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Abstract
Thispaperaddressestheproblemof recovering3D non-

rigid shapemodelsfrom image sequences.For example,
givena videorecording of a talking person,wewouldlike
to estimatea 3D modelof thelips andthefull faceandits
internal modesof variation. Many solutionsthat recover
3D shapefrom 2D image sequenceshavebeenproposed;
theseso-calledstructure-from-motiontechniquesusually
assumethat the 3D object is rigid. For exampleTomasi
and Kanade’s factorizationtechniqueis basedon a rigid
shapematrix, which producesa tracking matrix of rank3
underorthographicprojection. We proposea novel tech-
niquebasedon a non-rigid model,where the3D shapein
each frameis a linear combinationof a setof basisshapes.
Under this model, the tracking matrix is of higher rank,
andcanbefactoredin a threestepprocessto yield to pose,
configuration and shape. We demonstrate this simplebut
effectivealgorithmon videosequencesof peopleandani-
mals.We were ableto recover 3D non-rigid facial models
with highaccuracy.

1 Intr oduction
This paperdemonstratesa new techniquefor recover-

ing 3D non-rigidshapemodelsfrom 2D imagesequences
recordedwith asinglecamera.For example,this technique
canbe appliedto video recordingsof a talking person.It
extractsa3D modelof thehumanface,includingall facial
expressionsandlip movements.

Previous work hastreatedthe two problemsof recov-
ering3D shapesfrom 2D imagesequencesandof discov-
ering a parameterizationof non-rigid shapedeformation-
s separately. Most techniquesthat addressthe structure-
from-motionproblemarelimited to rigid objects.For ex-
ample,TomasiandKanade’s factorizationtechnique[13]
recoversa shapematrix from imagesequences.Underor-
thographicprojection,it canbeshown thatthe2D tracking
datamatrixhasrank3 andcanbefactoredinto 3D poseand

3D shapewith theuseof thesingularvaluedecomposition
(SVD). Unfortunatelythesetechniquescannot beapplied
to nonrigiddeformingobjects,sincethey arebasedon the
rigidity assumption.

Most techniquesthat learnmodelsof shapevariations
do soon the2D appearance,anddo not recover 3D struc-
ture. Popularmethodsarebasedon PrincipalComponents
Analysis. If the objectdeformswith K linear degreesof
freedom,thecovariancematrixof theshapemeasurements
hasrankK. Theprincipalmodesof variationcanberecov-
eredwith theuseof SVD.

Weshow how 3D non-rigidshapemodelscanberecov-
eredunderscaledorthographicprojection. The 3D shape
in eachframe is a linear combinationof a set of K ba-
sis shapes.Under this model, the 2D tracking matrix is
of rank 3K andcanbe factoredinto 3D pose,objectcon-
figurationand3D basisshapeswith the useof SVD. We
demonstratedtheeffectivenessof this techniqueonseveral
datasets,includingchallengingrecordingsof humanfaces
during speechandvarying facial expressionsandanimal
bodymotions.

Section2 summarizesrelatedapproaches,Section3 de-
scribesour algorithm,andSection4 discussesour experi-
ments.

2 PreviousWork
Many methods have been proposed to solve the

Structure-from-motionproblem. Oneof the mostinfluen-
tial of thesewasproposedby TomasiandKanade[13] who
demonstratedthefactorizationmethodfor rigid objectsand
orthographicprojections.Many extensionshavebeenpro-
posed,suchasthemulti-bodyfactorizationmethodof Co-
seiraand Kanade[5] that relaxes the rigidity constraint.
In this method,K independentlymoving objectsare al-
lowed,which resultsin a trackingmatrix of rank3K anda
permutationalgorithmthat identifiesthe submatrixcorre-
spondingto eachobject. More recently, BascleandBlake



[1] proposedasolutionfor factoringfacialexpressionsand
poseduring tracking. Although it exploits the bilinearity
of 3D poseandnonrigid object configuration,it requires
a setof basisimagesselectedbeforefactorizationis per-
formed.Thediscoveryof thesebasisimagesis not partof
their algorithm.

