
Non-Parametric Probabilistic ImageSegmentation

MarcoAndreetto Lihi Zelnik-Manor PietroPerona
Departmentof ElectricalEngineering

CaliforniaInstituteof Technology
Pasadena,CA, 91125,USA

f marco, lihi, perona g@caltech.edu

Abstract

We proposea simpleprobabilistic generativemodelfor
image segmentation. Like other probabilistic algorithms
(suchasEMona Mixtureof Gaussians)theproposedmodel
is principled, providesboth hard and probabilistic cluster
assignments,aswell astheability to naturally incorporate
prior knowledge. While previousprobabilistic approaches
are restrictedto parametricmodelsof clusters (e.g., Gaus-
sians)weeliminatethis limitation. Thesuggestedapproach
doesnot make heavyassumptionson theshapeof theclus-
ters and can thushandlecomplex structures. Our experi-
mentsshowthat thesuggestedapproach outperformsprevi-
ousworkona varietyof imagesegmentationtasks.

1. Intr oduction

Imagesegmentationis ahardtaskandunsupervisedseg-
mentationoften resultsin unsatisfactoryresults. Incorpo-
rating higher level information on the imagecontentcan
signi�cantly improve thesegmentationquality. It hasbeen
shown (e.g.,[10] [2]) that whenoneknows which objects
arepresentin an image,signi�cantly improvedsegmenta-
tion resultscanbe obtained.Thesemethods,however, are
highly speci�c for segmentingfamiliar objectsin images,
anddo not generalizeto othertypesof knowledge.For ex-
ample,whensegmentinga videosequence,oneknows that
consecutive framesare highly correlatedeven when their
contentis unknown. Imagecollectionsoftensharerepeated
parts,e.g.,beachpictureswill all includewater, sand,and
sky, but thesharedpartsarenotalwaysknown a-priori. We
thusseekageneralsegmentationframework thatallowsnat-
ural incorporationof suchinformationto boostsegmenta-
tion quality.

To date,numerousclusteringalgorithmshave beenpro-
posed. We categorize theminto threebroadclasses.The
�rst consistsof non-probabilisticalgorithms, such as k-
means[1], mean-shift[3], and agglomerative methods
[4] that are basedon someuseful heuristics. When the
heuristicsmatchthedatathey performwell. For example,

k-meansprovidesgood resultswhen the datais blob-like
andtheagglomerativeapproachsucceedswhenclustersare
denseandthereis no noise. However, morecomplex data
structuressuchas thoseusually observable in typical im-
agesgenerallyresultin thefailureof thesemethods.

The secondclassconsistsof probabilistic algorithms,
that estimateexplicit parametricmodelsof the data,such
as expectationmaximizationfor �tting Gaussianmixture
models(GMM-EM) [13]. The probabilisticmethodsare
principled,however, whenthedatais arrangedin complex
andunknown shapes,asis thecasefor images,they tendto
fail.

Complex dataarehandledwell by thethird classof algo-
rithms (which hasmadethemthestate-of-the-artin image
segmentation)thatconsistsof themany variantsof spectral
factorization[8, 14, 17, 15, 21, 12]. Thesealgorithmsdo
notmakemakestrongassumptionsontheshapeof clusters,
andthusgenerallyperformbetteronimages.Unfortunately,
spectralfactorizationlacks a full probabilistic interpreta-
tion, which makes incorporationof high-level knowledge
quitedif�cult, if not impossible.

Herewe proposea generalprobabilisticframework that
allows a straightforward incorporationof varioustypesof
prior information,suchasthosedescribedabove. Thepro-
posedmethodcanhandlecomplex datastructuresanddoes
not requirerestrictingassumptionson clusterdistributions.
Furthermore,weshow thatourapproachis ageneralization
of GMM-EM thateliminatestheconstraintof usingpurely
parametricmodels,while mantainingall theadvantagesof
a full probabilisticformulation.

We startby presentinga probabilisticmodelfor cluster-
ing in Section2. We thenshow, in Section2.1, how para-
metric,non-parametricandsemi-parametricmodelscanbe
usedto representclusterdistributions. In Section2.3 we
suggesta sampling-basedtechniqueto infer theunderlying
clusterassignment.Finally, empiricalevaluationon image
segmentationwith varyinglevelsof prior knowledgeis pro-
videdin Section3.



Figure1. Basicgenerative modelfor clusterdata.

