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Object-basedVideoSegmentation
with RegionLabeling

IoannisPatras

Abstract

In this dissertationwe proposethreemethodsfor object-basedsegmentationof image
sequences.In all threeof them,a fine initial intensityor color segmentationprovides
a setof segmentswhicharesubsequentlylabeledaccordingto statisticalmodelsof the
objects’properties.We illustratethe advantagesof suchan approachin termsof ro-
bustness,localizationaccuracy andcomputationalcomplexity. Thefirst two methods
assumethat the kinematicbehavior of the objectsin the scenecanbe describedwith
parametricmotion models. The first methodproposesa two-stageapproach:in the
first stagethe parametersof the motion modelsareestimatedfrom an independently
estimatedmotionfield with a clusteringschemethatincorporatesmotion-specificcon-
fidencemeasuresandtechniquesinspiredfrom robust statistics.In the secondstage,
the intensitysegmentsare labeledaccordingto a modelingof the distribution of the
motion-compensatedintensitydifferencesundertheextractedmotionmodelsandthe
Markov RandomField modelingof thelabelfield. Cliquesaredefinedbetweeninten-
sity segmentsanda three-frameapproachis adoptedin orderto dealwith occlusions.
Thesecondmethodexpressesthespatialandtemporalconstraintsof thelabelingprob-
lem in a singleframework andestimatesjointly the label field andthe parametersof
themotionmodelsby maximizingthea posterioriprobabilityof thelabelfield. Spatial
andtemporalconstraintson thelabelfield areexpressedin theMarkov RandomField
framework anda three-frameapproachis adoptedin orderto dealwith occlusions.We
show that a numberof pixel-basedmethodscanbe expressedasspecialcasesof the
secondmethodandhow the latter canbe extendedto incorporatesoft labelingdeci-
sions.Thethird methodproposesa semi-automaticapproachin which the labelingis
basedonthemodelingof thelocalcolorandmotionstatisticalpropertiesof theobjects.
A user-assistedcolor segmentationprovidesan initialization of the label field for the
first frameof the sequence,while for the restof the sequencean initialization of the
parametersof the modelsis provided by a motion-basedprojectionoperationin the
previous frame. The labelingcriterion is the maximizationof the joint probability of
thelabelfield andtheobservedcolor andmotionpropertiesandis performedin terms
of thestatisticalrepresentationsof thepropertiesof thecolor segments.
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Chapter 1

Intr oduction

Boostedby technologicaladvancesin theareaof communicationsandcomputerengi-
neering,therehasbeenanexplosionin theamountof thedistributedvisualinformation
in thelastdecade.Digital videoandtheexpectedfusionof television andinternetser-
vices only intensify this trend. This fact and the applicationsthat are continuously
emerging advocatethe needfor the developmentof a wide rangeof methodsfor dis-
tributing andprocessingtheavailablevisualinformation.

Object-basedsegmentationof imagesequences,the areain which this thesisbe-
longs,is oneof the issuesthatoftenarisein the world of videoprocessingandcom-
munications.The goal is the decompositionof a scenein the objectsthat constitute
it. Sucha decompositionis providedin termsof thepartitioningof eachframeof the
sequenceinto a numberof disjoint regionseachof which is assigneda label which
denoteswhich object is depictedin it1. Sucha labeling representseachobjectasa
distinctspatio-temporalentitywithin theimagesequence.

By partitioningeachframeinto segmentsthatcorrespondto meaningfulobjects,an
object-basedrepresentationof a scenecanbe obtained.Oncea partition is available,
visual informationcanbecoded,deliveredandviewedin termsof its actualcontents.
This is a stepforward from the classicaltelevision paradigmthat hasdominatedthe
world of visualcommunicationsup to now andin which thevisual informationis rep-
resentedasa sequenceof rectangularframes. In that direction,an effort towardsan
internationalstandardwhich supportsan object-basedrepresentationof audiovisual
informationwaslaunchedby the Moving PictureExpertsGroup(MPEG) [69]. The
applicationsthatcanbenefitfrom sucha semanticallymeaningfulobject-basedrepre-
sentationarenumerous.Let usmentionheretwo examples:
 In thecontext of theMPEG-4[70] [71] supportedapplications,userinteraction

with the actualcontentsof the visual informationcanbe achieved in a better,
moremeaningfulandeasymanner. In particularnew, content-basedfunctionali-
tiessuchasareobject-dependentcodingqualityor objectmanipulationfor video
editingcannow bedeveloped.Theformercanbeof importancefor examplein

1Unlessexplicitly statedotherwise,theterm region is usedlooselythroughoutthethesisto denotea set
of spatiallyconnectedpixels
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video conferencingapplications,wherea reductionin the requiredbandwidth
canbe achieved by a higherquality codingonly of regionsdepictingthe face
andthehands.On theotherhand,videoediting,which up to now requiredthat
theanalysisis performedattheuser’send,canbenow reducedto thebuilt of user
interfacesfor themanipulationof thealreadyexistingobjectentities.By thetime
this thesiswaswritten, suchsystemswerealreadycommerciallyavailable(e.g.
[26]).
 In the context of MPEG-7[72] [73], applicationsthat revolve aroundretrieval
of multimediamaterialin very largedistributeddatabasescanbenefitfrom such
an object-basedrepresentation.The reasonis that sucha representationoffers
alreadya semanticalorganizationof the data(althoughdependingon the ap-
plication domainthe contentsmay vary significantly). By attachingMPEG-7
descriptorsto theobjects,weessentiallydescribethescenein termsof theprop-
ertiesof the objectsthataredepictedin. This bringscloseruserquerieswhich
areformulatedin termsof theobjectpropertiesto theactualdescription.

Let us note that both MPEG-4andMPEG-7standardscarefully avoid standard-
ization of the analysisprocessandthe encoder’s side. In relationto the object-based
representationthatMPEG-4proposes,thatmeansthatnostandardexistsfor extracting
the objectsin the scene.On the onehandthis is becauseby standardizingonly the
minimumamountthatguaranteesinteroperability, thereis roomleft for competitionon
theanalysisside.On theotherhand,thegeneralityof a standardfor object-basedseg-
mentationwould inevitably beseriouslylimited. Thereasonbehindthatis thatthereis
ambiguityat thesemanticallevel in thedefinitionof theproblem.To bemorespecific,
what the resultof an object-basedsegmentationschemeshouldbe, is a questionthat
canbeansweredin many ways. In thenext section,we will briefly discussthe issues
relatedto thethisambiguity. Thetypesof answersthatwegivewill positionthemeth-
odsthatweredevelopedin thisdissertationin thefield of object-basedsegmentationof
imagesequences.

1.1 Statementof the problem

In orderto formulatemethodswhichdecomposeavideosequenceinto theobjectsthat
aredepictedin it, formal definitionsof what constitutesan objectarenecessary. For
humans,this task is directly connectedwith the cognitive processesinvolved in the
actionof seeing.As Parmenidesnoted,“What is, is identicalto thethoughtsof theone
whorecognizeswhat it is” 2 [84]. In this line of thinking, a semanticaldecomposition
of a scenerequireshuman-like reasoningabout its contents. However, human-like
reasoningaboutthe contentsof the sceneandits incorporationin an artificial vision
systemis far from realization.

Currentapproachesto circumventtheproblemattemptformulationsthatarebased
on somegroupingbasedon propertiesextractedfrom the visual data. The goal is to
bridgethegapbetweenthesemanticalinterpretationof thesceneby ahumanuserand

2 �
�����������
�
�����������������
��� �
�"!��#�#�����$�#�



1.1Statementof the problem 3

low level featuressuchascolor andmotion that canbe automaticallyextractedfrom
theimagesequence.Two generaldirectionsexist, dependingontheamountof a priori
informationthat is availableaboutthe contentsof the scene.In the first, information
aboutthedomainis a priori available,for examplefaces[86], humanbodyandhand
motion[39] or somemedicalapplications.In suchcases,domain-specificmodelscan
be employed and the labeling formulatedas datafitting into the model in question.
As an alternative, moregeneral-purposemodelscanbe employed,whoseparameters
aretrainedon datafrom the domainin question[8]. In both cases,the utilization of
the a priori knowledgesimplifiesthe problemsignificantly. On the otherhand,such
approachesareinherentlyrestrictedto the domainfor which the modelsof the scene
werespecifiedandtrained.

This thesisfalls in the secondcategory of the approaches,which attempta more
generaltreatmentof theproblem.In theapproachesof this category thesegmentation
is basedon homogeneityassumptionson low-level featuressuchascolor, textureand
motion. Modelsof the spatiotemporallocalizationof the objects,of the distribution
of their propertiesand/orof the temporalevolution of thesemodelsare commonly
employedasusefulconstraints.Thefundamentaldifferencebetweenthesemodelsand
the domain-specificmodelsemployed by the approachesof the first category is the
generalityof theconstraintsthatareimposedon theobjects’properties.

In the methodsof this seconddirectionmotion provedto beoneof the mostsuc-
cessfulpropertiesfor segmentationpurposes.The reasonis thatmotioncancarry in-
formationabouttheshape,thedepthandthephysicalconnectivity of theobjectsin the
scene.Thesearedirectly connectedto thephysicalpropertiesof theobjectswhich are
depictedin theimagesequenceandespeciallythelasttwo canprovidestrongevidence
for the discriminationin differentobjects. Let us noteherethat for the purposesof
object-basedsegmentationanexplicit andaccurateextractionof suchinformation(e.g.
shapeor depth)carriedin theapparentmotionfield is not necessary.

Sucha motion-basedapproachis adoptedin the first two of the threemethods
developedin thisdissertation.Thelabelingis formulatedasagroupingbasedonprop-
ertiesthatarederivedfrom thevisualdataandmotioninformationplaysthedominant
role. A parametricmodelfor themotiontogetherwith aspatialmodelof thelabelfield
provide the formal constraintsfor the definition of an object. Looselyspeaking,the
underlyingassumptionis thatanobjectis anentity suchthat:
 Its kinematiccharacteristics3 aredescribedby a parametricmodelof relatively

low order. In our caseanaffinemodelimpliesrigidity assumptions.
 Its localization3 is compact.

In addition,the secondmethodadoptsa temporalmodelfor the label field, that is, it
implicitly imposescoherency in the way that the localizationof eachobjectchanges
over time.

Oneof the most importantissuesin the field of object-basedsegmentationis the
trade-off betweenthe generalityof the assumedmodelsandthe degreeof userinter-
actionor initializations. Fromthis perspective, thefirst two of theproposedmethods

3Wereferto thetwo-dimensionalobjectprojectionsontheimageandnotto thethree-dimensionalobjects
in thephysicalworld
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fall in the mediumgenerality/ limited interactionend(fig. 1.1). As far asgenerality
is concerned,theglobalaffine parametricmodelsthatareadoptedby bothcanbetoo
restrictive in thecaseof, for example,humanmotion. Furthermore,dependingon the
applicationandthe userthe goalof the segmentationmayvary. Theassumptionthat
a decompositionof thescenebasedon thekinematicbehavior of thedepictedobjects
is possiblemight no longerhold true, thusothersourcesof informationsuchascolor
and/ortexture shouldbe alsoused. The adoptionof global modelsfor suchproper-
tiesis in generalmorerestrictive thanin thecaseof motion. Furthermore,objectsthat
aresemanticallymeaningfulmightnotexhibit aglobalhomogeneityin theirproperties
and/ordiscontinuitiesmightbedifficult to bedetected.

specific
Domain

models

Global
affine
models

Local
models

Model generality

Chapters 3,4

Chapter 5

D
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e 
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Figure1.1: Tradeoff betweengeneralityanduserinteraction.

For all of thesereasonsthe third of the proposedmethodsadoptsmore general
modelsandtransferssomeof the difficulty of the problemto the uservia an interac-
tion phase.Looselyspeaking,anobjectis consideredasanentity whichexhibits local
homogeneityin its color andmotioncharacteristics,it is locally compactin its local-
izationandits localizationchangescoherentlyovertime. In thismethod,thesemantics
aboutthecontentsof thesceneareintroducedin a userinteractionphasein which the
modelsof the objectsareinitialized. Conceptually, suchan approachbearssimilari-
tieswith methodsthat train theparametersof a rathergeneralmodelwith datafrom a
specificdomain.

