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Abstract. We presenta new variationalmethodfor multi-view sterewision and non-rigid
three-dimensionahotion estimationfrom multiple video sequenceOur methodminimizes
the predictionerror of the shapeand motion estimatesBoth problemsthentranslateinto a
genericimageregistrationtask. The latter is entrustedtio a global measureof image simi-
larity, chosendependingon imaging conditionsand sceneproperties Contrarily to existing
deformablesurfacesmethodswhich integratea matchingmeasurecomputedindependently
at eachsurfacepoint, our approactcomputesa globalimage-basednatchingscorebetween
the input imagesand the predictedimages.The matchingprocessfully handlesprojective
distortionandpartialocclusionsNeighborhoodiswell asglobalintensityinformationcanbe
exploited to improve the robustnesgo appearancehangesiueto non-Lambertiarmaterials
andilluminationchangeswithoutary approximatiorof shapemotionor visibility. Moreover,
our approachresultsin a simpler more e xible, and more ef cient implementatiorthanin
existing methodsThe computatiortime on large datasetsloesnot exceedthirty minuteson a
standardvorkstation.Finally, our methodis compliantwith a hardwareimplementatiorwith
graphicsprocessomnits. Our stere@ision algorithm yields very good resultson a variety
of datasetsncluding specularitiesandtransluceng. We have successfullytestedour motion
estimationalgorithmon avery challengingmulti-view video sequencef a non-rigidscene.

Keywords: sterewision, non-rigid 3D motion, scene o w, registration,predictionerror, re-
projectionerror, variationalmethod,global image-basednatchingscore,crosscorrelation,
mutualinformation,non-Lambertiarsurface level sets.

1. Intr oduction

1.1. PROBLEM STATEMENT

Recwering the geometryof a scenefrom several imagestaken from dif-
ferent viewpoints, namely stereovision, is one of the oldest problemsin
computervision. More recently someauthorshave consideredestimating
the densenon-rigid three-dimensionaiotion eld of a scenepften called
sceneow 1! [36], from multiple video sequencesn this casetheinput data

1 The scene ow should not be confusedwith the optical ow, which is the two-
dimensionamotion eld of pointsin animage.Theoptical o w is theprojectionof thescene
o w in theimageplaneof acamera.
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are a two-dimensionakrray of images,in which eachrow is a multi-view
sterewision datasefor a giventime instant,andeachcolumnis avideo se-
guencecapturedoy a given cameraCombiningstere@ision andsceneo w
allows to build a spatio-temporamodel of a dynamicscene.Oncesucha
modelis available,somenovel virtual views of the scenecanbe generatedby
interpolationacrossspaceandtime [35].

Sterew@ision and scene o w estimationboth requireto match different
imagesof the samescene,in otherwordsto nd pointsin differentcam-
erasandin differentframescorrespondingo a samephysical point. Once
the correspondencproblemis solved, the shapeandthe three-dimensional
motion of the scenecanbe recoreredeasilyby triangulation.Unfortunately
the correspondencproblemis a very dif cult taskin computervision be-
causea scenepatch generallyhas different shapesand appearancewhen
seenfrom differentpoints of view andat differenttimes. To overcomethis
dif culty , mostexisting sterewision and scene o w algorithmsrely on un-
realisticsimplifying assumptionthatdisregardeither/bothshape/appearance
changes.

1.2. COMMON PHOTOMETRIC AND GEOMETRIC ASSUMPTIONS USED
FOR SHAPE AND MOTION ESTIMATION

The oldestand most nave assumptioraboutthe photometricpropertiesof
a sceneis brightnessconstancy correspondingpixels are assumedo have
the samecolor. This only appliesto strictly Lambertianobjectsandrequires
a precisephotometriccalibration of the cameras.Yet this assumptionis
still popularin the sterewision literature.It motivatesthe multi-view photo-
consisteng measurausedin voxel coloring [28], spacecarving[19], andin
somedeformablesurfacesmethodd6, 20]. Similarly, the variationalformu-
lation of [32] relieson squarentensitydifferencesin alaterpaper[31], the
sameauthorsmodel the intensity deviations from brightnessconstang by
a multivariate GaussianHowever, this doesnot remove ary of the severe
limitations of this simplisticassumption.

This assumptioris alsopresentn mary methodsfor sceneo w estima-
tion, throughthe useof the spatio-temporatierivatives of the inputimages
[39, 4, 21]. Dueto the brightnessonstang assumptiorandto thelocal rele-
vanceof spatio-temporatierivatives,thesedifferentialmethodsapply mainly
to slowly-moving scenesinderconstanillumination.

For abetterrobustnesso noiseandto realisticimagingconditionsmatch-
ing measuregmbeddedn sterewision and scene o w algorithmshave to
aggrgateneighborhoodntensityinformation.In return,they areconfronted
with geometricdistortionbetweerthe differentviews andthe differenttime
instants.Somesterewision methodsdisregard this dif culty anduse x ed
matchingwindows. The underlyingassumptioris calledthe fronto parallel
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hypothesistheretinal planesof the camerasreidenticalandthe scenes an
assemblyof planesparallelto them. This assumptiorcanstill be found in

recentwork [20, 12]. To minimize the impactof projectve distortion,these
authorscomputethe stereodiscrepang of a scenepatchwith its mostfront-

facing camerasonly. However, this approximationis questionablén most
camerasetups.

