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Abstract

We proposea simpleprobabilistic genertive modelfor
image segmentation. Like other probabilistic algorithms
(suth asEM ona Mixture of Gaussianshhe proposednodel
is principled, providesboth hard and probabilistic cluster
assignmentsaswell asthe ability to naturally incorporate
prior knowledg. While previousprobabilistic approadces
are restrictedto parametricmodelsof clustess (e.g., Gaus-
sians)we eliminatethis limitation. Thesugestedapproadc
doesnot malke heavyassumption®n the shapeof the clus-
ters and can thus handlecomple structues. Our experi-
mentsshowthatthe suggestedapproad outperformsprevi-
ouswork on a variety of image segmentatiortasks.

1. Intr oduction

Imageseggmentatioris a hardtaskandunsupervisedey-
mentationoften resultsin unsatiséctoryresults. Incorpo-
rating higher level information on the image contentcan
signi cantly improve the segmentationquality. It hasbeen
shawvn (e.g.,[10] [2]) thatwhenoneknows which objects
arepresentin animage,signi cantly improved sggmenta-
tion resultscanbe obtained. Thesemethods however, are
highly speci ¢ for sggmentingfamiliar objectsin images,
anddo not generalizeo othertypesof knowledge. For ex-
ample,whensegmentinga video sequencegneknows that
consecutre framesare highly correlatedeven when their
contentis unknovn. Imagecollectionsoftensharerepeated
parts,e.g.,beachpictureswill all includewater sand,and
sky, but the sharedpartsarenot alwaysknown a-priori. We
thusseekagenerabggmentatiorframeavork thatallows nat-
ural incorporationof suchinformationto boostsegmenta-
tion quality.

To date,numerouslusteringalgorithmshave beenpro-
posed. We categyorize theminto threebroadclasses.The
rst consistsof non-probabilisticalgorithms, such as k-
means[1], mean-shift[3], andagglomeratie methods
[4] that are basedon someuseful heuristics. When the
heuristicsmatchthe datathey performwell. For example,
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k-meansprovides good resultswhen the datais blob-like
andtheagglomeratie approactsucceedsvhenclustersare
denseandthereis no noise. However, more complex data
structuressuchasthoseusually obsenablein typical im-
agegyenerallyresultin thefailure of thesemethods.

The secondclass consistsof probabilistic algorithms,
that estimateexplicit parametricmodelsof the data,such
as expectationmaximizationfor tting Gaussiammixture
models(GMM-EM) [13]. The probabilistic methodsare
principled,however, whenthe datais arrangedn complex
andunknawn shapesasis the casefor imagesthey tendto
fail.

Complex dataarehandledwell by thethird classof algo-
rithms (which hasmadethemthe state-of-the-arin image
segmentation}thatconsistsof the mary variantsof spectral
factorization[8, 14, 17, 15, 21, 12]. Thesealgorithmsdo
notmake make strongassumptionsn theshapeof clusters,
andthusgenerallyperformbetteronimages.Unfortunately
spectralfactorizationlacks a full probabilisticinterpreta-
tion, which makes incorporationof high-level knowledge
quitedif cult, if notimpossible.

Herewe proposea generalprobabilisticframawvork that
allows a straightforward incorporationof varioustypes of
prior information,suchasthosedescribecabove. The pro-
posedmethodcanhandlecomplex datastructuresanddoes
not requirerestrictingassumption®n clusterdistributions.
Furthermorewe shaw thatour approachs ageneralization
of GMM-EM thateliminatesthe constraintof usingpurely
parametrianodels,while mantainingall the advantage®of
afull probabilisticformulation.

We startby presentinga probabilisticmodelfor cluster
ing in Section2. We thenshaw, in Section2.1, how para-
metric, non-parametri@andsemi-parametricnodelscanbe
usedto representlusterdistributions. In Section2.3 we
suggesh sampling-basetechniqueo infer the underlying
clusterassignmentFinally, empiricalevaluationon image
segmentatiorwith varyinglevelsof prior knowledgeis pro-
videdin Section3.
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Figurel. Basicgeneratie modelfor clusterdata.

