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Abstract

Thispaperaddressesheproblemof recovering3D non-
rigid shapemodelsfrom image sequencesFor example
givena videorecowding of a talking person,wewouldlike
to estimatea 3D modelof thelips andthe full faceandits
internal modesof variation. Many solutionsthat recover
3D shapefrom 2D image sequenceflavebeenproposed;
theseso-calledstructure-from-motiontechniquesusually
assumehat the 3D objectis rigid. For exampleTomasi
and Kanades factorizationtechniqueis basedon a rigid
shapematrix, which producesa tracking matrix of rank 3
underorthographic projection. We proposea novel tech-
niguebasedon a non-rigid model,whele the 3D shapein
ead frameis a linear combinatiorof a setof basisshapes.
Under this model, the tracking matrix is of higher rank,
andcanbefactoredin a threestepprocesgo yield to pose
configuiation and shape We demonstate this simplebut
effectivealgorithm on video sequencesf peopleand ani-
mals. We were ableto recorer 3D non-rigid facial models
with high accuracy.

1 Intr oduction

This paperdemonstrates new techniquefor recover-
ing 3D non-rigid shapemodelsfrom 2D imagesequences
recordedwith asinglecameralFor example thistechnique
canbe appliedto video recordingsof a talking person. It
extractsa 3D modelof thehumanface,includingall facial
expressionandlip movements.

Previous work hastreatedthe two problemsof recov-
ering 3D shaped$rom 2D imagesequenceandof discos-
ering a parameterizatiof non-rigid shapedeformation-
s separately Most techniqueghat addresghe structure-
from-motionproblemarelimited to rigid objects. For ex-
ample, Tomasiand Kanades factorizationtechnique[13]
recoversa shapematrix from imagesequencesUnderor-
thographigorojection,it canbe shavn thatthe 2D tracking
datamatrix hasrank3 andcanbefactorednto 3D poseand
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3D shapewith the useof the singularvaluedecomposition
(SVD). Unfortunatelythesetechniguesannot be applied

to nonrigid deformingobjects,sincethey arebasedon the

rigidity assumption.

Most techniqueghat learn modelsof shapevariations
do soon the 2D appearanceanddo not recover 3D struc-
ture. Popularmethodsarebasedon PrincipalComponents
Analysis. If the objectdeformswith K linear degreesof
freedomthe covariancematrix of the shapeneasurements
hasrankK. Theprincipalmodesof variationcanberecov-
eredwith theuseof SVD.

We show how 3D non-rigidshapemodelscanberecov-
eredunderscaledorthographigorojection. The 3D shape
in eachframe s a linear combinationof a setof K ba-
sis shapes. Under this model, the 2D tracking matrix is
of rank 3K andcanbe factoredinto 3D pose,objectcon-
figurationand 3D basisshapeswith the useof SVD. We
demonstratethe effectivenes®f thistechniqueon several
datasets,ncludingchallengingrecordingsof humanfaces
during speechand varying facial expressionsand animal
bodymotions.

Section2 summarizeselatedapproachesSection3 de-
scribesour algorithm,and Section4 discussesur experi-
ments.

2 PreviousWork

Many methods have been proposedto solvwe the
Structue-from-motionproblem. One of the mostinfluen-
tial of thesewasproposedy TomasiandKanadg13] who
demonstratethefactorizatiormethodfor rigid objectsand
orthographigrojections.Many extensionshave beenpro-
posed suchasthe multi-body factorizationmethodof Co-
seiraand Kanade[5] that relaxes the rigidity constraint.
In this method,K independentlymoving objectsare al-
lowed,which resultsin atrackingmatrix of rank 3K anda
permutationalgorithmthatidentifiesthe submatrixcorre-
spondingto eachobject. More recently BascleandBlake



[1] proposeda solutionfor factoringfacialexpressionsand
poseduring tracking. Althoughit exploits the bilinearity

of 3D poseand nonrigid object configuration,it requires
a setof basisimagesselectedbeforefactorizationis per

formed. The discovery of thesebasisimagesis not partof

theiralgorithm.

Variousauthorshave demonstrateestimationof non-
rigid appearance 2D usingPrincipalComponent#\nal-
ysis[14, 9, 3].

Themostimpressie work for 3D reconstructiorof hu-
man faceswas presentedoy [4]. A high-resolution3D
modelof the shapespacenvasobtainedby laserscanninga
largefacedatabasa-priori. Usingahandinitializationand
iterative matchingof shape texture, andlighting, a very
detailed3D faceshapecould berecoveredfrom onesingle
image. Basedon 2D imagesequencedf] and[10] were
trackingthe poseandconfigurationof humanfaces.A 3D
facemodelwas given a-priori aswell. Basu[2] demon-
strateshow the parameterscan be iteratively fitted to a
video sequencestartingfrom aninitial lip model. [11, 7]
proposemethodgor recoveringthe 3D facialmodelitself
usingmultiple views.