2. A Probabilistic Model for Clustering

Let x1; : : : ; xN be a set of observationsin RD gener-
atedfrom K independentprocessesf C1; : : : ; CK g. Each
processCk is describedby a densityfunction f k (x). An
observationx i is generatedin thefollowing way:

� Selectoneof theK processesCk by samplingthehid-
denvariableci accordingto somemultinomial distri-
butionp(k) with parameters� .

� Draw apointx i accordingto theprocess-speci�cprob-
ability densityfunctionf k (x).

Each observation is sampled independently. Figure 1
presentstheplatediagramof our model.

Let c� i and x � i be the set of labelsand observations
excluding point i . We assumethat given clusterassign-
mentsc� i for all but the i th point, it is possibleto ob-
tain an estimatesf̂ k (x) for the clusterdistributionsf k (x),
k = 1; : : : ; K . We canthencomputetheconditionalprob-
ability that a new point x originatedfrom eachof the K
processes:

p(ci = k j c� i ; x )

/ p(x i jci = k; x � i ; c� i )p(ci = kjc� i ; x � i )

= p(x i jci = k; x � i ; c� i )p(ci = kjc� i )

� f̂ k (x)p(ci = kjc� i ); (1)

The prior on the within-cluster distribution p(ci =
kjc� i ; x � i ) wasreducedto p(ci = kjc� i ) since,according
to themodel,if x i is unknown thentheclusterassignment
ci dependsonly on theclusterassignmentc� i of therestof
thedata. So far we have not madeany assumptionsabout
theglobalstructureof theclusters.Our only assumptionis
thatthedataeachprocessf k (x) generatestendsto cluster.

In thefollowingsectionswedescribehow theclusterdis-
tributionsf k (x) andprior p(ci = kjc� i ) aremodeled.

2.1. Modeling Cluster Distrib utions

2.1.1 A Non-Parametric Model

Whenno informationis availableon the shapeof clusters
we avoid paramtricdistributions (which would imposea
possiblyincorrectshapefor the cluster)andadopta non-
parametricapproachto estimatethe densitiesf k (x). This
is equivalentto placinga little probability “bump” around
eachdatapoint andapproximatingthe clusterdistribution
asthe(normalized)“sum” of the“bumps”.

Givena kernelfunctionK(x i ; x j ) [19] which measures
theaf�nity betweenpointsx i andx j (i.e.,how muchwebe-
lieve thetwo pointsoriginatedfrom thesameprocesswhen
all we know is their coordinatesx i andx j ) anda setof Nk

pointsdrawn from theunknown distribution f k (x), a non-
parametricdensityestimatorfor f k (x) is de�ned as:

f̂ k (x) =
1

Nk

N kX

j =1

K(x; x j ) (2)

Thekernelis chosenaccordingto what is known on the
data.A typical choicewouldbea Gaussiankernel

K � j (x; x j ) =
1

q
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j

exp

 

�
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where � j may be set accordingto local analysisas sug-
gestedin [22]. Otherkernelscanbe usedaswell. For ex-
ample,in intensitybasedimagesegmentationwemaywish
to set to zero the connectivity betweenfar away pixels to
enforcea(strong)locality of thesegmentationandto obtain
a sparseproblem.Thekernelin this casewill bea product
of aGaussiankernelandtwo “box kernels”:

K(x; x j ) = KL (r; r j )KL (s; sj )K � j (l ; l j ) (3)

wherer j ; sj aretheimagecoordinatesof thej ' th pixel and
l j is its intensity. Theboxkernelis de�ned as:KL (r; r j ) =
I (( y � y j )=2L )

2L andI (a) = 1 for jaj � 1 and0 otherwise.L
is theradiusof theboxkernelandK � j is asde�ned above.

2.1.2 Parametric Clusters

Whenit is knowna-priori thatpart(or all) of theclustersare
distributedaccordingto someparametricform oneshould
incorporatethis information.This is easilydonewithin the
proposedframework by using parametricmodelsfor the
clusterdensitiesf k (x). For example,when it is believed
thedatageneratedby oneclusteris “lumpy”, it canbe de-
scribedby aGaussiandistribution: f̂ k (x) = N (�; �) . Ran-
domoutlier pointscanberepresentedasa clusterwith uni-
form distribution: f̂ k (x) = 1

V , whereV is thevolumeof the
databoundingbox. Sincegenerallythe modelparameters



are unknown, we will estimatethem simultaneouslywith
theassignment.Note, that in thesuggestedframework the
densitiesof differentclustersare independent,thusdiffer-
entmodelscanbeusedfor each(i.e.,wecanhaveamixture
of parametricandnon-parametricclustersanda varietyof
parametricmodels).