2. A Probabilistic Model for Clustering

processCy is describedby a densityfunction f¢(x). An
obsenationx; is generatedn thefollowing way:

Selectoneof theK processe€y by samplingthehid-
denvariablec; accordingto somemultinomial distri-
bution p(k) with parameters.

Draw apointx; accordingotheprocess-speci @rob-
ability densityfunctionf  (x).

Each obsenration is sampledindependently Figure 1
presentshe platediagramof our model.

Letc ; andx ; bethe setof labelsand obsenations
excluding point i. We assumethat given cluster assign-
mentsc ; for all but the ith point, it is possibleto ob-
tain an estimated’y (x) for the clusterdistributionsf  (x),
k = 1;:::;K. We canthencomputethe conditionalprob-
ability that a new point x originatedfrom eachof the K
processes:

pcc=k j ¢ i;X)
I p(xijc = k;x ;¢ 3)p(c = kjc i;x )
= p(xijci = k;x i;¢ i)p(c = Kjc )
fi(x)p(c = kic i); (1)

The prior on the within-cluster distribution p(c; =
kjc i;x i) wasreducedo p(c; = kjc i) since,according
to the model,if x; is unknowvn thenthe clusterassignment
¢ depend®nly ontheclusterassignment ; of therestof
the data. So far we have not madeary assumptiongbout
the globalstructureof the clusters.Our only assumptions
thatthe dataeachprocess  (x) generatesendsto cluster
In thefollowing sectionsve describeéhow theclusterdis-
tributionsf  (x) andprior p(¢; = kjc ;) aremodeled.

2.1 Modeling Cluster Distrib utions
2.1.1 A Non-Parametric Model

Whenno informationis available on the shapeof clusters
we avoid paramtricdistributions (which would imposea

possiblyincorrectshapefor the cluster)and adopta non-

parametricapproachto estimatethe densitiesf  (x). This

is equivalentto placinga little probability “bump” around
eachdatapoint and approximatingthe clusterdistribution

asthe (normalized)'sum” of the “bumps”.

Givena kernelfunction K(x;; x; ) [19] which measures
theaf nity betweerpointsx; andx; (i.e.,how muchwe be-
lieve thetwo pointsoriginatedfrom the sameprocessvhen
all we know is their coordinatex; andx;) andasetof Ny
pointsdrawn from the unknown distribution f ¢ (x), a non-
parametridensityestimatorfor f  (x) is de ned as:

Nk
hoo= o Kex) @
j=1

The kernelis choseraccordingto whatis known on the
data.A typical choicewould bea Gaussiarkernel

x x)?

1
K, (xx)= qﬁexp
i

where ; may be setaccordingto local analysisas sug-
gestedn [22]. Otherkernelscanbe usedaswell. For ex-
ample,in intensitybasedmageseymentationve maywish
to setto zerothe connectity betweenfar avay pixelsto
enforcea (strong)locality of thesegmentatiorandto obtain
a sparseproblem. The kernelin this casewill bea product
of aGaussiarkernelandtwo “box kernels”:

K0 %) = Ko(rr)Ke(s;s)K | (1:1) 3

wherer; ; s; aretheimagecoordinate®f thej 'th pixel and
lj isits intensity Theboxkernelisde nedas:K (r;rj) =
Ly ¥)=2L) andi(a) = 1forjaj 1 andO otherwise.L
is theradiusof theboxkernelandK ; is asde ned above.

2.1.2 Parametric Clusters

Whenit is known a-priorithatpart(or all) of theclustersare
distributedaccordingto someparametricform one should
incorporatethis information. This is easilydonewithin the
proposedframeavork by using parametricmodelsfor the
clusterdensitiesf « (x). For example,whenit is believed
the datageneratedy oneclusteris “lumpy”, it canbe de-
scribedbyaGaussiarmIistrimtion:f'\k(x) =N(; ) .Ran-
domoutlier pointscanbe representedsa clusterwith uni-
form distribution: fi (x) = Vi,wherev is thevolumeof the
databoundingbox. Sincegenerallythe modelparameters



are unknown, we will estimatethem simultaneouslywith
the assignmentNote, thatin the suggestedrameawvork the
densitiesof differentclustersare independentthusdiffer-
entmodelscanbeusedfor each(i.e.,we canhave amixture
of parametricandnon-parametriclustersanda variety of
parametrianodels).