Variousauthorshave demonstratedestimationof non-
rigid appearancein 2D usingPrincipalComponentsAnal-
ysis[14, 9, 3].

Themostimpressivework for 3D reconstructionof hu-
man faceswas presentedby [4]. A high-resolution3D
modelof theshapespacewasobtainedby laserscanninga
largefacedatabasea-priori. Usingahandinitializationand
iterative matchingof shape,texture, and lighting, a very
detailed3D faceshapecouldberecoveredfrom onesingle
image. Basedon 2D imagesequences,[6] and[10] were
trackingtheposeandconfigurationof humanfaces.A 3D
facemodelwasgiven a-priori aswell. Basu[2] demon-
strateshow the parameterscan be iteratively fitted to a
videosequence,startingfrom an initial lip model. [11, 7]
proposemethodsfor recoveringthe3D facialmodelitself
usingmultipleviews.

To the bestof our knowledge,all existing methodsfor
nonrigid3D shapeseitherneedana-priori model,or need
multiple views. In the next section,we demonstratehow
a 3D nonrigidshapemodelcanberecoveredfrom single-
view recordingsin solvingmultiple factorizationsteps.No
a-priorishapemodelis required.Wedemonstratethistech-
niqueon variousrecordingsof humanfacesandanimals.

3 Factorization Algorithm
We describetheshapeof thenon-rigidobjectasa key-

framebasissetS1 � S2 �������Sk. Eachkey-frameSi is a 3 � P
matrixdescribingP points.Theshapeof aspecificconfig-
urationis a linearcombinationof this basisset:

S � K

∑
i � 1

l i � Si S� Si
� IR3 	 P � l i � IR (1)

Undera scaledorthographicprojection,the P pointsof a
configurationSareprojectedinto 2D imagepoints 
 ui � vi � :�

u1 u2 ����� uP

v1 v2 ����� vP 
 � R ��� K

∑
i � 1

l i � Si ��� T (2)

R � �
r1 r2 r3

r4 r5 r6 
 (3)

R containsthe first 2 rows of the full 3D camerarotation
matrix, andT is the cameratranslation.The scaleof the
projectionis codedin l1 ������� lK . As in Tomasi-Kanade,we
eliminateT by subtractingthemeanof all 2D points,and
henceforthcanassumethatS is centeredat theorigin.

Wecanrewrite thelinearcombinationin (2)asamatrix-
matrixmultiplication:�

u1 ����� uP

v1 ����� vP 
 ��� l1R ����� lKR � ������ S1

S2�����
SK

����� (4)

We adda temporalindex to each2D point, anddenote

thetrackedpointsin framet as 
 u  t !i � v  t !i � . We assumewe
have 2D point trackingdataover N framesandcodethem
in thetrackingmatrixW:

W � ������������
u  1!1 ����� u  1!P

v  1!1
����� v  1!P

u  2!1
����� u  2!P

v  2!1
����� v  2!P�����

u  N !1
����� u  N !P

v  N !1
����� v  N !P

� �����������
Using(4) we canwrite:

W � ����� l  1!1 R 1! ����� l  1!K R 1!
l  2!1 R 2! ����� l  2!K R 2!�����
l  N !1 R N ! ����� l  N !K R N !

������" #%$ &
Q

� ���� S1

S2�����
SK

�����" #%$ &
B

(5)

3.1 BasisShapeFactorization
Equation(5) shows that the tracking matrix hasrank

3K and can be factoredinto 2 matrixes: Q containsfor
eachtime framet theposeR t ! andconfigurationweights

l  t !1
��������� l  t !K . B codesthe K key-framebasisshapesSi . The

factorizationcanbedoneusingsingularvaluedecomposi-
tion (SVD) by only consideringthe first 3K singularvec-
torsandsingularvalues(first 3K columnsin U , D, V):

