof the object. For simplicity, we de-
note and by and
respectiely.

3.3 Alignment Using Colored Surface Points

Supposewe have locatedtwo setsof colored surface
pointsat two differenttime instants and . To align the
visualhulls  and , we useanideasimilar to the 2D
imagealignmentproblemasin [16]. In our case,instead
of aligning a 2D imagewith another2D image,we align

2D images( ) attime  with a“3D image” (the col-
oredsurfacepoints ) attime throughtheprojection
functions . Theerrormeasuraisedis the sumof color

differencesbetweenthe colored surface points at time
andtheir projectedcolorsfrom the colorimagesat time

andviceversa.Mathematicallylet

bethetwo sets
of data.To nd themostcolor consistenalignment ,
considerthecolor errorfunction

()

(6)

- Initial motion estimate (R, t)
t t

Colored Surface €
Touching Points
(33D Images®)

Error between the )
projected colorson ~
2D imagesatt, and f,

} Error between the
iprojected colors on i
=2D imagesatt,and m,

Figure 4. Visual alignmentusing color consisteng The
error betweerthe colorsof the 3D surfacepointsandtheir
projectedmagecolorsis minimized.

(7)

where  representthedifferencebetweerthemeancolor

of the coloredsurfacepoint attime andits pro-
jectedcolor in camera attime . Note
thatat time , the new position of is due
to the motion of the object. Likewise, is the differ-

encebetweenthe meancolor  of and its projected

color oncamera attime . Justasfor

calculatingthe color consisteng of pointson the bounding
edge,the summationsn equationg6) and(7) includethe

projectedcolor of camera only if the point of interestis

visible in thatcamera.The minimizationof Eq. (5) canbe

solved by GradientDescent{18] or Levenbeg-Marquardt
algorithmasdiscussedn [16]. The processof visual hull

alignmentby color consisteng is illustratedin Figure4.

3.4. Visual Hull Re nement

After estimatinghealignmentacrosgime, therigid mo-
tion is usedto combinethe setsof silhouette
images to get
atighterupperboundof the shapeof the object. By xing

asthereferencdime, we combine
with by consideringthe former as“new” silhouette
imagescapturedby additionalcameragplacedat positions
and orientationstransformedoy . In otherwords,

for thesilhouetteimage  capturedoy camera attime
we useanew perspectie projectionfunction derived

from  throughtherigid transformation .Asare-
sult, the effective numberof camerass increasedrom
to
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Figure 5. (a) Visibility of pointswith respectto cameras
usingLemmal. (b) An examplewhere s behind
Thecorrectline to beusedin Lemmal is theoutersegment
which passeshroughin®nity insteadof thedirectsegment.
(c) Boundarypointsthatcanbeusedto constructbounding
edgesare marked by the thick boundary Theseboundary
pointsarethe oneswhich theresultingboundingedgescan
be seenby atleasttwo othercameradesidecameral.

4. Determining Visibility

To locatethe coloredsurface points using Eq. (4), the
visibility of the 3D point with respecto all
camerass required. Here,we presenta way to determine
the visibilities conservativelyusingonly the silhouetteim-
ages.Supposeavearegivena3D point  andasetof silhou-

etteimages with cameracenters andprojection
functions . Thefollowing lemmathenholds:
Lemmal : Let and betheprojectionsof
thepoint andthe  cameracenter onthe(in nite)

imageplaneof camera. If the 2D line sggmentjoining
and doesnot intersectthe silhouetteimage
,then isvisible with respecto camera attime

Figure5(a) givesexampleswherethe points and
arevisible with respectto camera2. The cornverseof
Lemmal is not necessarilftrue : the visibility cannotbe
determinedf the sggmentjoining and in-
tersectghe silhouette . Onecounterexampleis shavn
in Figure5(a). Both points and  projectto the same
2D point ontheimageplaneof cameral andthe segment
joining and intersectavith . However, and
have differentvisibilities with respecto camerad ( is
visiblewhile is not). Notethatspecialattentionmustbe
givento situationsin which cameracenter  lies behind
cameracenter . In suchcasesthe correctline segment
to be usedin Lemmal is the outerline segment(passing
throughin nity) joining and ratherthanthe
directsggment.An exampleis givenin Figure5(b).
Thoughconsenrative, thereare threeadvantageof us-
ing Lemmal to determinevisibility in our alignmental-