2.1.3 Hybrid Clusters

The useof parametricmodelscanleadto good segmenta-
tion results,which explainsthe popularity of methoddike
GMM-EM; however, in mary casessuchassumptionsre
toostrong.For example spectraklustering(whichdoesnot
assumary structure)outperformshe parametrianethods
in mostimageseymentatiortasks.In mary casesassuming
aspeci c parametrianodelis too restrictive. For example,
aclumpcanbewell representedloballyby aGaussiamen-
sity; yet, this descriptioncould be too crudeandinaccurate
locally, e.g.,if it hasajaggedboundary
We thus suggestusing a hybrid representatiorwhich

combinesa parametricand a non-parametriccomponent.
The parametriccomponentaptureghe known underlying
global structure while the non-parametricomponentap-
turesthe local deviation from it. The simplestsuchrepre-
sentatioris a corvex combination:

W

KX xp)+ gx(x) 4
j=1

1
Nk

fk(x) = @
wheregk(x) is a parametricmodel, e.g., a Gaussiaror a
uniform,and 2 [0; 1] represent¢herelative in uence be-
tweenthe two terms(recall that both termsarenormalized
andsumto 1). In all of ourexperimentsveused = 0:1.

2.2 Cluster probabilities

We next suggestanapproacho modelingtheprior prob-
abilities of the K processeshroughthe distribution of the
hiddenvariable . A commonchoicefor this type of mix-
turemodelis to assume distributedasa Dirichlet random
variable:

Under this assumptionghe relative size of the Dirichlet
hyperparameters i's arethe qyggestedatiosbetweerthe
clustersizes,while their sum | represetpjshe level
of con dencein this information. Thelarger |, ¢ the
strongertis the belief in the prior aboutthe sizeof the clus-
ters. Settingall ¢ to the samevaluesuggestall clusters
have equalprobability. Priorkowledgeonthedistribution of
clusterscaneasilyincorporatedy setting ¢ accordingly
Following simple calculationsit is possibleto derive
the expressionfor the conditionalprior termin eq. (1) as:

p(c = kjc i) = N—lejP:—k,whereNk is thesizeof clus-
terk without countingobsenationi, N is thetotal number
of obsenationsandthe |'sarethehyperparametersf the
Dirichlet distribution for

Otherchoicedor thedistribution of therandomvariable

arepossible Of particularinterestarenon-parametripri-

ors suchasthe ChineseRestauant Procesq18], in which
thenumberof clusterss automaticallydiscovered.

2.3 Inference

To estimatethe posteriordistribution p(cjx ) we propose
usinga GibbsSamper This leadsto:
Algorithm

1. Initialize by assigningatrandomeachpixel to acluster
G = k.

2. For eachpixeli in theimage:

a. Computethe unnormalizedprobabilitiesp(c; =
kjc i;x) for all k usingEg. (1).

b. Normalize:p(ci = kjc i;x) = lm—ﬁ]c"f)x)

c. Samplefrom the multinomial distribution p(c; =
kjc i;x) to obtainnew hardclusterassignment
for thelabelvariablec; of pointx; .

d. Updatemodelparametersf f for parametricand
hybrid clusterdensities.

e. Moveto pixeli + 1.

3. RepeatStep2 until somestoppingcriterion (i.e., con-
vergence)hasbeenreached. In our experimentswe
stopafter 1000iterations.

4. RepeatStep2 100 times and collect the hard cluster
assignmentassampledor eachimagepixels.

5. For eachdata-poinits nal clusterassignmenis taken
asthemaximuma-posteriorassignment.e.,themost
frequentone) out of all the collectedsamples'. As-
signmentprobabilitiesare setaccordingto label fre-
guenciesn thecollectedsamples.