SVD: W2N 	 P � Û � D̂ � V̂T � Q̂2N 	 3K � B̂3K 	 P (6)

3.2 Factoring Posefrom Configuration
In thesecondstep,we extract thecamerarotationsR t !

andshapebasisweightsl  t !i from thematrix Q̂. Although
Q̂ is a2N � 3K matrix, it only containsN 
 K � 6� freevari-
ables. Considerthe 2 rows of Q̂ that correspondto one
singletime frame t, namelyrows 2t ' 1 androw 2t ( for
conveniencewedropthetime index 
 t � ):
q  t ! � ( l  t !1 R t ! ����� l  t !K R t !*)� �

l1r1 l1r2 l1r3 ����� lKr1 lKr2 lKr3

l1r4 l1r5 l1r6 ����� lKr4 lKr5 lKr6 
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We canreordertheelementsof q  t ! into anew matrix q̄  t ! :
q̄  t ! � ���� l1r1 l1r2 l1r3 l1r4 l1r5 l1r6

l2r1 l2r2 l2r3 l2r4 l2r5 l2r6�����
lKr1 lKr2 lKr3 lKr4 lKr5 lKr6

� ���
� ���� l1

l2�����
lK

����� � � r1 r2 r3 r4 r5 r6 �
which shows that q̄  t ! is of rank1 andcanbefactoredinto

the poseR̂ t ! andconfigurationweights l  t !i by SVD. We
successively apply the reorderingand factorizationto all
timeblocksof Q̂.
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 leastsquaresproblem1.
The transformationG mapsall R̂ t ! into an orthonormal
R t ! � R̂ t ! � G. Theinversetransformationmustbeapplied
to the key-framebasisB̂ to keepthe factorizationconsis-
tent:Si � G+ 1 � Ŝi.

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

4 Experiments
Part of this work is motivatedby our efforts in image-

basedfacialanimation,but the techniqueis not limited to
thefacialdomainonly. Wecollectedseveralvideosof peo-
plespeakingsentenceswith variousfacialexpressions.We
alsocollectedvideosof animalsin motion,to demonstrate
thegeneralityof thisapproach.Thehumanfacerecordings
containrigid headmotions,andnon-rigidlip, eye,andoth-
erfacialmotions.Wetrackedimportantfacialfeatureswith
anappearance-based2D trackingtechnique2. Figure1 and
7 shows exampletracking resultsfor video-1 andvideo-
2. For facial animation,we want explicit control over the
rigid headposeand the implicit facial variations. In the
following,weshow how wewereableto extracta3D non-
rigid facemodel parameterizedby thesedegreesof free-
dom. Video-3containsa walking giraffe (Figure9). This
videowastrackedby a point featuretracker3.

We appliedour methodto all threevideo sequences.
Thefirst is apublicbroadcastoriginally recordedonfilm in
theearly1960’s(video-1)andcontains1213videoframes.

1The least squares
problemenforcesorthonormalityof all R, t - : . r1r2r3 / GGT . r1r2r3 / T 0 1,. r4r5r6 / GGT . r4r5r6 / T 0 1, . r1r2r3 / GGT . r4r5r6 / T 0 0

2Weuseda learnedPCA-basedtracker similar to [9]
3Weusedfor this experimenta trackingapproachreportedin [12]

Figure 1: Exampleimagesfrom video-1 with overlayed
trackingpoints. We track theeye brows, upperandlower
eyelids,5 nosepoints,outerandinnerboundaryof thelips,
andthechin contour.
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Figure2: Averagepixel SSDerrorof back-projectedface
modelfor differentdegreesof freedom:K

The secondvideo was recordedin our lab (video-2)and
contains1000videoframes.Thethird videowasrecorded
in a public zoo andonly contains60 frames. All record-
ings are challengingfor 3D reconstructions,since they
containvery few out-of-planeheador body motions. In
a first experiment,we computedthe reconstructionerror
basedon thenumberof degreesof freedom(K) for video-
1. Wefactorizedthetrackingdata,andcomputedtheback-
projectionof theestimatedmodel,configuration,andpose
into the image. Figure 2 shows the SSD error between
the back-projectedpoints and imagemeasurements.For
K � 16 theerrorvanishes.For theremainderof thepaper,
we setK � 16. Figure3 and4 shows for exampleframes
of video-1andthereconstructed3D Smatrixrotatedby the
correspondingR t ! . To illustratethe3D databetter, we fit
a shadedsmoothsurfaceto the3D shapepoints.

