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Abstract

We addresshestructure-from-motioproblemin thecontext of headmodelingfrom videosequences
for which calibrationdatais notavailable. Thistaskis madechallengingoy thefactthatcorrespondences
aredif cult to establishdueto lack of texture andthata quasi-euclideamepresentatiois requiredfor
realism.

We have developedan approacthbasedon regularizedbundle-adjustmentlt takesadvantageof our
rough knowledge of the heads shape,in the form of a genericfacemodel. It allows us to recover
relative head-motiorandepipolargeometryaccuratelyandconsistentlyenoughto exploit a previously-
developedstereo-basedpproacho headmodeling.In thisway, completeandrealisticheadmodelscan
be acquiredwith a cheapandentirely passive sensorsuchasan ordinaryvideo camerawith minimal
manualintervention.

We choseto demonstratandevaluateour techniquemainly in the context of head-modelingWe do
sobecausét is the applicationfor which all the tools requiredto performthe completereconstruction
areavailableto us. We will, however, arguethatthe approachs genericandcould be appliedto other
tasks,suchasbodymodeling,for which genericfacetizednodelsexist.

1 Intr oduction

In earlierwork, we have proposedan approachto tting complex headanimationmodels,including ears
andhair, to registeredstereopairsandtriplets. Here,we extendthis approactsothatit cantake advantage
of imagesequencetakenwith asinglecamerawithoutrequiringcalibrationdata.

Our challengehere,is to solve the structurefrom motionproblemin acasewhere

Correspondencemre hardto establishand canbe expectedto be neitherprecisenor reliable dueto
lack of texture.

A Euclideanor Quasi-EuclideahBeardslg etal., 1997 reconstructioris requiredfor realism.



The motion is far from being optimal for most of the auto-calibrationtechniqueghat have been
developedin recentyears.

To overcomethesedif culties, we have developedan approachhasedon bundle-adjustmenthat takes
adwantageof our roughknowledgeof the faces shape,n the form of a genericfacemodel, to introduce
regularizationconstraints.This hasallowed usto robustly estimatethe relative headmotion. Theresulting
imageregistrationis accurateenoughto usea simple correlation-basedtereoalgorithm to derive 3-D
informationfrom thedata.We canthen t a3-Dfacialanimationmask[Kalraetal., 1994 usingourearlier
work [FuaandMiccio, 1998,FuaandMiccio, 1999.

We choseto demonstratend evaluateour techniguemainly in the context of head-modelindpecause
it is the applicationfor which we have all the tools requiredto performthe completereconstructiortask.
However, the dif culties discussedbore arenot speci ¢ to headmodelingandarepenasive. In thatsense
thesolutionwe proposeds generic:lt is applicableto any modelingproblemfor which aroughshapenodel
is available.

Our contritution is arohustalgorithmthattakesadwantageof our genericknovledgeof the shapeof the
objectto be reconstructedin this work a head,to effectively recorer both motion and shapeeven though
theimagestypically exhibit little texture andarethereforehardto match. Furthermorethis techniquenas
beenfully integratedinto a completeapproachthat goesfrom imagesto high-quality modelswith very
little manualintervention. Thus,we cancreaterealisticandsophisticate@nimationmodelsusinga cheap,
entirelypassve andreadily availablesensar

As moreandmorepeoplehave video camerasattachedo their computerspur approactwill beusable
to quickly produceclonesfor video-conferencingurposes It will alsoallow the exploitation of ordinary
moviesto reconstructhe facesof actorsor famouspeoplethatcannoteasilybe scannedisingactive tech-
niques for examplebecausehey areunavailableor long dead.

In theremaindeof thispaperwe rst describaelatedapproacheto relative-motionrecorery andhead
modeling. We thenintroduceour own approachto registrationand demonstratéts robustnesausingreal
video sequencesNext, we shav reconstruction®btainedby usingthesemotion estimatego registerthe
imagesderiving 3—D informationby treatingconsecutie imagesassteregpairs;and,in theend, tting the
animationmaskto the 3—D data. Finally, we usesyntheticand Monte Carlo simulationsto shav thatthe
assumptionsve male in this papercanbe expectedto hold for typical cameracon gurations. Our earlier

tting procedurdFuaandMiccio, 1999 is describedrie y in theappendix.

2 RelatedWork

2.1 Bundle-Adjustment and Autocalibration

Bundle-adjustmenis a well establishedechniquein the photogrammetricommunity [Gruenand Beyer,
1994. However, it is typically usedin a context, mappingor close-rangghotogrammetrywherereliable
andprecisecorrespondencesmnbeestablishedAlso, becausé involvesnonlinearoptimization,it requires
goodinitialization for propercornvergence.

Lately, it hasbeenincreasinglyusedin the computervision communityto re ne the outputof auto-
calibrationtechniques.Thereagain,however, mostresultshave beendemonstrateih man-madeerviron-
mentswherefeaturepointscanbe reliably extractedandmatchedacrossmages.Onecannotassumehat
thoseresultscarryover directly in the caseof ill-texturedobjectsandlow quality correspondences.
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Theseauto-calibratiortechniqueshave beenthe objectof a tremendousmountof work [Faugerast
al., 1992, Hartley etal., 1992,LuongandViéville, 1996, Triggs,1997,Pollefeys etal., 1999 andeffective
methodsto derive the epipolargeometryand the trifocal tensorfrom point correspondencelsave been
devised[Zhanget al., 1995, Fitzgibbonand Zisserman,1999. However, mostof thesemethodsassume
thatit is possibleto run aninterestoperatorsuchasa cornerdetectorf Pollefeys et al., 1998,Fitzgibbonand
Zisserman1999 to extractfrom oneof theimagesa sufciently large numberof pointsthatcanthenbe
reliably matchedn the otherimages.However, whenusingimagessuchasthe onesshavn in Figurel, we
cannotdependn suchinterestpointsbecauséacesexhibit too little texture. We mustexpectthatwhatever
pointswe extractcanonly be matchedwith relatively little precisionanda high probability of error.

(@)

(b)

Figurel: InputvideosequencesFive out of nine consecutie imagesof a shortvideo sequencesf two different
people.Theimagesareof size376 258and488 208respectiely

Autocalibrationalgorithmstendto be sensitve to sucherrors,asillustratedby Figure 2. We treated
threeconsecutie imagesin the video sequencef Figure 1(b) astwo independenstereopairsthat share
the centralimageandran Zhangs imagematcher[Zhanget al., 1995 independentlyon bothimagepairs.
Theresultingepipolargeometryis depictedby Figure2(b,d). Theseimageswereacquiredn ourlabwith a
relatively long focal lengthandthe headmotionwascloseto beinghorizontal. Consequentlythe epipolar
lines shouldalsobe almosthorizontalandthe epipolesshouldbe very far avay. The epipolargeometryof
Figure2(b,d)is, therefore clearly wrong. Of course we wantto stressthat this exampleis not meantto
belittle in ary way the quality of Zhangs algorithmthat hasbeenacknavledgedasone of the bestof its
kind.! Visualinspectiorof the correspondenceshaws very few mismatchesBut, asfor mostalgorithmsin
this classevenrelatvely minor matchingerrorscancreatemajor problems.

To someextent, this problemcanbe alleviated by usingmorethantwo imagesat a time [Beardslg et
al., 1997. However, in our case this approachcanonly be of limited usebecauseypical shortsequences
of moving facessuchasthe onesshavn in Figure 1, oftenfail to exhibit rotationalmotionabouttwo truly
independenaxes. As aresult,the correspondingamerageometriesrecloseto beingdegeneratdor these
methoddSturm,1997,Zissermaretal., 1994.

11t alsohasthegreatmerit of beingfreely availableon thewebandwe arepreparedo male ourssimilarly availablefor testing
andcomparisorpurposes.