Replacingstep 2 with a Maximization of the likelihood
yieldsa ML estimateof the clustering. If onefurthercon-
straintsthe clustersto be parametricGaussianghe algo-
rithm is equivalentto EM for Gaussiammixture model. We
have experimentedwith both options (i.e., samplingand
maximization)and found the samplingbasedapproachto
be preferable. While likelihood maximizationworks well
in casesverethereis oneglobal maxima,it caneasilyget

1if thedistributionsthatdescribehe probabilisticmodelaresymmetric
with respecto a permutatiorof the labels,we sometimeobseredthe so
calledlabel switching problem[5]. In this casewe usek-meandnsteadof
the MAP to detectcommonchangepatternsn thelabelassignments.
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Figure2. Unsupenisedimage segmentation. Exampleresultsfrom the two data setswe experimentedn. Top threeare part of the 16
geneal picturesandthebottomoneis part of the 100 Egretimages. Numberof clustes wassetto 8 generl images,and 4 for the Egrets
(all otherresultsare providedin the supplementamaterial). The manualratings obtainedfor the completedata-setsare presentedn
Fig. 8. Thethird andlast columnsshowassignmenprobabilities,whete the color of pixelis a linear combinationof the sggmentmarkers
accoding to cluster assignmenprobabilities. The probabilities obtainedusing non-paametric representationshow smoothgradual
transitionsbetweerclustess correspondingo the sameimage region, e.g., the sky in thetop two images.

trappedin local maximum. We have found sucha beha-
ior to be highly recurrentin casesvhereclustershapesre
comple andtheir modelsrequirea non-parametricompo-
nent.

3. Empirical Evaluation with Varying Levelsof
Prior Information

In the previous sectionswe proposedan unsupervised
approachio clustering.We next wishto evaluatethe perfor
manceof this approachthe easeat which prior knowledge
canbeincorporateandits bene ts. Thisis doneviaaseries
of experimentsgachutilizing differenttype of prior infor-
mation. We startwith fully unsuperviseimagesegmenta-
tion. We thenshav how small amountof partial labeling
can be easily incorporatedand how the quality of results
is boosted. We concludewith the segmentationof video
framesandimagecollections,were informationis shared
acrossconsecutre framesor similarimages.

We compareour resultswith thoseof EM? on a mix-
ture of Gaussian$l] and normalized-cutg§22] sincethey
provide a probabilisticclusteringframenork anda state-of-
the-artimagesegmentatiorapproachrespectiely. In all of
the experimentsaf nities were computedusinglocal scal-
ing[22] for all af nity basednethods. To evaluatesegmen-
tationquality andto comparebetweermethodsve designed
atool for manuallyrating results. Thetool shovs a human
raterthe original image,aswell asall correspondingey-

20ur experimentsshav thatinferencewith EM andwith Gibbssam-
pling on a Gaussiammixture modelprovide similar ssgmentationresults.
Thissuggestshattheperformancef GMM areintrinsic of theprobailistic
modelandnotaconsequencef the particularinferencemethodused.

mentationresults. The orderin which the resultsaresorted
is randomfor eachimagethustheratercannotcorrelatethe
displayedesultswith acertainalgorithm.Eachresultneeds
to beratesas“good”, “0.k.” or“bad”. All of the presented
experimentsvereevaluatedby 6 unbiasedaters.Summary
of ratingstatisticds providedin Fig. 8.

3.1 Unsuperisedimage segmentation

Experimentswere performedon two image data sets:
The rst is a setof 100 imagesof Egrets[11] whereonly
imageintensitieswereusedto computeaf nities. The sec-
ond is a setof 16 generalcolor images(mostly of swim-
mers,sinceone of the authorslovesswimming). Figure 2
shavsafew representatieimagesegmentatiorresults(The
resultsfor all otherimagesareprovidedin the supplemental
material).

Figure 8 shaws the rating statisticsobtainedfor both
data-sets.The performanceof EM tting of a mixture of
Gaussiangin bothcoordinatespaceandcolor space)reof
the lowest quality, becauseassumingmage sggmentscan
beapproximatedy Gaussiangs inaccurateTheresultsby
normalizedcut and our suggestedpproachare compara-
ble with slight preferenceo our method.Our approachas
well asEM, naturallyprovidessoft assignmenbf pixelsto
segments(seeFigure?). Suchsoftassignmentsftenmalke
more senseg.g.,in ambiguouscaseswvherethe transition
betweensegmentsis gradual. Furthermore they provide
more information than hard decisionsdo. An attemptat
obtainingsoft assignmentérom normalizedcutswas pro-
posedin [6]. Their approachlacks, however, a complete
probabilisticinterpretation.
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Figure3. Partial Labeling. A typical resultof intensitybasedm-
age segmentationinto 2 clustes (out of a 100imagesin the Egret
setof [11]). (a) Original image (b) GMM-EM clustering(c) Nor-
malizedcuts(d) Our resultwith partial labeling Boundarypixels
were constainedto the badkgroundcluster