2.1.3 Hybrid Clusters

The useof parametricmodelscanleadto goodsegmenta-
tion results,which explainsthepopularityof methodslike
GMM-EM; however, in many casessuchassumptionsare
toostrong.For example,spectralclustering(whichdoesnot
assumeany structure)outperformstheparametricmethods
in mostimagesegmentationtasks.In many casesassuming
a speci�c parametricmodelis too restrictive. For example,
aclumpcanbewell representedgloballybyaGaussianden-
sity; yet, this descriptioncouldbetoo crudeandinaccurate
locally, e.g.,if it hasa jaggedboundary.

We thus suggestusing a hybrid representationwhich
combinesa parametricand a non-parametriccomponent.
Theparametriccomponentcapturestheknown underlying
globalstructure,while thenon-parametriccomponentcap-
turesthe local deviation from it. The simplestsuchrepre-
sentationis a convex combination:

f̂ k (x) = (1 � � )
1

Nk

N kX

j =1

K(x; x j ) + �g k (x) (4)

wheregk (x) is a parametricmodel, e.g., a Gaussianor a
uniform,and� 2 [0; 1] representstherelative in�uence be-
tweenthe two terms(recall thatboth termsarenormalized
andsumto 1). In all of ourexperimentsweused� = 0:1.

2.2. Cluster probabilities

Wenext suggestanapproachto modelingtheprior prob-
abilitiesof theK processesthroughthedistribution of the
hiddenvariable� . A commonchoicefor this typeof mix-
turemodelis to assume� distributedasa Dirichlet random
variable:

(� 1; � 2; : : : ; � k ) � D ir (� 1; � 2; : : : ; � K )

Under this assumptionsthe relative size of the Dirichlet
hyper-parameters� k 's arethesuggestedratiosbetweenthe
clustersizes,while their sum

P
k � k representsthe level

of con�dence in this information. The larger
P

k � k the
strongeris thebelief in theprior aboutthesizeof theclus-
ters. Settingall � k to the samevaluesuggestsall clusters
haveequalprobability. Priorkowledgeonthedistributionof
clusterscaneasilyincorporatedby setting� k accordingly.

Following simple calculationsit is possibleto derive
the expressionfor the conditionalprior term in eq. (1) as:

p(ci = kjc� i ) = N k + � k
N � 1+

P
k � k

, whereNk is thesizeof clus-
ter k without countingobservationi , N is thetotal number
of observationsandthe� k 's arethehyperparametersof the
Dirichlet distribution for � .

Otherchoicesfor thedistributionof therandomvariable
� arepossible.Of particularinterestarenon-parametricpri-
ors suchastheChineseRestaurant Process[18], in which
thenumberof clustersis automaticallydiscovered.

2.3. Infer ence

To estimatetheposteriordistributionp(cjx ) wepropose
usingaGibbsSamper. This leadsto:

Algorithm

1. Initialize by assigningatrandomeachpixel to acluster
ci = k.

2. For eachpixel i in theimage:

a. Computethe unnormalizedprobabilities ~p(ci =
kjc� i ; x ) for all k usingEq.(1).

b. Normalize:p(ci = kjc� i ; x ) = ~p(ci = k jc � i ;x )P
k ~p(ci = k jc � i ;x )

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

d. Updatemodelparametersof f k for parametricand
hybridclusterdensities.

e. Moveto pixel i + 1.

3. RepeatStep2 until somestoppingcriterion(i.e., con-
vergence)hasbeenreached. In our experimentswe
stopafter1000iterations.

4. RepeatStep2 100 timesandcollect the hardcluster
assignmentsassamplesfor eachimagepixels.

5. For eachdata-pointits �nal clusterassignmentis taken
asthemaximuma-posterioriassignment(i.e.,themost
frequentone)out of all the collectedsamples1. As-
signmentprobabilitiesare set accordingto label fre-
quenciesin thecollectedsamples.

