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Abstract

This paperaddressethe problemof recovering 3D non-rigid shapemodelsfrom imagesequences.
For example,givenavideo recordingof a talking personwe would lik e to estimatea 3D modelof the
lips andthefull headandits internalmodesof variation.Many solutionsthatrecover 3D shaperom 2D
imagesequencebave beenproposedtheseso-calledstructure-from-motiortechniquesisuallyassume
thatthe 3D objectis rigid. For example, TomasiandKanades factorizatiortechniquds basednarigid
shapematrix, which producesa trackingmatrix of rank 3 underorthographigorojection. We proposea
novel techniquebasedon a non-rigid model,wherethe 3D shapein eachframeis alinearcombination
of a setof basisshapesUnderthis model,the trackingmatrix is of higherrank,andcanbefactoredn
athreestepprocesdo yield to pose,configurationandshape We demonstratehis simple but effective
algorithmon video sequencesf speakingpeople.We wereableto recover 3D non-rigidfacial models
with high accurag.

1 Intr oduction

This paperdemonstrates new techniquefor recovering 3D non-rigid shapemodelsfrom 2D image se-
guencesecordedwith asinglecameraFor example,this techniquecanbe appliedto videorecordingsof a
talking person.lt extractsa 3D modelof thehumanface,includingall facialexpressionandlip movements.
Previouswork hastreatedthe two problemsof recorering 3D shapedrom 2D imagesequenceandof
discoreringa parameterizationf non-rigidshapedeformationseparatelyMost techniqueshataddresshe
structue-from-motionproblemarelimited to rigid objects.For example,TomasiandKanades factorization
technique[8] recorers a shapematrix from image sequences.Under orthographicprojection,it canbe
showvn that the 2D tracking datamatrix hasrank 3 and can be factoredinto 3D poseand 3D shapewith
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the useof the singularvalue decomposition(SVD). Unfortunatelythesetechniquesannot be appliedto
nonrigiddeformingobjects sincethey arebasedon therigidity assumption.

Most techniqueghatlearnmodelsof shapevariationsdo so on the 2D appearanceganddo not recover
3D structure. Popularmethodsare basedon Principal ComponentsAnalysis. If the objectdeformswith
K lineardeggreesof freedom, the covariancematrix of the shapemeasurementisasrank K. The principal
modesof variationcanberecoreredwith theuseof SVD.

We shav how 3D non-rigid shapemodelscanbe recareredunderscaledorthographigrojection. The
3D shapean eachframeis alinearcombinatiorof asetof K basisshapesUnderthismodel,the2D tracking
matrix is of rank 3K andcanbe factoredinto 3D pose,objectconfigurationand3D basisshapesith the
useof SVD. We demonstratethe effectivenesf this techniqueon severaldatasets,includingchallenging
recordingsof humanfacesduringspeectandvaryingfacialexpressions.

Section2 summarizeselatedapproachesSection3 describeur algorithm,and Section4 discusses
our experiments.

2 Previous Work

Many methodshave beenproposedo solve the Structue-from-motionproblem.Oneof the mostinfluential
of thesewasproposedy TomasiandKanade[8] who demonstratethe factorizationmethodfor rigid ob-
jectsandorthographigrojections.Many extensionshave beenproposedsuchasthe multi-bodyfactoriza-
tion methodof CoseiraandKanadg4] thatrelaxestherigidity constraint.In this method,K independently
moving objectsare allowed, which resultsin a tracking matrix of rank 3K anda permutationalgorithm
thatidentifiesthe submatrixcorrespondingo eachobject. More recently BascleandBlake [1] proposed
a solutionfor factoringfacial expressionsndposeduring tracking. Although it exploits the bilinearity of
3D poseandnonrigid objectconfiguration|t requiresa setof basisimagesselectedbeforefactorizationis
performed.Thediscovery of thesebasisimagess not partof theiralgorithm.

Variousauthorshave demonstrate@stimationof non-rigid appearancen 2D using Principal Compo-
nentsAnalysis[9, 6, 3].

Basu[2] demonstratekow the parametergsanbeiteratively fitted to a videosequencestartingfrom an
initial lip model.

[7, 5] proposemethodsfor recarering 3D facial modelsandtheir expressiondrom multiple images.
Thesemethodgequirekey-frameimagedo behand-selectedindthe 3D reconstructiomequireseitheruser
interactionor the placemenbf fiducialson the subjects face.

None of thesetechniquesare ableto estimatenonrigid 3D shapemodelsfrom single-viev 2D video
streamswithout ary initialization. In the next section,we demonstratéhow this task can be solved by
multiple factorizationsteps.

3 Factorization Algorithm

We describehe shapeof the non-rigid objectasa key-framebasissetsS;, Ss, ...S;. Eachkey-frameS; is a
3 x P matrixdescribingP points. The shapeof a specificconfigurationis alinearcombinationof this basis
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Underascaledorthographigrojection the P pointsof aconfigurationS areprojectednto 2D imagepoints
(i, vy):
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R containghefirst 2 rows of thefull 3D cameraotationmatrix,andT is thecamerdranslation.Thescale
of the projectionis codedin /1, ...Ix. As in Tomasi-Kanadeye eliminateT" by subtractinghe meanof all
2D points,andhenceforticanassumehat S is centeredattheorigin.