1.2 Major contributions and organizationof the disser-
tation

The relationof our approachesto othermethodsin the field will becomeapparentin
chapter2, wherewe conciselyreview relatedworks. Let us noteherethat common
issuesthatarisein theareaareon theonehandthereliability of theextractedproper-
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tieson which thegroupingis basedandon theother, the localizationaccuracy of the
labeling. In orderto dealwith both problemswe usedan initial partitioningof each
frameinto intensity(or color) segmentsin all of thethreeapproaches.Thepartitionis
obtainedusingamethodwhichoperateson thegradientof theintensityor thecolor of
eachframe.Undertheassumptionthateachof theresultingintensity(color)segments
coversanareabelongingto a singleobject,propertiesareextractedper intensityseg-
mentandthelabelingis performedat intensitysegmentlevel. Thisoffersthefollowing
advantagesovermethodsthatlabeleachpixel separately:

Reduction of computational complexity Thedimensionalityof theproblemisgreatly
reduced,sinceamuchsmallernumberof sitesneedto belabeled.

RobustnessPropertiesextractedfrom an intensity segmentare in generalmore re-
liable thanpropertiesextractedfrom singlepixels. Especiallywhenmotion is
takeninto consideration,moreevidenceexistsfor determiningthekinematicbe-
havior of anintensitysegmentthanthebehavior of asinglepixel.

Localization accuracy Undertheassumptionthat intensity(color)discontinuitiesare
necessaryconditionsfor objectdiscontinuities,intensity(color)-basedevidence
is very usefulbecauseof its very goodlocalizationproperties.An initial inten-
sity(color)segmentationintroducessuchinformationin averyearlystage.

By this schemewe definethefollowing hierarchy, which we adoptthroughoutthe
dissertation.At thelowerlevel therearepixels, atanintermediatelevel intensity(color)
segmentsandat thehigherlevel objects.Thetermregionwill beusedratherlooselyin
thecontext of thisdissertationto referto a(usually)spatiallyconnectedsetof pixelsor
intensitysegments.For theremainderof thethesis,unlessexplicitly statedotherwise,
the termsegmentationwill refer to the initial intensity(color)segmentationprocedure
while the term labeling will be usedto refer to theprocessof assigningobjectlabels
to theintensity(color)segments.A pictorial representationof thishierarchyis givenin
fig. 1.2.

Theremainderof thedissertationis organizedasfollows. In chapter2 weconcisely
describethe proposedmethodsandpositionour methodsin the relatedliterature. In
chapter3 we presentthe first of the proposedmethods.We proposea sequentialap-
proachin whichtheestimationof thekinematicbehavior of theobjectsandthemotion-
basedlabelingof theintensitysegmentsareperformedin subsequentstages.Themain
contributionsof thischaptercanbesummarizedasfollows:
 we develop a confidencemeasurefor the motion field estimatedby a Block

Matchingmotionestimator. TheBlock Matchingmotionestimatoris expressed
in the probabilisticframework andthe confidencemeasureis derived in terms
of thea posterioriprobabilityof themotionvector. Theestimationof theconfi-
dencemeasureis incorporatedin theestimationschemeof theBlock Matching
motionestimationandintroducesnegligible additionalcomputationalcost.
 we proposea robust clusteringmethodwhich simultaneouslyestimatesthe pa-
rametersof a known numberof modelsthatdescribethe motion of the objects
in thescene.RobustM-estimatorsandmotion-specificconfidencemeasuresare
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Intensity(color)

segment level

Pixel level

Object level

Labeling

Intensity(color)
segmentation

Figure1.2: Hierarchyadoptedby theproposedmethods.

employed in the regressionphaseand intensity segmentsare usedasprimary
elements.
 we model the label field as a Markov RandomField, wherethe sitesare the
intensitysegments.In comparisonwith otherapproachesthatusepixelsassites,
thisapproachreducesthecomputationalcomplexity andmakesthelabelingmore
robust.

In chapter4 we presentthesecondof theproposedmethods.We proposeanapproach
in which the kinematicbehavior of the objectsin the sceneand the labeling of the
intensitysegmentsarejointly estimated.Themaincontributionsof this chaptercanbe
summarizedasfollows:
 we expressthe labeling problemin the Markov RandomField - Maximum A

posterioriProbabilityframework in whichtheintensitysegmentsthatresultfrom
an independentintensity segmentationphaseare usedas sites. A numberof
iterative methodswherethe Markov RandomField is definedover pixel sites
canbeformulatedasspecialcasesof this method.Theformulationaddressesin
a singleframework thefollowing issues:

– impositionof spatialandtemporalconstraintson thelabelfield

– treatmentof occlusions
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– utilization of intensity-basedevidenceto supportthe detectionof motion
discontinuities
 we proposeanoptimizationmethodfor thejoint estimationof theparametersof

themotionmodelsandthe labelfield thatmaximizesthea posterioriprobabil-
ity of the labelfield. The three-frameapproachthatwasadoptedintroducesan
intermediatedirectionalfield in theproposediterativerelaxationmethod.

In chapter5 we presentthe third of the proposedmethods. We proposea semi-
automaticmethodin which the objectsthat the useroutlinesat the first frameof the
imagesequencein an interactionphaseare modeledand tracked for the rest of the
imagesequence.Themaincontributionsof thischaptercanbesummarizedasfollows:
 we proposea modelingof the local color and motion statisticalpropertiesof

the objects. The region of supportof eachlocal model is adaptedto the local
characteristicsof theindependentcolor segmentation.
 weproposeanoptimizationmethodfor themaximizationof thejoint probability
of thelabelfield andtheobservedcolorandmotionproperties.Theoptimization
is performedin termsof thestatisticalpropertiesof thecolorsegments.

In chapter6 conclusionsaredrawn andopenissuesarediscussed.In thesamechapter
we attempta critical discussionon thedesignchoicesthatwe havemadeaswell ason
someof the alternative choices.Finally, appendixD givesa shortdescriptionof the
syntheticsequencesthathavebeenused.
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Chapter 2

RelatedWork

In thepreviouschapterwe gave anintroductionto thefield of object-basedsegmenta-
tion of imagesequences.In this chapterwe attempta review of relatedworks in the
literaturein orderto positionourwork in thefield. Thechapteris organizedasfollows.
In section2.1we give a shortdescriptionof theproposedmethodsandthemotivation
behindthedevelopmentof eachone. Subsequently, we give anoverview of themost
relatedworks organizedin threesections,eachonecorrespondingto oneof the pro-
posedmethods.In eachsectiona review of the relatedworks from the prism of the
correspondingmethodrevealsits advantagesandlimitations.

More specifically, in section2.2 we conciselyreview indirect motion-basedseg-
mentationmethods,thatis, methodsfor motion-basedsegmentationthatdependon an
independentlyestimatedmotion field. In section2.3 we review methodsfor motion-
basedsegmentationwhich, to a higheror lower extent, couplethe motion estimation
andthe labelingproblem. Finally, in section2.4,we review works thatallow objects
with non-rigidmotionpatterns.

2.1 Overview of the ProposedMethods

Thefirst two of theproposedmethodsattempta motion-baseddecompositionof each
frame of the sequence,underthe assumptionsthat the numberof objectsis known
and that the motion of eachobject canbe describedby an affine parametricmodel.
Thismodelimposesrigidity constraintson thekinematicbehavior of theobjectsin the
scene.

Thefirst of theproposedmethodsfalls in ageneralcategoryof methodswhich rely
on anindependentlyestimatedmotionfield. We proposetheseparationof theproblem
into two subsequentphases:themotion hypothesesextractionphaseandthe labeling
phase.In themotionestimationphase,firstamotionfield is estimatedusingahierarchi-
cal blockmatchingmotion-estimationscheme.A robustclusteringtechniqueis devel-
opedin orderto estimatetheparametersof theaffine modelsthatdescribethemotion
of eachobject.Thesetof theestimatedparametersserveasasetof motionhypotheses
describingthekinematicbehavior of theobjectsin thescene.In thelabelingphase,an
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objectlabel is assignedto eachof theintensitysegments.Thelabelingis expressedas
anoptimizationproblemundertheassumptionsthatthemotion-compensatedintensity
differencefollowsaLaplaciandistributionandthatthea priori probabilityof thelabel
field is a Gibbsdistribution. Thelatterimpliesthata Markov RandomField is defined
over thegraphwhosenodesarethe intensitysegmentsthatareextractedin the initial
intensitysegmentationphase.A deterministiciterative optimizationmethodprovides
thefinal solution.

The motivation behindthe developmentof sucha methodis to provide the first
of the estimatedlabel fields. In the motion estimationphasewe addressthe issueof
thesimultaneousestimationof multiple motionhypothesesfrom aninaccuratemotion
field by the developmentof confidencemeasuresand robust clusteringmethods. In
the labelingphase,in contrastto mostof themethodsin the literaturethatdependon
a pre-estimatedmotionfield, we proposeto useasevidencethe motion-compensated
intensitydifferencesundertheextractedmotionhypothesesandnot themotionresid-
ual. In this way we achievemuchhigherlocalizationaccuracy andwith a three-frame
approachwe dealin a simpleandefficient way with occlusions.Finally, theMarkov
RandomField modelingof the label field imposesspatialconstraintswhich inhibit
labelfieldswith isolatedintensitysegments.

Thesecondof theproposedmethodsattemptsto solve jointly themotionhypothe-
sesextractionandthelabelingproblem.Thenotionof Markov RandomFields(MRF)
is usedin order to expressspatialandtemporalconstraintsat the level of the initial
intensitysegments.The criterion is the maximizationof the conditionala posteriori
probability(MAP) of thelabelfield giventhemotionhypotheses,theestimationof the
label field in the previous frameandthe imageintensities.The equivalencebetween
theMarkov RandomFieldsandtheGibbsdistribution is exploitedandthe labelingis
formulatedasanoptimizationproblemwith respectto themotionparametersandthe
labelfield itself. For theoptimizationwe proposea methodwhich reducesthecorre-
spondingobjective function in an iterative way with respectto themotionparameters
andthe labelfield. In theoptimizationwith respectto themotionparameters(motion
estimationphase) theestimationis performedat segmentlevel, that,is a setof param-
etersis estimatedfor thecollectionof intensitysegmentsthatcompriseanobject.The
estimationis constrainedby the intensityconservationprinciple andby the temporal
coherency of the labelfield. In theoptimizationwith respectto the labelfield (label-
ing phase) anobjectlabel is assignedto eachof the intensitysegments.The labeling
is constrainedby the intensityconservationprincipleandthespatialandtemporalco-
herency of the labelfield. A three-frameapproachis developedin orderto dealwith
occlusions.

Themotivationbehindthesecondof theproposedmethodsis to couplein a single
framework theinterdependentproblemsof motionestimationandmotion-basedlabel-
ing. The motion estimation/ motion-basedlabeling is formulatedasa well-defined
optimizationproblemwhereeachcomponentis modeledby a probabilitydistribution.
The proposedmethodaddressesin a single framework classicalissuesraisedin the
field. More specificallytheimpositionof spatialandtemporalconstraintson thelabel
field, treatmentof motionocclusionsandincorporationof intensityevidencefor object
boundaries.A numberof iterativemethodswheretheMarkov RandomField is defined
overpixel-sitescanbeformulatedasspecialcasesof theproposedmethod.
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Thethird of the investigatedmethodsattemptsto dealwith morecomplex objects
that arenot necessarilycharacterizedonly by their motion behavior. The goal is the
developmentof a methodcapableof segmentingcomplex scenesinto objectswhose
colorandmotionattributesvary. Sincethereis notauniquewayof definingasegmen-
tation into objectsthat arenot homogeneousin their attributes(e.g. variousmotion
andcolor patterns)userinteractionis utilized. For thefirst frameof thesequenceuser
scribblesareusedto obtainthefirst labelfield andbuilt adescriptionof thelocalstatis-
tical propertiesof theobjects.Subsequently, thelabelfield is trackedfor therestof the
sequence.The labelingis basedon a probabilisticclassificationof the segmentsthat
resultfrom theinitial color segmentationscheme.It is assumedthat thedataat points
insidethesamecolor segmentis generatedby thesameprocess;thatprocessis mod-
eledasamultivariateGaussian.Theconditionalprobabilityof motionandcolor given
thelabelfield, in awindow aroundthecenterof eachsegmentis modeledasamixture
of multivariateGaussians,eachonegeneratedby a differentobject.Theclassification
criterion is the maximizationof the joint probability of the label field andthe obser-
vationswith respectto the labelfield. For themaximizationof the joint probabilitya
deterministiciterative local searchalgorithmis developed.