Replacingstep 2 with a Maximization of the likelihood
yieldsa ML estimateof theclustering.If onefurthercon-
straintsthe clustersto be parametricGaussiansthe algo-
rithm is equivalentto EM for Gaussianmixturemodel.We
have experimentedwith both options (i.e., samplingand
maximization)and found the samplingbasedapproachto
be preferable.While likelihoodmaximizationworks well
in caseswerethereis oneglobalmaxima,it caneasilyget

1If thedistributionsthatdescribetheprobabilisticmodelaresymmetric
with respectto a permutationof thelabels,we sometimesobservedtheso
calledlabel switching problem[5]. In this casewe usek-meansinsteadof
theMAP to detectcommonchangepatternsin thelabelassignments.



Input GMM-EM GMM-EM prob. Ncut Ourmethod Ourprob.

Figure2. Unsupervised imagesegmentation.Exampleresultsfromthetwo datasetsweexperimentedon. Top threeare part of the16
general picturesandthebottomoneis part of the100Egret images.Numberof clusters wassetto 8 general images,and4 for theEgrets
(all other resultsare provided in the supplementalmaterial). Themanualratingsobtainedfor the completedata-setsare presentedin
Fig. 8. Thethird andlast columnsshowassignmentprobabilities,where thecolor of pixel is a linear combinationof thesegmentmarkers
according to cluster assignmentprobabilities. The probabilities obtainedusing non-parametric representationshowsmoothgradual
transitionsbetweenclusters correspondingto thesameimage region,e.g., thesky in thetop two images.

trappedin local maximum. We have found sucha behav-
ior to behighly recurrentin caseswhereclustershapesare
complex andtheirmodelsrequireanon-parametriccompo-
nent.

3. Empirical Evaluation with Varying Levelsof
Prior Inf ormation

In the previous sectionswe proposedan unsupervised
approachto clustering.Wenext wish to evaluatetheperfor-
manceof this approach,theeaseat which prior knowledge
canbeincorporatedanditsbene�ts.Thisis doneviaaseries
of experiments,eachutilizing differenttypeof prior infor-
mation. We startwith fully unsupervisedimagesegmenta-
tion. We thenshow how small amountof partial labeling
can be easily incorporatedand how the quality of results
is boosted. We concludewith the segmentationof video
framesand imagecollections,were information is shared
acrossconsecutiveframesor similar images.

We compareour resultswith thoseof EM2 on a mix-
ture of Gaussians[1] andnormalized-cuts[22] sincethey
providea probabilisticclusteringframework andastate-of-
the-artimagesegmentationapproach,respectively. In all of
the experimentsaf�nities werecomputedusinglocal scal-
ing [22] for all af�nity basedmethods.To evaluatesegmen-
tationqualityandtocomparebetweenmethodswedesigned
a tool for manuallyratingresults.Thetool shows a human
rater the original image,aswell asall correspondingseg-

2Our experimentsshow that inferencewith EM andwith Gibbssam-
pling on a Gaussianmixture modelprovide similar segmentationresults.
Thissuggeststhattheperformanceof GMM areintrinsicof theprobailistic
modelandnotaconsequenceof theparticularinferencemethodused.

mentationresults.Theorderin which theresultsaresorted
is randomfor eachimagethustheratercannotcorrelatethe
displayedresultswith acertainalgorithm.Eachresultneeds
to beratesas“good”, “o.k.” or “bad”. All of thepresented
experimentswereevaluatedby 6 unbiasedraters.Summary
of ratingstatisticsis providedin Fig. 8.

3.1. Unsupervisedimagesegmentation

Experimentswere performedon two image data sets:
The �rst is a setof 100 imagesof Egrets[11] whereonly
imageintensitieswereusedto computeaf�nities. Thesec-
ond is a setof 16 generalcolor images(mostly of swim-
mers,sinceoneof the authorslovesswimming). Figure2
showsafew representativeimagesegmentationresults(The
resultsfor all otherimagesareprovidedin thesupplemental
material).

Figure 8 shows the rating statisticsobtainedfor both
data-sets.The performanceof EM �tting of a mixture of
Gaussians(in bothcoordinatespaceandcolorspace)areof
the lowestquality, becauseassumingimagesegmentscan
beapproximatedby Gaussiansis inaccurate.Theresultsby
normalizedcut and our suggestedapproachare compara-
ble with slight preferenceto our method.Our approach,as
well asEM, naturallyprovidessoft assignmentof pixelsto
segments(seeFigure2). Suchsoft assignmentsoftenmake
moresense,e.g., in ambiguouscaseswherethe transition
betweensegmentsis gradual. Furthermore,they provide
more information than hard decisionsdo. An attemptat
obtainingsoft assignmentsfrom normalizedcutswaspro-
posedin [6]. Their approachlacks, however, a complete
probabilisticinterpretation.