We canrewrite thelinearcombinationin (2) asa matrix-matrixmultiplication:
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We addatemporalindex to each2D point, anddenotethe tracled pointsin framet as(ugt) , UP). We
assumeve have 2D pointtrackingdataover N framesandcodethemin thetrackingmatrix W':
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3.1 BasisShapeFactorization

Equation(5) shavs that the trackingmatrix hasrank 3K andcanbe factoredinto 2 matrixes: ( contains
for eachtime framet¢ the poseR(® andconfigurationweightslgt), ...,lﬁ?. B codesthe K key-framebasis
shapesS;. ThefactorizationcanbedoneusingsingularvaluedecompositiorfSVD) by only consideringhe
first 3K singularvectorsandsingularvalues(first 3K columnsin U, D, V):

SVD: W2NxP _ (7. P . VT = Q2N*3K . g3Kxp ©)

3.2 Factoring Posefrom Configuration

In the secondstep, we extract the camerarotationsR® and shapebasisweightsi\” from the matrix Q.
Although@Q isa2N x 3K matrix, it only containsN (K + 6) freevariables.Considerthe2 rows of () that
correspondo onesingletime framet, namelyrows 2t — 1 androw 2¢ ( for corveniencewe dropthetime
index (t)):
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We canreorderthe elementof ¢ into anew matrix g®:
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which shaws thatg® is of rank 1 andcanbefactoredinto the poseR(*) and configurationweightslgt) by
SVD. We successkly applythereorderingandfactorizatiorto all time blocksof Q.

3.3 Adjusting Poseand Shape

In the final step,we needto enforcethe orthonormalityof the rotationmatrices.As in [8], alineartrans-
formation G is found by solving a leastsquaresproblent. The transformationG mapsall R into an
orthonormalR® = R(® . G. Theinversetransformatiormustbe appliedto the key-framebasisB to keep
thefactorizationconsistent:S; = G=1 - §;.

We arenow done. Given 2D trackingdataW, we canestimatea non-rigid 3D shapematrix with K
degreesof freedom,andthe correspondingameraotationsandconfiguratiorweightsfor eachtime frame.

1The leastsquaresproblemenforcesorthonomalityof all R®: [r1rars] GG [rirars]T = 1, [rarsre]GGT [rarsrs]” = 1,
[’1“1’1“27‘3]GGT[7“4T‘5T6]T =0



4 Experiments

This work is motivatedby our efforts in image-basedacial animation. In orderto testthesemethodswe
collectedvideoof peoplespeakingsentencesvith variousfacialexpressionsThevideorecordingscontain
rigid headmotions,andnon-rigid lip, eye, andotherfacial motions. We tracked importantfacial features
with anappearance-bas@ trackingtechniqué. Figure1 and7 shavs exampletrackingresultsfor video-
1 andvideo-2.For facialanimation we wantexplicit controlovertherigid headposeandtheimplicit facial
variations.In thefollowing, we shav how we wereableto extracta 3D non-rigidfacemodelparameterized
by thesedegreesof freedom.

We applied our methodto two different video sequences.The first is a public broadcasbriginally
recordedon film in the early 19605 (video-1) and contains1213 video frames. The secondvideo was
recordedin our lab (video-2) and contains1000 video frames. Both recordingsare challengingfor 3D
reconstructionssincethey containvery few out-of-planeheadmotions.In afirst experimentwe computed
the reconstructiorerror basedon the numberof degreesof freedom(K) for video-1. We factorizedthe
tracking data,and computedthe back-projectiorof the estimatedmodel, configuration,and poseinto the
image. Figure 2 shavs the SSD error betweenthe backprojectedoints and image measurementsFor
K = 16 the error vanishes. For the remainderof the paper we set K = 16. Figure 3 and4 shavs
for exampleframesof video-1andthe reconstructe®D S matrix rotatedby the correspondingR®. To
illustratethe 3D databetter we fit a shadedsmoothsurfaceto the 3D shapepoints.

We alsoinvestigatedhedisco/eredmodesof variation. We computedhe meanandstandardleviations
of [it,...,1%] in video-1. Figure5 and6 shavs +4 standarddeviations of the secondand third modes
(S1, S2, S3). Mode 1 coversscalechangemode?2 cover someaspecbf mouthopening.andmode3 covers
eye opening.Theremainingmodespick up moresubtleandlessintuitive variations.

Figure8 shavs thereconstructiomesultsfor video-2.

Theresultson these2 video databaseare very encouraging.Given the limited rangeof out-of-plane
faceorientationsthe 3D detailsthatwe couldrecover from thelip shapés quitesurprising.We areplanning
to recorda“ground-truth”videoof non-rigidobjects.Thiswill allow usto quantifytheexactreconstruction
errorin 3D.

5 Discussion

We have presente@ simplebut effective new techniqueor recorering 3D non-rigidshapanodelsfrom 2D
imagestreamslt is athreestepproceduraisingmultiple factorizationsWe wereableto recoser 3D models
for videorecordingsof talking people. Although theseare very concouragingesults,we planto evaluate
this technigueandits limitations on alarger datasetof man-maderticulatedobjects.This problemwill be
somavhateasierthanthe facedatabasehut it will give usground-truthvaluesfor performancevaluations.
Reconstructinghon-rigid modelsfrom single-viev video recordingshasmary potentialapplications. In
addition,we intendto applythistechniqueio ourimage-basethcialanimationsystemandto amodelbased
trackingsystem.

2\We useda learnedPCA-basedracker similarto [6]



Figurel: Exampleimagesfrom video-1with overlayedtrackingpoints. We trackthe eye brows, upperand
lower eye lids, 5 nosepoints,outerandinnerboundaryof thelips, andthe chin contour
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Figure2: Averagepixel SSDerrorof back-projectedacemodelfor differentdegreesof freedom: K

Figure3: 3D reconstructedhapeandposefor first frameof Figurel



Figure4: 3D reconstructeghapeandposefor lastframeof Figurel

Figure5: Variationalongmode2 of the nonrigidfacemodel. The mouthdeforms.



Figure6: Variationalongmode3 of the nonrigidfacemodel. Theeyesclose.

Figure8: Frontandsideview for thereconstructionérom video-2.
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