Some methodsgo beyond this hypothesisby taking into accountthe
tangentplaneto the object [8, 13, 6, 9], or by using adaptie matching
windows [14, 25]. More generally mosttechniquedraderobustnesgo re-
alistic photometricconditionsfor an approximationof shapeand motionin
the computationof the matchingmeasureAs a result,the robustnesof the
matchingprocessis uncertainin the partsof the scenethat do not verify
theseapproximationsFor example,using x edmatchingwindows for stereo
correspondendeadsto anoversmoothingf depthdiscontinuitiesSimilarly,
usingatangentplaneapproximatiorto computethe matchingmeasureasin
[8, 13,6, 9], evenif thetangeniplaneat nearbypointsdoesnothave to bethe
samejs notrelevantin theregionsof high curvatureof the objects.

1.3. PREVIOUSWORK ON MULTI-VIEW COMPLETE STEREOVISION

Doing a completereview of the sterewision areais out of the scopeof this
article. We limit oursehesto the methodsthat allow to obtaina complete
reconstructiorof a scendrom a high numberof input views. Themethodsn
which the geometryis representetdy oneor several depthmapsor disparity
mapsare not of interesthere,becausdhey only yield partial modelsof the
sceneSeveralsuchmodelscanbefusedat post-processindyut anyway these
methodscannothandlevisibility globally andconsistentlyduringthe estima-
tion. For sale of completenesdget us mentiontwo recentimportantworks
in this category: the graphcuts methodof [16] andthe PDE-basednethod
of [32]. Theinterestedeadercanalsoreferto [26] for a goodtaxonomyof
densewo-framerecti ed stereccorrespondencalgorithms.

Thus, in the following, we focus on multi-view completestere@ision
methods.Thesemethodsfall into two cateyories:the spacecarving frame-
work andthe deformablesurfacesramework.

1.3.1. Spacecarving

In the spacecarving framework [19], the sceneis representedby a three-
dimensionalarray of voxels. Eachvoxel canbe labeledemptyor occupied.
Whenthe algorithmstarts,all voxels are occupied.Thenthe volumeis tra-
versedin an adequateorder If a voxel is not consistentwith all the input
imagesit is relabeledempty The orderof thetraversalis importantbecause
the visibility of the voxels is taken into accountin the consisteng test.In
an earlier methodcalled voxel coloring [28], therewas a constrainton the
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placementof the camerasand the algorithm requiredonly a single pass.
Spacecarving handlesarbitrary cameracon gurations but is a little more
expensve computationally

The spacecarvingframenork suffersfrom seseralimportantlimitations.
First, it makes hard decisions.Oncea voxel is caned away, it cannotbe
recovered.And if onevoxel is removed in error, further voxels can be er
roneouslyremovedin a cascadeffect. This limitation is partially alleviated
by the probabilisticspacecarvingmethod[3]. Secondjn the original space
carvingalgorithm,the photo-consistenctestderivesfrom a brightnesscon-
stang constraintandthe choiceof theglobalthresholdonthecolorvariance
is often problematic Recently therehave beensomeattemptgo relaxthese
photometricconstraintd34, 38]. The robustnesgo calibrationerrorsis also
addressedh [18]. Third, the voxel-basedepresentationlisregardsthe con-
tinuity of shapewhich makesit very hardto enforceary kind of spatial
coherenceAs aresult,spacecarvingis very sensitve to noiseandoutliers,
andtypically yieldsvery noisyreconstructions.

1.3.2. Deformablesurfaces
Thesemethodsinherit from the active contour methodpioneeredin [15].
Here, contrarily to the spacecarving framework, the formulationis contin-
uousandhasa geometricinterpretationThe unknovn scenes modelledby
a two-dimensionaburface,andscenereconstructioris statedin termsof an
enegy minimization.An initial surface positionedby theuseris drivenby a
partial differentialequationrminimizing anenegy functional.
Theearlierandmostinspiringwork in this categyory s thelevel setstereo-
visionmethodof [8]. In thiswork, thesterewision problemis formulatedasa
minimal surfaceapproachin thespirit of thegeodesi@active contouramethod
[5]. In otherwords, the enegy functionalis written as the integral on the
unknovn surfaceof a data delity criterion. This criterionis the normalized
crosscorrelationbetweerimagepairs.The surfaceevolution is implemented
in thelevel setframenork [22]. On the onehand,theimplicit representation
offers numericalstability and the ability to handletopologicalchangesau-
tomatically On the otherhand,it is quite expensve computationallyeven
with a narrov bandapproachSeveral variationsto this approacthave been
proposedanimplementatiorwith meshe$6], theadditionof 3D pointsdata
[6, 20] and of silhouetteinformation[12, 20], and an extensionto spatio-
temporalsceneq9]. More original is the methodproposedn [13] to cope
with non-LambertiarscenesThis methodcan estimateboth the shapeand
the non-Lambertianre ectanceof the scenelt outputsa geometricandpho-
tometricmodelwhich allows to predictthe appearancef novel views. The
surfacedeformationis driven by the minimizationof the rank of a radiance
tensor
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Thesedeformablesurfacesmethodsshareseveral limitations. First, in all
thesemethodsthe matchingmeasurés computedndependentlyat eachsur
facepoint, thenthesequantitiesareintegratedon the surface.The matching
measureat a point relieson a local approximationof the surface,eitherby
a fronto-parallelplane[20, 12] or at bestby the tangentplane[8, 13, 6, 9].
Moreover, thevisibility of thewholeneighborhoods assumedo bethesame
as the referencepoint. For example,in [8], the crosscorrelationbetween
two slantedmatchingwindows is computedwithout taking into accountthe
eventual partial occlusionsof the windows. The primary purposeof these
assumptionss a simpli cation of the modellingand of the resultingcom-
putations.They are clearly not valid in real-world sceneswhich typically
includemary occlusionsdepthdiscontinuitiesandsharpangles.Thus,these
simplifying assumptionsnake therobustnes®f thematchingprocesonreal
datavery uncertain.

