Head Model Acquisition from Silhouettes
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Abstract This paperdescribesa practicalsystemdevelopedfor generating3D
modelsof humanheadsrom silhouettesalone.Theinputto the systemis anim-
agesequenceacquiredrrom circularmotion.Boththe cameramotionandthe 3D
structureof theheadareestimatedisingsilhouettesvhich aretrackedthroughout
thesequenceSpeciapropertieof thecameramotionandtheirrelationshipsvith
theintrinsic parametersf the cameraare exploitedto provide a simpleparame-
terizationof the fundamentamatrix relatingary pair of views in the sequence.
Suchaparameterizatiogreatlyreduceghedimensiorof thesearctspaceor the
optimizationproblem.In contrastto previous methodsthis work cancopewith
incompletecircularmotionandmorewidely spacedmagesExperimentonreal
imagesequencearecarriedout, shaving accurateecovery of 3D shapes.

1 Intr oduction

Thereconstructiorof 3D headmodelshasmary importantapplicationssuchasvideo
conferencingmodel-basedracking, entertainmenand face modeling[13]. Existing
commercialmethodsfor acquiringsuchmodels,suchas laserscans,are expensve,
time-consumingand cannotcopewith low-re ectancesurfaces.magebasedsystems
caneasilyovercomethesedif culties by trackingpoint featuresalongvideosequences
[5]. However, this can be remarkablydif cult for humanfaces,wherethereare not
mary reliablelandmarkswith long life spanalongthe sequence.

In this paperwe presenta practicalsystemfor generating3D headmodelsfrom
silhouettesalone.Silhouettesarecomparatiely easyto trackandprovide usefulinfor-
mationfor estimatinghecameramotion[1,10] andreconstructior12,2,15]. Sincethey
tendto concentratearoundregionsof high curvature,they provide a compactway of
parameterizinghereconstructegurface In our systemjmagesareacquirecby moving
the cameraalonga circular patharoundthe head.This imposesconstraintson the fun-
damentalmatrix relating eachpair of images simplifying the motion estimation.The
systemdoesnot requirethe motionto beafull rotationandtheimagescanbeacquired
at morewidely spacedositionsaroundthe subject,an advantageover the technique
introducedn [10].

Section? presentshetheoreticabackgroundf motionestimatiorfrom silhouettes.
Thealgorithmsfor modelbuilding aredescribedn Section3, andSection4 shavsthe
experimentaresults.Conclusionsaregivenin Sectionb.



2 Theoretical Background

Thefundamentadif culty in solvingthe problemof structureandmotionfrom silhou-
ettesis that, unlike point or line featuresthe silhouettesdo not readily provide image
correspondenceabatallow for the computatiorof the epipolargeometrysummarized
by the fundamentaimatrix. The usualsolutionto this problemis the useof epipolar
tangencies[11,3], asshawn in Fig. 1. An epipolartangentpoint is the projectionof
a frontier point [3], which is the intersectionof two contourgeneratorslf 7 or more
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Figurel. A frontier point is the intersectionof two contourgeneratorsandis visible in both
views. The frontier point projectsonto a point on the silhouettewhich is alsoon an epipolar
tangent

epipolartangentpointsare available, the epipolargeometrycanbe estimatedThe in-
trinsic parametersf the cameracanthenbe usedto recover the motion [6,4]. How-
ever the unrealisticdemandfor a large numberof epipolartangentpoints makesthis
approachimpractical.By constraininghe motionto be circular, a parameterizatioof
thefundamentamatrix with only 6 degreesof freedom(dof) is possiblg[14,5,9]. This
parameterizatioexplicitly takesinto accountthe mainimagefeaturesof circular mo-
tion, namelytheimageof the rotationaxis, the horizonanda specialvanishingpoint,
whichare x edthroughouthesequenceTl his makesit possibleto estimatetheepipolar
geometryby usingonly 2 epipolartangencie$9].

In [10], a practicalalgorithmhasbeenintroducedfor the estimationof motionand
structurefrom silhouettesof a rotating object. The imageof the rotationaxis andthe
vanishingpoint are rst determinedoy estimatingthe harmonichomologyassociated
with theimageof surfaceof revolution spannedy the object.In orderto obtainsuch
animage,a denseémagesequencéom a completecircular motionis required.In this
paperthe parametersf the harmonichomologyandothermotion parametersreesti-
matedsimultaneousipy minimizing the reprojectionerrorsof epipolartangentsThis
algorithmdoesnot requiretheimageof sucha surfaceof revolution andthuscancope



with incompletecircularmotionandmorewidely spacedmagesanadwantageoverthe
algorithmpresentedn [10].