The motivation behindthe third approachis to overcomethe rigidity assumption
of theprevioustwo methodsanddealwith morecomplex scenes.A local modelingof
thedistribution andthea priori probabilityof eachobjectcanrepresentobjectswhich
exhibit variationsin their motion, color andspatialcharacteristics.Furthermore,the
assumptionthat the dataat points insidethe samecolor segmentis generatedby the
sameprocessallows to expressthe local objectdistributionsasfunctionsof thecolor
segments’statisticalrepresentationsandto performtheclassificationat color segment
level.

2.2 Indir ect Methods for Motion-BasedSegmentation

Extensivework hasbeenconductedin thefield of motion-basedsegmentationof image
sequences.From the prism of the first of the proposedmethodswe concentrateon
approacheswhich dependon anindependentlyestimatedmotionfield. Dependingon
whetheror not they utilize intensity-basedevidencefor thelabelingwe divide themin
two maincategories(fig. 2.1). Unlessexplicitly stated,all of thereviewedmethodsin
thissectionassumethatthemotionpatternsof theobjectsin thescenecanbedescribed
by parametricmotionmodels.

Thefirst category consistsof methodsthatattempta segmentationof an indepen-
dentlyestimatedmotionfield disregardingintensity-basedevidenceof anobjectedge.
Borshukov et al. [17] aswell asWangandAdelson[113] estimatethe affine motion
parametersof rectangularblocksandmergethemaccordingto a distancefunctionde-
finedin theparameterspace.A thresholdin themotionresidualdeterminesthereliable
blocksandthemergingprocedureis terminatedby athresholdin thedistancefunction.
The dominantmotion estimation/ outlier detectionparadigmis adopted[4], wherea
thresholdin thelabelingphasedetermineswhich motionvectorsfollow thedominant-
motion hypothesis.In a similar approachWangandAdelson[113] mergethe blocks
applyinga C-meansalgorithmin theparameterspace.Both of theapproachesdepend
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Figure2.1: Indirectmethodsfor motion-basedsegmentationdividedbasedonwhether
or not they utilize intensityinformationin thelabelingphase.

on theparametricrepresentationsof eachof theblocks,whichcanbequitesensitive to
noise.Furthermore,thedependenceof themethodof WangandAdelson[113] on the
accuracy of the estimatedmotion field seemsquite high sinceno attemptto increase
therobustnessof theC-Meansalgorithmis made.NitsuwatandJin [80] [81] robustify
the classicalC-Meansalgorithmby usingfuzzy clusteringtechniques[28]. In [80] a
clusteringin parameterspaceby a fuzzy C-prototypesalgorithm[36] is followedby a
clustermergingphase.Thelatteris drivenby arobustclustersimilarity measurewhich
is definedin termsof thedegreesof membershipof themotionvectorsunderthemo-
tion hypothesesthat the clusterin questionareassociatedwith. The methodexhibits
thedrawbacksof [113] asfarastheparametricrepresentationsof blocksareconsidered
and,furthermore,seemsto producerather“noisy” label fields. On the otherhand,in
principle,theuseof robustclusteringmethodsincreasestheaccuracy of theestimated
motionhypotheses.

ChoiandKim [24] proposeamultistagesegmentationof adenseopticalflow field,
whereat eachstagedifferentmotion-basedmerging criteria areapplied. Under the
assumptionof a staticcameraa changedetectionmapis estimatedin a preprocessing
phase.In a framework inspiredby theorieson evolution, Huanget al. [48] propose
theuseof ageneticpartitioningalgorithmfor thesegmentationof anopticalflow field.
Themotionfield is obtainedby a point-correspondencealgorithm.Eachchromosome
is a binary partition of the optical flow field suchthat it representsthe region that
supportsonemotionhypothesis.Crossoverandmutationoperatorsaretrivially defined
on the partitions. A self-adaptionoperatorwhich correspondsto a combinedrobust
motion estimation/ classificationstepis usedto re-estimatethe region of supportof
the motion hypothesisassociatedwith the chromosome.The ability of the genetic
algorithmto simultaneouslyencodea numberof motionhypothesesandtheuseof the
binarypartitionmapsseemto robustify theestimationof theparametersof themotion
models.On theotherhand,themethodis computationallyexpensive if it is appliedto
adensemotionfield. Finally, resultsarereportedonly in termsof theestimatedmotion
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parameters.
Noneof theabovementionedmethodsmodelthelabelfield in orderto enforcespa-

tial constraints.In contrast,MurrayandBuxton[74] modelthelabelfield asaMarkov
RandomFieldandexpressthelabelingproblemasanoptimizationproblemin termsof
the conditionala posteriori probabilityof the label field givenan independentlyesti-
matedopticalflow field. Spatiotemporalcliquesaredefinedandastochasticrelaxation
method[53] is employedasanoptimizationmean.TheMarkov RandomField model-
ing introducesusefulspatialandtemporalconstraintsin thelabelfield but theproposed
optimizationschemeis computationallyintensive.

Themethodsreviewedsofar proposea labelingdependingsolelyon theinforma-
tion carriedin an independentlyestimatedmotion field and thereforehave a serious
drawback: the accuracy of the labelingdependsheavily on the accuracy of the esti-
matedmotionfield. The introductionof spatialandtemporalconstraints[74] reduces
the problemin areaswithin the objectsbut is of limited assistanceat objectborders.
The reasonis thatat objectbordersa) the estimatedmotion field is highly unreliable
andb) spatialconstraintscanbeappliedfrom eitherdirectionof theborder. That is, a
bandof uncertaintyexistsat motion discontinuitiesandtherethe labelingis likely to
fail. Thewidth of thebanddependson themotionestimationschemeandin methods
thatemploy ablockasaregionof supportit is roughlyequalto theblocksize.In cases
that themotiondiscontinuityis suchthatanocclusionis generatedin thedirectionin
which themotionfield is estimated(e.g.backward)thewidth of suchabandis roughly
equalto themotionmagnitude.In imagesequencesthatcontainlargemotionactivity
thatis aseriousdrawback.

In orderto increasethelocalizationaccuracy, anumberof methodshavebeenpro-
posedthat attemptto utilize intensity information in combinationwith an indepen-
dently estimatedmotion field. In the multivaluedmathematicalmorphologyframe-
work, Gu [45] adoptsa hierarchicalschemein which at eachlevel theanalysisis per-
formedonthemotionresidualbetweenthemodelingat thehigherlevel andthemotion
field. Markersaredeclaredatflat areaswith respectto themotionresidualandawater-
shedalgorithmprovidesthe labelfield at thecurrentlevel. Affine parametricmodels
arethenusedto modelthemotionresidualfor eachof theresultingregions.In orderto
increasethelocalizationaccuracy, heintroducesafinal stagewherehelabelssegments
that resultfrom an independentintensitysegmentationphasewith thedominantlabel
in the intensitysegmentin question.Sincea motion boundaryusuallyseparatestwo
objects,the underlyingassumptionis that the majority of the motion vectorswithin
theintensitysegmentin questionarecorrectlylabeled.MansouriandKonrad[62] for-
mulatethe labelingproblemasthatof region competitionandsolve it usingthe level
setmethodology[99]. A numberof parametricmotion hypothesesareestimatedby
clusteringa sparsemotion field. A groupingthat is basedon theassumptionthat the
distancebetweenthefeaturesof themodel-basedprojectionsof apairof pixelsshould
be very similar to the distancebetweenthe featuresof the pair of pixels themselves
providesan initialization of the procedure.A C-meansclusteringrefinesthe estima-
tion of themotionparameters.Theequationsgoverningtheevolution of thecontours
aredefinedin termsof thedifferencesin themotion-compensatedintensitydifferences
that aregeneratedby eachof the competingmotion hypothesesandthe contourcur-
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vatures.Looselyspeaking,thebetterthe imageintensitiesareexplainedby a motion
hypothesis(comparedto the competingmotion hypotheses),the higherthe speedfor
the evolution of the contourof the motion hypothesisin question. Although the C-
Meansalgorithmis not robustified,theuseof a morereliablesparsemotionfield and
thefactthat theclusteringis not performedin theparameterspacecanleadto a rather
reliableestimationof the motion hypotheses(subjectto the initialization procedure).
Finally, Altunbasaket al. [3] extract themotionhypothesesby C-Meansclusteringof
a densemotionfield. This is followedby a procedurewhich iteratesbetweena classi-
ficationandanestimationphase.In theclassificationphasecolorsegmentsarelabeled
accordingto themotion-compensatedintensitydifference.In theestimationphasethe
motionparametersarere-estimatedbasedon the labeling. Althoughthe iterative pro-
cedureis supposedto improvetheestimationof themotionparameters,convergenceis
not guaranteedsincethe two stagesminimizedifferentobjective functions.A thresh-
old in themotion-compensatedintensitydifferenceis usedto rejectunreliablemotion
vectors.

Basedon theabove classificationthefirst of theproposedmethodsis mostrelated
to thesecondcategory of approaches.Like MansouriandKonrad[62] we claim that
themotionparametersof multiplemotionhypothesescanbeaccuratelyextractedfrom
a pre-estimatedmotion field. Our motion hypothesisextraction is similar to the C-
meansclusteringof Altunbasaket al. [3]. However, we incorporaterobustestimation
methodsin theclusteringprocedure(e.g. [80]) andwe drasticallyreducethecompu-
tationalcomplexity by estimatingmatricesthat give in closedform the mean-square
motion residualof an intensitysegment. Furthermore,we proposea new confidence
measurewhich hasa probabilisticinterpretationgiven the motion estimatorthat was
usedanddoesnot needany user-definedparameter. We proposea Markov Random
Field modelingof the label field that combinesthe advantagesof [74] and [45] by
adoptingintensitysegmentsassites. Finally, in contrastto all reviewedmethods,we
usea three-frameapproachin orderto dealwith occlusions.

2.3 Dir ectMethods for Motion-BasedSegmentation

Motion information is oneof the main elementsthat areusedfor segmentingvideo
sequences.However, extracting andcoupling motion information with the labeling
processis by no meansa trivial task[109]. For theestimationof motion,spatialcon-
straintsneedto beimposedin a form of a supportregionwherethemotionis assumed
eitherto besmoothor to follow aparametricmodel.In general,if theregionof support
is arbitrarily chosenthenthemotionestimatewill deteriorateeitherbecausethesingle
motion assumptionwithin the region is violatedor becausethe texture patternis too
low to constrainsufficiently the estimation.From the labelingpoint of view inaccu-
ratelyestimatedmotioninformationleadsto inaccuratelabelingresults.Furthermore,
in themotion-basedsegmentationframework issueslike theocclusionsandthetempo-
ral coherency of the label field needto beaddressed.The formerconcernsareasthat
appearor disappearfrom thescenedueto motion.Hence,informationabouttheir tem-
poralbehavior is limited or evenabsent.Thelatterprovidesusefulconstraintsbetween
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thekinematicbehavior of theobjectsandtheir localizationin consecutiveframes.
A numberof methodsfor performingmotion-basedsegmentationhave beenpro-

posedover the lastdecade.In the framework of the secondof the proposedmethods
we will concentrateon five categoriesof approaches(fig. 2.2). To the first category
belongmethodswhich simultaneouslyestimatethemotion informationandits region
of support. Dependingon if the label field is explicitly defined,temporalandspa-
tial constraintsare imposedeither on motion and/oron the label field itself. In the
following four categorieswe classifymethodsthat combinean initial intensity seg-
mentationwith motion information. First, top-down approacheswhich arebasedon
the dominant-motion-estimation/ outlier-detectionparadigmaredescribed.Second,
we review methodsin which a region-mergingprocessis drivenby motion-baseddis-
tancemeasures.Third, wepresentmethodsthatutilize aninitial intensitysegmentation
in orderto incorporatespatialconstraintsin theExpectationMaximizationframework.
Finally, methodsthatcombinetheMarkov RandomFieldmodelingwith aninitial seg-
mentationarepresented.

sequence
Image

extraction and
Motion hypothesis

Labeling

Intensity segmentation

Pixel-based methods
(first category)

intensity segmentation
Methods that use an

(second to fifth category)

Figure2.2: Direct methodsfor motion-basedsegmentation.