Figure2: Computingthe epipolargeometrywithout andwith a model. (a,b) RunningZhangs algorithm [Zhang
etal., 1999 on two consecutie imagesof the video sequencef Figure 1(b). The matchesshavn as
numbereccrossesare mostly correct. However, the epipolargeometry depictedby the solid linesis
not. (c,d) The outputof anindependentun of Zhangs systemon a differentimagepair. (e,f,g) The
epipolargeometryrecoveredby the algorithmdescribedn this paper Thelinesin (e,g)aretheepipolar
linesthatcorrespondo thecrossesn (f).

In short,while the structure-from-motioproblemis well understoodrom a theoreticalpoint of view,
model-freetechniquesretoo sensitve to noiseto bedirectly applicablebothto our speci ¢ problemandto
all modelingtasksthatinvolve the dif culties describedn theintroduction.

In the caseof headtracking,a generic2—-D facemodelcanbe usedto estimateroughly estimatepose
from appearancéLanitis et al., 1995. However for 3-D reconstructiorpurposesand more precisees-
timation, usinga 3—-D modelis, in general,more effective. Jebaraand Pentland[1997 introduceshape
constraintdasedon allowabledeformationmodesderived from a collectionof Cybervaréd™ scansof real
heads Whensucha databasés available,this certainlyis an effective approachHowever, to male it fully
general,onewould requirelarge numberof instanceof the target object,makingit dif cult to derive in
practice.

By contrastjn thiswork, we will shav thata simple,andeasilyobtainablefacetizednodelcanbeused
to derive effective shapeconstraintsThesearekey to a practicalsolutionof our reconstructiomproblem.As
shawvn in Figure2(e,f,g),by usingtheseconstraintsye canrecover a consistenepipolargeometry Thisis
crucial for us becauseve treatconsecutie imagesin a sequenceasstereopairsthatprovide the 3-D data
requiredto computetheresultsof Sectiord.



2.2 HeadModeling

In recentyearsmuch work hasbeendevoted to modelingfacesfrom imageandrangedata. Thereare
mary effective approaches recoeringfacegeometry They rely on stereo[ DevernayandFaugeras]1 994,
Fua and Leclerc, 1995, shading[Leclerc and Bobick, 1991, Samarasand Metaxas,1994, structured
light [Proesmanst al., 1994, silhouetted Tangand Huang,1994 or low-intensity lasers. However, if

thegoalisto t afull animationmodelto the data,recoveringthe headasa simpletriangulatedneshdoes
not sufce. To be suitablefor animation,sucha modelmusthave a large numberof degreesof freedom.
Someapproachessevery cleandata—thekind producedby alaserscannenor structuredight—to instan-
tiate them[Lee et al., 1995. Among approacheshatrely on imagedataalone, mary requireextensve

manualintervention,suchassupplyingsilhouettesn orthogonaimages[LeeandThalmann 1999 or point
correspondenceas multipleimagesPighinetal., 1999.

Successfulpproacheso automatinghe tting processhave involved the useof optical o w [DeCarlo
andMetaxas, 1999 or appearancbasedechniquegKang,1997 to overcomethefactthatfaceshave little
texture andthat, asa result,automaticallyandreliably establishingcorrespondences dif cult. This latter
techniqueis closelyrelatedto ours becausdneadshapeand cameramotion arerecoveredsimultaneously
However, theoptical o w approactavoidsthe“correspondencproblem”atthe costof makingassumptions
aboutconstantllumination of thefacethatmaybeviolatedasthe headmoves. This tendsto limit therange
of imagesthatcanbeused,especiallyif thelighting is not diffuse.

More recently anotherextremelyimpressie appearance-basegproactthat usesa sophisticatedta-
tistical headmodelhasbeenproposedBlanz andVetter 1999. This modelhasbeenlearnedfrom alarge
databas®f humanheadsandits parameterganbe adjustedsothatit cansynthesizémagesthat closely
resemblehe input imageor images. While the resultare outstandingeven whenonly oneimageis used,
therecoreredshapecannotbe guaranteedo be correctunlessmorethanoneis used.Becauseghe modelis
Euclideanjnitial camergparametersnustbe suppliedwhendealingwith uncalibratedmagery Therefore,
thetechniqueproposederecould be usedto initialize the Blanz& Vettersystemin anautomatedashion.
In otherwords,if we hadhadtheir model,we could have usedit to developthe techniquedescribechere.
However, for practicalreasonsit wasnot available. Insteadwe usedthe modeldescribedelaw.

2.3 FaceModel

In this work, we usethe facial animationmodel that has beendevelopedat University of Geneva and
EPFL [Kalraetal., 1997. It canproducethe differentfacial expressionsarisingfrom speechand emo-
tions. Its multilevel con gurationreducesomplity andprovidesindependentontrolfor eachlevel. At
the lowestlevel, a deformationcontrollersimulatesmuscleactionsusingrationalfree form deformations.
At ahigherlevel, the controllerproducesanimationscorrespondingo abstracentitiessuchasspeechand
emotions.

The correspondingkin surfaceis shawvn in its restpositionin Figure 3(a,b). We will referto it asthe
surfacetriangulation Our goalis to deformthe surfacewithout changingits topology This is important
becauséhe facial animationsoftware dependsn the models topologyandits con guration les mustbe
recomputedverytimeit is changedwhichis hardto do on anautomatedasis.



@) (b)
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Figure3: Animationmodel.(a) Wireframemodelusedto animatecompleteheads(b) Shadediiew of themodel

3 Relative Motion Recovery

(c) Regularsamplingof thefaceusedto performbundleadjustment(d) Shaded/iew of theresampled
triangulation.(e) Controltriangulationusedto deformtheface.

Our completeapproacho head-modelings summarizedy Figure4(a). Our earlierwork [FuaandMiccio,
1998,FuaandMiccio, 1999 assumedtalibratedimages.In this section,we focuson theimplementation
andevaluationof aregularizedoundle-adjustmertechniquehatallows usto performthistaskin theabsence
of calibrationdata.Figure4(b) depictsgraphicallythe stepof this procedureandwe describeghemin detail

below.
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Figure4: Headmodelingprocedure(a) Flow chartof thewholeprocedureThemanuallyandsemi-automatically
entereddataappear®n the right hand-side.The locationof 5 2-D pointsmustbe supplied,the restis
optional. The dottedrectanglein the diagrams upperleft side encompassethe regularizedbundle-
adjustmenprocedurehatthis paperfocuseson. It is depictedn moredetailsin (b). (b) Flow chartof
thebundle-adjustmentroceduratself asdescribedn Section3.

Here,we choosesequencem which the subjectskeepa fairly neutralexpressiorandwe treatthe head
asarigid object. We assumahattheintrinsic camergparametersemainconstanthroughouthe sequence.
In theory givenhigh precisionmatchespundle-adjustmentanrecover bothintrinsic parameterandcam-
eramotion [Gruenand Beyer, 1994. The sameholdstrue for recentauto-calibratiortechniquesbut, as
discussedh Section2.1,typical videosequencesf headimagesarecloseto exhibiting degeneratenotions
asfar asthesetechniquesare concerned Sturm, 1997, Zissermaret al., 199§. Thereagain,extremely

precisematchesvould berequired.



In practice,however, faceimagesexhibit little texture andwe mustbe preparedo dealwith the po-
tentially poor quality of the point matches. Therefore,we have chosento roughly estimatethe intrinsic
parameterandto concentrat®n computingthe extrinsic onesusingbundle-adjustment\Ve useanapprox-
imatevaluefor thefocal lengthandassumehatthe principal pointremainsin the centerof theimage.