2.1 Symmetry and Epipolar Geometryin Cir cular Motion

Considera pinholecameraundegoingcircular motion. If the camerantrinsic param-
etersare kept constantthe projectionof the rotation axis will be a line  which is
pointwise x ed on eachimage.This meansthat, for ary point on , the equation

is satis ed,where is thefundamentamatrix relatedto ary imagepairin
the sequencekor circular motion, all the cameracenterdie on a commonplane.The
imageof this planeis aspecialine ,thehorizon Sincetheepipolesaretheimagesof
thecameracentersthey mustlieon .Ingeneral, and arenotorthogonal Another
featureof interestis the vanishingpoint ~ which corresponds$o the normaldirection
of theplanede ned by the cameracenterandthe axis of rotation. The vanishingpoint
and the horizon satisfy . A detaileddiscussionof the above canbe found
in [14,5,9].

Considemow a pair of camerasgdenotedas and |, relatedby arotationabout
anaxisnotpassinghroughtheircentersandlet bethefundamentainatrixassociated
with this pair. It hasbeenshowvn thatcorrespondingpipolafinesassociateavith  are
relatedto eachotherby aharmonichomology  [9], givenby

— (1)

Notethat has4 dof: 2 correspondingo theaxisand2 correspondingo thevanishing
point.If ~ and pointtowardstheaxisof rotation, will beatin nity and  will

be reducedto a skew symmetry with only 3 dof. Besidesjf the camerasalsohave
zeroskew andaspectatio 1, thetransformatiorwill befurtherspecializedo abilateral
symmetry with only 2 dof. A pictorial descriptionof thesetransformationsanbe
seenin Fig. 2
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Figure2. (a) A curwe displayingbilateral symmetry The horizonis orthogonatto the axis. (b)
Samecurwe, distortedby an af ne transformationThe horizonis no longer orthogonalto the
axis,andeachsideof the curve is mappedo the otherby a skew symmetrytransformation(c)
Thecurwe is now distortedby a specialprojective transformation(harmonichomology),andthe
linesof symmetryintersectat a point correspondingo the vanishingpoint



In [16], an algorithm hasbeenpresentedor estimatingthe cameraintrinsic pa-
rameterdrom 2 or moresilhouettesf surfacesof revolution. For eachsilhouette the
associatedharmonichomology  is estimatedandthis provides?2 constrainton the
camerdntrinsic parameters:

(2)

where is the cameracalibrationmatrix. Corversely if the cameraintrinsic
parameterareknown, (2) provides2 constraintson ~ andasaresult  hasonly 2
dof.

2.2 Parameterization of the Fundamental Matrix

In [8,17], it hasbeenshawvn that ary fundamentaimatrix = canbe parameterizeés

, Where is any matrix that mapsthe epipolarlinesfrom oneimage
to the other and is the epipolein the secondmage.In the specialcaseof circular
motion, it follows that

3)

Notethat has6 dof: 2to x , and4 to determine . From (2), if the camera
intrinsic parameterareknown, 2 parameterareenoughto de ne  andthus  will
have only 4 dof.

An alternatie parameterizatioffior the fundamentamatrix in the caseof circular
motion[14,5,9] is givenby

- (4)

where istheangleof rotationbetweerthe camerasTheconstant canbedetermined
fromthecamerantrinsicparameterf] if , and areproperlynormalized. isthe
only parametewhichdepend®ntheparticularpairof cameradeingconsideredywhile
theother4 termsarecommonto all pairsof imagesin the sequencé/henthe camera
intrinsic parametersre known, 2 parameterareenoughto x  and . Since
mustlie on , only 1 furtherparameteis neededo x . Asaresult,thefundamental
matrix hasonly 4 dof.

3 Algorithms

Beforethe 3D modelcanbereconstructedrom the silhouettef the head the motion

of the camerahasto be estimated By usingthe parameterizatiorshovn in (4), the
fundamentamatricesrelatingall possiblepairs of camerasn a

sequencef imagestaken by a rotating camerawith known intrinsic parameters,

canbe de ned with the 3 parametersvhich x , and , togethemwith the
anglesf rotationbetweeradjacentamerasBy enforcingtheepipolarconstrainbnthe
correspondingpipolartangenipoints,these motionparametersanbeestimated

by minimizing the reprojectionerrorsof correspondingpipolartangentyseeFig. 3).