Figure4. Partial Labeling, comparisonwith GrabCut. Left: in-

putimage. Right: Our sggmentatiorresult,obtainedby manually
labeling part of theimage asbadground(similar to [16]).
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3.2 Partial Labeling

While our generaframework is unsupervisedsomepar
tial information on the assignmenbf pointsto clustersis
often available. Suchinformationcanbe providedin one
of threeforms: partiallabeling,“must-link” constraintand
“cannot-link” constraints\We next exploreall three.

Partial assignmenbf pointsto clustersis equivalentto
having obsenedthelabelsof someof the (usuallyhidden)
randomvariablesc; of the model. Suchtype of constraints
arethusincorporatediy xing thecorrespondingbsened
labelsc; during the inferenceprocesson the model (de-
scribedin Section2.3). This leadsto a morestablesolution
andfastercorvergence.Figure 3 shavs how minimal par
tial labelingcansigni cantly improve imagesegmentation
results. The sggmentationobtainedby our methodare of
higherquality thanthoseof GMM-EM (usingthesamecon-
straints).Comparisorto spectrafactorizatioris impossible
sincelabelscannotbe x ed.We thuscompareourresultsto
thoseof graph-cutsnethods Graph-cut§16] aresomeavhat
similar in spirit to spectralfactorizationbut requiresigni -
cantuserinteractionand arethusgenerallyof lessinterest
to us. Figure 4 shavs our approachprovides comparable
resultsto thoseof Rotheret. al [16] whenthe sameamount
of userinterventionis utilized.

Constraintsvhichforcepointsto residein thesameclus-
ter (“must-link”) canbe incorporatedoy estimatingthe la-
belsof thosepointsjointly. This correspond$o a modi -

cation of the model of Fig. 1 wherean edge(conditional
dependence} addedbetweerthe constrainedoints. The
“cannot-link” constraintcan(in theory)beincorporatedin
a similar manney by estimatingthe labelsfor thesepoints
jointly while enforcingexclusion. While in our inference
methodthis is easily achiezableif the “cannot-link” con-
straintsinvolve only pairsof separategboints,it is dif cult
to considerexclusion dependenciesver a larger number
of points,sincethe numberof possibleassignmentsvould
grow exponentially

Incorporatinglabeling constraints(of ary type) is not
trivial in non-probabilistianethodssuchasspectraktluster
ing. Yu andShi[20] shaved how “must-link” constraints
on pairsof pointscanbeincorporatedalbeitwith somead-
ditional computationatost. It hasnot beenshavn how to
incorporate‘cannot-link” constraintsor partial labelingin
spectraklustering.

3.3 Temporal coherencein videos

In the previous sectionswe evaluatedperformancein
the unsupervisedndpartially supervisedases.But other
typesof prior informationare often available. In this sec-
tion we examinesggmentationof video frames. Adjacent
video framesare known to be highly correlatedregardless
of their content. In this sectionwe shav how this canbe
incorporatednto our segmentatiorframenork andimprove
segmentationquality. A relatedideawasproposedby Jo-
jic andFrey [7] who separatediideo framesinto layered
sprites.Their underlyingassumptiorwasthatall layersare
sharecamongthevideoframesandeachlayercanundego
only limited transformationsuchastranslationandocclu-
sion. This doesnot apply to generalvideoswerethe cam-
eramovessigni cantly, resultingin large changesn back-
ground,aswell ascomplex motion of articulatedobjects,
suchas humanbodies,which imply large changesn ap-
pearanceindshapeacrossvideo frames. We thuspropose
an approachthat assumegoherencenly acrossconsecu-
tive framesandnot throughouthe sequence.

