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Abstract

This paperaddressestheproblemof recovering3D non-rigidshapemodelsfrom imagesequences.
For example,givena videorecordingof a talking person,we would like to estimatea 3D modelof the
lips andthefull headandits internalmodesof variation.Many solutionsthatrecover3D shapefrom 2D
imagesequenceshavebeenproposed;theseso-calledstructure-from-motiontechniquesusuallyassume
thatthe3D objectis rigid. For example,TomasiandKanade’s factorizationtechniqueis basedonarigid
shapematrix, which producesa trackingmatrix of rank3 underorthographicprojection.We proposea
novel techniquebasedon a non-rigidmodel,wherethe3D shapein eachframeis a linearcombination
of a setof basisshapes.Underthis model,thetrackingmatrix is of higherrank,andcanbefactoredin
a threestepprocessto yield to pose,configurationandshape.We demonstratethis simplebut effective
algorithmon videosequencesof speakingpeople.We wereableto recover 3D non-rigidfacialmodels
with highaccuracy.

1 Intr oduction

This paperdemonstratesa new techniquefor recovering 3D non-rigid shapemodelsfrom 2D imagese-
quencesrecordedwith asinglecamera.For example,this techniquecanbeappliedto videorecordingsof a
talkingperson.It extractsa3D modelof thehumanface,includingall facialexpressionsandlip movements.

Previouswork hastreatedthetwo problemsof recovering3D shapesfrom 2D imagesequencesandof
discoveringaparameterizationof non-rigidshapedeformationsseparately. Most techniquesthataddressthe
structure-from-motionproblemarelimited to rigid objects.For example,TomasiandKanade’s factorization
technique[8] recovers a shapematrix from imagesequences.Under orthographicprojection, it can be
shown that the 2D trackingdatamatrix hasrank 3 andcanbe factoredinto 3D poseand3D shapewith�
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the useof the singularvaluedecomposition(SVD). Unfortunatelythesetechniquescannot be appliedto
nonrigiddeformingobjects,sincethey arebasedon therigidity assumption.

Most techniquesthat learnmodelsof shapevariationsdo soon the2D appearance,anddo not recover
3D structure. Popularmethodsarebasedon PrincipalComponentsAnalysis. If the objectdeformswith�

lineardegreesof freedom,thecovariancematrix of theshapemeasurementshasrank
�

. Theprincipal
modesof variationcanberecoveredwith theuseof SVD.

We show how 3D non-rigidshapemodelscanberecoveredunderscaledorthographicprojection.The
3D shapein eachframeis alinearcombinationof asetof

�
basisshapes.Underthismodel,the2D tracking

matrix is of rank � � andcanbe factoredinto 3D pose,objectconfigurationand3D basisshapeswith the
useof SVD. Wedemonstratedtheeffectivenessof this techniqueonseveraldatasets,includingchallenging
recordingsof humanfacesduringspeechandvaryingfacialexpressions.

Section2 summarizesrelatedapproaches,Section3 describesour algorithm,andSection4 discusses
ourexperiments.

2 Previous Work

Many methodshavebeenproposedto solve theStructure-from-motionproblem.Oneof themostinfluential
of thesewasproposedby TomasiandKanade[8] who demonstratedthefactorizationmethodfor rigid ob-
jectsandorthographicprojections.Many extensionshave beenproposed,suchasthemulti-bodyfactoriza-
tion methodof CoseiraandKanade[4] thatrelaxestherigidity constraint.In thismethod,

�
independently

moving objectsareallowed, which resultsin a trackingmatrix of rank � � anda permutationalgorithm
that identifiesthe submatrixcorrespondingto eachobject. More recently, BascleandBlake [1] proposed
a solutionfor factoringfacialexpressionsandposeduring tracking. Although it exploits thebilinearity of
3D poseandnonrigidobjectconfiguration,it requiresa setof basisimagesselectedbeforefactorizationis
performed.Thediscovery of thesebasisimagesis notpartof theiralgorithm.

Variousauthorshave demonstratedestimationof non-rigid appearancein 2D usingPrincipalCompo-
nentsAnalysis[9, 6, 3].

Basu[2] demonstrateshow theparameterscanbeiteratively fitted to avideosequence,startingfrom an
initial lip model.

[7, 5] proposemethodsfor recovering 3D facial modelsandtheir expressionsfrom multiple images.
Thesemethodsrequirekey-frameimagesto behand-selected,andthe3D reconstructionrequireseitheruser
interactionor theplacementof fiducialson thesubject’s face.

Noneof thesetechniquesareable to estimatenonrigid 3D shapemodelsfrom single-view 2D video
streamswithout any initialization. In the next section,we demonstratehow this task can be solved by
multiple factorizationsteps.