By sodoing, we generate8—D modelsthataredeformedversionsof the realheads.Whenthe motion
betweenthe cameraviewpointsis a puretranslationor the camerasare assumedo be orthographic this
deformationcanbe shavn to beanafne transform[LuongandViéville, 19964. In the generalkcase how-
ever, the useof approximateinternal parametergausesviolations of the epipolargeometry It hasbeen
shavn [Baratof and Aloimonos, 1999 that reconstructiorerrorscausedby suchviolationscan,in some
casesbe modeledasa Cremondransformwhichis quadratic.

In this sectionwe userealvideosequence® shav that,in practice thedeformationis still adequately
modeledby anafne transform.In Section5, we will usesyntheticdataand Monte Carlo simulationsto
verify that, for typical cameracon gurations,modelingthe deformationasanafne oneis, in generalan
excellentapproximation Furthermorethe closertheapproximatevalueof thefocal lengthto its truevalue,
thecloserthataf ne transformis to beinga simplerotation,translatiorandscaling.In otherwords,thefact
thatourresultsarepreciseupto anaf ne transformthatdoesnotdeformthefaceseverelyis noaccidentand
doesnotdependon the speci ¢ geometryof the sequenceasedhere.We will alsoamguethattherelatively
poorquality of the matcheghatcanbe obtainedon afacecausamprecisionsn motionrecorery thatareat
leastassevereasthoseproducedby the useof approximatentrinsic camergoarametersTherefore there
is no compellingreasorto usea moresophisticateépproachio cameramodelrecorery—for example,one
thatcanalsorecovertheinternalcamergparametersaslong asthe precisionof the pointmatchesannotbe
drasticallyimproved.

3.1 Initialization

Onewell known limitation of bundle-adjustmerdlgorithmsis thefactthat,in orderto ensurecorvergence,
onemustprovide initial valuesfor both camergpositionsandthex, y, andz coordinatesyhich shouldnot
betoofarfrom theirtruevalues.

Toinitialize the processor avideosequencsuchastheonesdepictedby Figurel, we manuallysupply
the approximate2—D locationof ve featurepointsin onereferencamage: nosetip, outercornersof the
eyesandoutermouthcorners,asshavn in Figure5(a). Note thatwe supply 2—-D locationsin oneimage
only, which is very easy asopposedo trying to manuallyregisterthe points,which would requiremuch
morework if onewantedto do sowith ary degreeof accuray.

We usuallychooseasour referencamageonein which the subjectfacesthe cameraandwe take this
imageto be imagenumberone. The systemthenautomatically nds the positionand orientationof the
centralcamerahatbringsthe keypoints' projectionsascloseaspossibleto thosepositions.

This guaranteethatpointsonthe 3—D facemodelroughlyprojectontheimagedface.We thenestimate
the positionsand orientationsfor the two imageson either side of the centralimage,asdescribedn the
following section.

3.2 Bundle-Adjustment using Approximate Inter nal Parameters

To estimatehe positionsandorientationdor thetwo imageson eithersideof thecentralimage we begin by
retriangulatinghe surfaceof the genericfacemodelof Figure3(a,b)to producethe regular meshdepicted
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Figure5: Tie points:(a) The ve manuallysuppliedkeypointsusedto computethe orientationof the rst camera.
(b) Theprojectionsof theverticesof the bundle-adjustmerttiangulationof Figure3. (c) into thecentral
imageof Figure 1(a). (c,d) Matching pointsin the imagesimmediatelyfollowing andimmediately
precedinghecentralimageof Figurel(a)in thesequenceThesecorrespondencdsae beencomputed
usinga simplecorrelationalgorithmandtake visibility constraintdor the centralimageinto account.

by Figure 3(c,d) that we call the bundle-adjustmentriangulation As shawvn in Figure 5(b), our initial

orientationchoiceguaranteethatthe bundle-adjustmeritiangulations verticesprojectionsroughlyfall on
theface.We matchtheseprojectionsinto the otherimagesusinga simplecorrelation-basedlgorithm[Fua,
1993. Figure5(c,d)depictstheresults.For eachof thesetie points,we write two observatiorequations

Prl(xi:Vi:zi) ul + J (1)

Pri(xiiyi;z) = v+ J
Wh_ere(u{ v{ ) istheexpectedprojectionof pointi inimagej , thatis, oneof thewhite dotsin Figure5(b,c,d);
Prl,(x;y; z) andPrl(x;y; z) denotethetwo imagecoordinate®f the actualprojectionof point (X;; Yi; zi)
in imagej usingthe currentestimateof the cameramodels;and, ;; ; theprojectionerrorsto be mini-

mized. For eachj, Prl, andPrl, depencbn the six externalparametershatde ne the camergpositionand
orientation.

Givenn tie pointsthat projectin the threeimages the positionparameterganbe recoreredby mini-
mizing the obsenration errorsin theleastsquaresensethatis by minimizing the objective functionE:

X
E = wig ()

1. n

D
1

H(Prh(xisyisz)  u)?+ (Pri(xisyizz)  vh)2)
1 3

with respecto six externalparametersf eachcameraandof the x, y andz coordinates. f is eitherzero
or onedependingn whetherthetie pointi is visible in imagej or not. w; is aweightassociatedo point
i. Itisinitially takento be 1 for all pointsandis thenadjustedasdiscussedelon. The solutioncanonly
be found up to a globalrotation, translationandscaling. To remorve this ambiguity we x the positionof
the rst cameraandoneadditionalparametesuchasthe distanceof oneverte in the triangulation. The
unknavn parameterghereforearethe 12 externalparametersf the secondandthird cameraandthen x, y
andz coordinates.



In practice,we representhe cameramodelsfor all the camerasas3x4 projectionmatrices.The algo-
rithm goesthroughthefollowing steps:

1. Generataninitial 3x4 projectionmatrix for the rst camerawith the principal pointin the centerof
theimage.
f' 0 xdim/2 0
Pri= 0 f vydim2 0 ; 3
0 O 1 0

wherexdim; ydim aretheimagedimensionsandf %is anapproximatiorof thetrue cameraconstant,
i.e. focallengthtimesa scalefactor f , expressedierein pixels permillimeter.

2. Computea 4x4 rotation-translatiomatrix M suchthatthe ve keypointsof Figure5(a) oncemulti-
plied by this matrix projectascloseaspossibleto thehand-picled locationsin thecentralimage.The
3x4 matrix thatrepresentthecameramodelfor the rst imageis thenbetakentobeTr = Prj M,
ensuringthatthe ve keypointsprojectin thevicinity of the ve hand-picledlocations.As aconse-
guenceall theotherverticesof the bundle-adjustmerttiangulationalsoprojectontheface,asshavn
in Figure5(b). Theseprojectionsaretakento bethe ul; vl of Equation2. We thenmatchthe points
thatare expectedto be visible in the two imagesthatimmediatelyprecedeand succeedhe central
imagein the video sequenceWe usea simplecorrelation-basedlgorithm [Fua, 1993 to obtainthe
(u'i Vo j 3of Equation2. Figure5(c,d)depictstheresults.Notethatnotall the pointsarematched
andthatthereis anumberof erroneousnatches.

3. Taketheinitial positionsof the othercamerago be equalto thatof the rst.

4. Giventheseinitial values,usethe Levenbeg-Marquardtalgorithm [Presset al., 1986 to minimize
the objective function E of Equation2 with respecto the camerapositionsandthe tie points' 3—-D
coordinates.

This yields the cameramodelsfor the two imageson eitherside of the centralimageandan estimate
of the bundle-adjustmertriangulations shape.To computethe following camergpositions the imageim-
mediatelysucceedinghe centralimagebecomeghe new centralimage.We projectthe bundle-adjustment
triangulations verticesinto it, computethe matchingpointsin the imagethatfollows in the sequencand
rerunthe bundle-adjustmendlgorithmto computethe positionof the correspondingamera.We theniter-
ateuntil the endof the sequenceWe proceedsimilarly for theimagesthatprecedehe centralimagein the
sequence.