Pixel-level sgmentatiorof videosequencess a high di-
mensionaproblem sincethedata-sesizeequalgheoverall
numberof pixels. Therefore,onehasto resortto segment-
ing separatelysmall portionsof thevideo. We will assume
herethe video portionsareindividual frames. This canre-
sultin asetof independensegmentationgvenfor consecu-
tiveframeswhicharehighly correlated.To obtainaglobally
consistensegmentatioroneneedgo enforcespatiotempo-
ral coherencacrossrames.This canbedoneby rst sey-
mentingeachframeindependentlandafterwardsmatching
segmentsacrosdrames. Alternatively, coherenceould be
enforceddirectly during the segmentatiortask. The latter
is impossiblefor methoddik e spectraklusteringwhich do
notallow incorporatingprior information.

On the contrary our framework is particularly suitable



Figure5. Video sequencesegmentation. Top: Frames218, 280, 282,284,286, and 329 out of a 343 framelong video. Middle: Ncut
se@mentatiorresults.Bottom: Our resultwhile enforcing spatiotempaal coheenceacrossframesds signi cantly better seealsoFig. 8 for
statisticsof manualrating. Thecompletevideoaswell asresultson a differentvideoare providedin the supplementainaterial.

for this purpose We segmentvideosframe-by-framewhile
propagatingnformationfrom one frameto the next. We
initialize theseggmentatiorof eachframewith thesegmenta-
tion resultof the previousframe. Sinceconsecutie frames
arehighly correlatedhis on its own speeds-uphe compu-
tation (by reducingthe numberof iterationsof the sampler)
and promotesmore consistentesults. Furthermore since
our clusteringprovidesclusterassignmenprobabilitiesfor
eachpixel, we detecthigh con dence pixels and x their
labelsfor someiterations.This constrainghe segmentation
of eachframeto behighly similarto thatof its predecessor
We thenreleasehelabelsof all pixelsandcollectsamples.
Thisprocedurdocalizesslowly changingpartsof thevideo,
suchasthebackgroundandreduceshe computationatost
by speedingip convergence Following is a shortsummary
of the proposediideo sggmentatiorapproach:

1. Sgmentthe rst frame of the sequenceand obtain
clusterassignmenprobabilitiesfor eachpixel.

a. For frame f 1, computethe con dence R; of
segmentassignmenbf thei'th pixel as: R; =
(p(ci = kvjx) p(c = kwjx)=p(ci = kyjX)
wherep(c = kyjx) andp(c = kyjx) arethe
highestand the secondhighest cluster assign-
mentprobabilitiesfor pixeli.

b. Initialize the samplerfor framef with clusteras-
signmenfandcon denceweightsof framef 1.

¢. Runthe samplerfor N; iterationswhile xing the
labelsof the high con dencepixels,R; > 0:9.

d. Runthe samplerfor further N iterationswith all
labelsfreeto changeandcollectsamples.

e. Setclusterassignmentf framef asMAP estimator
andkeepclusterassignmenprobabilities.

Eventhoughthisis avery simpleway to imposetempo-
ral coherencalgorithmit still shav thathigherlevel infor-
mation cansigni cantly improve the quality of segmenta-
tion. Using morecomplex (possiblyprobabilisticymodels
for the motion of the objectin the videois likely to fur-
therimprove the sggmentatiorresults. Figure5 compares
the resultsof the proposedapproachwith thoseof normal-
ized cutswith post-sgmentationsgmentmatching. The
segmentationobtainedby normalizedcuts is inconsistent
acrossframes. Our methodsigni cantly outperformshoth
normalizedcutsandGMM-EM? andreturnsvideosegmen-
tationsthat are both of high quality and consistentacross
frames(i.e. the sameobjectis consistentlyassignedo the
samecluster denotedoy samecolor, throughouthewhole
videosequences)-or sanitycheck,we alsocomparedsey-
mentationresultsof our methodwith and without tempo-
ral coherence Using temporalcoherencssigni cantly im-
provedthe sggmentatiorquality. Resultsareomitteddueto
lack of space.Pleaseeferto supplementataterialfor the
completevideosequencaswell asothervideos.

