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Abstract

Establishingcorrespondencéetweenfeatues in two images of

the samescenetaken from differentviewing anglesis a challeng-
ing problemin image processingand computervision. However,

its solutionis an importantstepin manyapplicationslike wide
baselinestereo,3D modelalignmentcreationof panoramicviews
etc.Inthis paper we proposea techniquefor registration of two
imagesof a faceobtainedfromdifferentviewing angles.\We show
that prior informationaboutthe geneal characteristicsof a face
obtainedfrom video sequencesf different facescan be usedto

designa rohust correspondencalgorithm. Themethodworksby
matding 2D shapeof thedifferentfeatuesof theface(e.g. eyes,
noseetc.). A doublystodasticmatrix, representingthe probabil-

ity of matd betweerthe features, is derivedusing the Sinkhorn
normalizationprocedue. The nal correspondences obtainedby
minimizingthe probability of error of a matd betweerthe entire

constellationof featuesin the two sets,thustakinginto account
the global spatialcon guration of the featules. Themethods ap-

plied for creating holistic 3D modelsof a face from partial rep-
resentations Althoughthis paperfocusegrimarily on faces,the
algorithm canalso be usedfor other objectswith smallmodi ca-

tions.

1. INTRODUCTION

Establishingcorrespondencbetweenfeaturesin two imagesof

the samescenetaken from differentviewing anglesis a challeng-
ing problemin imageprocessingand computervision. The dif-

culty of the problemis compoundedy the factthatthe images
may be obtainedunderdifferentconditionsof lighting and cam-
erasettings. However, its solutionis an importantstepin mary

applicationdik e wide baselinestereo,3D modelalignment,cre-
ationof panoramicviews etc. Numerousmethodshave beentried

to solwe this problem,rangingfrom techniquesvhich take advan-
tageof theknowledgeof the geometryof the sceneto oneswhich

usedifferentinformationtheoretiomeasureto computesimilarity.

[1,2,3,4,5,6].

The methodpresentedereworks with the edgeimageof lo-
calfeaturegwhich givesanapproximatenotionof the2D shapeof
thatfeature),ratherthantheir intensity A doubly stochastiana-
trix, representinghe probability of matchbetweerthefeaturesijs
obtainedusing Sinkhornnormalization[7] andthe prior informa-
tion. A statisticallyoptimaltechniques proposedvhich relieson
minimizing the probability of error of a mismatchor equivalently
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maximizingtheposteriordensityof thematchgivenafeature. The
methodworks by matchingthe entire constellationof featuresin
the two sets. The searchspaceis no longerthe set of features,
but all their permutationgN ! for N features).The motivation for
this global stratgy (asopposedo the correspondencef individ-
ualfeatureswhichis local to thatregion) is thatit emphasizethe
structuraldescriptionof the patternof the features. Use of prior
information of the shapeis an essentiapart of the scheme.The
prior informationis extractedfrom thevideosequencén theform
of anaveragerepresentationf the features.The incorporationof
prior informationinto the designof the detectionstrateyy leadsto
a robust algorithm. The prior information canbe collectedonce
for different classesf objectsand usedacrossdifferent objects
in that class,e.g. in our application,the prior information can
be collectedoncefrom video sequencesf oneor morefacesand
usedacrossa large numberof faceswith similar characteristicsA
two-stepoptimizationprocessonsistingof identifying occlusions
followed by a probabilisticmatchingfor eachpermutationof the
two setsof featuresjs adopted.lt is alsoshavn that,in practice,
thesearchsetcanbe madelessthanN !. Theabove principlesare
usedto obtainholistic 3D modelsof afacefrom its videosequence
by rst creatingpartialmodels.

2. REGISTRATION USING PRIOR MODELS

Ouraimis to obtaincorrespondencdsetweenwo setsof features
extractedfrom two imagestakenfrom differentviewing directions
andrepresenteas setsof randomvariables, X = [X1;::; Xp]
andY = [Y1;::; Ym ]. Eachof theelementof thesetsrepresents
the collection of cornersin a local region aroundthe featureof
interest,thus giving an idea of the 2D shapeof the region (see
Figureg(2) and(3)); hencewe usethetermshapecues Thoughthe
shapeof differentfeaturesareusuallysigni cantly different,and
thereforeeasierto match,they areoftendependendntheviewing
angleandtheir extractionprocesss extremelysensitve to noise.
To overcomethis, we usepriors,which arethe meanshapeof each
feature(“meanfeature”)collectedover a rangeof viewing angles
from the video sequence Sincethe shapeof the featuresdo not
vary drasticallyfor differentpeople,the prior informationcanbe
collectedonly onceandusedacrosdlifferentvideosequences.