(a) (b) (c) (d)
Figure3. Partial Labeling. A typical resultof intensitybasedim-
age segmentationinto 2 clusters (out of a 100imagesin theEgret
setof [11]). (a) Original image (b) GMM-EM clustering(c) Nor-
malizedcuts(d) Our resultwith partial labeling. Boundarypixels
were constrainedto thebackgroundcluster.

Figure4. Partial Labeling, comparisonwith GrabCut. Left: in-
put image. Right: Our segmentationresult,obtainedby manually
labelingpart of theimage asbackground(similar to [16]).

3.2. Partial Labeling

While ourgeneralframework is unsupervised,somepar-
tial informationon the assignmentof points to clustersis
often available. Suchinformationcanbe provided in one
of threeforms:partiallabeling,“must-link” constraintsand
“cannot-link” constraints.We next exploreall three.

Partial assignmentof points to clustersis equivalentto
having observedthe labelsof someof the(usuallyhidden)
randomvariablesci of themodel.Suchtypeof constraints
arethusincorporatedby �xing thecorrespondingobserved
labelsci during the inferenceprocesson the model (de-
scribedin Section2.3). This leadsto amorestablesolution
andfasterconvergence.Figure3 shows how minimal par-
tial labelingcansigni�cantly improve imagesegmentation
results. The segmentationsobtainedby our methodareof
higherqualitythanthoseof GMM-EM (usingthesamecon-
straints).Comparisonto spectralfactorizationis impossible
sincelabelscannotbe�x ed.Wethuscompareourresultsto
thoseof graph-cutsmethods.Graph-cuts[16] aresomewhat
similar in spirit to spectralfactorizationbut requiresigni�-
cantuserinteractionandarethusgenerallyof lessinterest
to us. Figure4 shows our approachprovidescomparable
resultsto thoseof Rotheret. al [16] whenthesameamount
of userinterventionis utilized.

Constraintswhichforcepointsto residein thesameclus-
ter (“must-link”) canbe incorporatedby estimatingthe la-
belsof thosepoints jointly. This correspondsto a modi�-

cationof the model of Fig. 1 wherean edge(conditional
dependence)is addedbetweentheconstrainedpoints. The
“cannot-link” constraintscan(in theory)beincorporated,in
a similar manner, by estimatingthe labelsfor thesepoints
jointly while enforcingexclusion. While in our inference
methodthis is easily achievable if the “cannot-link” con-
straintsinvolve only pairsof separatedpoints,it is dif�cult
to considerexclusion dependenciesover a larger number
of points,sincethenumberof possibleassignmentswould
grow exponentially.

Incorporatinglabeling constraints(of any type) is not
trivial in non-probabilisticmethodssuchasspectralcluster-
ing. Yu andShi [20] showed how “must-link” constraints
onpairsof pointscanbeincorporated,albeitwith somead-
ditional computationalcost. It hasnot beenshown how to
incorporate“cannot-link” constraintsor partial labelingin
spectralclustering.

3.3. Temporal coherencein videos

In the previous sectionswe evaluatedperformancein
theunsupervisedandpartially supervisedcases.But other
typesof prior informationareoften available. In this sec-
tion we examinesegmentationof video frames. Adjacent
video framesareknown to be highly correlatedregardless
of their content. In this sectionwe show how this canbe
incorporatedinto oursegmentationframework andimprove
segmentationquality. A relatedideawasproposedby Jo-
jic andFrey [7] who separatedvideo framesinto layered
sprites.Their underlyingassumptionwasthatall layersare
sharedamongthevideoframesandeachlayercanundergo
only limited transformationssuchastranslationandocclu-
sion. This doesnot apply to generalvideoswerethecam-
eramovessigni�cantly, resultingin largechangesin back-
ground,aswell ascomplex motion of articulatedobjects,
suchas humanbodies,which imply large changesin ap-
pearanceandshapeacrossvideo frames.We thuspropose
an approachthat assumescoherenceonly acrossconsecu-
tive framesandnot throughoutthesequence.