3.3 Robust Bundle-Adjustment

The procedureoutlinedabove is genericbundle-adjustmentGruenand Beyer, 1997, with x edintrinsic
parameterslf the correspondencesgereperfect,this would be sufcient to retrieve the motionparameters.
Howeverthe point correspondencasmnbe expectedo be noisyandto includemismatchesTo increasehe
robustnes®f our algorithm,we augmenthe standargroceduren two ways:



1. lterative reweightedleast squares. Becausesomeof the point matchesmay be spurious,we usea
variantof the Iterative ReweightedLeastSquared Beatonand Turkey, 1974 technique.We rst run the
bundleadjustmentilgorithmwith all theweightsw; of Equation2 setequalto 1. We thenrecomputdhese
weightssothatthey areinverselyproportionalto the nal residualerrors.We minimize our criterionagain
usingthesenew weightsanditeratethe whole processuntil the weightsstabilize. This typically takesthree
iterations.More speci cally, for eachtie point, we computethe averageresidualerror ;:

 LPrioaiyiz) )+ (Pri(ayiz) V)P
joi

Wethentake w; to beexp(ri‘), where7 isthemedianvalueofthe j forl i n. Ineffect,weuse7 as
anestimateof the noisevarianceandwe discountthe in uence of pointsthataremorethana few standard
deviationsaway.

2. Regularization. Thetie pointsarethe verticesof our bundle-adjustmertriangulationandrepresent
surfacethatis knowvn to be smooth.We prevent excessie deformationby addinga regularizationterm Ep
to the objective functionE of Equation2.

To computethisterm,we rst rewrite our obseration equationss:

ul 4)

J
Vi

Prl(xi + dx;;y; + dyi;z + dz)
PFL(Xi + dx;;yi + dyi; z + dz)

wherex;y;; z; arethevertex coordinateshatarenow x edanddx;; dy;; dz aredisplacementthatbecome
theactualoptimizationvariables.

If the surfacewerecontinuouswe couldtake Ey to bethe sumof the squareof dervativesof thedx;,
dy; anddz acrosghesuriace.We approximatehis by treatingthe bundle-adjustmerttiangulations facets
asC9 nite elementsandevaluatingEp asfollows. We introducea stiffnessmatrix K suchthat

Ep = 1=2(dX 'K dX + dY'KdY + dZ'K dz) (5)

approximatedZienkiewvicz, 1989 the sum of the squareof the deriatives of displacementsicrossthe
triangulatedsuriacewhendX, dY, anddZ arethevectorsof thedx;, dy; anddz . In otherwords,Ep is the
discretizatiorof

zz" #
@X (u; V) 2+ @y (u;v) 2+ @z (u;v) 2 dudy
@ @ @
We cannow enforcesmoothnesby minimizing theregularizedobjective functionEr :
X
Er = B+ we (6)

F(Pri(xi + dxi;yi + dyi;zi + dz)  ul)?

e
+ (Pri(xi + dxi;yi + dyi;z + dzi)  v])?)

where is a smoothingcoefcient. As will be shavn below, the resultis not very sensitve to the exact
choiceof andwetakeit to bel.0by default.
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(d) (e) (f)

Figure6: Comparisorwith laserscannedata: (a) Pro le view of the bundle-adjustmentriangulationof Fig-
ure 3(c,d)before adjustment(b,c) Frontalandpro le view of the bundle-adjustmentiangulationafter
bundle adjustmentbut before stereoreconstruction.(d) Laserscanneoutput. (e) Bundle-adjustment
triangulationof (b,c),af ne transformedo beascloseaspossiblejn theleast-squaresenseto (d), the
scannesoutput. Thedeformationwith respecto (b,c)is mild andcloseto beinga simplescalingalong
thecoordinateaxes. (f) Recoveredrelative camergpositionsfor thewhole sequence.

In Section5 we will usesyntheticdatato shawv thatthis “regularizedbundle-adjustmentivorks well in
the presencef both signi cant tie pointscoordinatesmprecisionand of ratesof mismatche®f up to 30
%, whereaghe standardmplementatiorof bundle-adjustmertireaksdowvn completely In the caseof the
imagetriplet of Figureb, our proceduregieldsthebundle-adjustmertiangulationdepictedoy Figure6(b,c).

To quantifyour results quality, we have usedaMinolta'™ laserscanneto acquirethemodelof thesame
headshavn in Figure6(d). Thetheoreticaprecisionof thelaseris approximately0.3 millimetersandit can
thereforebeconsideregsareasonablapproximatiorof groundtruth. Of coursejn practice gventhelaser
exhibits afew artifacts. However, sincethe two reconstructionmethodsare completelyindependentf one
anotherplacesof agreemenarevery likely to be correctfor both.

To shaw thatthe deformationinducedby our arbitrary choiceof internalcamergparameterss indeed
closeto beingasanaf ne transformationywe have computedheaf ne transformA thatbringsthe bundle-
adjustmenttriangulationclosestto the laserscannemmodel. As shavn in Figure 6(e), the deformation
introducedby the af ne transformis relatively mild. In fact, it canbe closelyapproximatedy a scaling
alongeachof the coordinateaxes. Note, however, thattheresultingmaskstill doesnot seenvery realistic:
Thisis to beexpectedsincewe only gatherinformationattheverticesof thebundle-adjustmerttiangulation
andnowhereelse. It is for this reasorthatthe further tting stepof Section4 is requiredto exploit all the
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availablestereodata.
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Figure7: Quantitatve evaluationof the bundle-adjustmenélgorithm. (a) For the subjectof Figure 1(a), pro-

portion of the 3—D pointsin the laseroutputthatarewithin a givendistanceof the bundle-adjustment
triangulation,afterit hasbeendeformedusingan af ne transform.We show threealmostsuperposed
curvescorrespondingo threedifferentvaluesof the regularizationparameter . The fourth curve de-
pictsthe equivalentresultobtainedby xing the 3-D locationof the bundle-adjustmeririangulations
vertices. (b) Graphicdepictionof the distances.The surfaceof the laseroutputis intensity-codedso
thatthe white areasare thosethat are furthestaway from the bundle-adjustmentriangulation. White
correspondso anerrorgreaterthan5 millimeters. (c,d) Samething for the subjectof Figure1(b)

For amorequantitatve estimatewe plot the proportionof 3—D pointsin thelaseroutputthatarewithin
a given distanceof the deformedbundle-adjustmentriangulation. We have performedthis computation
for threedifferentvalues—0.51.0, and2.0—oftheregularizationparameter . Theresultingplot appears
in Figure7(a). We have alsorepeatedhis entireprocedureor the subjectof Figure 1(b), resultingin the
graphsof Figure7(c). Notethat:

1.

For bothfacesthethreecurvesareessentiallysuperposedndicatingtherelative insensitvity of the
bundle-adjustmenprocedurdo thevalueof . Thecorrespondingnedianreprojectionerrorsarein
theorderof 0.25pixels,which guaranteea goodandconsistenepipolargeometry

. The mediandistancein all casess approximatelyl millimeter which, given the camerageometry

corresponds$o a shift in disparityof lessthan1/5 a pixel. Thesedistancegor = 1.0 appeatin the
rst columnof Tablel. Theprecisionof thecorrelationbasedalgorithmwe useis in the orderof half
a pixel, outliersexcluded[Fua,1993. We thereforeconcludethatour bundle adjustmenalgorithm
performsan effective androbustaveragingof theinput data.