3 Factorization Algorithm

We describetheshapeof thenon-rigidobjectasa key-framebasisset ���
	����	���������� . Eachkey-frame ��� is a����� matrixdescribing� points.Theshapeof aspecificconfigurationis a linearcombinationof thisbasis
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set: ��� �� ��� � ! �#" � � ��	�� �%$'& (�)+*-, 	 ! �.$/& ( (1)

Underascaledorthographicprojection,the � pointsof aconfiguration� areprojectedinto 0�1 imagepoints243 �5	76��98 : : 3 � 3 � ����� 3 ,6-� 6;� �����<6 ,>= � (?" @ ����� � ! � " �#�4ACBED (2)( � :�F � F � F )F+GHF+IJF+K = (3)( containsthefirst 2 rows of thefull ��1 camerarotationmatrix,and D is thecameratranslation.Thescale
of theprojectionis codedin

! �L	������ ! � . As in Tomasi-Kanade,we eliminate D by subtractingthemeanof all0�1 points,andhenceforthcanassumethat � is centeredat theorigin.
Wecanrewrite thelinearcombinationin (2) asamatrix-matrixmultiplication:: 3 �M����� 3 ,6-� �����N6 ,>= �PO ! � ( ����� ! � (RQS"STUUUV � ���������� �

WYXXXZ (4)

We adda temporalindex to each0�1 point, anddenotethetrackedpointsin frame [ as
243]\�^`_� 	76 \a^`_� 8 . We

assumewe have 0�1 point trackingdataover b framesandcodethemin thetrackingmatrix c :

cM� TUUUUUUUUUUUUV
3d\ � _� ����� 3d\ � _,6 \ � _� �����e6 \ � _,3 \ � _� ����� 3 \ � _,6 \ � _� �����e6 \ � _,�����3 \gfh_� ����� 3 \gfh_,6 \�fi_� �����j6 \�fi_,

WYXXXXXXXXXXXXZ
Using(4) wecanwrite: ck� TUUUUV

! \ � _� ( \ � _ ����� ! \ � _� ( \ � _! \ � _� ( \ � _ ����� ! \ � _� ( \ � _�����! \gfh_� ( \gfh_ ����� ! \gfh_� ( \gfh_
WYXXXXZl mon pq " TUUUV � ���������� �

WYXXXZl mon pr (5)
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3.1 BasisShapeFactorization

Equation(5) shows that the trackingmatrix hasrank � � andcanbe factoredinto 0 matrixes: s contains
for eachtime frame [ thepose( \�^`_ andconfigurationweights

! \a^`_� 	�������	 ! \�^`_� . t codesthe
�

key-framebasis
shapes�#� . Thefactorizationcanbedoneusingsingularvaluedecomposition(SVD) by only consideringthe
first � � singularvectorsandsingularvalues(first � � columnsin u , 1 , v ):

SVD: c � f *-,��xwu " w1 " wv�yz�{ws � f *-) � " wt|) � *-, (6)

3.2 Factoring Posefr om Configuration

In the secondstep,we extract the camerarotations ( \a^`_ andshapebasisweights
! \a^`_� from the matrix ws .

Although ws is a 0�b}�~� � matrix, it only containsb 2 � B���8 freevariables.Considerthe 0 rows of ws that
correspondto onesingletime frame [ , namelyrows 0�[���� androw 0�[ ( for conveniencewe drop thetime
index

2 [78 ): � \�^`_ � O ! \a^`_� ( \�^`_ ����� ! \�^`_� ( \�^`_ Q� : ! � F � ! � F � ! � F ) ����� ! � F � ! � F � ! � F )! � FLG ! � F+I ! � F+K ����� ! � FLG ! � F+I ! � F+K =
Wecanreordertheelementsof

� \�^`_
into anew matrix �� \�^`_ :

�� \a^`_ � TUUUV ! � F � ! � F � ! � F ) ! � FLG ! � F+I ! � F+K! � F � ! � F � ! � F ) ! � FLG ! � F+I ! � F+K�����! � F � ! � F � ! � F ) ! � F+G ! � F+I ! � F+K
W XXXZ

� TUUUV ! �! ������! �
W XXXZ " O F � F � F ) FLGHF�IHF+K Q

which shows that �� \a^`_ is of rank � andcanbefactoredinto thepose w( \a^`_ andconfigurationweights
! \�^`_� by

SVD. Wesuccessively applythereorderingandfactorizationto all timeblocksof ws .

3.3 Adjusting Poseand Shape

In thefinal step,we needto enforcetheorthonormalityof the rotationmatrices.As in [8], a linear trans-
formation � is found by solving a leastsquaresproblem1. The transformation� mapsall w( \�^`_ into an
orthonormal( \�^`_ �Hw( \�^`_ " � . Theinversetransformationmustbeappliedto thekey-framebasis wt to keep
thefactorizationconsistent:� � ����� � " w� � .