Pixel-level segmentationof videosequencesis ahighdi-
mensionalproblem,sincethedata-setsizeequalstheoverall
numberof pixels. Therefore,onehasto resortto segment-
ing separatelysmallportionsof thevideo. We will assume
herethevideoportionsareindividual frames.This canre-
sult in asetof independentsegmentationsevenfor consecu-
tiveframeswhicharehighlycorrelated.Toobtainaglobally
consistentsegmentationoneneedsto enforcespatiotempo-
ral coherenceacrossframes.This canbedoneby �rst seg-
mentingeachframeindependentlyandafterwardsmatching
segmentsacrossframes.Alternatively, coherencecouldbe
enforceddirectly during the segmentationtask. The latter
is impossiblefor methodslikespectralclustering,whichdo
notallow incorporatingprior information.

On the contrary, our framework is particularlysuitable



Figure5. Video sequencesegmentation.Top: Frames218,280,282,284,286,and329out of a 343 framelong video. Middle: Ncut
segmentationresults.Bottom:Our resultwhileenforcingspatiotemporal coherenceacrossframesis signi�cantly better, seealsoFig. 8 for
statisticsof manualrating. Thecompletevideoaswell asresultson a differentvideoare providedin thesupplementalmaterial.

for this purpose.We segmentvideosframe-by-framewhile
propagatinginformation from one frame to the next. We
initialize thesegmentationof eachframewith thesegmenta-
tion resultof thepreviousframe.Sinceconsecutive frames
arehighly correlatedthis on its own speeds-upthecompu-
tation(by reducingthenumberof iterationsof thesampler)
andpromotesmoreconsistentresults. Furthermore,since
our clusteringprovidesclusterassignmentprobabilitiesfor
eachpixel, we detecthigh con�dencepixels and �x their
labelsfor someiterations.Thisconstrainsthesegmentation
of eachframeto behighly similar to thatof its predecessor.
We thenreleasethelabelsof all pixelsandcollectsamples.
Thisprocedurelocalizesslowly changingpartsof thevideo,
suchasthebackground,andreducesthecomputationalcost
by speedingupconvergence.Following is ashortsummary
of theproposedvideosegmentationapproach:

1. Segment the �rst frame of the sequenceand obtain
clusterassignmentprobabilitiesfor eachpixel.

2. For all theremainingframesf = 2; : : : ; F :

a. For frame f � 1, computethe con�dence R i of
segmentassignmentof the i ' th pixel as: R i =
(p(ci = kv jx ) � p(ci = kw jx )=p(ci = kv jx )
wherep(ci = kv jx ) andp(ci = kw jx ) are the
highestand the secondhighestcluster assign-
mentprobabilitiesfor pixel i .

b. Initialize the samplerfor framef with clusteras-
signmentandcon�denceweightsof framef � 1.

c. Run thesamplerfor N1 iterationswhile �xing the
labelsof thehighcon�dencepixels,R i > 0:9.

d. Run the samplerfor further N1 iterationswith all
labelsfreeto change,andcollectsamples.

e. Setclusterassignmentof framef asMAP estimator
andkeepclusterassignmentprobabilities.

Eventhoughthis is a verysimpleway to imposetempo-
ral coherencealgorithmit still show thathigher-level infor-
mationcansigni�cantly improve the quality of segmenta-
tion. Using morecomplex (possiblyprobabilistic)models
for the motion of the object in the video is likely to fur-
ther improve thesegmentationresults. Figure5 compares
theresultsof theproposedapproachwith thoseof normal-
ized cuts with post-segmentationsegmentmatching. The
segmentationobtainedby normalizedcuts is inconsistent
acrossframes. Our methodsigni�cantly outperformsboth
normalizedcutsandGMM-EM3 andreturnsvideosegmen-
tationsthat areboth of high quality andconsistentacross
frames(i.e. thesameobjectis consistentlyassignedto the
samecluster, denotedby samecolor, throughoutthewhole
videosequences).For sanitycheck,we alsocomparedseg-
mentationresultsof our methodwith andwithout tempo-
ral coherence.Using temporalcoherencesigni�cantly im-
provedthesegmentationquality. Resultsareomitteddueto
lack of space.Pleasereferto supplementalmaterialfor the
completevideosequenceaswell asothervideos.