. However, if becomedoo large,thebundle-adjustmerttiangulationbecomesigid. Its shapecannot

adaptto matchthat of the face;the reprojectionerrorsof Equation2 becometoo big to guarantea
satishctoryepipolargeometry To illustratethis point, in eachgraph,we have plotteda fourth curve
thatcorrespondso theresultobtainedoy xing thebundle-adjustmerttiangulations shapensteacdof
allowing it to deform.Thereprojectiorerrorsgron muchlarger(> 1 pixel) andtheresultingepipolar
geometrystopsbeinggoodenoughfor high quality Euclidearreconstruction.

To estimatenumericallythe severity of the shapedeformationprovoked by our procedurewe proceedas
follows: Giventhe the afne transformA representedy a4 4 matrix, we perform a singularvalue
decompositiorof its rotationalcomponent This yieldsUtDV whereU andV are3 3 rotationmatrices
andD isa3 3diagonalmatrix. If A werea purerotation,translationandscaling,all theeigewaluesof D
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£0= 4200 Medlandlst.. after Deformathnafter Medlanc_ilgt. after Deformqtl_onafter
Bundle-Adjust. Bundle-Adjust. Model Fitting Model Fitting

Headof Fig. 1(a) 0.90mm 1.19 0.83mm 1.13

Headof Fig. 1(b) 1.10mm 1.09 0.92mm 1.14

Tablel: Metric comparisoragainsthe scanness output. (Column2) Mediandistanceof the bundle-adjustment
triangulations verticesto the scannedsurfaceafter af ne transformation.(Column3) Measureof the
deformationproducedby this af ne transformation.(Column 4,5) Equivalentmeasuredor the nal
surface-triangulation.

would be equalto the scalingfactor Thus,we take theratio of D's maximumto minimumeigealueto be
ameasuref how muchA deformsthe shape Theresultsareshavn in thesecondcolumnof Tablel.

In the examplesshavn here,we have systematicallytaken the approximatefocal lengthof Equation3
to bef ©= 4200 Figure8 shaws the effect of changingthe valueof f © Usingtheimagesof Figure5, we
performedhe samecomputatiorfor valuesof f °rangingfrom 3500to 5000.We plot here

2 2 1

1.8AFF: Med. Dist. to Scanner Output (mmy— DEF: Deformat. wrt to Scanner Output— PRJ: Median Reprojection Error (pixety—
1.6 18 0.8
1.4
1.2 1.6 0.6

1 \_/\//
0.8 14 o4 N
0.6 \L/\/\
0.4 1.2 0.2
0.2

0 1 0

3600 3800 4000 4200 4400 4600 4800 5000 3600 3800 4000 4200 4400 4600 4800 5000 3600 3800 4000 4200 4400 4600 4800 5000
approx. focal length (pixel/mm) Approx. Focal Length (pixel/mm) approx. focal length (pixel/mm)
(@) (b) (©)

Figure8: Changingthe valueof f %in the bundle-adjustmenprocedure.AFF, DEF, and PRJ, aredescribedat
theendof Section3.3. They areshavn hereasfunctionsof f in (a),(b),and(c), respectiely.

AFF : themediandistancen mm of the scanneoutputverticesto theaf ne transformedriangulation;
DEF : theseverity of the shapadeformationmeasuredsdescribedibore;

PRJ : thereprojectionerrorin pixel, thatis, the mediandistanceof the bundle-adjustmentriangulation
verticess projectiongo the expectedvalues,suchasthewhite dots' locationin Figure5s.

Forveri cation purposeswe have calibrated—withoutisingthecalibrationdatain anyof ourcomputations—
the camerausedto acquirethe sequencesf Figure5 usingthe INRIA CamCalpackagéTarelandVezien,
1994. It yields a valueof f approximatelyequalto 400Q It is only approximatebecauseCamcCal,in
effect, canalsotradechangesn the valueof f againstchange®f the estimateddistanceof the camerato
thecalibrationgrid it uses.

In ary event, the curvesthatappeaiin Figure8 arerelatvely at in thevicinity of f = 4000andthe
correspondingaluesof AFF, DEF, andPRJ, areentirely consistenwith thosefound by runningMonte
Carlosimulationsaswill be seenin Section5.

By repeatingthis computationover all overlappingtriplets of imagesin the video sequencesve can
computeall the camergpositionsdepictedoy Figure6(f). To ensureshapeconsisteng acrosghe sequence,
given a new triplet, we x the camerapositionsfor the two imagesthat belongto a previous triplet and
allow only thethird oneto move. In effect, for eachnew image ,we computethe camergpositiononly once
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and,then, x it. In theory onceall theimageshave beenregisteredwe couldrerunour bundleadjustment
procedurausingall imagessimultaneoushput we have notfoundthis to be necessarjn practice.

4 Re ned Head Models

(b)

Figure9: Fitting the completeanimationmask. (a) For the subjectof Figure 1(a): The manuallysupplied2-D
featurespoints; shadedview of the completeheadmodel; the cylindrical texture map; and, textured

model. (b) For the subjectof Figure 1(b), the manuallysupplied2—-D featurespoints;two shadedand
two texturedviews of the headmodel.

Giventhe cameramodelscomputedabore, we cannow recover additionalinformationaboutthe sur
face.We usea simplecorrelation-basedlgorithm[Fua,1993 to computea disparitymapfor eachpair of
consecutie imagesin the video sequencesWe thenturn eachvalid disparityvalueinto a 3—D point and

t ouranimationmaskto these3—D pointsby minimizing anobjective function. This approachs depicted
by Figure4(a)andsummarizedn the appendix.For additionaldetails,we refertheinterestedeaderto our
earlierpublications[FuaandMiccio, 1998,FuaandMiccio, 1999. Alternatively, we could have usedan
appearance-baségchniqud Kang,1997,BlanzandVetter 1999 thatoptimizesshapeandcameraosition
simultaneouslyBecausesuchapproacheperformagradient-stylaninimization,a goodstartingpointsuch
astheoneouralgorithmprovideswould almostcertainlybe helpful.

Figure9 depictsthe nal modelsfor thetwo videosequencewe have usedsofar. To ensurehatsome
of the key elementsof the face—corner®f the eyes, mouthandhairline—projectat the right places,we
have manuallysuppliedthe locationof the projectionin oneimageof a few featurepointssuchasthe ones
shawvn in the rst columnof Figure9: Our objective functionincorporates termthatforcesthe projection
of the genericmasks correspondingerticesto be closeto them [FuaandMiccio, 1998, FuaandMiccio,
1999. Notethatthe ve manuallysuppliedpointsusedto initialize the bundle-adjustmenprocedureof
Section3.1, shavn asdisks, form a subsetof thesefeaturepoints. In practice,we supplyall thesepoints
initially andthenlet the systemrun automatically To producethesefacemodels,the manualintervention
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Figure10: Quantitatve andqualitative evaluationof the reconstructionsquality for both subjectsof Figure 1. (a)
Proportionof 3-D laserpointsthat arewithin a given distanceof the af ne-transformedfacesurface.
In both graphs,the solid line correspondgo the nal headmodelandthe dottedoneto the bundle-
adjustmentriangulationfor = 1:0. (b) Pro le imagesof both subjectsthat hasnot beenusedto
performthe computation(c) The correspondindacemodelshown in a similar pose.

requiredthereforereducedo supplyingthesefew pointsby clicking on their approximatdocationsin one,
andonly one,image,which canbedonequickly.

Becausestereotendsto fail in the hair regions, the shapeof the top of the headhasbeenrecovered
by semi-automaticallglelineatingin eachimageof the video sequencé¢he boundarybetweerthe hair and
the backgroundandtreatingit asa silhouettethat constrainghe shape[FuaandMiccio, 1994. Giventhe

nal headmodel,thealgorithmcreatesa cylindrical texture map,suchasthe oneshowvn in the rst row of
Figure9.

In Figure10(a),we useagaintheMinolta!™ laserscanneoutputto evaluatethereconstructiors quality.