Sincea silhouettehasat leasttwo epipolartangenciegoneat its top and anotherat
its bottom), therewill be totally measurementsom all pairs of
imagesDueto thedependencbetweertheassociateundamentamatriceshowever,
these measurementenly provide (or 2 when ) independent
constraintonthe parametersAs aresult,a solutionwill bepossibleif

Figure3. The parametersf the fundamentamatrix associatedavith eachpair of imagesin the
sequenceanbe estimatedrom the reprojectionerrorsof epipolartangentsThe solid lines are
tangentsto the silhouettespassingthroughthe epipoles,andthe dashedines are the epipolar
linescorrespondingo thetangentpoints

Theminimizationof the reprojectionerrorswill generate consistensetof funda-
mentalmatriceswhich, togetherwith the cameraintrinsic parameterscanbe decom-
posedinto a setof cameramatricesdescribinga circular motion compatiblewith the
imagesequenceThe algorithmfor motion estimationis summarizedn Algorithm 1.
Having the motion of the cameraestimatedthe 3D model canthenbe reconstructed
from the silhouetteausingthe simpletriangulationtechniquentroducedn [15].

4 Experimentsand Results

In orderto evaluatethe performanceof the algorithmdescribedn Section3, 2 human
headsequencesachwith 10 imageswereacquiredusingthe setupshowvn in Fig. 4.
Thecamerds mountedo theextensiblerotatingarmof thetripod, whoseheightcanbe
adjustedaccordingto the heightof the subject.Eachimagein the sequencevastaken
afterrotatingthearmof thetripodroughlyby , with thesubjectstandingcloseto the
tripod. The intrinsic parametersf the cameraare obtainedfrom an of ine calibration
processThe silhouettef the headsaretracked usingcubic B-splinesnales[2] (see
Fig. 5 and6).



Algorithm 1 Estimationof the motionparameterfrom silhouettes

trackthe silhouetteof the headusingcubic B-splinesnales;
initialize , andthe anglesbetweerthe cameras;
while notconvergeddo
for eachimagepairdo
form fundamentamatrix;
locateepipolartangents;
computereprojectiorerrors;
endfor
updateparameterso minimize the sumof reprojectiorerrors;
end while

Figure4. Experimentabetupusedto acquireimagesequencearoundhumanheadsThecamera
is mountedo therotatingarmof thetripod with thesubjectstandingcloseto thetripod. Although

the cameramotion is constrainedo be circular, the cameraorientationand rotation angleare

unknowvn

Figure5. Imagesequencel) usedin the experiment,with the silhouettesof the headtracked
usingcubicB-splinesnales



Figure6. Imagesequencéll) usedin the experiment,with the silhouettesof the headtracked
usingcubicB-splinesnales

Theinitial guesdor thehorizonandtheimageof therotationaxiswaspickedby ob-
senation,andtheanglesof rotationwereinitializedas  respectiely. Thesumof the
reprojectionerrorswas minimized usingthe Levenbeg-Marquard algorithm[7].The
reconstructe@D headmodelscanbefoundin Fig. 7 and8. Theshape®f theears|ips,
noiseandeyebravs demonstrat¢he quality of the 3D modelsrecovered.

5 Conclusions

In this paperwe have presentedh simpleand practicalsystemfor building 3D models
of humanheaddrom imagesequences\o prior modelis assumedandin factthesys-
tem canbe appliedto a variety of objects.The only constrainton the camerais thatit

mustperform circular motion, thoughthe exact cameraorientationsand positionsare
unknown. Besidesthe cameras not requiredto performa full rotationandthereis no
needfor using a denseimage sequenceThe silhouettesof the headare the only in-

formationusedfor both motion estimationandreconstructiongcircumventingthe lack,

instability and occlusionof landmarkson faces.The silhouettesalso provide a natu-
ral andcompactway of parameterizinghe headmodel,concentratingontoursaround
regionsof high curvature.The experimentakesultsshov the accurag of theacquired
model.
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Figure7. Differentviews of the VRML modelfrom the model building processusingthe 10
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Figure8. Differentviews of the VRML modelobtainedfrom the modelbuilding processusing
thelOimagesn Fig. 6
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