3.4. Part sharing in imagecollections

In videos,consecutive framesare known to be highly
correlated.A lessconstrainedscenariois that of segment-
ing imagesof acollectionwhereimagesareknown to share
parts. For example,a collection can be a set of faceim-
ageswith varyingbackground,seeFigure7. Althoughthe
picturesaregenerallydifferent,all of themshow a person's
facein theforeground.Wenext show how utilizing thiscan
improve segmentationquality aswell asprovide coherent

3The GMM-EM model we usefor comparisonin our experimentis
closelyrelatedto the modelof Khan andShah[9], with the main differ-
encethatnoinformationof localvelocityis usedin theclustering.Theseg-
mentationobtainedby GMM-EM in our comparisonsis consistentacross
framesbut is of poorqualitydueto complex shapesof thesegments.



resultswherethedistinctionbetweenforegroundandback-
groundis consistent.

Onecanaddressthis problemin a numberof ways. We
choseasimplesolution,asourgoalis to show theversatility
of our approachandthe easeat which it canbe tunedfor
speci�c tasks.

Givena collectionof F images,whereall imagesshow
a face(of differentsubjects)with varyingbackground,our
goal is to obtain foreground/background segmentationof
each,aswell asto identify thesharedforeground(i.e., the
face). The naive solution would be to segmenteachim-
ageindependentlyinto two partsandthenmatchsegments
to identify theforeground.Instead,we simultaneouslyseg-
mentall theimagesin thecollectionusingthehybrid-model
describedSec.2.1.3 to representeachsegment. We then
enforceone clusterto shareinformation from all the im-
ages.That is, the global part of its distribution f k is esti-
matedby gatheringinformationfrom all thepixelsassigned
to theclusterin all the images.For all theothersegments
theglobal term is computedusingonly the informationof
the correspondingimage. The local term of eachsegment
(sharedor not) is independentfor eachimage.Note,thatwe
do not tell the systemwhich part is to be shared.Instead,
this emergesautomaticallyas the mostconsistentpart, in
appearanceandaverageposition,acrossimages.In theim-
agecollectionwe experimentedwith imagesshareonly the
face,while thebackgroundvariessigni�cantly, thustheface
emergesasthesharedpart.

Figure 7 comparesresults of foreground/background
segmentationwith andwithout part sharing. As expected,
enforcingcoherenceacrossimagesresultsboth in consis-
tentlyassigningthepersonto theforegroundaswell asim-
proving thequalityof segmentation.

3.5. Noisydata

As was discussedin Section2.1, a bene�t of the pro-
posedframework is that differentmodelscanbe usedfor
clusterdensities.Figure6 presentsan examplewherethis
becomesuseful.Thedatacontainsthreespiralclustersand
randomoutlier points. Clearly, �tting a mixture of Gaus-
sianswill not work on suchdata.Usingnormalizedcutsto
segmentinto threeclustersdiscoversthedensespiral clus-
ters but the outliers are arbitrarily assignedto the closest
spiral. Switchingto 4 clusterssplitsoneof thespirals.Ap-
plying thesuggestedprobabilisticapproachwith threenon-
parametricclustersandoneparametricwith a uniform dis-
tribution resultsin discoveringthethreespiralsandcollect-
ing all theoutliersinto theuniform distributioncluster.

4. Discussionand Conclusions

Wehavepresentedaprincipledprobabilisticapproachto
clusteringthatcanhandlecomplex clustershapesby usinga

(a) (b)

(c) (d)
Figure6. Noisy data. (a) Input. (b) Segmentationby normalized
cuts using 3 clusters: the outliers are arbitrarly assignedto the
3 clusters. (c) Segmentationby normalizedcuts into 4 clusters:
evenwith anadditionalclustertheoutliersareassignedto themain
clustersandoneof the threeclustersis randomlysplit. (d) Our
segmentation:using a parametric(uniform) distribution for one
clusterresultsin correctly identifying the threeclustersand the
outliers(crosses).

non-parametricrepresentationaswell ashybrid parametric
andnon-parametricmodels.The proposedmethodcanin-
corporateprior knowledgeon clusterstructureandassign-
ment constraintsin a principled way andprovidesproba-
bilistic assignmentinto clusters. Whenno prior informa-
tion is availableourresultsarecomparableto thoseof spec-
tral clustering(whichis consideredstate-of-the-artin image
segmentation).However, in casesweresomeknowledgeis
availableourmethodsigni�cantly out-performesothers.
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