We also investigatedthe discovered modesof varia-
tion. We computedthe meanandstandarddeviationsof1
l t1 ��������� l tK 2 in video-1. Figure5 and6 shows 4 standardde-
viationsof thesecondandthird modes(S1 � S2 � S3). Mode1
coversscalechange,mode2 cover someaspectof mouth
opening,andmode3 coverseye opening.The remaining
modespick up moresubtleandlessintuitivevariations.

Figure8 shows thereconstructionresultsfor video-2.

Figure9 shows exampleframesof thewalking giraffe.
Trackingthe completesurfaceof suchan animalis much
moredifficult. Although it hasvery distinct featuresthat
makesit easierto track thanotheranimals,therearestill
many local ambiguitiesto resolve. The reportedexperi-
mentswork in progress.For instance,we couldonly track
featureson the trunk, neck,andheadwith the technique
in [12], but not the legs. We envision a combinationof
severaldifferenttrackingstrategieswould bemorerobust.

Figure3: 3D reconstructedshapeandposefor first frame
of Figure1

Figure4: 3D reconstructedshapeandposefor last frame
of Figure1

Figure5: Variationalongmode2 of thenonrigidfacemod-
el. Themouthdeforms.
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Figure6: Variationalongmode3 of thenonrigidfacemod-
el. Theeyesclose.

Figure 7: Exampleimagesfrom video-2 with overlayed
trackingpoints.

Figure8: Frontandsideview for thereconstructionsfrom
video-2.

Figure9: Exampleframesof thegiraffe sequence

Another short-comingis that our techniquecan not deal
with missingtracksyet (seediscussionon our futureplan-
s). Thereforewe could only track 161 featuresin a se-
quenceof 60 framestotal. Figure10 and11 shows the3D
reconstruction.Figure12illustratesthefirst modeof varia-
tion. The2 differentcoloredsurfacesrepresent2 opposing
extremes.As you cansee,this modecoverssomeof the
headrotationsanda deformationof thetrunk dueto inter-
nal bonemotion. The secondmodeof variation is much
moresubtleandlessintuitive(Figure13).

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

5 Discussion
Wehavepresentedasimplebut effectivenew technique

for recovering3D non-rigidshapemodelsfrom 2D image
streamswithout theuseof any a-priori model. It is a three
stepprocedureusingmultiplefactorizations.Wewereable
to recover3D modelsfor videorecordingsof humanfaces
andanimals.Although thesearevery encouragingresult-
s,we planto evaluatethis techniqueandits limitationson
largerdatasets.Wealsoplanto extendthis techniquesuch
that occludedfeaturetrackscan be handled. For exam-
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Figure10: 3D reconstructionof thegiraffe surface.

Figure11: Otherview of the3D reconstructionof thegi-
raffe surface.

Figure12: First modeof shapevariationof giraffe model.

Figure13: Secondmodeof shapevariationof giraffe mod-
el.
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ple, [8] demonstrateda techniquethat dealswith missing
featuretracksfor rigid 3D reconstruction.It projectsa in-
completemeasurementmatrix into amatrixof rank3. The
sametechniquecanbeusedto projecttheincompletema-
trix W into acompletematrixof rank3K. With suchexten-
sions,we anticipateto track longersequencesthatcontain
many moreview anglesof theobject.

Reconstructingnon-rigid models from single-view
videorecordingshasmany potentialapplications.In addi-
tion, we intendto applythis techniqueto our image-based
facialandfull-body animationsystemandto amodelbased
trackingsystem.
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