Secondall thesemethoddollow a minimal surfaceapproachOnedraw-
backof this approachis that data delity andregularizationare mixed. As
aresult, it is dif cult to tunethe regularizingbehaior. A good discussion
of this topic can be found in [29]. The authorsshav in somenumerical
experimentsthat the resultsof [13] canbe furtherimproved by integrating
the matchingmeasuren theimagesratherthanon the surface.

Third, they lack e xibility in the choiceof the matchingcriterion. Photo-
consisteng [6, 20], the normalizedcrosscorrelation[8, 9, 12] and lastly
theradiancaensor[13] have beenconsideredThesematchingmeasuresre
hard-wiredin their respectie methodand cannotbe upgradedo copewith
differentimagingconditions.

Finally, the dependeng of the matchingmeasureon the surfacenormal
leadsto a complex implementationlt requiresto handlematchingwindows
of differentshape®r atessellatiorof thetangeniplane ateachsurfacepoint.
It alsoresultsin a very complex minimizing o w involving second-order
derivatives of the matchingscore[10, 30]. More precisely the enegy has

thefollowing form: .

E(S)= 9(x;N)dx; 1)
s
whereS denotesghesurfaceandg the matchingmeasureThegradientwrites
rE(S)=1[rg N+2gH divs(on)IN ; 2
whereN is the normal,H is the meancunvatureof the surface,gy is the
derivative of the matchingmeasurewith respectto the orientationof the
tangentplaneanddivs is theintrinsic divergenceoperatoron the surface.

Thecomputatiorof thelasttermof equation(2) is tricky, time-consuming
andunstableand,to our knowledge,all authorshave resignedo ignoreit.
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1.4. PREVIOUSWORK ON SCENE FLOW ESTIMATION

Three-dimensionamotion estimationfrom multiple video sequencesas
long beenlimited to rigid or piecavise-rigid scenesor parametricmodels.
The problemof computinga densenon-rigid three-dimensionahotion eld
from multiple video sequencebhasbeenaddressednly recently Two types
of methodgrevail in thesceneo w literature.

The rst family of methodg39, 4, 21] reliesonthespatio-temporaderiva-
tivesof the input images.As pointedout in [36], estimatingthe sceneow
from thesederivativeswithout regularizationis anill-posedproblem.Indeed,
the associatedhormal o w equationsonly constrainthe scene o w vector
to lie on aline parallelto the iso-brightnessontouron the object. This is
nothing but a 3D versionof the apertureproblemfor optical ow [1]. In
[4, 21], several samplesof the spatio-temporatlerivatives are combinedin
orderto overconstrainthe scene o w, whereasin [39], the apertureprob-
lemis solved by complementinghe normal o w constraintwith a Tikhonov
smoothnesserm. However, dueto the underlyingbrightnessconstanyg as-
sumption,and to the local relevance of spatio-temporablerivatives, these
differentialmethodsapplymainlyto slowly-moving Lambertiarscenesinder
constanillumination.

In the secondfamily of methods[36, 39], the optical o w is computed
independentlyn eachcamerathentheseestimationsaarecombinedo getthe
sceneo w. This approachis not optimal sinceit disregardsthe consisteng
betweenthe different correspondingoptical o ws. Moreover, the noisein
the different optical o ws and the bias introducedby the heuristic spatial
smoothnessonstraintalterthe sceneo w in anunpredictablenanner

1.5. MOTIVATIONS OF OUR APPROACH

In this article, we proposea commonvariationalframevork for multi-view
completesterewision and scene o w estimationwhich overcomesmost of
the limitations listed above. The metric usedin our framework is the ability
to predictthe otherinput views from oneinput view andthe estimatedshape
or motion. Thisis relatedto the methodologyproposedn [33] for evaluating
the quality of motion estimationand stereocorrespondencalgorithms.But
in our method thepredictionerroris usedfor the estimatioritself ratherthan
for evaluationpurposes.