To the bestof our knowledge,all existing methodsfor
nonrigid 3D shapesitherneedana-priori model,or need
multiple views. In the next section,we demonstraténow
a 3D nonrigid shapemodelcanbe recoveredfrom single-
view recordingsn solvingmultiple factorizatiorsteps No
a-priorishapemodelis required.We demonstrat¢histech-
nigueon variousrecordingsof humanfacesandanimals.

3 Factorization Algorithm

We describethe shapeof the non-rigid objectasa key-
framebasisset$, S, ...S. Eachkey-frameSisa3x P
matrix describingP points. Theshapeof a specificconfig-
urationis alinearcombinationof this basisset:

K
S= _;h -§

Undera scaledorthographicprojection,the P pointsof a
configurationSareprojectednto 2D imagepoints(uj, v;):
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R containsthe first 2 rows of the full 3D camerarotation
matrix, and T is the cameratranslation. The scaleof the
projectionis codedin Iy,...Ix. As in Tomasi-Kanadewe
eliminateT by subtractinghe meanof all 2D points,and
hencefortrcanassumehatSis centeredat theorigin.

We canrewrite thelinearcombinationin (2) asamatrix-
matrix multiplication:
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We addatemporalindex to each2D point, anddenote
the tracked pointsin framet as(ui(t),vi(t)). We assumewe
have 2D pointtrackingdataover N framesandcodethem
in thetrackingmatrix W:
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3.1 BasisShapeFactorization

Equation(5) shows that the tracking matrix hasrank
3K and can be factoredinto 2 matrixes: Q containsfor
eachtime framet the poseR® andconfigurationweights
If),...,l,(f). B codesthe K key-framebasisshapesS. The
factorizationcanbe doneusingsingularvaluedecomposi-
tion (SVD) by only consideringthe first 3K singularvec-
torsandsingularvalues(first 3K columnsin U, D, V):

SVD: WANXP —(j.5.YT = 2Nx3K  gKxP  (g)

3.2 Factoring Posefrom Configuration
In the secondstep,we extractthe camerarotationsR(®)

andshapebasisweightsli(t) from the matrix Q. Although
Qisa2N x 3K matrix, it only containsN(K + 6) freevari-
ables. Considerthe 2 rows of Q that correspondo one
singletime framet, namelyrows 2t — 1 androw 2t ( for

convenienceve dropthetime index (t)):
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We canreorderthe elementof ) into anew matrix gt:
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which shavs that@ is of rank 1 andcanbe factoredinto
the poseR® and configurationweights|") by SVD. We
successiely apply the reorderingand factorizationto all
time blocksof Q.

3.3 Adjusting Poseand Shape

In the final step,we needto enforcethe orthonormal-
ity of the rotationmatrices. As in [13], a linear transfor
mation G is found by solving a leastsquaresproblent.
The transformationG mapsall RV into an orthonormal
R® = RM . G. Theinversetransformatiomustbe applied
to the key-framebasisB to keepthe factorizationconsis-
tent:§ =G 1.§.

We arenow done. Given 2D trackingdataW, we can
estimatea non-rigid 3D shapematrix with K degreesof
freedom,andthe correspondingameraotationsandcon-
figurationweightsfor eachtime frame.

4 Experiments

Part of this work is motivatedby our efforts in image-
basedfacial animation,but the techniques not limited to
thefacialdomainonly. We collectedseveralvideosof peo-
ple speakingsentencewith variousfacialexpressionsWe
alsocollectedvideosof animalsin motion,to demonstrate
thegeneralityof thisapproachThehumanfacerecordings
containrigid headmotions,andnon-rigidlip, eye,andoth-
erfacialmotions.Wetrackedimportantfacialfeatureswvith
anappearance-bas@ trackingtechniqué. Figurel and
7 shaws exampletracking resultsfor video-1and video-
2. For facial animation,we want explicit control over the
rigid headposeand the implicit facial variations. In the
following, we showv how we wereableto extracta 3D non-
rigid facemodel parameterizedy thesedegreesof free-
dom. Video-3containsa walking giraffe (Figure9). This
videowastracked by a pointfeaturetracker®.

We applied our methodto all threevideo sequences.

Thefirstis apublicbroadcasbriginally recordednfilm in
theearly1960's (video-1)andcontainsl213videoframes.