In thefirst category we begin with methodsthatattemptto overcometheisotropic
smoothingthat theHorn-Schunckalgorithm[47] imposes.Theseapproachesareori-
entedto theregularizationof themotionestimationin sucha way thatdiscontinuities
in the motion field arepreserved. Black andAnandan[14] proposethe useof robust
statisticsfor the detectionof outliers both in the optical flow constraintand in the
regularizationterm in an attemptto obtainpiecewise smoothmotion fields. In their
work thediscontinuitiesareexpressedin termsof themotionfield itself, while Nagel
[76][77] introducesanorientedsmoothnessconstraint, which suppressesthesmooth-
ing in the directionof the local intensitygradient. In otherworksa line process[42]
is usedin order to explicitly model the motion discontinuities. KonradandDubois
[55] model the motion and the discontinuityfields as a pair of coupledMRFs and
minimizetheresultingenergy functionby meansof stochasticrelaxation.Identifying
theneedto exploit intensitydiscontinuitiesto detectmotiondiscontinuities,they pro-
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posea potentialfunctionfor theline field which dependson thelocal imagegradient.
However, in all of the above-mentionedmethodsthe aim is the estimationof motion
informationratherthanthemotion-basedsegmentation.A labelfield is not explicitly
definedandshouldbe extractedin a later stepfrom the discontinuitiesin the motion
field. Furthermore,temporalconstraintsarenot addressedin any of thesemethods.
Stiller [104] explicitly modelsthe label field, the occlusionand the motion fields as
MRFs. In this way spatialandtemporalconstraintsareintroduced.However he still
usesmotion discontinuitiesasthe meansfor detectingthe bordersof the objectsand
doesnot constrainthe motion field with parametricmodels.Furthermorethe cliques
in theMRF formulationaredefinedover thepixelswhich resultsin a computationally
intensiveoptimizationprocess.An iterativeschemefor motionestimationandlabeling
is proposedby Changetal. [23]. ThelabelandthemotionfieldsaremodeledasMRFs
andthedensemotionfield is additionallyconstrainedby multiple parametricmodels.
Temporalcoherency issuesarenot addressedhowever, andthe MRF cliquesarestill
definedat pixel level. BouthemyandFrancois[18] in theMarkovian framework pro-
poseamethodfor motion-basedsegmentationof imagesequencesbasedonparametric
motionfields. Thecliquesaredefinedover 2x2 blocksandnot over pixels. However,
suchan arbitraryinitial decompositionmight violate objectbordersandprovidesro-
bustnessonly to suchan extent that the imagestructurein the block disambiguates
the motion constraints.Furthermore,the neighborhoodstructurefor the definition of
cliquesis not affectedin comparisonto pixel-basedapproaches;in bothcasesthey are
definedon a regular lattice. Finally, the temporalconstraintsarenot incorporatedin
theoptimizationprocedurebut aremerelyusedin theinitialization phase.

A numberof methodshave beendevelopedwhich utilize aninitial intensitybased
partitionto constrainthelabelfield (fig. 2.3). In thisframeworkhierarchicalapproaches
[35][31] identify independentlymoving objectsascollectionsof segmentsthatdo not
conformto theestimatedparametricdominantmotion. Diehl [31] validatesthedom-
inant motion hypothesisindependentlyper segmentwhile Fabletet al.[35] explicitly
expressthe spatialinteractionsbetweenthe segmentsby a MRF modelingof the la-
bel field. Thesetop-down approachesare facedwith the problemof estimatingthe
dominantmotion in the presenceof multiple independentmotion patterns. Further-
more,they imposeanartificial hierarchyin determiningthe motioncharacteristicsof
the objectsandmay lead to situationswhereoutlier segmentsdo not belongto any
object[67]. On theotherhandtheMarkov RandomFieldmodelingwhichFabletetal.
propose,althoughit doesnot addressthetemporalconsistency of the labelfield, once
presentedwith areliablemotionestimationcanmakeuseof averyfine initial partition
andaccuratelyrecover themotionboundaries.

In thethird categoryof approachesaparametricmotionmodelis estimatedonseg-
mentbasisand the motion parametersaresubsequentlyusedto group the segments
into regionswith coherentmotionbehavior. Dufauxet al. [34] estimatethemotionof
eachsegmentusingamatchingtechnique[68] whichsearchesdirectly in theparameter
space.A k-medoidclustering[51] in theparameterspacegroupssegmentswith similar
motion. A clusteringapproachin the parameterspaceis alsoproposedby Wangand
Adelson[113] but thatapproachis sensitive to theerrorsin theparametricrepresenta-
tion [2]. Moschenietal. [67] andWang[112] performregionmerginganddynamically
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(a) (b) (c)

Figure2.3: Threeapproachesto themotion-basedsegmentationproblem:(a) thetop-
down approach(secondcategory), (b) thebottom-upapproach(third category)and(c)
theregion-competitionapproach(fourthandfifth category)

updatethecorrespondingRegionAdjacency Graph(RAG).Theintensitysegmentation
is merelyusedfor initializationof regions.Moschenidefinesspatiotemporalsimilarity
measuresbasedon statisticaltestsbetweenthenodesof theRAG, while Wangdefines
a motion-baseddistancewhich relieson themotion-compensatederrorbeforeandaf-
ter the merging. However, in bothmethodsthe merging is irreversibleandthe initial
parametricmotion estimations,which areperformedindependentlyper segment,can
be unreliabledependingon the size and the local imagestructurein the segments.
Moscheniusesthesamemotionestimationschemeasin [68], which involvescompen-
sationof the cameramotion,while Wangperformsa Least-Squaresregressionon an
independentlyestimatedblock-basedmotionfield.

In thefourthcategoryof approachesbelongmethodsthatutilize spatialand/ortem-
poralconstraintsin theEM framework. BradyandO’Connor[19] in theExpectation
stepestimatethe conditionalprobabilitiesof the label of eachpixel by adjustingthe
a priori probabilitiesof the labelsin a so-calledcontextual step. Thesecontextually
adjustedpriors areestimatedaccordingto spatialconstraintsderived from an initial
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intensitysegmentationandaccordingto temporalconstraintsderivedfrom aprediction
of the label field. Their formulation favors the labelingwith the samelabel of pix-
els within the sameintensitysegment,but no spatialconstraintsareappliedbetween
neighboringsegments.In theMaximizationstepa hardclassificationis assumed,that
is eachpixel is consideredto belabeledwith a single“object” label. WeissandAdel-
son[115] assumethat the pixelswithin the sameintensitysegmentaregeneratedby
the sameprocessandestimatethe a posteriori probabilitiesin the Expectationstep
by summingthe deviationsfrom the modelpredictionfor all pixels within the same
intensitysegment.Their formulationaddressesneithertemporalcoherency issuesnor
spatialconstraintsbetweenpixels in neighboringsegments.Furthermore,bothof the
worksadopta two-frameapproachanddo not addressissuesrelatedto occlusions.

Finally, thereareanumberof methodswhichcombinetheMRF modelingof thela-
belfield with aninitial intensitysegmentation.KonradandDang[54] definecliquesat
pixel level but in theoptimizationproceduremergingsonsegmentlevel areconsidered.
Sincein theMRF energy formulationnodistinctionis madebetweensegmentsandre-
gions,theinitial intensitysegmentationis usedonly asaninitialization of theregions.
Furthermore,in theoptimizationthemergingsareirreversible.GelgonandBouthemy
[40] proposeamodelingusingMarkov RandomFieldsby consideringcliquesbetween
adjacentsegments. The potentialof a two-segmentclique is a function of the dis-
crepancy betweentheirparametricmotionfieldsandageometrical“compacityfactor”,
which is a functionof thelengthof thecommonborderandthedistancebetweentheir
centersof gravity. Althoughthediscrepancy betweentheparametricfields is a better
dissimilarity measurethan the distancein the parameterspace,the methoddepends
on theassumptionthatthelocal imagestructurewithin eachsegmentsufficiently con-
strainsa reliablemotionestimation.In [41] anextensionof their methodis presented,
in which a term which favors a low numberof labelsis addedto the formulation. In
both of [40] and[41] the motion estimationis performedindependentlyper segment
andthetemporalconstraintsareintroducedonly in aninitializationphasein which the
labelfield of thecurrentframeis predictedfrom the labelfield of thepreviousframe.
However, in [41], themotionparametersthatareusedfor theinitialization of thelabel
field areestimatedfor eachof thecollectionsof segmentsthatconstituteanobject.

In termsof theabove classificationthesecondof theproposedmethodsis mostly
relatedto themethodsof thefirst andfifth category in thecasesthat the labelfield is
explicitly modeledasa MRF. Our work canbe regardedasan extensionof methods
thatdefinecliquesatpixel level in theMarkovianframeworkandadoptanoptimization
procedurewhich jointly estimatesthe motion andthe segmentationfield. We exploit
the ability of suchapproachesto incorporatethe spatialand temporalconstraintsin
the optimizationprocedure.However, by definingcliqueson segmentlevel we pro-
vide tighterconstraintsfor thelabelingandreducethedimensionalityof theproblem.
The initial intensitysegmentationgroupstogetherpixels in which the low degreeof
textureimpliesinadequateinformationabouttheir temporalbehavior. Thesesegments
aremorereliableentitiesthanpixelswhenusedasprimary elementsfor the labeling
problem. The relationof our approachto existing pixel-basedmethodswill become
moreapparentoncethemodelingandtheoptimizationprocedurehavebeendescribed.
In orderto make this relationmoreclear, in appendix4 we will presentthe degener-
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atecasewherethe segmentsthat resultfrom the initial segmentationcontaina single
pixel. Wewill show thatin thatcasethesecondof theproposedmethodsreducesto an
approachthatfalls in thefirst category.

Finally, of all themethodsthatutilize aninitial intensitysegmentation,thework of
Gelgon[35] [41] [40] is relatedmostto our proposal.However, his way of combin-
ing themotion informationwith the labelingis quitedifferent. Thedominantmotion
estimation/ outlier detectionparadigmwhich is adoptedin [35] hastheshortcomings
of thehierarchicalapproaches.In [41] and[40] motionis estimatedindependentlyper
segment.Estimatingmotionparameterspersegmentrequiressufficient local intensity
structure,whichoftenimpliesthatthesizeof segmentshouldberatherlarge.In search
for sufficient texturetheinitial intensitysegmentationmethodmightviolatesignificant
borders.In our approacha region-basedmotionestimationis employed. Themotion
estimationis constrainedby the intensitypatternof thewhole region andby the tem-
poral coherency of the labelfield. Thereforeit is not crucial if someof thesegments
do not provide sufficient constraints.Theensembleof theconstraintsin thewholere-
gion is what determinestheaccuracy of the motion estimation.Furthermore,in both
[41] and[40] the temporalconstraintsare introducedonly in the initialization phase
for thepredictionof theinitial labelfield. In comparisonourapproachincorporatesthe
temporalconstraintsin theoptimizationprocedureitself.