As in Section3.3, we computethe af ne transformthat bestmapsthe reconstructedace onto the laser
outputand plot the proportionof 3-D laserpointsthat are within a given distanceof the deformedface
surface. In both casesthe correspondingunesappearsasa solid blackline. For comparisors sale, we
alsoplot asa dottedline the correspondinglistribution for the bundle-adjustmentiangulationin the case

= 1:0. As expected,usingadditionalstereodatahasbroughtanimprovementasevidencedby the fact
thatthe solid curve is above the dottedone. In the third columnof table 1 we indicatethe corresponding
medianvaluesof thedistances.

To evaluatetheseresultsqualitatizely, in Figure 10, we shav two side views of the headsthat have
not beenusedto performthe computatiorandshawv the reconstructeanodelsseenin a similar pose.Note
thatthe faceoutlinescorrespondsjuite accuratelyexceptwherestereocanbe expectedto fail becausehe
surfaceslopesaway from the cameraBottomof the noseandof the chin.
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(9) (h)

Figurell: A manwith a mustache.(a,b,c) Threecolor imagesof a sequencef seven. (d) A pro le view that
was not usedduring the computation.(e) Shadedview of the reconstructeanodel. The pointson the
mustacheretreatedasoutliersandignored. (f,g,h) Texture-mappediews of the headmodel. In this
andfollowing gures, theeye texturecomesrom astandardibrary andcouldbeimprovedby usingthe
actualimagesof thecharactes eyes.

In Figureslland 12 we shaw additionalmodelsreconstructedrom imagesacquiredwith a different
cameraa color one,but usingthe sameparametergor our algorithm. All thesemodelscanbe animated
to producesyntheticexpressionsuchasthe onesshavn in the rst two rows of Figure12. Thesevideo
sequenceand3-D modelsareavailableon our websitelignww.ep .ch/fualfaces.

To checktheapplicabilityof ourtechniqueo reconstructindjamousactorsfrom old movies,we scanned
anumberof scenedrom “K ey Largo” with H. BogartandL. Bacalland“QueenChristine”with G. Garbo.
Obviously, mostof the shotscannotbe useddirectly by thetechniquedescribedn this paperbecauseactors
talk or changetheir facial expressionsHowever, all we needis a shortclip, aboutonesecondjn which the
actorturnshis headwithoutspeakingIn bothcasesywe wereableto nd andprocessuchclipsto generate
models. Unfortunately we cannotshav theseresultsbecause¢he mavie companieave not grantedusa
licenseto usetheimagedor publicationpurposesNeverthelessaninterestingextensionof thiswork would
beto usethese3—D animationmodelsto trackfaces deformatiorasactorsexpresgheiremotionsand,thus,
learnthe animationparameterghatcouldbe usedto synthesizepersonalize@xpressions.

In future work, we planto extendthis techniqueto whole body modeling,asillustratedby Figure 13
and14. We foundthesestereopairson theweh We manually andvery roughly aligneda genericfemale
torso model with the rst imageof eachone. We then usedthis model as both our bundle-adjustment
triangulationand our surface triangulation: We projectedits verticesonto these rst images,computed
matchesn thesecondandusedourregularizedoundle-adjustmertechniqudo computeherelative position
of the cameraWe thenusedthis informationto rectify theimages computea disparitymap,generat8—D
pointsanddeformthe genericmodel. In the absencef groundtruth, it is dif cult to judgethe quality of
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(d)

Figure12: Reconstructiorandanimation. (a) Centralimageof a sequencetwo texture-mappediews of the cor
respondingheadmodel;andtwo syntheticexpressionsppeningof the mouthandclosingof the eyes.
(b) Centralimageof anothersequencethreeviews of the correspondindneadmodel; anda synthetic
smile.(c,d)Reconstructedhodelsfor two additionalpeople

the resultbut the shapeappeargo be reasonablend, oncetexture-mappedwould look realistic. This is

very encouragingyiven the factthat, on theseimagepairs,Zhangs algorithm[Zhanget al., 1995 extracts
very few matchesandputsthe epipoleswithin the imageswhich is clearly not realistic. To extendthis to

full body modelingfrom video sequencesye intendto usean articulatedoody model[Boulic etal., 1995,
Thalmanret al., 1994. To accountfor the factthatthe personcanmove, we will treatthe joint anglesas
variablesin theregularizedbundle-adjustmenmninimization.

5 Validity of our Deformation Model

Therearetwo mainsourcef errorsin our reconstructiorprocedure:

1. We useapproximatenternalparameterfor the cameras.

2. The point matcheswve useasinput to our bundle-adjustmenprocedurecan be impreciseor even
wrong.
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() (b) (©) (d)

(e) ()] (@) (h)

Figure13: Body Modeling. (a,b)A steregpairfound on theworld wide weh The diagonalblackbandshave been
addedafterthefactsothatthesaémagescanbepublished.(c) Genericfemaletorso.(d) Projectionof the
generictorso's verticesafterroughalignment.Notethatthe alignmentis far from perfect.(e) Matching
pointsin the secondmage. Becausehe skin is fairly smooth,therearerelatively few of them. (f,g)
Recweredepipolargeometry Thelinesin (g) aretheepipolarlinesthatcorrespondo thecrossesn (f).
(h) Generictorsodeformedo matchthe stereodata.

(@) (b) () (d) (e)

Figurel4: Body Modeling. (a,b) Another stereopair found on the world wide weh (c,d) Recaveredepipolar
geometry (e) Generictorsodeformedio matchthe sterecdata.

As discussedn Section3 and 4, we modelthe overall deformationdueto theseerror sourcesasan af ne
transform.Here,we usesyntheticdataandMonte Carlo simulationgto shawv that:

1. Fortypicalcameracon gurations thedeformatiorproducedy usingapproximateamergarameters
is indeedvery closeto beinganafne transformevenwhenthereis a substantiahmountof rotation
betweenthe cameras. This deformationis not sesere as long as the approximatefocal length is
“reasonably”closeto the actualone. Below, we will arguethatfor typical cameracon gurations,
focallengthestimateshatarebetweerB0 % and120% of thetruthareamplysufcient.

2. Thepoorquality of thematchesntroducesanothedeformationthatcanalsobe modeledasanafne
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transform.It doesnot substantiallydeformthe shapef a sufcient regularizationconstraints intro-
duced.

This justi es our useof a x edfocallengthandof anafne transformto modelthe overall deformationof
ourreconstructedhodelswith respecto reality. Becausehetwo errorsourceglescribedibore producede-
formationsof approximatelfthe samemagnitudethereis little pointin usingamoresophisticate@dpproach
to cameramodelrecorery whenmuchmore accuratgoint matchescannotbe obtained. The focal length
cannotbe reliably recoveredfrom suchdata. Underour x edfocal lengthassumptiona small changein
focal lengthduringimageacquisitionwould be modeledasa translationof the cameraaway or towardsthe
subjectwithout muchlossof accurag.

5.1 Inuence of the Inter nal Parameters

To gaugethe effect of usingapproximatenternalparameterasopposedo exactones,we useda random
numbergeneratoto producesetsof 3—D points,suchasthe oneshavn in Figure15(a). For eachsuchset
M, we

1. De ne acameramodelCy with focal lengthf , locatedat distancez from M ;

2. De ne two additionalcameramodels,C; and C, that correspondo the samecamera,and focal
length,afterrandomlychoserrotationandtranslation;

3. Generatdhe projectionsof the pointsin M usingCg, C; andC; to producethe 2—-D pointsmg, my,
andmy;

4. Runthe bundle-adjustmenalgorithmof Section3 usingmg, m;, andm, andan approximateocal
lengthf %asinput. This resultsin thereconstructiorof M © a setof 3—D points,with M °= M when
fO0=f;

5. Computetheafne transformA thatbestmapsM %ontoM in theleastsquaresensendlet A:M ®be
the pointsin M transformedy A.

More speci cally, in ourexperimentsM is formedby randomlydistributed3-D pointsina20 20 10cm

volume,which approximates faces dimensions.Co, the rst camerajs locatedat a distancez of either
50cm or 10cm from M . Themotionof C; andC, with respecto Cg is de ned by randomtranslatiorand
rotationvectorsthat are scaledso thatjjtjj, the translationvectors norm,is either5cm or 10cm andjjr jj,

therotationvectors norm,is either0.1,0.2 or 0.3radians.