gorithm. First of all, Lemmal usesinformation directly
from the silhouetteimages,avoiding the needto estimate
the shapeof the object for the visibility test. Secondly
recall thatto constructa boundingedge , we startwith

theboundarypoint  of the silhouette.Henceall the
points on projectto the same2D point  on camera

which implies all pointson the boundingedge  have
the sameset of conserative visible images. This prop-
erty ensureghe color consistencie®f pointson the same
boundingedgearecalculatedrom the samesetof images.
Accurag in searchingthe optimal point is increased
becauseomparisonsare madefairly amongpointson the
sameboundingedge. Finally Lemmal also provides a
guidelineto samplethe silhouetteboundarypointsfor con-
structingboundingedges. To have meaningfulcolor con-
sistenciesthe numberof colorimagesusedin (4) hasto be
at least2 (or otherwisethe projectedcolor varianceswill
alwaysbe0). By Lemmal, boundarypoints arechosen

suchthattheresulting is seenby atleast2 otherimages

(excludingtheimage  from whichthe boundarypointis
chosenfrom). An exampleis shavn in Figure5(c). Only
points on part of the boundaryof (marked by thicker
lines) are usedto constructboundingedgesbecausahey
arethe pointsfrom which theresultingboundingedgescan
beseerby atleasttwo othercameragcamera and3).

5. Experimental Results
5.1 Synthetic Data Set: Torso Sequence

A syntheticdatasetis createdo demonstrat¢hevalidity
of our alignmentalgorithm. A textured wire-framecom-
puter model resemblingthe humantorso was used. The
model was moved under a known trajectory for twenty
two frames. At eachtime instant, imagesof six cam-
eras ( ) with known cameraparametersare ren-
dered using OpenGL. A total of 22 sets of color and
silhouetteimagesare generated. Example input images
can be found in the movie clip torso.mpg. All the
movie sequencesentionedin this papercan be found at
http://www.cs.cmu.edu/"german/research/CVPR20&3/&Hull.

5.1.1 Alignment

Threealignmentalgorithmswereimplementedo compare
the effectivenessof usingboundingedges/coloredurface
points to align visual hulls as comparedto using voxel
modelscreatedy Shape-From-Silhouet{&FS)andSpace
Carving(SC)[9]. In algorithml, boundingedgesandcol-
oredsurfacepointsareextractedandusedto nd thealign-
mentbetweenframesas describedn Section3.3. Two of
the six estimatednotion parametergor this algorithmare
plottedin Figure6 asreddashedineswith asterisks.They
arevery closeto the groundtruth valuesrepresentedy the
black solid lines. In algorithm I, a voxel modelis built
from the silhouetteimagesusingvoxel-basedhape-From-
Silhouette(SFS).Surfacevoxels are extractedand colored
by back-projectingntothecolorimages.Thecenterf the
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Figure 6. Resultsof two motion parametergY-axis rota-

tion angleand X-componenbf translation)estimatecdver

time from alignmentexperimentsusingdifferentinput data
. usingboundingedges/coloredurfacepoints(red dashed
lines with asterisks),using SFS voxel models (magenta
dotted-dashetines),using SFS+SCroxel modelswith op-

timal threshold(blue thick dottedlines) and ground-truth
values(solid black lines). The resultsof usingbounding
edges/coloredurfacepointsarebetterthanthe othertwo.

coloredsurfacevoxelsaretreatedasinput datapointsto the
samealignmentalgorithmusedin algorithml. The results
of algorithm|l are plotted as magentadotted-dashedines
in Figure6. As canbe seenalignmentusingthe SFSvoxel
modelis muchlessaccuratehanusingboundingedges.