2.4 Tracking of non-rigid objects

Fromtheprismof thethird of theproposedmethodswewill conciselyreview methods
thatallow objectswith non-rigidmotion patterns.We will concentrateon threemain
categoriesof methods(fig. 2.4). To the first category belongmethodsthat track a
non parametriccontourof the object. To the secondcategory belongmethodswhich
attempta parametriccontourtracking. Finally to the third category belongmethods
which modelstatisticallythe propertiesof the regionsthat correspondto eachof the
objectsthatarepresentin thescene.

To thefirst category of approacheswe classifytheworksof NguyenandWorring
[79] andParagiosandDeriche[89]. Thelatteremploysageodesiccontourmodel[21]
in orderto trackobjectsin a staticbackground.Their approachseemsto exhibit good
localizationpropertiesandrobustness,but it is notstraightforwardhow to overcomethe
assumptionof astaticcamera.NguyenandWorringadoptanapproachin whichthelo-
calizationof thecontourfor thecurrentframeis drivenby aminimizationof anenergy
generatedfrom threedifferentsources;amotion-basedpredictionof thecontourbased
on theestimatedcontourin thepreviousframe,anedgemapestimatedfor thecurrent
frameand(possibly)an internalenergy term imposingcontoursmoothness.In order
to dealwith clutter, they suppressthe backgroundedges.The latter aredetectedby
examiningwhethertheir motionfollow theparametricmotionmodelthat is estimated
for the trackedobject. Their methodseemsto track very well small andfast-moving
objects,but mightnot besorobustin presenceof non-rigidmotion.Thereasonfor the
latter is thata parametricmotionmodelis usedfor thecontourpredictionandfor the
suppressionof thebackgroundedges.

A numberof trackingalgorithmsaredevelopedbasedon parametrizedrepresenta-
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Figure2.4:Contour-based(first andsecondcategory)andregion-based(third category)
methodsfor objectswith non-rigidkinematicbehavior.

tionsof theshapeand/orof themotionof thetrackedobjects[49] [106] [94] [16]. A
parametricrepresentationof the shapehasthe advantagethat the trackingcanbe ex-
pressedasanestimationproblemwith respectto theparametersof therepresentation.
In thatframework temporalstabilitycanbeimposedby theadoptionof amodelfor the
evolution of the statesassociatedwith the parametricrepresentation.Furthermorein
thecasethata priori knowledgeof thedomainis available[59], robustnessandaccu-
racy canbeincreasedby theadoptionof specificmodels(e.g.for humans[50] or hands
[95]). On theotherhand,theadoptedmodelsusuallycaptureglobalshapeproperties
andmightbesensitive to changesin thecontourtopology.

Finally, in thethird categoryof approachesbelongmethodsin which thelabelfield
is determinedbasedon theunderlyingdistribution thatdescribesthedataof eachob-
ject [85] [22] [82] [107]. Suchworks originatefrom researchconductedin the area
of stochasticmodel-basedimagesegmentation(e.g. [120] [87] [42] [29]). Usually,
parametricprobabilitydensityfunctionsareassumedwhoseparametersareeitherob-
tainedfrom training setsor, in moreelaborateschemes,areestimatedin an iterative
segmentation-estimationscheme.

ParagiosandTziritas [90] andAyer [6] areexamplesof methodsin which theob-
serveddatais modeledasa mixtureof unimodaldistributions(e.g. [107] [115] [116]
[19]). ParagiosandTziritascompensatefor thecameramotionwith adominantmotion
estimatorandmodelthedisplacedframedifferenceasamixtureof two Laplacianscor-
respondingto thestaticandto themobileassumption,respectively. Spatialconstraints
areimposedbymodelingthelabelfieldasaMarkov RandomField. Ayerassumespara-
metricmotionmodelsfor aknown numberof objectsandadoptsaGaussianmodelfor
thedistributionof themotion-compensatedintensitydifferencesfor eachobject.In the
ExpectationMaximizationframework hetreatsthemotion-compensatedintensitydif-



2.4Tracking of non-rigid objects 21

ferencesastheobserved dataandthelabelfield asthehidden data.Suchapproaches
basedon the statisticsof the motion-compensatedintensitydifferencesimplicitly or
explicitly requirea globalmotionmodel,eitherfor thebackgroundand/orfor theob-
jectspresentin thescene.In theformercase,theassumptionthata numberof objects
movein front of astatic(or rigidly moving background)maybeviolated(or thedomi-
nantmotionestimationmayfail). In thelattercase,a globalparametricmotionmodel
imposesrigidity assumptions.

In the mixture decompositionframework a numberof methodshave beendevel-
opedin which multivariatemultimodaldistributionshave beenusedin orderto model
thestatisticalpropertiesof complex objects[85] [22] [82]. Oliver et al. modelwith a
mixture of multivariateGaussiansthe color (in normalizedRGB space)andposition
propertiesof the faceand the backgroundin a facial-expressionrecognitionsystem.
Prior knowledgeis incorporatedby estimatingtheparametersof the“f aceGaussians”
from a trainingset.Thederivedmodeladaptively modifiesits parametersby anonline
versionof theExpectationMaximizationalgorithmateachframe.Thelabelfield is ob-
tainedusingthemaximuma posterioriprobabilitycriterion,oncetheparametersof the
modelsareestimated.ChalomalsoutilizestheExpectationMaximizationalgorithmin
the statisticalmodelingframework. In his work the motion andcolor propertiesof
eachobjectaremodeledasa mixture of multivariateGaussians.The numberof the
modesandtheparametersof theGaussiansfor thefirst frameareobtainedby applying
theExpectationMaximizationalgorithmontrainingdataobtainedby auserinteraction
phase.Thetrainingdatafor eachof theobjectsareprovidedatpixelsmarkedby auser-
definedscribble. Oncethe parametersof the Gaussiansareestimateda classification
of eachpixel accordingto theMaximumLikelihoodprincipleprovidesthe labelfield
for thecurrentframe.A motion-basedprojectionof the“training-scribble”of thecur-
rent frameinto the next frame,providesthe “training-scribble”on which themixture
parametersfor theobjectin questionwill beestimatedin thenext frame. In anexten-
sionof thework of Chalom,O’Connoret al. [82] updatethestochasticmodelof each
objectin thesceneby iteratively applyingtheExpectationMaximizationalgorithmat
eachframe.In theirwork no temporaltrackingwasperformed.

In termsof theabove classification,our methodis closerto theapproachesof the
third categoryandin particulartheworksof Oliveretal. [85] andChalom[22]. In both
a mixturemodelis usedfor representingthestatisticalpropertiesof theobjects.Since
a priori knowledge,andthereforetraining data,of the domainis not available([85])
we adopta userinteractionphasewith scribblesasin [22]. In contrastto [22] we do
not estimatethestatisticalpropertiesof theobjectsonly on theuserscribbles.Instead,
weusetheuserscribblesasmarkersin acolorwatershedsegmentation[65] [64] [100]
and the statisticalpropertiesof the objectsareestimatedon the resultinglabel field.
Furthermore,similarly to [82], we iteratively updatetheobjects’modelsiteratively at
eachframeby minimizing a well-definedprobabilisticmeasure.In contrastto [82] we
addressthetemporalaspectof thelabelfield by defininganinitializationof theobjects’
modelsbasedon a motion-compensatedprojection.Finally, in our approachthelabel-
ing is basedonaprobabilisticclassificationof segmentsthatresultfrom aninitial color
segmentationandnotof pixelsasin all above-mentionedmethods.Weassumethatthe
dataat pointsinsidethesame“color segment” is generatedby thesameprocess.This
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allows us to expressthe local objectdistributionsasfunctionsof the color segments’
statisticalrepresentationsandperformthe classificationat a segmentlevel. This re-
ducesthecomputationalcostandintroducesspatialconstraintsthatinhibit noisylabel
fieldswith isolatedpixels.Furthermore,aclassificationatsegmentlevel is morerobust
thanthat at pixel level, sincefeatureslike motion andcolor characteristicsaremore
reliablyestimatedfor acolor segmentthanfor a singlepixel. This holdsespeciallyfor
motionwhereerroneousestimationsatproblematicareasarequitecommon.



Chapter 3

SequentialMotion Estimation
and Segmentation

In thischapterwepresentamethodfor motion-basedsegmentationof imagesequences
underthe assumptionthat the numberof theobjectsis known andthat the motion of
eachobjectcanbe describedby an affine parametricmodel1. A two-stageapproach
is adopted,wherethemotionestimationandthelabelingareperformedin subsequent
stages(fig. 3.1). In the first stagea setof motion hypothesesis extractedandin the
secondstagesegmentsthatareextractedin anintensitysegmentationphasearelabeled
accordingto motion-basedpropertiesanda modelof thelabelfield.

Θ

Motion estimation

segmentation
Intensity

STAGE 1 STAGE 2
(Motion Hypothesis Extraction) (Labeling)

Motion
hypotheses

Frame t+1

Frame t

Frame t-1

Clustering
intensity segments

Labeling of

Label
field L

Figure3.1: Outlineof thesequentialapproach

1A preliminaryversionof this work appearsin [91]
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More specifically, in the motion hypothesesextractionstage(Stage1 in fig. 3.1)
a motionfield is estimatedusinga hierarchicalblock-matchingalgorithm. A cluster-
ing into a known numberof affine modelsprovidesthe hypothesesof the kinematic
behavior of theobjectsin thescene.Thegoal is theaccurateextractionof theparam-
etersof theaffine motionmodelsgiventhat theestimatedmotionfield is boundto be
inaccurate.In orderto dealwith the inaccuraciesin thedensemotionfield, we devel-
opeda clusteringmethodwhich usesrobuststatisticsandmotion-specificconfidence
measures.

In thelabelingphase(Stage2 in fig. 3.1)eachof thesegmentsthatresultfrom the
intensitysegmentationphaseis givenanobjectlabelaccordingto themotionhypothe-
sisto which it conforms.Thepropertyusedto quantifythedegreeof conformityof the
motionof an intensitysegmentwith eachof theextractedmotionhypothesesis based
onthemotion-compensatedintensitydifferencesdefinedoverthepixelsof thesegment.
A zero-meanLaplaciandistributionis usedto modelthemotion-compensatedintensity
differencesfor eachobject.Furthermore,amodelof thelabelfield itself is developedin
orderto enforceits spatialhomogeneity. To encouragespatialhomogeneitywe model
thelabelfield asa Markov RandomField wherecliquesaredefinedaspairsof neigh-
boring intensitysegments.With this modelingthe labelingproblemis transformedin
a well-definedoptimizationproblem,wherethe objective is the maximizationof the
conditionala posterioriprobabilityof thelabelfield giventhemotionhypotheses.An
iterativedeterministicrelaxationalgorithmis usedto solve theoptimizationproblem.

The remainderof the chapteris organizedasfollows. In section3.1 we describe
the initial intensitysegmentationalgorithmandin section3.2 we presentthe motion
hypothesesextractionstage.Section3.3 describesmodelingthe conditionala poste-
riori probabilityof thelabelfield giventhemotionhypotheses.Finally, in section3.4
conclusionsaredrawn.

3.1 Intensity segmentation

At the lower level of the proposedmethod(fig. 3.1) an intensitysegmentationalgo-
rithm is appliedon the current frame. We aim for conservative partitioning of the
currentframe, suchthat significantobject boundariesare not violated. That is, we
favor oversegmentationsincethe proposedmethodis not ableto recover from initial
undersegmentationby splitting a segmentthatdoesnot entirelybelongto a singleob-
ject. Although the choiceof the intensity segmentationmethodis not restrictive to
the generalityof our approachwe favor methodswhich considerthe intensitygradi-
entratherthanclusteringapproaches.For its low computationalcomplexity andgood
edgelocalizationaccuracy weusethewatershedsegmentationalgorithm[12]. A filter-
ing with morphologicaloperators[101] with asmall( %'&�% ) structuringelementis used
for a nonlinearsmoothingof the currentframe. Oncethe noiselevel is reducedthe
morphologicalgradientis estimatedandsegmentmarkersareextractedasareaswhere
thegradientis lower thana threshold(fig. 3.2). Thefloodingproceduredescribedby
Vincent[110] providesthefinal partition.