Contrarily to existing deformablesurfacesapproachesyhich computea
matchingmeasurendependentlyat eachsurface point and integratethese
guantitieson the surface,or on the imagedomainasin [29], our approach
computesa global image-basednatchingscorebetweenthe input images
and the predictedimages.The matching processfully handlesprojective
distortionandpartialocclusionsNeighborhoodiswell asglobalintensityin-
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formationcanbe exploitedto improve therobustnesso appearancehanges,
withoutany approximatiorof shapemotionor visibility.

Our formulationis completelydecoupledirom the natureof the image
similarity measurausedto assesshe quality of the prediction.It canbethe
normalizedcrosscorrelation,somestatisticalmeasuresuch as the corre-
lation ratio [24], mutualinformation[37], or ary otherapplication-speci ¢
measureThroughthis choice,we canmale the estimationrobustto camera
spectralsensitvity differencesnon-Lambertiarmaterialsand illumination
changesAlso, ary userde ned regularity constraintcanbe used.

Our method computesglobal matching scoreson entire imagesfrom
which projectie distortion and semi-occludedegions have beenremoved,
thereby avoiding the complex machineryusually neededto handle mary
matchingwindows of differentshapespr mary tessellation®f the tangent
plane.The pixels usedin the computationof the matchingscoreareexactly
the onesthat are visible, judging from the currentposition of the surface.
Moreover, the minimizing o w is muchsimplerthanin [8, 13, 6, 9], in the
sensdhatit only involves rst-order derivativesof the matchingscore.This
resultsin elegantandef cient algorithms.

Our scene o w methoddoesnot fall into the two existing cateories. |t
worksdirectly in 3D objectspacelt evolvesa 3D vector eld to registerthe
inputimagescapturedat differenttimes.

Therestof this article is organizedasfollows. In Section2, we present
our variational formulation of multi-view completesterewision and non-
rigid 3D motionestimationln Section3, we detailtwo particularsimilarity
measurethatcanbeusedn ourframevork: normalizeccrosscorrelationand
mutualinformation. Section4 describeur implementatiorwith level sets
andgraphicscardhardwareaccelerationkinally, in Sections, we presenbur
experimentakesults.

2. Minimizing the Prediction Err or

Our methodconsistsin maximizing, with respectto shapeand motion, the
similarity betweereachinputview andthepredictedmagescomingfrom the
otherviews. We adequatelyvarp theinput imagesto computethe predicted
images,which simultaneouslyremoves projective distortion. Numerically
this canbedoneatalow computationatostusingtexture-mappingraphics
hardware (cf Section5). For example,in the caseof sterewision, it corre-
spondgo whatis classicallyknown asthereprojectiorerror; we back-project
theimagetakenby onecameraon the surfaceestimatethenwe projectit to
the othercamerago predicttheappearancef theotherviews. Thecloserthe
shapeestimateis to the actualgeometry the more similar the reprojected
imageswill be to the correspondingnput images,modulo noise, calibra-
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tion errors,appearancehangesand semi-occludedareas.This is the core
principle of our approach Although the expression‘reprojectionerror” is
morecommonin the sterewision literature,we use“predictionerror” in the
following, becauset hasthe advantageof beingrelevantto both shapeand
motionestimation.

In our framework, both shapeand motion estimationareformulatedasa
genericimageregistrationtask.This analogyis widely usedin the context of
recti ed sterewision andoptical o w. But it hasfewer illustrationsin multi-
view stereowith arbitrary cameracon gurations,andit is de nitely novel
in the context of scene o w estimation.The registrationtaskis entrustedo
a global measureof imagesimilarity, chosendependingon imaging condi-
tionsandscenepropertiesThis measures basicallya functionmappingtwo
imagesto a scalarvalue. The moresimilar the two imagesare,thelower the
valueof themeasurés. Neighborhoodaswell asglobalintensityinformation
canbeusedin this measure.

We incorporatethe similarity measureand a regularizationterm in an
enegy functional. The regularizationtermis requiredto make the problem
well-posed.It is application-speci c.For example,it could be designedo
presere shapeor motion discontinuities.Here we focus primarily on the
designof thematchingtermandwe proposeabasicsmoothingregularization
term.

The exact minimizationof our enegy functionalsis computationallyun-
feasibledueto the hugenumberof unknowvns. Indeed,simulatedannealing
is extremelyslow in practice.The graph cuts methodis a powerful enegy
minimization methodwhich allows to nd a global minimum or a strong
local minimum of an enepy. In the last few years,this methodhasbeen
successfullappliedto severalproblemsn computewision,includingstereo-
vision[16] andimagesegmentatiori2]. However, it hasaseverelimitation: it
cannotbe appliedto anarbitraryenegy function[17], and,whenapplicable,
is computationallyexpensve.

In our case,graph cuts are not applicable.A suboptimalstratgy must
be adopted.To minimize our enegy functionals,we usea gradientdescent,
embeddedh a multi-resolutioncoarse-to- nestratgy to decreas¢he proba-
bility of gettingtrappedin irrelevantlocal minima.We run the optimization
on a seriesof smoothedandsubsampledmnages.