3.4. Part sharing in imagecollections

In videos, consecutie framesare known to be highly
correlated.A lessconstrainedscenarias that of sgment-
ing imagesof acollectionwhereimagesareknown to share
parts. For example,a collection can be a setof faceim-
ageswith varying backgroundseeFigure 7. Althoughthe
picturesaregenerallydifferent,all of themshow a persons
facein theforeground.We next shav how utilizing thiscan
improve segmentationquality aswell as provide coherent

3The GMM-EM modelwe usefor comparisonin our experimentis
closelyrelatedto the model of Khan and Shah[9], with the main differ-
encethatnoinformationof local velocityis usedn theclustering. Theseg-
mentationobtainedby GMM-EM in our comparisonss consistenficross
framesbut is of poorquality dueto complex shape®f the segments.



resultswherethedistinctionbetweerforegroundandback-
groundis consistent.

Onecanaddresghis problemin a numberof ways. We
choseasimplesolution,asourgoalis to show theversatility
of our approachandthe easeat which it can be tunedfor
speci ¢ tasks.

Givena collectionof F imageswhereall imagesshav
aface(of differentsubjects)with varying backgroundpur
goal is to obtain foreground/backgound segmentationof
each,aswell asto identify the sharedforeground(i.e., the
face). The naive solution would be to segmenteachim-
ageindependentlynto two partsandthenmatchsegments
to identify the foreground.Insteadwe simultaneoushsey-
mentall theimagesn thecollectionusingthehybrid-model
describedSec.2.1.3to represeneachsggment. We then
enforceone clusterto shareinformationfrom all the im-
ages. Thatis, the global part of its distribution f ¢ is esti-
matedby gatheringnformationfrom all thepixelsassigned
to the clusterin all the images. For all the other sgments
the global termis computedusingonly the information of
the correspondingmage. The local term of eachsegment
(sharedor not)is independenfior eachimage.Note,thatwe
do not tell the systemwhich partis to be shared. Instead,
this emegesautomaticallyas the most consistentpart, in
appearancandaverageposition,acrossmages.In theim-
agecollectionwe experimentedvith imagesshareonly the
face while thebackgroundrariessigni cantly, thustheface
emegesasthe sharedart.

Figure 7 comparesresults of foreground/backgound
segmentationwith andwithout part sharing. As expected,
enforcingcoherenceacrossimagesresultsboth in consis-
tently assigninghe persorto the foregroundaswell asim-
proving the quality of segmentation.

3.5. Noisydata

As was discussedn Section2.1, a benet of the pro-
posedframawork is that differentmodelscan be usedfor
clusterdensities.Figure 6 presentsan examplewherethis
becomesuiseful. The datacontainsthreespiral clustersand
randomoultlier points. Clearly, tting a mixture of Gaus-
sianswill notwork on suchdata.Using normalizedcutsto
segmentinto threeclustersdiscoversthe densespiral clus-
ters but the outliers are arbitrarily assignedo the closest
spiral. Switchingto 4 clusterssplits oneof the spirals. Ap-
plying the suggestegrobabilisticapproactwith threenon-
parametricclustersandoneparametriovith a uniform dis-
tribution resultsin discoveringthethreespiralsandcollect-
ing all the outliersinto the uniform distribution cluster

4. Discussionand Conclusions

We have presentea principledprobabilisticapproacho
clusteringthatcanhandlecomplex clustershape$y usinga

(©) (d)

Figure6. Noisy data. (a) Input. (b) Segmentatiorby normalized
cuts using 3 clusters: the outliers are arbitrarly assignedo the
3 clusters. (c) Segmentationby normalizedcutsinto 4 clusters:
evenwith anadditionalclustertheoutliersareassignedo themain
clustersand one of the threeclustersis randomlysplit. (d) Our
segmentation: using a parametric(uniform) distribution for one
clusterresultsin correctly identifying the three clustersand the
outliers(crosses).

non-parametricepresentatiomswell ashybrid parametric
andnon-parametrienodels. The proposednethodcanin-
corporateprior knowledgeon clusterstructureandassign-
ment constraintsin a principled way and provides proba-
bilistic assignmentinto clusters. Whenno prior informa-
tion is availableour resultsarecomparabléo thoseof spec-
tral clustering(whichis consideredtate-of-the-arih image
segmentation).However, in casesveresomeknowledgeis
availableour methodsigni cantly out-performe®thers.
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