The thresholdfor themarker extractionis a user-specifiedpredictionof theupper
thresholdfor thegradientwithin eachobject.Theunderlyingassumptionis thatwithin
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Figure3.2: Initial intensitysegmentationin the1-D case

eachsignificantobjectexistsanareathat is smoothenoughso that thegradientmag-
nitude is lower than the threshold. Edgeswith gradientmagnitudesmallerthan the
thresholdarenot preserved.It shouldbenotedthatthethresholdis not directly related
with theamountof texturewithin asegment.During thefloodingprocedureasegment
will encapsulatesomeof thepixelswhich lie betweenits markerandthemarkerof the
neighboringsegmentandhaveahighergradientmagnitudethanthethreshold(fig. 3.2).

The proposedintensitysegmentationmethodhasbeenusedthroughoutthe thesis
andexperimentalresultsarepresentedin thecorrespondingsections.In general,it ex-
hibitedgoodlocalizationaccuracy for awidevarietyof imagesequences.Herewewill
presentresultsfor theimagesequences“train” and“sunflowergarden”,thelatterserv-
ing asanexampleof its limitations.Theoriginal frameandthecorrespondingintensity
segmentationfor the“train” sequencearedepictedin fig. 3.3. This figure illustratesa
typical initial segmentationobtainedfor theimagesequencesusedin this dissertation.
Althoughthelocalizationaccuracy cannotbeeasilyobserveddueto thesevereoverseg-
mentation,it will becomeapparentwhentheintensitysegmentsarelabeledaccording
to theirmotioncharacteristics.

Figure3.3: 10thframeandthewatershedsegmentationfor the“train” sequence

As any intensitysegmentationalgorithm, the proposedmethodcannotguarantee
thatall of theobjectedgeswill bepreserved. Besidestheobviouscasewheretheob-
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ject edgedoesnot coincidewith an intensityedge,theproposedmethodalsofails for
very thin andelongatedobjects.Thereasonis that,althoughsmall,themorphological
operatorsthatareusedfor the estimationof the gradientindicatehigh gradientmag-
nitudeand thereforeno marker is setwithin suchobjects. An exampleis shown in
fig. 3.4,wherewepresentthe10thframeandthecorrespondingintensitysegmentation
for the“sunflower garden”sequence.Themethodoperateswell for thetrunk andthe
largebranchesof thetreebut, asexpected,mergesthethin brancheswith thesky.

Figure 3.4: 10th frame and the watershedsegmentationfor the “sunflower garden”
sequence

Oncethe intensitysegmentsareextracteda Region Adjacency Graph(RAG) can
bebuilt to expresstheneighborhoodrelationsbetweenthem. Let usdefinethemath-
ematicalnotationthatwill beusedfor the restof thethesis.We denotewith (
)+*,).-/ �102030547698 the setof watershedsegments,with ��� the setof pixels in the watershed
segment ) andwith :;�=<9>�?A@CB thecorrespondingRAG. Thesetof nodes> is theset
of watershedsegmentsand @ thesetof edgesthatconnectneighboringsegments.Let
usalsodenotewith DE� thesetof neighborsof segment ) .DE�F�G(
)�HI*J<9)K?�)3HLBM-N@O8 (3.1)

3.2 Motion HypothesisExtraction

In this stage,the goal is the extractionof a setof hypothesesaboutthekinematicbe-
haviors of theobjectsin thescene.In orderto do sowe needto addressthefollowing
issues

1. Whatis a “motion hypothesis”.

2. Which featuresareused.

3. Whatis theestimationtechnique.

Thefirst issueis relatedto our assumptionsaboutthe kinematicbehavior of each
objectandtypically it includesthe typeof themotionmodelthat is used.Thehigher
the orderof the model,the morecomplex the objectmotionsthat it candescribebut
alsothelessrobusttheestimationof its parameters.Furthermore,thehighertheorder
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of themodel,the higherthedimensionalityof thesolutionspace(i.e. motionparam-
etersand label field). Given that thereis inevitable noisein the observationsbased
on which themotionparameterswill beestimated,higherdimensionalityalsoimplies
a larger numberof spuriouslocal minima. A goodcompromisebetweenrobustness
andcomplexity which is widely adoptedin themotion-basedsegmentationandtrack-
ing framework is theaffine model. Sucha modelis alsoadoptedin thecontext of the
methoddevelopedin this chapterassufficient to describethe2D motionfield induced
by eachobject. Sucha model,describedin eq.3.2, is linear with respectto the mo-
tion parametersanddescribesrigid 2D motionswith translational,rotationalandskew
components.This correspondsto 3-D affine motion of planarsurfacesunderan or-
thographiccameramodel [105]. More specifically, let us denotewith PQ�R<9PTS#?UPTV�B a
pixel andwith W+�X(�WJ<Y�$BZ?3020203?5WJ<9[KBZ8 theaffine parametersthatdescribethekinematic
behavior of theobjectto which thepixel P belongs.Then,themodel-generatedmotion
vector \]_^ at pixel P is givenby thefollowing equation:\] ^ � ` WJ<5��B5P S'a WJ<9bKBYP VFa WJ<T%cBWJ<TdcB5P S'a WJ<9eKBYP VFa WJ<T[cBgf (3.2)

Thesecondissueis relatedto thekind of evidencethatis usedin orderto estimate
themodelparameters.Themethodsin theliteraturewecanbedividedin thefollowing
two groups:

Indir ect methods , which estimatetheparametersof themodelbasedon anindepen-
dentlyestimatedmotionfield (e.g.[1], [74], [113]).

Dir ectmethods , which estimatethe parametersof the model by consideringsuch
“raw” featuresas the imageintensitiesor the intensity derivatives (e.g. [83],
[14]).

An in-depthdiscussionaboutthedifferencesof thedirectandindirectapproachesgoes
beyond the scopeof this thesis. Let us only note that the intensity-basedevidence
can provide higheraccuracy but is in generalmore susceptibleto local minima. In
orderto overcometheproblem,directmethodsareusuallyincorporatedin multiscale
schemes.In thecontext of themethoddescribedin this chapterwe adoptan indir ect
approachandin particularwe adoptthe block-matchingestimationscheme.Despite
theinefficienciesof thelatterwhich arerelatedto thefixedblock size,fixedaccuracy,
computationalcomplexity and(usually)absenceof spatialconstraintsit is anestimator
whosevariantshavebeenwidelyadoptedin codingschemes.Thereasonis thesimplic-
ity in its conceptandthehigh level of potentialparallelismwhichmakesit particularly
suitedfor hardwareimplementations.

Thequestionsthat thethird issueraisesarerelatedto theestimationof theparam-
etersof multiple modelsin the presenceof noisy measurements.This includesthe
definitionof a quantitativemeasureof how well anobservation(e.g. a motionvector)
conformsto agivenmodel.Typically, thedefinitionof suchaquantitativemeasurement
expressesindirectassumptionsaboutthe typeof the residualdistribution (e.g. Gaus-
sian,Laplacian,etc.). Theresiduals,that is, thediscrepanciesbetweenanobservation
andtheunderlyingmodel,originatefrom threedifferentsources:



28 SequentialMotion Estimation and Segmentation

Violations of the modelassumptions Sucha situationoccursif themodelis not suf-
ficient (e.g. it is of too low order)to describethe observations. An exampleis
givenin fig. 3.5(a)wherealinearmodelis employedto describetheobservations
generatedby asinefunction.

Inaccurate observations Sucha situationoccursif, due to noiseor failuresin the
measurementprocedure,theobservationsarenotaccurate.In thecaseof indirect
methods,residualsof thiskind areproduceddueto theerrorsthatareintroduced
by themotionestimationmethod.An exampleis givenin fig. 3.5(b)wherewe
depicttheresidualsof noise-contaminatedobservationsgeneratedfrom a linear
modelandthelinearmodelitself.

Misclassifications Residualsof this kind are connectedto the clusteringprocedure
andarecausedby misclassificationsof anumberof observations.An exampleis
givenin fig. 3.5(c)wheretheobservationsaregeneratedfrom two linearmodels.

Residuals

Fitted model
Observations

(a) Residualsdueto model
insufficiency

Fitted model

Residuals

Observations

(b) Residualsdue to inac-
curateobservations

Fitted model

Residuals

Observations

(c) Residualsdue to mis-
classifications

Figure3.5: Typesof motionresiduals

A distinction betweenthe threedifferent typesof residualsis not trivial sincea
residualusuallyoriginatesfrom acombinationof morethanonesource.Often,estima-
tion schemesassumethat theresidualsfollow simpledistributionssuchasGaussians.
Suchschemesaresensitive to the presenceof large residualsof the secondandthird
category. In order to dealwith it, we develop a clusteringmethodinspiredfrom ro-
buststatisticsandtheC-Meansalgorithm[33]. In comparisonto theoriginalC-Means
algorithmit hasthefollowing characteristics:
 An affinemodelis assumedto describethedata(i.e. motioncluster)within each

cluster. In comparison,theoriginalC-Meansalgorithmconsidersa translational
motionmodel.
 Motion-specificconfidencemeasuresare incorporatedin the clustering. Such
measuresattemptto identify wrongly estimatedmotion vectorsand diminish
their influencein the regressionscheme.This is connectedto residualsof the
secondcategory.
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 A robustregressionmethodis employedfor theestimationof theparametersof
themodels.Thisaimsatdecreasingtheeffectof largeresidualsin theparameter
estimation.Suchlargeresidualstypically belongto thelasttwo categoriesor to
their combination.

Theremainderof themotionhypothesesextractionsectionis organizedasfollows.
In subsection3.2.1we will discussissuesrelatedto the confidencemeasuresandin
subsection3.2.2wewill describetherobustregression/clusteringscheme.Experimen-
tal resultswill bepresentedin eachof thetwo subsections.

3.2.1 Confidencemeasures

Motion estimatorsareknown to beproneto errorsoriginatingfrom avarietyof sources
suchasocclusionphenomena,absenceof textureandsupportregion that strivesover
motion discontinuities.Confidencemeasureshave beendevelopedby the realization
thatit is possibleto identify suchsourcesof errorsandsubsequentlyquantifytherelia-
bility of theestimationof a motionvector. Theusageof sucha quantificationmeasure
is two-fold. On the onehand,it canbe incorporatedin the estimationprocedureit-
self in orderto increasetheestimationaccuracy [43] [117]. On theotherhand,it can
provide useful informationto the processin which the motion field is intendedto be
used.Lundmarket al. [61] usemotionvectorcertaintyin orderto reducethebit rate
in videocodingandAltunbasaket al. [3] in orderto discardunreliablemotionvectors
in a regressionscheme.

A numberof methodshave beendevelopedin orderto expressthedegreeof con-
fidencein an estimatedmotion vector(e.g. [30] [102]). Most of themaredeveloped
having in mindmotionestimationtechniquesthatrelyontheopticalflow constraintand
leadto confidencemeasuresin termsof theeigenvaluesof thecovariancematrixof the
spatialderivativesof the intensity. Barronet al. [7] suggestusingof the minimum
eigenvalueasameasureof reliability, while GhosalandVanek[43] suggestthesumof
theeigenvalues.While thefirst utilize theconfidencemeasurein orderto evaluatethe
accuracy of themotionestimatoratdifferentdensitiesof themotionfield, thelatterin-
corporateit in theestimationschemeandimposeanisotropicsmoothnessconstraints.
Simoncelli et al. [103] formulatethe motion estimationproblemin a probabilistic
framework in order to derive probabilisticdistributionsof the motion. Although his
approachis not primarily aimedat the derivation of a scalarconfidencemeasure,he
computesoneasthetraceof thecovariancematrixof thea posterioriprobabilityof the
motion vector. The latter is derivedby modelingthe prior distribution of the motion
vector, thenoisein theestimationof the derivativesandthe discrepancy betweenthe
“true” motion field andthe apparentmotion field. Dev et al. [30] arrive at a similar
measureby performinganerroranalysisof theassumedimagemotionmodel. In an-
othersimilar approach,Yoshidaet al. [117] proposea measurewhich quantifiesthe
sensitivity of the block-basedmotion estimatorin certaindirections. The measureis
definedin termsof the spatialintensityderivativesandis usedto merge blockswith
thesamedirectionalsensitivity in orderto re-estimatemorereliably their motion. His
methoddoesnot seemto estimatethe reliability of the estimatedmotion vectorbut
ratherthe expectedsensitivity of the estimationin variousdirections.Finally, for the
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blockmatchingestimatorLundmarketal. [61] useasconfidencemeasuretheweighted
sumof the motion-compensatedintensitydifferencesin the block in question.Such
measuredoesnot take into considerationthestatisticsof themotion-compensatedin-
tensitydifferencesin for exampleflat areasanddoesnot adaptto the differentimage
sequences.