2.1. STEREOVISION

In thefollowing, letasurfaceS  R® modelthe shapeof the sceneWe note
I R2 | RY theimagecapturedby camerai. In practiced = 1
for grayscaldmagesor d = 3 for colorimages.The perspeciie projection
performedoy camera is denotecby ; : R® ! R2. Our methodtakesinto
accountthevisibility of the surfacepoints.In the sequelwe will referto S;
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Figure 1. Thecamerssetupandour notations.

asthe partof S visible in imagei. Thereprojectionfrom camera ontothe

surfaceis denotedby i;sl ©i(S) ! Si. With this notationin hand,the
1

reprojectionof imagej in camerai via the surfacewrites i S
i(§) ! RY. We noteM a genericmeasureof similarity betweentwo
images.

ThematchingtermM is the sumof the dissimilarity betweereachinput
view andthe reprojectedmagescomingfrom all the othercamerasThus,
for eachorderedpair of cameraqi; j ), we computethe similarity between
Ii andthe reprojectionof I in camerai via S, on the domainwhereboth
arede ned,i.e. i\ (S), in otherwordsafterdiscardingsemi-occluded
regions:

X X
M (S)

M (S); (3
i 6

Min sy lishi 0 e (4)

M (S)

Following [29], and for the reasonggiven in Subsectionl.3, we depart
from the minimal surfaceapproachOur enegy functionalis the sumof a
matchingterm computedn theimagesandof a userde ned regularization
term.But our approactgoesfurtherthan[29], in the sensahatthe matching
processs globalandcompletelyimage-basedn contrastjn [29], thematch-
ing measurewas computedindependentlyat eachsurface point, using an
object-basedangentplaneapproximationandlaterintegratedon theimage
domain.

We now computethe variation of the matchingterm with respectto an
in nitesimal vector displacement S of the surface.Figure 1 displaysthe
camerasetupandour notations We neglectthe variationrelatedto visibility
changeslndeed,the latter would yield an additionalterm con ned to the
horizonsof the surfacein the differentcamerasHence this termonly hasa
codimension-tw supportandits in uence would be considerablydecreased
by the regularity constraint.This technicalassumptions commonlyusedin
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the sterewision literature[8, 13, 6, 20]. Usingthe chainrule, we get

@1(S+ S) _
@ o

Z x (X |S+ S( ) dx -

i) @'\qz(—? P_é }P_{& fl {Z 4 i

wherex; is the positionin imagei andD : denoteshe Jacobiammatrix of
a function. To guide the reader we have indicatedthe dimensionsof the
differentmatricesappearingn the product.

Whenthe surfacemoves,the reprojectedmagechangesHencethe vari-
ation of the matchingterm involvesthe derivative of the similarity measure
with respecto its seconcargumentdenotedoy @M . Its meanings detailed
in Section3. Throughouthis section for sale of concisenesaye have omit-
tedtheimagesfor which this derivative is evaluated But the reademmustbe
awarethatthereprojectedmagesaswell asthedomainswvherethesimilarity
measurearecomputedchangealongthe minimizing o w.

We then use a relation betweenthe motion of the surface and the

displacemenof thereprojectedsurfacepointx = i;sl(xi):
@ i;s:,L+ s(xi) _ NT S(x) g -
@ - N Tdi (]

=0
whered; is the vector joining the centerof camerai andx, andN is the
outward surfacenormalat this point. Finally, we rewrite the integral in the
imageasanintegral on the surfaceby the changeof variable

dxj = NTd;dx=23
wherez; is thedepthof x in camerd, andwe obtain

@i(S+ 9

@ ; =0

@M (xi)D1;(xj)D j(x)d—é NT S(x) dx:
Si\' §; Zi

In otherwords,the gradientof the matchingtermis
d.
M 5 (S)(X) = sns(X) @M (xi)DIj(xj)D j(X)Z—_é N: (5
|
where . is the Kronecler symbol. As expected the gradientcancelsin the

regions not visible from both camerasNote that the term betweensquare
bracletsis a scalarfunction.
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The regularizationtermis typically the areaof the surface,andthe as-
sociatedminimizing o w is a meancurvaturemotion. The evolution of the

surfaceis thendriven by
2 3
@ X X d:
@ H + s\s, @M DIj D ,-Z—_;5N; (6)

i j6i '
whereH denotesthe meancurvatureof S, and is a positive weighting
factor

2.2. SCENE FLOW

Let nov St modelthe shapeof the sceneandl! be the imagecapturedoy
camera attimet. Letv! : S'' 1 R3 bea3D vector eld representinghe
motion of the scenebetweent andt + 1. The matchingtermF is the sum
over all camera®f the dissimilarity betweenthe imagestakenattime t and
thecorrespondingmagesatt + 1 warpedbackin time usingthesceneo w.
X
F(v) = Fi(v) ; (7
i
Fiv) = M ofs 1t ad+v) 4 (8)

Its gradientwrites

r TRV =

st (X) NZT;" @MLxi) lDli“l igwt(x))}P (g Vi) -
1d 2 3

d 2
9)