All threecamerashave the samefocal lengthf = 1mm andtheir principal pointsaretaken to be the
origin of theimageplanes'coordinatesystems.Note thatthe choservalueof f is arbitrary Changingit
only producesan overall scalingof the projectionvalues.Whatis signi cant is f %f , theratio of thefocal
lengthusedto runthebundleadjustmenalgorithmto therealone.

We thenran our bundle-adjustmendlgorithm, usingvaluesof f °rangingfrom 0:5mm to 2:0mm and
shifting the principal pointsby valuesof up to 0:03mm. For eachsetof pointsM , correspondingecon-
structionM °andaf ne transformA, asin Section3.3,we evaluate

19



| A ® e
v N
COA > o0 O
\“ ‘ ‘
' Ty |\ Ro
y
Gy
-
(@) (b)

Figure15: Syntheticdatausedto quantifythein uence of usingapproximateanternalparameters(a) 3—D points
uniformly distributedin a boundingbox andthreesyntheticcameras.(b) The cameracon gurationis
de ned by Z, the distanceof the rst camerato the 3—-D points, and by the rotation and translation
vectorsR andT thatde ne themotionof the othertwo cameraswvith respecto the rst.

AFF Validity of the afne approximation: The meansquaredistanceof A:M © the reconstructegboints
afterafne transformationfo M . In the graphsbelaw it is shavn in arangefrom 0 to 10mm. The
closerto zeroAFF is, thebettertheaf ne approximation.

DEF The severity of the deformation:We usethe measurgroposedn Section3.3. We performa singu-
lar value decompositiorof A and computethe ratio of the largestto the smallesteigervalue of the
resultingdiagonalmatrix.

PRJ Thereprojectionerror: The meansquaredistanceof the projectionsof the reconstructegbointsto
the actualvalues.In the graphsbelaw, it is expressedn millimetersin a rangefrom 0 to 0:002nm.
For camerasuchasthe oneswe have usedto acquiretheimagesshavn in Section3, to corvert the
projectionvaluesexpressedn mm to pixel values,oneoughtto multiply thesevaluesby afactorin
theorderof 4000to 5000. In otherwords,this rangecorrespond$o reprojectiorerrorsbetweerD and
approximately8 to 10 pixels.

In Figure 16, we shawv the valuesof AFF, DEF andPRJ asa function of the ratio f &f . Eachrow
correspondso a particularcamerasetupwith z 2 f 50cm; 100cmg andjjtjj 2 f 5cm; 10cmg. If therewere
no rotationbetweerthe camerasthatis if jjrjj = 0, theafne approximatiorwould be perfect[Luongand
Viéville, 1994, upto thenumericalaccurayg of our least-squaresolver. Bearingthisin mind,in eachcase,
we plot threeseparateures,for jjrjj = 0:1, jjrjj = 0:2andjjrjj = 0:3.

For eachcon guration, we performedone hundredtrials. The curvesdepictthe meanvaluesof AFF,
DEF andPRJ andtheerrorbarsrepresenvariances.The furtheravay the camerasare, thatis the greater
Z, thelesserthe perspectie distortionandthe betterthe af ne approximatiorasmeasuredy AFF is. This
is not surprisingsincea large z correspondso a situationwherethe cameracanalmostbe consideredas
an orthographicone and, therefore,wherethe afne modelis strictly correct. Similarly the smallerthe
rotationcomponenijr jj, thebettertheapproximation Note however thatevenfor the“worstcasescenario”
plotted here—thatis, jjrjj = 0:3rad, jjzjj = 50cm, andjjtjj = 5cm—AFF remainsbelov 1mm for
0:9 < f &f < 1:1 andbelov 2mm for 0:8 < f &f < 1:2. In otherwords,for typical facesequencewith a
camerahatdoesnot cometoo closeto thehead theaf ne approximatioris anexcellentone.
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The PRJ curvesthatdepictthe reprojectionerrorshave the sameoverall shapeasthe AFF curves. For
our worstcasescenariothe reprojectionerrorsremainbelov 0:00025nm for 0:8 < f &f < 1:2. Forreal
camerasuchasthe onesusedin this paper this correspondso errorssmallerthanl pixel. In otherwords,
aslong asthe bundleadjustmenglgorithmproducegesidualghataresmallerthanl pixel on average the
afne approximationcanbe consideredasvalid. This naturallyleadsto a very simpleheuristicto guessa
usablevalueof f °if noneis available: Performthe bundleadjustmentomputatiorfor severalvaluesof f ©
until oneis foundthatyieldssufciently smallresiduals.

The previous resultswere computedwithout shifting the camerasprincipal points. In Figure17, we
shaw threesetsof AFF, DEF andPRJ curvescomputedn ourworstcasescenaricandfor
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Figure16: Usinganapproximatdocal lengthfor differentcameracon gurations.AFF appearsn the rst column
asa function of the ratio of the focal lengthusedto performthe bundle adjustmento the real one.
Similarly DEF andPRJ areshowvn in the secondandthird columns.SeeSection5.1 for details.
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Jit:
jirii:

shiftsof the principal pointsof 0, 0:01mm, 0:02mm, and0:03mm. For realcamerasuchastheonesused
in this papery this correspondso shifts of approximately0, 50, 100and150pixels. This shift hasvery little
in uence andall four curvesarealmostsuperposeth all threegraphs.Thereforejn practice we cansafely
assumehatthe principalpointis in thecenterof theimage.
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0.0005

Figurel7: Using an approximatefocal lengthandshifting the principal points. AFF, DEF and PRJ aredepicted
asin Figurel6for z: 50cm jjtjj: 5cmjjrijj : 0:3rad andincreasingshiftsof theassumedocationof the
principalpoint.

5.2 Inuence of Mismatches

Thepointmatchesve useasinputto our bundle-adjustmentannotbe expectedo be eitherpreciseor error

free. To quantify the effectivenessof our regularizedbundle-adjustmenalgorithm, we usethe synthetic
surfacetriangulation of Figure18(a)andthe correspondingyramid shapedundle-adjustmentiangula-

tion of Figure18(b). The at partof thesurfacetriangulationis the planeof equatiorz = 0 andthespherical
parthasaradiusof 35mm. Againwe usethreesyntheticcameradocatedat a distanceof about60cm with

motionswith respecto oneanotherthatincludea rotationalcomponenbf approximately0:3r ad. In other
words,this con gurationapproximateshe“worstcasescenario’of Section5.1.

Giventhesecameranodels we useasinputto ouralgorithmthe projectionsof pointsthathave thesame
X; y coordinatessthebundle-adjustmertriangulations verticesbut belongto the surfacetriangulation.To
simulatethe errorsthat canbe expectedfrom our stereomatcher we corrupttheseprojectionsby adding
two kindsof noise:

1. White noisewith variance noise 2 f0:5pixel; 1:0pixelg. This simulatesthe imprecisionof the
matches.Giventhe speci ¢ camerageometryusedhere,a disparity error of 1.0 pixel translatego
anerrorof 3to 6 mmin termsof reconstructioraccurag. This represent4.0 to 20 % of the 35 mm
radiusof thesphereandis thereforea signi cant amountof noise.