In algorithmlll, avoxel modelis rst built by usingSFS
(asin algorithmIl) andfurther re ned by SpaceCarving
(SC). The centersof the surfacevoxels (which arealready
coloredby SC) areusedfor alignment.To studythe effect
of the SC thresholdon alignment,differentvaluesof the
thresholdareusedandthe estimatednotion parameterare
comparedwith the groundtruth values. Graphsof the av-
erageRMS errorsin therotationandtranslationparameters
againsthethresholdusedareshovn asblue dotted-dashed
linesin Figure7. Whenthe thresholdis too small, mary
correctvoxels are carved away, resultingin a voxel model
much smallerthanthe actualobject. Whenthe threshold
is too big, extraincorrectvoxelsarenot caned away;, leav-
ing a voxel model biggerthan the actualobject. In both
casesthe wrong datapoints extractedfrom the incorrect
voxel modelscauseerrorsin the alignmentprocess. The
optimalthresholdvalueis foundto bearound0.108andthe
graphis ampli ed in thevicinity of thisvaluein thebottom
partof Figure7. As acomparisonthe averageRMS errors
for rotationandtranslationparametersbtainedfrom algo-
rithm | is drawn asthe horizontalred dashedine. With the
optimal SC threshold,the performanceof using SFS+SC
voxel modelsis comparablebut lessaccuratethan that of
usingboundingedges.The estimateof the motionparam-
etersusing SC with the optimal threshold(the thick blue
dottedlines) arealsoincludedin Figure6. SCwith the op-
timal thresholdperformswell but not asgoodasbounding
edges.Table1 givesa roughcomparisorof the computa-
tionaltime neededor eachstepof all the experimentsThe
timing is obtainedon a500MHzPentiumlll CPU.
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Figure 7. Graphsof averageRMS errorsin rotation and
translatioragainsthethresholdusedin SCin algorithmlll.
Thebottomhalf of the®gureillustratestheampli®edpartof
the graphnearthe optimal thresholdvalue (0.108). Using
boundingedgesis always more accuratehanusingSCin
alignment,evenoptimalthresholds usedfor SC.

Table 1. The approximatetime for eachstepin the align-
mentexperiments.BE is aboutthe sameas SFSandfaster
thanSFS+SC.

Step Time required
per frame

Extractingboundingedge(BE) 0.92s
Locatingsurfacecoloredpoints

(100pointssearchean eachBE) 0.16s

SFSwith voxels 1.08s

SFS+ SCwith voxels
andoptimalthreshold 4.74s
Alignment 16.2s

5.1.2 Re nement

The estimatecparameterin the alignmentexperimentsare
usedto re ne theshapeof thetorsomodel,usingthe voxel-
basedSFSmethod[15]. Thevisualhull attime is con-
structedby usingthesilhouettesat andall thosefrom the
previous frames , transformedby the es-
timatedmotion parameterssdescribedn Section3.4. To
guantifythere nementresults theground-truthwire-frame
modelusedto renderthe input imagesis corvertedinto a
ground-truthvoxel modelandcomparedo there ned voxel
models. The resultsare plotted in Figure 8 with graphs
(a) and (b) shaving respectiely the numberof extra and
missingvoxels betweerthere ned shapesandthe ground-
truth voxel modelsagainsthe numberof framesused.Fig-
ure 8(c) illustratesthe ratio of total incorrect(missingplus
extra) to total voxels.

In all the experiments the numberof extra voxels de-
creaseasthe numberof framesusedincreasedbecausea
tightervisual hull is obtainedwith anincreasen the num-
ber of distinct silhouetteimages. However, the numberof
missingvoxelsalsoincreasessthe numberof framesused
increases. This is dueto alignmenterrorswhich remove
correctvoxelsduring construction.The numberof missing
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Figure 8. Graphsof re®nementerrors (missingand extra
voxels) acrosstime (frames). Using boundingedgeshas
lower errorratio thanusingeitherSFSor SFS+SC.

voxelsis very largeif the alignmentsareway off (e.g. the
magentadotted-dashedurve of resultsfrom algorithm I
or thebluedottedcurves(with '+' markers)of resultsfrom
algorithm Il with threshold30% lower than the optimal
value). The re nementresultis the bestusingthe motion
parametergstimatedisingboundingedgegthereddashed
lineswith asteriskdn Figure8). The video clip torso.mpg
shawvs oneof thesix inputimagesequence&amerad), the
unalignedandalignedcoloredsurfacepointsandthe tem-
poralre nement/alignmentesultsusingboundingedges.