Here,theregularizationtermis typically the harmonicenepgy of the o w
over the surface,andthe correspondingninimizing o w is anintrinsic heat
equationbasedon theintrinsic Laplacian,often calledthe Laplace-Beltrami
operator The evolution of thesceneo w is thendrivenby

@t X NTd: T

@ - sV + st 23' @V DI D (10)
where isthe ctitious time of the minimization, s denoteghelaplace-
Beltramioperatoronthesurface,and is apositive weightingfactor
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3. SomeSimilarity Measures

In this section,we presentiwo similarity measureghat can be usedin our
framework: normalizedcrosscorrelationandmutualinformation[37]. Cross
correlationassumes local af ne dependeng betweenthe intensitiesof the
two images,whereasmutual information can cope with generalstatistical
dependenciedVe have picked thesetwo measuresmonga broaderfamily
of statisticalcriteria proposedn [11] for multimodalimageregistration.In
the following, we considertwo scalarimagesl 1; 1> : R21 R.The
measuredelov canbe extendedto vector (e.g.color) imagesby summing
overthedifferentcomponents.

Notethattheshapeof canbevery comple. In practice,it corresponds
to the domainwhereboth an input imageand an associategredictionare
de ned. In otherwords,semi-occludedegionsarediscardedrom

The minimizing o ws given in Section2 involve the derivative of the
similarity measurewith respecto the secondmage,denotedby @M . The
meaningof this derivative is the following: giventwo imagesl 1; 1, : !
RY, we note @M (I 1;15) thefunction mapping to the row vectorsof RY,
verifying for ary imagevariation | :

MOl D) Mwl) _©

1o

@M (I1;12)(x) 1(x)dx : (11)

3.1. CROSS CORRELATION

Crosscorrelationis still the most popular stere@ision matchingmeasure.
Most methodssettlefor x edrectangulaicorrelationwindows. In this case,
thechoiceof thewindow sizeis adif cult trade-of betweermatchreliability
andoversmoothingf depthdiscontinuitiesdueto projective distortion[26].
Someauthorsalleviate this problemby usingadaptve windows [14, 25]. In
our method,we matchdistortion-freeimages,so the size of the matching
window is not relatedto a shapeapproximation.The matterhereis in how
big a neighborhoodhe assumptiorof af ne dependengis valid. Typically,
non-Lambertiarscenesequireto reducethe size of the correlationwindow,
making the estimationlessrobust to noiseand outliers. In our implemen-
tation, insteadof hard windows, we use smoothGaussianwindows. They
make the continuousformulationof our problemmoreelegantandthey can
beimplementecef ciently with fastrecursve ltering.

Thus,we gatherneighborhoodnformationusingcorvolutionsby a Gaus-
siankernelof standardleviation . Thelocalmeanyvariancecovarianceand
crosscorrelationof thetwo imagesrespectiely write

o _ G ?1i(x) G ?17(x)
S T T

Vi(X) = ACI R
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G ?|1|2(X) V1;2(X) .
H(x) vi(X)va(x)
where! ig anormalizationfunctionaccountingor the shapeof the domain:
I(x) = G (x y)dy. The constantpreventsthe denominatoifrom
being zero. Beyond its humericalusefulnessthis constanthas a rigorous
justi cation, asshavnin [11]. It is relatedto the ParzenGaussiarkernelused

to estimatethelocal joint probability distribution of thetwo imaged23].
We aggrejatethe oppositeof thelocal crosscorrelationto geta similarity
measureorrespondingo our needs:

1(x) 2(x) 5 cdx) =

Vi2(X) =

Z
MCC(I1;1,) = co(x) dx : (12)

The minimizing o w involved by our methodincludesthe derivative of
thesimilarity measuravith respecto thesecondmage.In thiscasejt writes

@M CC1)(x) = () 11(x)+ (X)12(x)+ (X): (13)

where
1 cc
= 2 : = 2 22 (x):
(x)=G .!—pm(x), x)=G 7, Vz(x),
= ? a1 2CC :
(x)=6G * P, v (x) -
In practice,alongthe minimizing ow, the ; ; functionschangeslowly

relatveto 11 andl,. So,in ourimplementationywe updatethemonly every
teniterationsto reducethe computationaburden.

3.2. MUTUAL INFORMATION

Mutual informationis basedon the joint probability distribution of the two
images estimatedy the Parzenwindow method[23] with a Gaussiarkernel
of standardieviation

z
1

P(il:i2)=j—j G (l1(x) i1;l2(x) i2) dx: (14)

We noteP;; P, themamginals:
Z Z

Pl(i1)= P(il;iz)diz ; P2(i2)= P(il;iz)dili
R R
Our measures theoppositeof the mutualinformationof thetwo images:

‘ P(i1;i2)

M . - P P
M (I]_, |2) - g2 P(|1,|2) IOQW d|1d|2 . (15)
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Its derivative with respecto the secondmagewrites[11, 7]:
@MM'(13;12)(x) = (11(x);12(X)) ; (16)

where

. 1 @ PY .
. - o) = _2 . .

In ourimplementationthe functionis updatedbnly every teniterations.