2. Outliers whosecoordinatesare random. Theseoutliers replacesomeof the actualprojectionsto
simulatemismatchesln the plotsbelow, we introducea proportionr ateqy: 2 f0%; 10% 20% 30%g
of suchgrosserrors.

Given theserandomizedprojections,we ran our algorithm for valuesof the regularizationparameter

rangingfrom 0.0to 1.0. Thealgorithms aim is to recorer cameramodelsthataregoodenoughto perform
the stereoreconstructiorof Section4. To gaugethis, we have adoptedhe following procedure:For each
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Figure18: Syntheticdatausedto quantify the in uence of mismatchesindthe robustnesf our approach.(a)
Half sphereusedasthe surfacetriangulationandsyntheticcameras(b) Correspondingyramidshaped
bundle-adjustmerttiangulation.(c,d,ephadedepresentationsf the surfacetriangulations projections
in thethreecameras.

trial run, we usethe real projectionsof the verticesof the surfacetriangulationandthe recoveredcamera
modelsto computetwo setsof 3—D points,a rst oneM 1, usingcameral and2, andthe secondoneM 13
usingcameral and3. We evaluate:

DST The averagedistancebetweencorrespondingpointsin M 1> andM13: If the cameramodelswere
perfect,boththesesetsof reconstructegointsshouldhave the same3—D locationasthe original 3—D
verticesandDST would be zero. In the graphsbelaw it is shavn in arangefrom 0 to 4mm, which
correspondo reprojectiorerrorsin theorderof onepixel or less.

AFF Theafne natureof the deformation:Our reconstructiorprocedurets a surfaceto the stereodata.
This tting operationaverageshe data. To simulatethis behaior andthe biasintroducedby our
regularizationterm, we take M 1,3 to be the midpoint of correspondingointsin M 1, andM ;3 and
computethe af ne transformA thatbestmapsM 123 onto the original 3—D vertices. In the graphs
belav, we plot the meansquaredistancebetweerA:M 1,3, the pointsin M 1,3 transformedy A, and
thoseoriginal vertices.Smallvaluesof AFF indicatethatthe biasintroducedby our regularizationis
well modeledby anafne transform.

DEF Theseverity of thedeformation:We usethe samemeasureasbefore.

Figure19 depictsthe meanvaluesof DST, AFF andDEF asafunctionof afterahundredrials for each
valueof noise andrateqy:. Thevariancesappeaaserrorbars.
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Figure19: In uence of mismatches.DST, AFF, and DEF arerepresentedh the rst, secondandthird column
respectiely. Eachrow correspondso onevalueof thenoise.In all graphsgeachcurve correspondso a
differentvalueof r ateq,: . SeeSection5.2for details.

In all graphs,we plot four curwes, one for eachvalue of rateq,;. The lowestcurve correspondso
rateout = 0. In this speci c case,the reconstructiorerrorsare causedexclusively by the white noise
addedto the projections.Theresultingdeformationis well modeledoy anaf ne transformthatis almosta
rotationasevidencedby thefactthatDEF is closeto 1.0. DST is approximatelyl:0mm, which translates
to reprojectionerrorsin the orderof 0.2 pixels. Note that, in this speci ¢ case,DEF increaseslightly
when is non zero, indicating the bias introducedby the regularization. In all other casesthatis for
0 rateg,r 20% theexactoppositehappensDST, AFF andDEF decreaseéowardsvaluesthatarenot
signi cantly largerthanthe onescomputedor rateq,; = 0. Forrateq,: = 30% DST startsto increase
signi cantly but the averagingoperationwe performresultsin valuesof AFF andDEF thatremainlow,
atleastwhen is large enough. In otherwords, a small amountof regularization,thatis = 0:2 deals
effectively with outliersrateof upto 20% The useof alarger regularizationterm mitigatesthe impactof
evenhigherrates,atthe possiblecostof a smallamountof af ne deformationin theresultingshape.

Obviously, the exact shapeof thesecurvesis heavily in uenced by the closenessf theinitial bundle-
adjustmentriangulations shapeo the actualone.Our experimentsvith numerousealsequencesf heads
shaws thatthe bundleadjustmentriangulationof Figure 3(c,d)is closeenough afterstretchingn all three
directionsto accommodateariationsin proportions,to yield excellentresults. The valuesof DEF that
appeaiin tablel areconsistentvith thosereportedn this section.
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6 Conclusion

We have shawvn thatby incorporatingmodel-basedonstraintsn the framewvork of bundle-adjustmentye
areableto effectively tacklethestructure-from-motioproblemin acasevherecorrespondencesedif cult
to establish.

As a result, we have beenable to develop an integratedand largely automatedapproachto tting a
completeheadmodelto imageswithoutrequiringcalibrationdataandwith verylimited manuaintervention.
Usingthis technique suchmodelscanbe producedcheaplyandfastusingan entirely passie sensoreven
thoughthe imageswe usemay have relatively little texture. This hasdirect applicationsin the eld of
videocommunicatiorandentertainmenandwill allow the fastgeneratiorof realisticavatarsfrom widely
availabledata.

Using, on the one hand, syntheticdataand, on the other hand,imagesand laserscansof the same
people we have shavn empiricallythatthe modelswe createarevery goodapproximationsip to anaf ne
transform.We choseto demonstratéhe completeapproachor onespeci ¢ applicationfor which we can
performthe completemodelingtaskfrom imagesto usablemodels. However, becausehe constraintsve
imposeonly dependon the existenceof a genericshapemodelfor the objectsto be reconstructedthis
approacttanpotentiallybe generalizedo mary otherdeformableshapesSpeci cally, we areinterestedn
modelingthe completebody In futurework, we will usearticulatedmodelsto extendour approactto this
new application eld.

Appendix

In this appendixwe summarizebrie y thetechniquewe have usedto t the animationmaskto theimage
data[FuaandMiccio, 1998,FuaandMiccio, 1999. Givena setof registeedimagesijt is designedo t a
facialanimationrmodelwith minimal manuaintervention.In theexamplegpresentedh this paperthevideo
sequencewereinitially uncalibratedandregistrationhasbeenachiezed usingthe techniqueof Section3.
However, calibratedstereopairsor triplets canbe usedaswell. The animationmodel [Kalraetal., 1992
we usecanproducehedifferentfacialexpressionarisingfrom speectandemotions.Our tting procedure
takesthefollowing steps:

Obtain 3—-D information: We computedisparitymapsfor eachimagepair, t local surfacepatches
to the correspondin@-D points,andusethesepatchego computea central3—D pointanda normal
vector

Model the Face: We attacha coarsecontrolmeshsuchasthe oneshavn in Figure3(e)to theface
of theanimationmodelandperformaleastsquaresadjustmenof this controlmesh sothatthe model
matcheghe previously computeddata. We weight the datapointsaccordingto how close—inthe
leastsquaresense—thgareto the modelanduseaniterative reweightingtechniqueo eliminatethe
outliers.We thensubdvide the controlmeshandrepeathe procedurdo re ne theresult.

Generate a texture map: We usethe original imagesto computea cylindrical texture map that
allows realisticrendering. This is achiezed by rst generatinga cylindrical projectionof the head
modelandthen,for eachprojectedpoint, nding theimagesin whichit is visible andaveragingthe
correspondingyray-lesels.

Theonly manualinterventionthatis mandatoryis supplyingthe locationof the ve key featurepoints
of Figure5(a) in onesingleimage. In orderto ensureproperanimation,it is importantto guaranteehat
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importantfeaturesof the model—mouthandcornersof the eyesespecially—projecat the correctlocations
in theface.Thesystemis thereforesetup sothatwe have theoptionto supplyafew additional2—D feature
pointssuchasthe onesshawvn in the rst columnof Figure9. Becaus@nly the2-D locationof thesepoints
needto be speci ed, this canbe donevery quickly.
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