2.1. Computing the Feature Corr espondencérobabilities

Let = ;i «k representhepriorinformationof K features.
LetH; bethehypothesighatY; matchesX andwe wishto com-
pute the a posteriori probability P (HijX ). De ning the event



Ex ; = fX matches g, we hypothesizethatthe probability of
X matching ; is directly proportionalto the inner productof X
with ; (sinceinnerproductgivesa measuref similarity). Since
X and ; arebinaryimages,the innnerproductwill always be
non-ngative. Then

1

P(Ex [IX = Xn) = P\ < Xai > ()
=1 < an i >

where< : > denotpsnneﬁproduct FortwoP  Q sizeimages,

<Xnj | >= 55 p= q -1 Xn(p;) j(p:g). Similarly, the

probabllltythatY. matcheé( giventheeventEx ; isproportional
to theinnerproductof Y; to j,

PHijX;E ;)= ! <Y ;> (2

i) i K < Yh J > i ]

j=1

Then,from the theoremof total probability, the a posterioriprob-
ability (whichis theprobabilityof X , matchingY;),

P(HijX) = P(HijX;E
j=1

PIP(Ec jX = Xn) (3

Maximizing this a posterioriprobabilityis equivalentto minimiz-
ing the errorof amatch.

2.2. Prior Information

Assumethata featureX; (n) ! is corruptedby independentzero

mean additive noise . Let

Xi(n)=Si(n)+ i(n); n=1:L 4)
whereS; (n) is thetru%unknorvn valueof thefeature.Then ; =
E[Xi]= E[S] = T nsy Xi(n), sincethenoiseis zeromean
andindependenof the parameteandthe meanis computecover
a rangeof viewing anglesL; (Li can be differentfor different
features). Thuswe can computethe probability of a featureX
in onemodelmatchinganotheifeature; in theothermodelfrom
(3). The probabilityis maximumwhenboth X, andY; matcha
particularprior feature ;.

2.3. Ildentifying Unpaired Features

In matchingfeaturesfrom two differentviews, it is importantto
identify featurespresenin oneview but notin theother If apar
ticular featureX , doesnot have a correspondingnatchin the set
Y ,thenP(HijX = Xy);i = 1;::; M will nothave ary distinct
peakandX, canbeidenti ed. Similarly, if Hio is the hypothesis
that X; matchesy, P(HinY = Ym);i = 1;:5 N will have a
relatively at prole if Y, doesnot have a correspondingnatch
inX.

2.4. CorrespondenceMatrix

From the posteriorprobabilities,we would like to obtain a sin-
gle doubly stochastianatrix C (X ; Y ), eachrow of which would
denotethe probability of matchingtheelementof Y givenapar
ticular one X and eachcolumn the probability of matchingthe

th

1The notationX ; (n) representshe ith featurefrom the n
position.

viewing

elementsof X given a particularY . This is doneby usingthe
Sinkhornnormalizationprocedureto obtain a doubly stochastic
matrix by alternatingrow and column normalizationg7]. This
allows usto useeitherX orY asthereferencdeatureset.

2.5. The Global Matching Scheme

Ratherthan computinga probability of matchfor individual fea-
tures,a morereliable correspondenceanbe obtainedif we con-
sider the entire set of features,taking into accounttheir spatial
arrangementn the object,i.e. the constraintson therelative con-
guration of thefeatures.Considey for the purposef this anal-
ysis two setsof featuresX andY having the samecardinality
sayN (afteridentifying the unpairedfeatures). We want to as-
sigha probability of matchof X againstall possiblepermutations
of Y . Letthe permutation®f Y berepresentethy Y *; ;Y N,
with Y' = [Yu ;5 Yn)] where[Yy) ;i Yny ] representsain
orderingof [Y1; ::;; Yn ]. LetH' representhe hypothesighatY '
matchesX (notethe superscripusedto distinguishwith the hy-
pothesidor individual features).Then,

ts1 P(H(HiX;); (5)

whereH (jy is thehypothesighatY(;, matchesX; for aparticular
permutationY '. Computingeachof the probabilitiesin (5), we
seethatP (H'jX ) is maximumwhenthe permutatiorly ' matches
thesetX , elemento element.