4. Implementation Issues

We have implementedur methodin thelevel setframeawvork [22], motivated
by its numericalstability andits ability to handletopologicalchangesuto-
matically However, our methodis not speci c to a particularsurfacemodel:
animplementatiorwith meshesvould be straightforvard.

Thepredictedmagescanbecomputedvery ef ciently thanksto graphics
cardhardware-acceleratedsterizingcapabilitiesIn ourimplementationye
determinghevisibility of surfacepointsin all camerasisingOpenGLdepth
buffering, we computethe reprojectionof an imageto anothercameravia
the surfaceusingprojective texture mapping,andwe discardsemi-occluded
areasusingshadev-mapping[27]. The bottleneckin our currentimplemen-
tation is the computationof the similarity measure Sinceit only involves
homogeneousperationson entire images,we could probablyresortto a
graphicsprocessorunit basedimplementationwith fragmentshaders(see
http://wwwgpgpu.og).

Theonly parameterinherentto our frameawork aretheregularizationco-
efcients and in equationg6) and(10). This beingsaid, the similarity
measureembeddedn our methodmay have its own parametersthe size of
the correlationwindow for crosscorrelation,the standarddeviation of the
Parzenkernelfor mutualinformation,etc.

In all the experimentsof Section5, we have useda matchingwindow
with a standarddeviation of 2 pixels( = 2) for crosscorrelation,anda
Parzenkernelof variancel0( 2 = 10) for bothcrosscorrelationandmutual
information.

5. Experimental Results
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5.1. STEREOVISION

Table | describesthe sterewision datasetsusedin our experiments.All
datasetsare color imagesexcept “Hervé” which is grayscale All are real
imagesexcept“Buddha”. “Cactus” and “Gargoyle” are courtesyof Pr. Ky-
ros Kutulakos (University of Toronto). “Buddha” and “Bust” are publicly
availablefrom the OpenLFsoftware(LFM project,Intel).

Tablel. Descriptionof the stereision datasetsisedin our experiments.

Name #lmages Imagesize #Pairs Measure Levelsetsize Time(sec.)
Hervée 2 512 512 2 MI 128 107
Cactus 30 768 484 60 CcC 128° 1670
Gamgoyle 16 719 485 32 MI 128 905
Buddha 25 500 500 50 cc 128° 530
Bust 24 300 600 48 CcC 128x128x256 1831

We have usedeithercrosscorrelation(CC) or mutualinformation (Ml),
with = 2and 2 = 10. Both performwell on thesecomplex scenes.
“Buddha”and“Bust” areprobablythe morechallengingdatasets:Buddha”
is a syntheticscenesimulatinga translucentmaterialand “Bust” includes
strongspecularities.

Usingall possiblecamergpairsis not necessargince , whentwo cameras
arefar apart,no or little part of the sceneis visible in both views. Conse-
quently in practice we only pick pairsof neighboringcamerasThe number
of camergpairsusedin eachexperimentis givenin Tablel.

The numberof iterationsis 600 for all datasetsHowever, in most of
our experimentsthe corvergenceis attainedearlier sothe computatiortime
couldbereducedisinganappropriatestoppingcriterion. Theonly exception
is the “Hervé” datasetwherethe rearpart of the face,not visible from ary
of thetwo camerasis only driven by a meancunaturemotion,andhasnot
yet corvergedafter 600 iterations,causinga roundedshapebehindthe face
insteadof ajoin of minimal area.

In all our experiments the regularizeris a meancurvature motion, and
the initial surfaceis an approximateboundingbox of the scene Although
this initial guessis very far from the objects,we manageto corverge to
the expectedshapeandto recover its concaities thanksto the coarse-to- ne
stratgy. We usefour levelsin the multi-resolutionpyramid. Sothelevel set
sizeat the coarsemesolutionis 16° for mostdatasetsind 16x16x32for the
“Bust” dataset.

Weshaw ourresultsin Figures2, 3,4,5 and6. For eachdatasetwe display
someof theinputimagesthegroundtruthwhenavailable thensomeviews of
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Figure 3. Someimagesfrom the “Cactus”dataseandour results.

theestimatedshapeand nally the sameviews afterreprojectingthetexture
comingfrom themostfront-facingcameraNotethatthistexture-mappedep-
resentatiomloesnotaimatphotorealismln particular it generateartifactsat
theplacesvherethesourceof thetexturechangesilt is only intendedo shov
the validity of the outputof our methodfor moresophisticatedmage-based
renderingtechniques.
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Figure 4. Someimagesfrom the“Gargoyle” dataseandour results.

In all our experimentsthe overall shapeof the objectsis successfullye-
covered,andalot of detailsarecapturedthe eyesandthe mouthof “Hervé”,
the stingsof “Cactus”,the earsandthe pedestabf “Gargoyle”, the noseand
the collar of “Buddha”, the earsandthe mustacheof “Bust”. A few defects
areof coursevisible. Someof themcanbe explained.The hole aroundthe
stick of “Gargoyle” is not fully recovered.This may be dueto the limited
numberof images(16): somepartsof the concaity arevisible only in one
cameraThedepressiorin the foreheadof “Bust” is relatedto a very strong
specularity:intensity is almostsaturatedn someimages.In Figure 7, we
illustratethe multi-resolutionevolution of the surfacefor the “Bust” dataset,
startingfrom a coarseboundingbox.