Ourmotivationfor thedevelopmentof aconfidencemeasureis to reducetheeffect
of wrongly estimatedmotionvectorsin a regression/clusteringschemewherethemo-
tion parameterswill be extracted. To the bestof our knowledge,all currentschemes
thatarefacedwith sucha problemdiscardmotionvectorswhoseeitherconfidenceis
higherthana thresholdor their rankbasedon theconfidencemeasureis higherthana
threshold.Suchanapproachhasthe disadvantagethata methodhasto bedeveloped
for adaptingthethresholdaccordingto thecharacteristicsof thescene.This becomes
especiallydifficult if thedesignof theconfidencemeasuredoesnotallow ameaningful
relative comparisonbetweentwo confidencemeasures.An exampleof sucha confi-
dencemeasureis the motion-compensatedintensitydifferenceanda counterexample
themeasurederivedby Dev et al. [30]. Furthermore,with theexceptionof [117] and
[61], the above mentionedconfidencemeasureswere developedfor motion estima-
torsthatarebasedon theopticalflow constraint.Althoughtherearea lot of common
elementsbetweenthevariousestimationschemes,theerrorsdependon theparticular
estimatorthatis employed.Here,wewill concentrateonahierarchicalblock-matching
motionestimationschemeandderiveconfidencemeasuresthatexpresstheconfidence
in the estimatedmotion field. Like Simoncelli,we formulatethe motion estimation
problemin the probabilisticframework andderive the confidencemeasuresin terms
of the a posteriori probability of the estimatedmotion vectorsat eachlevel of the
multiscalescheme.In contrastto him wedonotmakeassumptionsabouttheprior dis-
tribution of the motion vectorandestimatethe a posteriori probabilityof the motion
vectorby anestimationof theprior distribution of theintensitywhich is providedasa
by-productof thesearchscheme.Thetypeof theconditionalprobabilitydistribution
of themotion-compensatedintensitydifferencesis derivedfrom theobjectivecriterion
of theblock-matchingmotionestimatorandall parametersareestimatedfrom thedata
itself. Data is provided asa by-productof the motion estimationprocedureand the
estimationof the probabilitiesis incorporatedin the multiscalescheme.The method
doesnot requiretheestimationof spatialor temporalderivativeswhich canintroduce
additionalnoise.

The remainderof this subsectionis organizedas follows. First, we expressthe
block-matchingmotionestimationschemein aprobabilisticframework asaMaximum
Likelihoodestimator. Basedon theobjectivecriterionof theblock-matchingestimator
assumptionsare madeabout the type of the probability distribution of the motion-
compensatedintensitydifferences.Then,basedon theseassumptions,we derive the
confidencemeasuresin termsof the a posteriori probability of the motion vectors
andpresentexperimentalresultsfor imagesequencesfor which the motion is known
(appendixD).
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Figure3.6: Hierarchicalblock-matchingmotionestimation:Block i ^ andits ancestorsikj^ at level l
Block-Matching Motion Estimation in the Probabilistic Framework

Block-basedmotionestimatorsbelongto a generalclassof estimatorsthatutilize the
Intensity Conservation Principle, thata pixel andits correspondencein a successive
frameareexpectedto have the sameintensityvalue. They attemptto overcomethe
ill-posednessof thecorrespondenceproblemby adoptinga supportregion in theform
of a block, andestimatea motion vector for the whole block. The motion vector is
estimatedas the one that minimizesan objective criterion which, typically, is either
theMean-AbsoluteDisplacedBlock Differenceor theMean-SquareDisplacedBlock
Difference.While theanalysisthat follows is basedon theformerobjective criterion,
it is almoststraightforwardto derive theconfidencemeasuresfor thelatter. Formally,
ateachlevel l themotionvector m] j^ is estimatedfor eachblock iEj^ (fig. 3.6)suchthat:m] j^ �on�pUq1rOsutvKwyx j^ < ] j B (3.3)

where, x j^ < ] j B1�{z|U}�~ w�Q�� � < ��B�� �J� < �'� ] j B �� (3.4)

With P we denotethepixel in thecenterof theblock,andwith iEj^ thesetof thepixels
in theblock. With � and � � wedenotetheimageintensitiesin thecurrentandprevious
framerespectively.

In whatfollowswe will provethattheblock-basedmotionestimatorasdefinedby
eq.3.3is equivalentto aMaximumLikelihoodestimatorundertheassumptionthatthe
motion-compensatedintensitydifferencesfollow independentLaplaciandistributions.
Under this assumption,the conditionalprobability of the intensitiesin the previous
frame,given the motion vector ] for the block i ^ and the intensitiesin the current
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frameis givenby:� < �J� � � ? ] ^ � ] B ���|U}�~ ��� < ��� < �'� ] ^ B3� ] ^ ���] ? � < �$BAB (3.5)���|U}�~ �J� b�� �I�c� �2� |�� ���Z�"� |�� v � � (3.6)��� � b�� � ~ � � � ����� � � v � (3.7)

wherethedependenceon thelevel l of themultiscaleschemeis omittedfor notational
simplicity. Since ] is independentof � it is straightforward that the maximization
of the likelihoodgivenby eq.3.7 with respectto ] is equivalentto the minimization
describedin eq.3.3.

With theabovederivationswehaveproventhattheminimizationperformedby the
block-basedestimator(eq.3.3) is equivalentto the MaximumLikelihoodestimation.
The parameter� in eq. 3.6 is relatedto the deviation of the distribution. As such,it
doesnot influencethelocationof theminimumbut only the“width” of thedistribution
andthereforeits valuedoesnot influencethe motion estimationunderthe Maximum
Likelihoodcriterion. On the otherhand,the larger the deviation is, the lower is the
relative importanceof thedifferencesin theobjective criterion. The latter is depicted
in fig. 3.7wherethelikelihoodratioof two differentcandidatemotionvectorsis drawn
asa function of the � �I� . Eachcurve depictsthe likelihoodratio for a certainvalue
of thedifferencein thecorrespondingx < ] B s (i.e. x < ]�� B1� x < ]�� BF�¡  , for different  ). It is apparent,that the larger the deviation is, the closerthe likelihoodratio is to
one.Thus,thelargerthedeviationis, thelessis ourconfidencein thecandidatemotion
vector that generatesthe smallerof the x < ] B . Let us note that the likelihood ratio
canbeusefulasa confidencemeasureonly whenpreciselytwo candidatevectorsare
availableandwasintroducedheremainly in orderto illustratetheimportanceof agood
estimationof theparameter� .

In general,the statisticsof the motion-compensatedintensitydifferencesdepend
on theimagesequencein question.In whatfollows,we make thehypothesisthatthey
alsodependon the local intensityvariation. Our hypothesisis that � is correlatedto
the amountof texture in the block andmorespecificallythat it is inverselylinear to
thestandarddeviation of the intensityin the block in question(i.e. � ~ � � ¢£�¤ � ). Al-

thoughthe linearity is not guaranteed,it is to be expectedthat the higherthe degree
of texture, thehigherthevariationin theobservedmotion-compensatedintensitydif-
ferences.This hypothesishasbeentestedin a numberof imagesequencesandhere
we presentresultsfor two of them(Y1 andR1) in which the degreeof texture and
the type andmagnitudeof motion vary significantlyasexplainedin appendixD. In
fig. 3.8 we presentthe inverseof anestimationof � asa functionof thewithin-block
deviation of the intensity ¥ ~ . In the samefigure we presentthe lines fitted with the
LeastSquarescriterion,on the onehandunderour hypothesisandon the otherhand
undertheusualassumptionthat � is invariantto thelocal intensitydeviation. It is clear
that � is highly correlatedto the within-block intensity deviation and thereforeour
modelingfollows morecloselythetruestatisticsof themotion-compensatedintensity
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Figure3.7: Likelihoodratio of two candidatemotionvectors]�� and ]�� asa function
of the inverseof � . Curvesare drawn for differentvaluesof the differencesin the
correspondingx < ] B (  E� x < ]�� B�� x < ]�� B )
differences.In comparison,fig. 3.8 revealsthat at areaswith low intensityvariation,
the deviation of the underlyingdistribution is clearly underestimated.Finally, let us
notethe differencein scalebetweenfig. 3.8(a)andfig. 3.8(b)andof the parameters
of the fitted lines, which advocatesthe needfor the re-estimationof the factor ¦ for
differentimagesequences.

Confidencemeasures

The block-matchingmotion estimatorminimizeseq. 3.3 with a searchschemethat
evaluatesdifferent candidatemotion vectors( ] ) in termsof the objective criterion.
In what follows, we will utilize the dataprovidedby themin orderto estimatethe a
posterioriprobabilityof thebest(andthereforechosen)candidatemotionvector( m] ^ ).
By usingthetheoremof Bayesandthetotal probabilities[88] we have that:� < ] ^ �§m] ^ � � � ? � B1�

� < � � � ] ^ �¨m] ^ ? � B
� < ] ^ �§m] ^ B© v � < � � � ]_^ � ] ? � B
� < ]_^ � ] B (3.8)

wherewith

� < ] ^ � ] B we denotethe a priori probability of a motion vector. With
anappropriatemodelingwecanincorporatedomainknowledgeand/orutilize smooth-
nessconstraints.However, suchissueswhich arenot addressedin theclassicalblock
matchingalgorithmarenot consideredalsoin our analysiswhich assumesa uniform
a priori distribution. Let us for notationalsimplicity denotewith ª ^ the a posteriori
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Figure3.8: The inverseof the estimationof � (i.e. �� �_� ) asa functionof the within-
block standarddeviation of theintensity ¥ ~ andtheLS line fitting undertheassump-
tions(i) that � is constantand(ii) thatit is inverselyproportionalto ¥ ~
probability. Theneq.3.8andeq.3.7imply that:ª ^ �{«¬�� a zv"­® ¯v � � ��� ¤ � �u� � � v � ��� � � ¯v � �T��°± �I� (3.9)

�{«¬�� a zv"­® ¯v � � �=²³ ¤ � �u� � � v � �"� � � ¯v � �´� °± �I� (3.10)

Note that theestimationof thea posterioriprobability, asdefinedin eq.3.10,de-
pendson the searchschemethat the particularblock matchingmotion estimatorem-
ploys. Looselyspeaking,it givesameasureof how prominentthelocalminimumin m] ^
is, in termsof how muchlower x ^ < ] ^ B is thanthe x ^ < ] B of theothercandidatemotion
vectors.