5.2 Real Data Sets

Pooh Sequence:

The rst realtestobjectis atoy (Pooh)andsix calibrated
cameray ) areused. Thetoy is placedon a table
andmovedto new but unknown positionsandorientations
manuallyin eachframe. A total of fteen framesarecap-
tured. Theinputimageof cameral attime is shovnin

Figure 9(a). The extractedboundingedgeswith the cor-

respondingcoloredsurfacepointsat time  areshown in

Figures9(b) and(c). Figures9(d) and(e) show respectiely

the unalignedand aligned colored surface points from all

fteen frames. Re nementis doneusing the voxel-based
SFSmethod. Figures9(f),(g) and (h) illustratethe re ne-

mentresultsat threetime instants , and . Theim-

provementin shapeis very signi cant from  when®6 sil-

houetteimagesareusedto  when 90 silhouetteimages
are used. Note that for shapere nement, SpaceCarving
(SC)canalsobe used. Figures9(i)(j) shav there nement
resultsusingSFS+ SCat (6imagesand  (90images).
Generallywith a goodthreshold re nementusing SFS+

SCis betterthan SFSfor the samenumberof images.The

video clip pooh.mpgshows one of the six inputimagese-
guencegcamerad), the unaligned/alignedoloredsurface
pointsandthetemporalre nement/alignmentesults.

@ ()
© ()
© ®
C) ()
(i) 0)

Figure 9. Pooh Data Set. (a) Exampleinput image, (b)
Bounding edgesat , (c) Colored surface points at
(d) Unalignedcoloredsurface points from all frames, (e)
Aligned coloredsurfacepointsof all frames,(f) SFSmodel
at (6 imagesused),(g) SFSre®nedshapeat (36im-
agesused),(h) SFSre®nedshapeat (90 imagesused),
(i) SFS+ SCmodelat |, (j) SFS+ SCre®nedmodelat

Dinosaur-BananaSequence:

A secondealdatasetof atoy dinosaumon top of abunchof
bananass alsocapturedvith six camerasThedinosauand
thebananasireplacedonaturntablewith unknovnrotation
axisandrotationspeed Fifteenframesarecapturecandthe
alignmentandre nementresultsareshovnin Figurel0and
in themovie clip dino-bana.mpg.

6. Summary and Discussion

In this paperwe have proposedanalgorithmto perform
Shape-From-SilhouettéSFS) acrosstime for a rigid ob-
ject undegoing arbitrary rigid motion. At eachtime in-
stantboundingedgesare constructedrom the silhouette
imagesandcoloredsurfacepointsarelocatedonthebound-
ing edgesby comparingcolor consistencies.The colored
surfacepointsare usedto estimatethe rigid motion of the
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Figure 10. DinosaurBananaSequence. (a) Examplein-
put image, (b) Unalignedcolored surface points from all
frames,(c) Aligned coloredsurfacepoints, (d) SFSmodel
at (6imagesused)(e)SFSre®nedshapeat (36images
used)(f) SFSre®nedshapeat  (90imagesused).

objectacrosdime, usinga 2D images/3Dpointsalignment
algorithm. Oncethe alignmentis known, all of theimages
are considerechs being capturedat the sameinstant. The

re ned shapeof the objectcanthenbe obtainedby ary re-

constructiormethodsuchasSFSor SpaceCarving.

Ouralgorithmcombineghebestadvantage®f bothSFS
and Stereo. A key principle behindSFS,expressedn the
2nd FundamentalPropertyof VisualHulls, is naturallyem-
beddedn thede nition of theboundingedges.Thebound-
ing edgesgive us, as a representatiorior the visual hull,
all the accurate@nformationthat canbe obtainedfrom the
set of silhouetteimages. To locate the touching surface
points, multi-image stereo(color consisteng amongim-
ages)is used. Two major dif culties of doing stereo: vis-
ibility and searchsize are both handlednaturally by the
propertiesof the boundingedges. The ability to combine
the advantagesf both SFSand Stereois the main reason
why usingboundingedges/coloredurfacepointsgivesbet-
terresultsin motionalignmentthanusingvoxel modelsob-
tainedfrom SFSor SC,asis evidentfrom theresultsin Sec-
tion 5.1. Anotherdisadwantageof usingvoxel modelsand
SpaceCarvingis thateachdecision(voxelis carvedaway or
not) is madeindividually for eachvoxel accordingto a cri-
terioninvolving thresholdsOnthecontraryin locatingcol-
oredsurfacepointson boundingedgesthe decision(which
point on the boundingedgetoucheshe object)is madeco-
opeftively(by nding thepointwith thehighestcolorcon-
sisteng) alongall thepointsontheboundingedge without
the needof adjustingthresholds.In otherwords,theinfor-
mationcontainedn boundingedges/coloredurfacepoints
is moreaccuratehanthat containedn voxel modelsfrom
SC/SFS.In parameterestimation,few but more accurate

datais always preferredover alundantbut lessinaccurate
data,especiallyin applicationssuchasalignment.
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