Finally, in Table Il, we compareour resultswith the non-Lambertian
sterewision methodof [13] on the “Buddha” and the “Bust” datasetsWe
adoptthe sameshapeerror measurehanin their work: the ratio between
the volumeof the symmetricdifferencebetweernhe estimatedshapeandthe
true shapeand the volume of the true shape.The errorson the “Buddha”
datasetare comparableOur methodperformssigni cantly betterthan[13]
on the “Bust” datasetMoreover, visually, our reconstructionsare slightly
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Figure5. Someimagesfrom the“Buddha” datasetgroundtruthandour results.

Table ll. Quantitatve comparisonbetweenour method
andthenon-Lambertiarstere@ision methodof [13].

Method Erroron“Buddha” Erroron“Bust”
[13] 3.5% 57%
Our method 4.0% 3.0%
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Figure 6. Someimagesfrom the“Bust” datasetpseudagroundtruth andour results.
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more detailed.But above all, our computationtime is considerablysmaller
It doesnot exceedthirty minuteson a 2 GHz PentiumlV PC underLinux,
versusseveralhours.

5.2. STEREOVISION + SCENE FLOW

We have testedour scene o w algorithmon a challengingmulti-view video
sequenceof a non-rigid scene.The “Yiannis” sequencds taken from a
collection of datasetghat were made available to the community by Dr.
Patrick Baker andDr. JanNeumann(University of Maryland)for benchmark
purposesThis sequencehavs a charactel(Pr. Yiannis Aloimonos)talking
while rotatinghis head.lt wascapturedoy 22 camerasat 54 fps plus 8 high-
resolutioncamerast 6 fps. Herewe focusonthe 30 synchronizegequences
at the lower frame rate to demonstratdghat our method can handlelarge
displacements.

We have appliedsuccessiely our sterewision andsceneo w algorithms:
oncewe know the shapeS!, we computethe 3D motionv! with our scene
ow algorithm.SinceS! + v! is a very goodestimateof S'*! | we useit as
theinitial conditionin our stereision algorithmandwe performa handful
of iterationsto re ne it. This is mushfasterthanrestartingthe optimization
from scratch We alsocomputethe backward motionfromt + 1tot for the
purposeof timeinterpolation.

In this experimentwe usecrosscorrelationwith the valueof the parame-
tersgivenin Sectiord. Thelevel setsizeis 128° andthe numberof levels of
themulti-resolutionpyramidis 4.

Figure 8 displaysthe rst four framesof oneof the input sequencend
our estimationof shapeand3D forward motion at correspondindimes.We
successfullyrecover the openingandclosing of the mouth, followed by the
rotation of the headwhile the mouth opensagain. Moreover, we capture
displacementsf morethantwenty pixels.

We use our resultsto generatetime-interpolated3D sequence®f the
scene.To synthesizeimagesat intermediatetime instants,we can either
usethe previous shapeand texture warpedby the forward motion, or the
next shapeand texture warpedby the backward motion. Ideally the two
shouldcoincideexactly, but of coursethis is never the casein practice.As
a consequenceye linearly interpolatebetweenforward and backward ex-
trapolatedmagesto guarante@ smoothblendingbetweenframes.In return
it causescrossfding” artifactsin someplacesvhereforwardandbackward
extrapolationsigni cantly diverge.

We display a shortexcerptof sucha time-interpolatedsequencen Fig-
ure 9. Notethe progressie openingandclosingof the mouth.Pleaseseethe
accompaning videoandthe Odys&elLab web pagefor moreresults.
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Figure 7. Multi-resolutionshapeevolution for the“Bust” dataset.

Figure 8. Firstimagesof onesequencef the"Y iannis” dataseaindour results.

Figure 9. An excerptof thetime-interpolate®D sequencéor the"Y iannis” dataset.
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6. Conclusionand Futur e Work

We have presentech novel methodfor multi-view sterew@ision and scene
0 w estimationwhich minimizesthe predictionerror usinga globalimage-
basedmatchingscore.We adequatelywvarp the input views andwe register
theresultingdistortion-fredmageswith auserde ned imagesimilarity mea-
sure,which caninclude neighborhoodand global intensityinformation.No

approximatiorof shapemotionor visibility is madein thematchingprocess.

We have implementedour stere@ision methodin the level set frame-
work andwe have obtainedresultscomparingfavorablywith state-of-the-art
methods,even on comple« non-Lambertianreal-world imagesincluding
specularitiesand transluceng. Using our algorithm for motion estimation,
we have successfullyrecoreredthe 3D motion of a non-rigid sceneandwe
have synthesizedime-interpolatedD sequences.

Our future work includesa hardwareimplementatiorof our stere@ision
methodwith graphicgprocessounitsto furtherreducethe computatiortime,
and the fusion of shapeand motion estimationsin order to exploit their
redundang.
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