P(H'jX) =

2.6. The Correspondencelgorithm

We are given two imagesl 1 and| », obtainedfrom projections
of thetwo partialmodels,andthe pre-computegbrior information
1y eeny K -
1.FeatueExtraction: Computethesetof featuresX = [X1;:::; Xp]
andY = [Y1;::; Yu ] usinga suitablefeatureextractionmethod
(in our caseacorner nder algorithm).
2.ComputeProbability of Match: Computehematchprobabilities
from (3) usingtheprior information 1;:::; « .
3.dentify Unpaired Featues: Identify thosefeaturespresentin
oneview, but notin the otherasexplainedabore. At the end of
this processwe are left with two setswith the samecardinality
(denotingthe pairedfeatures)\which have to be matched.Denote
themasX = [X ;25 Xn]landY = [Yq; 5 Yn ]
4 SinkhornNormalization: Computethe correspondencenatrix
C(X;Y) by applyingthe Sinkhornnormalizationprocedureon
thematchprobabilitiesafterremaving theunpairedfeatures.
5.ComputeProbability for the Spatial Arrangementof the Fea-
tures: Computethe posteriorprobability for matchingX with all
permutation®f Y ,i.e. P(H'jX);i = 1;:::; N ! from (5).
6.Seach for BestMatch: Obtaini = argmax; P (H'jX ). Assign
Y' = [Yq ;Y] tomatchX .

2.7. Reducingthe Search Space

In practice,the searchspacecanbe reducedfrom N !. For each
X = Xn;n = 1;::; N for the pairedsetsof featuresjdentify the
setY, = fY; : P(HijX = Xn) > pg, wherep is anappropri-
atelychoserthreshold Alternatively, we canchoosehef Y; g with
themaximuml valuesof theposteriordensities We canthencom-
putethe probability of matchfor the permutationf Y with this
reducedset. Theactualnumberof elementgontainedn thesearch
spacewill dependon exactcompositionof Y, ;n = 1;:::; N.



3. EXPERIMENT AL ANALYSIS AND APPLICATIONS

3.1. Feature Selection& Prior Extraction

To selectthe featuresthat needto be registered,we usea corner
nder algorithm basedon an interestoperator? [8]. Given this
setof pointsde ning the cornersof theimage,a clusteringalgo-
rithm, like k-meanswasusedto identify featurepointsthatneed
to bematchedFig. 1 plotstwo setsof featuresdenti ed usingthis
stratgy. However, in orderto avoid thefeaturematchingproblems
that canarisedueto the symmetryof a face,we only considered
featuredocatedin the right 70% of the original images.In addi-
tion, featuredying in the region nearthe imageboundariesvere
neglected. We will presentour resultson this smallersetof fea-
tures. The numberof featuress sufcient for our application,as
thenumberof distinctfeatureson afaceis limited andwe arecon-
sideringnot just the speci ¢ pointsrepresentedby thesefeatures
but theregionsaroundthem.Figures(2) and(3) representhetwo
featuresetsthatneedto beregistered.Fig. (4) representshe pre-
computedprior informationin theform of the meanfeaturesThe
prior was collectedby tracking a setof featuresacrossmultiple

framesof avideosequencandthenintegratingthem.

Fig. 1. Featuresdenti ed in the front andsideview imagesby applying
ak-mean<lusteringto the outputof thecorner nder.
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Fig. 2. The shapeof the signi cant imageattributesin the front view
aroundthe featurepoint whosepositionin the originalimageis indicated
ontop.