We arenow done. Given 0�1 trackingdata c , we canestimatea non-rigid 3D shapematrix with
�

degreesof freedom,andthecorrespondingcamerarotationsandconfigurationweightsfor eachtime frame.
1The leastsquaresproblemenforcesorthonomalityof all �i����� : � �
�������o���g�.�%��� �
�9�����o� ���z¡�¢ , � �o£5��¤��o¥ �a�.�%��� �o£ ��¤ �o¥����¦¡§¢ ,� �
�9��� �o� �a�.�%�#� �o£5��¤ �o¥ ���¨¡'©
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4 Experiments

This work is motivatedby our efforts in image-basedfacial animation.In orderto testthesemethods,we
collectedvideoof peoplespeakingsentenceswith variousfacialexpressions.Thevideorecordingscontain
rigid headmotions,andnon-rigid lip, eye, andotherfacial motions. We tracked importantfacial features
with anappearance-based2D trackingtechnique2. Figure1 and7 showsexampletrackingresultsfor video-
1 andvideo-2.For facialanimation,wewantexplicit controlover therigid headposeandtheimplicit facial
variations.In thefollowing, weshow how wewereableto extracta3D non-rigidfacemodelparameterized
by thesedegreesof freedom.

We appliedour methodto two different video sequences.The first is a public broadcastoriginally
recordedon film in the early 1960’s (video-1) and contains �L0ª�L� video frames. The secondvideo was
recordedin our lab (video-2) and contains ��«;«;« video frames. Both recordingsare challengingfor 3D
reconstructions,sincethey containvery few out-of-planeheadmotions.In afirst experiment,we computed
the reconstructionerror basedon the numberof degreesof freedom(

�
) for video-1. We factorizedthe

trackingdata,andcomputedthe back-projectionof the estimatedmodel,configuration,andposeinto the
image. Figure 2 shows the SSD error betweenthe backprojectedpoints and imagemeasurements.For� �k�L� the error vanishes. For the remainderof the paper, we set

� �J�L� . Figure 3 and 4 shows
for exampleframesof video-1andthe reconstructed3D � matrix rotatedby the corresponding( \�^`_ . To
illustratethe3D databetter, wefit ashadedsmoothsurfaceto the3D shapepoints.

Wealsoinvestigatedthediscoveredmodesof variation.Wecomputedthemeanandstandarddeviations
of ¬ ! ^ � 	�������	 ! ^�® in video-1. Figure 5 and 6 shows ¯®° standarddeviations of the secondand third modes
( � ��	�����	�� ) ). Mode1 coversscalechange,mode2 cover someaspectof mouthopening,andmode3 covers
eye opening.Theremainingmodespick up moresubtleandlessintuitive variations.

Figure8 shows thereconstructionresultsfor video-2.
The resultson these0 video databasesarevery encouraging.Given the limited rangeof out-of-plane

faceorientations,the3D detailsthatwecouldrecover from thelip shapeis quitesurprising.Weareplanning
to recorda“ground-truth”videoof non-rigidobjects.Thiswill allow usto quantifytheexactreconstruction
errorin 3D.

5 Discussion

Wehave presentedasimplebut effective new techniquefor recovering3D non-rigidshapemodelsfrom 2D
imagestreams.It is a threestepprocedureusingmultiplefactorizations.Wewereableto recover3D models
for video recordingsof talking people.Although thesearevery concouragingresults,we plan to evaluate
this techniqueandits limitationson a largerdatasetof man-madearticulatedobjects.Thisproblemwill be
somewhateasierthanthefacedatabase,but it will giveusground-truthvaluesfor performanceevaluations.
Reconstructingnon-rigid modelsfrom single-view video recordingshasmany potentialapplications. In
addition,we intendto applythis techniqueto our image-basedfacialanimationsystemandto amodelbased
trackingsystem.

2We useda learnedPCA-basedtracker similar to [6]
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Figure1: Exampleimagesfrom video-1with overlayedtrackingpoints.We tracktheeye brows,upperand
lowereye lids, ± nosepoints,outerandinnerboundaryof thelips, andthechincontour.
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Figure2: Averagepixel SSDerrorof back-projectedfacemodelfor differentdegreesof freedom:
�

Figure3: 3D reconstructedshapeandposefor first frameof Figure1
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Figure4: 3D reconstructedshapeandposefor lastframeof Figure1

Figure5: Variationalongmode2 of thenonrigidfacemodel.Themouthdeforms.
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Figure6: Variationalongmode3 of thenonrigidfacemodel.Theeyesclose.

Figure7: Exampleimagesfrom video-2with overlayedtrackingpoints.

Figure8: Frontandsideview for thereconstructionsfrom video-2.
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