1The least squares
problemenforcesorthonormalityof all RY: [rirors] GG [rirars]™ =1,
[r4r5r6]GGT [r4r5r6]T =1, [rlrzrg]GGT[ursre]T =0

2We useda learnedPCA-basedracler similarto [9]

3We usedfor this experimenta trackingapproacheportedn [12]

Figure 1: Exampleimagesfrom video-1with overlayed
trackingpoints. We track the eye brows, upperandlower
eyelids, 5 nosepoints,outerandinnerboundaryof thelips,
andthechin contour
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Figure2: Averagepixel SSDerror of back-projectedace
modelfor differentdegreesof freedom:K

The secondvideo was recordedin our lab (video-2) and
containsl000videoframes.Thethird videowasrecorded
in a public zoo and only contains60 frames. All record-
ings are challengingfor 3D reconstructionssince they
containvery few out-of-planeheador body motions. In
a first experiment,we computedthe reconstructiorerror
basedon the numberof degreesof freedom(K) for video-
1. Wefactorizedhetrackingdata,andcomputedheback-
projectionof the estimatednodel,configurationandpose
into the image. Figure 2 shavs the SSD error between
the back-projectedoints and image measurementsFor
K = 16theerrorvanishesFor the remainderof the paper
we setK = 16. Figure3 and4 shows for exampleframes
of video-1landthereconstructe@D Smatrix rotatedby the
correspondinRt). To illustratethe 3D databetter we fit
ashadedsmoothsurfaceto the 3D shapepoints.

We also investigatedthe discorered modesof varia-
tion. We computedthe meanand standarddeviations of
I},...,Ik invideo-1.Figure5 and6 shaws 4 standarce-
viationsof the secondandthird modeq S, S, Ss). Model
coversscalechangemode2 cover someaspectof mouth
opening,andmode3 coverseye opening. The remaining

modespick up moresubtleandlessintuitive variations.

Figure8 shavs thereconstructionesultsfor video-2.

Figure9 shavs exampleframesof the walking giraffe.
Trackingthe completesurfaceof suchan animalis much
moredifficult. Althoughit hasvery distinct featuresthat
malesit easierto track thanotheranimals,thereare still
mary local ambiguitiesto resole. The reportedexperi-
mentswork in progressFor instancewe couldonly track
featureson the trunk, neck, and headwith the technique
in [12], but not the legs. We ervision a combinationof
severaldifferenttrackingstratgieswould be morerobust.

Figure3: 3D reconstructedhapeand posefor first frame
of Figurel

Figure4: 3D reconstructedhapeandposefor lastframe
of Figurel

Figure5: Variationalongmode2 of thenonrigidfacemod-
el. Themouthdeforms.



Figure6: Variationalongmode3 of thenonrigidfacemod-
el. Theeyesclose.

Figure 7: Exampleimagesfrom video-2 with overlayed
trackingpoints.

Figure8: Frontandsideview for thereconstructionérom
video-2.

Figure9: Exampleframesof the giraffe sequence

Another short-comingis that our techniquecan not deal
with missingtracksyet (seediscussioron our future plan-
s). Thereforewe could only track 161 featuresin a se-
guenceof 60 framestotal. Figure10 and11 shavsthe 3D

reconstructionFigurel2illustratesthefirst modeof varia-
tion. The2 differentcoloredsurfacesrepresen® opposing
extremes. As you cansee,this modecoverssomeof the
headrotationsanda deformationof thetrunk dueto inter-

nal bonemotion. The secondmodeof variationis much
moresubtleandlessintuitive (Figure13).

Theresultson these3 videodatabasearevery encour
aging. Given the limited rangeof out-of-planefaceand
body orientations,the 3D details that we could recover
from the lip shapesand skin deformationsare quite sur
prising.

5 Discussion

We have presentec simplebut effective new technique
for recovering 3D non-rigid shapemodelsfrom 2D image
streamawithout the useof ary a-priorimodel. It is athree
stepprocedurausingmultiple factorizationsWe wereable
to recover 3D modelsfor videorecordingsof humanfaces
andanimals. Althoughthesearevery encouragingesult-
s, we planto evaluatethis techniqueandits limitationson
largerdatasets.We alsoplanto extendthis techniquesuch
that occludedfeaturetracks can be handled. For exam-



Figure12: Firstmodeof shapevariationof giraffe model.

Figure10: 3D reconstructiorof the giraffe surface.

Figure13: Secondnodeof shapevariationof giraffe mod-

Figurel1l: Otherview of the 3D reconstructiorof the gi- el.

raffe surface.



ple, [8] demonstrated techniquethat dealswith missing
featuretracksfor rigid 3D reconstructionlt projectsain-
completemeasuremennatrix into a matrix of rank 3. The
sametechniquecanbe usedto projecttheincompletema-
trix W into acompletematrix of rank 3K. With suchexten-
sions,we anticipateto tracklongersequencethatcontain
mary moreview anglesof theobject.

Reconstructingnon-rigid models from single-viav
videorecordingshasmary potentialapplications.In addi-
tion, we intendto applythis techniqueto ourimage-based
facialandfull-body animationsystemandto amodelbased
trackingsystem.
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