3.2. Estimation of Probabilities

Figure5 givesa graphicalrepresentationf the probabilitiesrep-

resentedn theform of amatrix P (X ;Y ) whose(i; j )th element
represent® (HijX;);i = 1;::;P;j = 1;::M obtainedbefore

2The interestoperatorcomputesthe matrix of secondnomentsof the
localgradientanddeterminegornersn theimagebasedntheeigevalues
of this matrix.
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Fig. 3. The shapeof the signi cant image attributesin the side view
aroundthe featurepoint whosepositionin the original imageis indicated
ontop.

Fig. 4. The prior information (the shaperepresentatioraveragedover
a large numberof viewing angles)which was precomputedand usedfor
multiple facemodelingapplications.

the Sinkhornnormalizationprocedure It canbe seenthatthereis
adistinctpeakfor eachrow andcolumnof the matrix, correspond-
ing to matchingof a pair of features.The valleys of this surface
plot, representingows or columnswith no peaks,correspondo
unmatchedairs of features. Figure 6 plots the probabilitiesfor
matchingthe entire setof featuresX agpinstthe setof permuta-
tionsof Y . As expectedthereis a very distinctpeakin this case,
justifying our earlierassertiorthattaking into accounthe spatial
arrangementf thefeaturedeadsto amorerobustalgorithm.More
detailedexperimentaresultscanbefoundin [9].

3.3. Application to 3D Model Alignment

We will nov demonstratehe applicationof our correspondence
algorithmfor aligningtwo modelsof a humanfaceobtainedfrom
differentviews. Fig. 7 depictsthetwo models.onefrom thefront,
theotherfrom the side,whichwe aimto integrateinto oneholistic
model.Eachof the modelswasobtainedrom avideosequencef
apersommoving his headin front of a staticcameraDetailsof the
3D modelingalgorithmareavailablein [10]. Oneimage,obtained
from eachof the views, is consideredand our algorithmis used
to obtaincorrespondencbketweerthe featuresselectecautomati-
cally in theseimages.Prior informationfor importantfeaturesn
ahumanfacewasprecompute@ndusedfor this application.The
prior informationwasautomaticallyobtainedby trackingfeatures
acrosddifferentvideo sequenceand obtainingan averagerepre-
sentatiorfor eachfeatureover the entirevideo sequenceQur al-



Fig. 5. The Sinkhornnormalizedcorrespondenceatrix.
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Fig. 6. Theprobabilityof matchingX againstall permutation®f Y . The
truevalueis markedwith a* belav the horizontalaxis.

Side View

Front View

View 1 After Alignment

View 2 After Alignment

Fig. 7. 3D modelsfrom the front andsidewhich areusedasinputto the
algorithmandtwo views of the 3D modelobtainedafterthealignment.

gorithmwasthenusedto obtainthe correspondencdsetweerthe
differentfeaturesin the two imagesobtainedfrom the two partial
models. Having obtainedthe featurecorrespondenceye obtain

thelocal af ne transformatiorbetweenthe two modelsfor all of
thefeaturesseparatelyi.e. y; = Rx; + T wherex; andy; are
thecoordinate®f amatchingpair of pointsandR andT therota-
tion andtranslatiorbetweerthetwo models.Any othermethodto
obtainthe transformatiorwould work just aswell, or even better
Our methodcanalsobe usedto obtainaninitial coarsealignment
of thetwo partialmodels which canthensene astheinputto pre-
ciseregistrationalgorithmslik e thosedescribedn [5, 6]. Fig. 7
alsoshaws two views of the completemodelafteralignment.

4. CONCLUSION

In this paper we have presenteda probabilistic framework for
matchingtwo setsof features,extractedautomaticallyfrom im-
ageswhichtakesinto consideratiotheglobalstructureof thefea-
ture sets.The Sinkhornnormalizationprocedurds usedto obtain
adoubly stochastianatrix denotingthe probabilitiesof matchfor
thetwo featuresets.The methodworks by minimizing the proba-
bility of amismatch(usingthe Bayeserror criterion) betweerthe
shapeof the features,after taking into accounttheir spatialar
rangementRokustnesss achiezedby including prior information
regardingthesefeaturesets. We emphasizehat the prior canbe
easily obtainedfrom video and needsto be doneonly once. An
applicationof this methodto 3D modelalignmentof ahumanface
wasdemonstrated.
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