As far as the parameter¦ is concerned,its valueis assumedto be characteristic
of the currentframe,that is, its valueis assumedto be the samefor eachblock. It is
estimatedas: �¦µ�o¶N· ¥ ~ �x ^ < ]_^ B�¸º¹ � ¥ ~ �x ^ <2m]_^ B � (3.11)

that is, as the meanvalue of the ratio of x ^ <3m] ^ B with the standarddeviation of the
intensityin block i ^ . Clearly, themeanis estimatedover all blocks i ^ . Notethat the
estimationis with theLeastSquarescriterionbut morerobustestimatescanbeeasily
obtained.Sincethe imagesat eachlevel arefiltered andsubsampledversionsof the
onesat the lower level, the statisticsof the motion-compensatedintensitydifferences
differ from level to levelandtheparameter¦ is re-estimatedateachlevel. Furthermore,
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thea posterioriprobabilitiesprovideameasureof confidencein theestimationateach
level of the hierarchy. Clearly, thereis a needto combinethe evidenceprovided at
eachlevel in orderto derive a measurethatexpressestheconfidencein themultiscale
motion estimation. Let us for notationalsimplicity denotewith ª#j^ the a posteriori
probability

� < ] ^ jy�»m] j^ � � � ? � B of the componentof the motion vectorestimatedin
level l . If the estimationsat eachlevel areconsideredindependent,the probability
thatall of the m] j^ ( �.¼=l½¼	¾ ) areestimatedcorrectlyis equalto the productof ª�j^ .
Experimentallyhowever, wehavefoundthatthemeanvalueof the ª�j^ is aslightly more
reliablemeasure.Formally, theconfidencemeasureis definedas:¿À^ � � < ] ^�Á �¨m] Á^ � � � ? � B¾ Âzj ® � ª j

^ (3.12)

Note, that we introducedthe assumptionthat the valueof � is inverselylinear to
the local intensityvariationonly in the laststepof the derivationsof the a posteriori
probability (i.e. eq.3.8 to eq.3.10). Therefore,our methodcanbe easilyadaptedto
anothermodelingof � aslongasanestimationschemefor theparametersof themodel
canbeprovidedin placeof eq.3.11.

Computational Issues

Thea posteriori probabilitiesat eachlevel l areestimatedfrom theDisplacedBlock
Differencesfor eachcandidatemotion vector. Exceptof the computationallyinex-
pensive estimationof the deviation of the intensitywithin eachblock, the restof the
datathatareusedarea by-productof thesearchscheme.Therefore,from thedataac-
quisitionpoint of view we, practically, do not introduceany additionalcomputational
burden.

On the otherhand,the estimationof the a posteriori probabilitiesis not possible
until anestimationof thevalueof ¦ is available. Practically, this meansthat theDis-
placedBlock Differencesneedto bestoreduntil ¦ is estimated.Theadditionalmemory
requirementsdependnaturallyon thecardinalityof thesetof themotionvectorcandi-
datesthattheparticularmotionestimatoremploys. In thecasethatmemoryrestrictions
aretoohardto allow suchascheme,anapproximationcancomeby estimatingthe ª#j^ s
usingthe valueof ¦ estimatedfor the previous frameandsimultaneouslyestimating
thevalueof ¦ thatwill beusedfor theestimationof ª�j^ s for thenext frame. Suchan
approachwhich assumesconsistency of the statisticsof the motion-compensatedin-
tensitydifferencesin subsequentframes,introducesno additionalcomputationalcosts
or delays.

Experimental Results

In orderto examinethevalidity of thederivedmeasurewe have conducteda number
of experimentswith syntheticallygenerateddata(appendixD). Here,we will present
resultsfor the imagesequencesC1, R1, Y1 andS5. Eachof the sequencesexhibits
differentcharacteristicsin termsof the amountof textureandthe motion magnitude,
asoutlinedin appendixD. Themultiscalemotionestimatorwasextendedto half pixel
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accuracy andfor the above-mentionedsequences2, 1, 4 and5 levels wereused,re-
spectively. Overlappingblockswereusedanddensemotionfieldswerederived.
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Figure3.9: Norm Ã � of thetruemotionestimationerror(in pixels)asafunctionof the
rankof theconfidencemeasure¿ . For “S5 GroundTruth” therankingis basedon the
trueerrorinsteadof ¿

Theoriginal framesof theimagesequencesaswell asthecorrespondingestimated
motionfieldsarepresentedin appendixD. In fig. 3.9wepresentthenorm Ã � of thetrue
estimationerror(i.e. ÄJm] ^ �Å\] ^ Ä � ) asa functionof therankof ¿ ^ (100pixelswith con-
secutiveranksareusedfor eachpoint in theplot). It is clearthatthederivedconfidence
measureis highly correlatedto the true estimationerror for all of the testsequences.
As fig. 3.9 reveals,higherrankaccordingto ¿À^ implies,to a largeextent,a smallesti-
mationerror. In orderto demonstratetheaccuracy of thederivedmeasurewe present
in fig. 3.9 the“groundtruth” rankingfor theimagesequenceS5 (“S5 GroundTruth”).
Thecurve S5,derivedby rankingaccordingto theproposedconfidencemeasure,fol-
lows the“ground truth” curve quiteclosely. What is alsoclear, is the limitations that
themeasuresthatdependon rank informationonly have (e.g. [7]); therise in error in
“S5” startsat a muchearlierpoint dueto the largerdegreeof presenceof occlusions.
In fig. 3.10(a)andfig. 3.10(b)we presentthe norm Ã � of the error asa function of
theconfidencemeasureandin fig. 3.11.It is clearthatthederivedconfidencemeasure
adaptswell to thepresentedsequenceseventhoughthetypeandmagnitudeof motion,
thedegreeof textureandthedegreeof presenceof occlusionsdiffer significantly. For
all of thesequencestheonly parameter(i.e. ¦ ) wasestimatedfrom thedataby eq.3.11.

Finally, in orderto illustratethe localizationaccuracy, we presentin fig. 3.11and
fig. 3.12thenormL1 of theestimationerrorandtheconfidencemeasuresasimagesfor
thesequencesR1 andS5, respectively. For illustrationpurposestheimagesarelinearly
stretched.It is clearthatalthoughthesequencesR1 andS5arevery different,for both
of them the structureof the imageof confidencemeasuresfollows very closely the
structureof thetrueerror in themotionestimation.Notethat thelargeareasin theS5
sequencewith low confidencearedueto occlusionsthatoriginatefrom motionslarge
in magnitude.
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Figure3.10:Norm Ã � of theestimationerror(in pixels)asafunctionof theconfidence
measure¿
3.2.2 Clustering

Oncetheconfidencemeasuresareestimated,weincorporatethemin arobustclustering
techniquein orderto extractthesetof motionhypotheses.Assumingthatthenumberof
motionhypothesesD is known,ourgoalis theestimationof ÆG�G(3W
Ç"8�*�Èº- / �1030205D76 ,
whereW$Ç denotesthesetof theaffineparametersfor motionhypothesesÈ (eq.3.2).We
do soby minimizing thefollowing objective functionwith respectto Æ and Ã :É <�ÆE?AÃ�B1�ËÊz� ® � � � � � ÌQ<T¥"Í�?5Î � <TW$ÏuÐ2BAB , where Î � <´W$ÏuÐÀB1�=Ñ © ^ }�Ò Ð ¿ ^ Î
Ó^ <TW Ï � ?AÔ ^ B� ����� (3.13)

where Ô´� is theclusterindex (label)of theintensitysegment ) and ��� thesetof pixels
thatbelongto segment ) . With Î ^ , we denotethemotionresidualfor pixel P , which is
the Ã Ó normof thedifferencevectorof theestimatedmotionvector m]_^ andthemodel-
generatedmotion vector \]_^ <´W
Õ � B . The quantity Î � <TW�ÏÖÐ2B , which is definedin termsof
the motion residualsof the pixels belongingto segment ) canbe loosely interpreted
asa kind of a segment-basedmotionresidual.Finally, Ì�<9B is a function thechoiceof
which determinestheshapeof theobjective functionin termsof therelative influence
of residualsof differentmagnitude.Two classicalexamplesarethequadraticoperator,
which assignsa cost which is the squareof the magnitudeof the residual,and the
Tukey bi-weight operator, which assignsa constantcost to residualsthat are larger
thana certainthreshold.

In the casethat (a) the confidencemeasuresare ignored(i.e. ¿ ^ �Ë� ), (b) the
function Ì is thequadraticfunctionand(c) eachintensity(color) segmentconsistsof
a singlepixel, the proposedmeasureis the well-known Ã Ó norm usedin the original
C-Meansalgorithm[33]. By usingtheconfidencemeasures¿ ^ we limit the influence
of the erroneousmotion vectors,that is, the influenceof the secondtypeof residuals
(p. 28). Thefunction Ì�<9B belongsto thefamily of M-estimators[63], whicharewidely
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(a)Linearlystretchederrornorm ×ÙØ . High
intensityvaluesindicatelow trueerror

(b) Linearly stretchedconfidencevalues.
High intensityvaluesindicatehigh confi-
dencevalues

Figure3.11: True error in motion estimationandconfidencemeasurefor imagese-
quenceR1

usedin robustregression,clusteringandreconstructionschemes(e.g.[63] [15]). Such
functionsaremorerobust in the presenceof outliers,that is, of measuresthatdo not
conformto theassumedmodel.WehaveusedtheGeman-McClurefunction(eq.3.14)
aplot of which is depictedin fig. 3.13for differentvaluesof thescaleparameter¥ Í .Ì"<9¥ Í ?AÚ"B1� Ú Ó¥ ÓÍ a Ú Ó (3.14)

As far astherole of scaleparameteris concernedlet usnotethat for ¥ ÍÜÛ»Ý the Ì"<�B
tendsto be equivalent to the quadraticoperator. Practically, sincethe magnitudeof
theestimatedmotionvectorsis at mostin theorderof tensof pixels, Ì"<�B is essentially
equivalentto thequadraticoperatorfor avalueof ¥ Í equalto thelargermotionresidual
(i.e. in the order of ten). At the otherextreme,a very small valueof ¥ Í penalizes
practicallyequallyevery residual,independentlyof its magnitude.

In the context of our method,the role of the M-estimator Ì�<9B [63] is to robustify
theestimationstepof the modifiedC-Meansalgorithm,that is, theoptimizationwith
respectto themotionhypothesesÆ , by reducingtheinfluenceof (a)wronglyclassified
intensitysegmentsand(b) segmentswhich containlargeresidualsthat their influence
wasnot reducedenoughby the confidencemeasures.Finally, the proposedmethod
imposesa commonfateon pixels who belongto the sameintensity segment. As a
result, the computationalcomplexity is drasticallyreduced,aswill becomeapparent
whentheoptimizationprocedureis described.
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(a)Linearlystretchederrornorm ×_Ø . High
intensityvaluesindicatelow trueerror

(b) Linearly stretchedconfidencevalues.
High intensityvaluesindicatehigh confi-
dencevalues

Figure3.12:Trueerrorin motionestimationandconfidencefor imagesequenceS5

Optimization

In order to minimize
É <�ÆE?AÃ�B , we follow a procedurewhich iteratesbetweenan es-

timation and a classificationphase. In the classificationphasea minimization with
respectto Ã takesplace,wherethemotionhypothesesthatareusedwereestimatedin
thepreviousiteration.Sinceno interdependenciesexist in thelabelfield Ã , thatis, the
label Ô´� of asegment) doesnot influencethelabelof any othersegment) H , thelabeling
is performedindependentlyfor eachsegment.Trivially, eachsegmentis assignedthe
objectlabel È thatminimizesthecostunderthemotionhypothesisW
Ç . Formally,Ô´���Ån�pUq1rOsÖtÇ Ì"<9¥ Í ?5Î$�
<´W
ÇJBAB (3.15)
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In theestimationphase,a minimizationwith respectto Æ takesplace.Thesolutionis
givenby differentiating

É <�ÆE?AÃ�B with respectto eachsetof parametersW
Ç . After some
derivations:ÞOßYà,É <�ÆE?AÃ�B1�oá¡�_â zã �5ä ÏuÐ ® ÇKåQæ"ç � <´Î � <´W Ç B5BQz^ }�Ò Ð ¿2^ Þkß5à Î ^ <TW Ç B Ó3è �êéë â zã ^ ä Ï � ® ÇKå#ç � <TÎ � <TW Ç B5B ÞOß5à Î ^ <TW Ç B Ó �êé (3.16)

where ç � <TÚ"BF� �S ì�í � S �ì S . eq.3.16is non-linearwith respectto W Ç anda closedformed
solution cannotbe obtained. A usualway of solving eq. 3.16 is the Iterative Re-
weightedLeastSquares(IRLS) method[46], which iteratesbetweena calculationofç � s given W
Ç andan estimationof W
Ç given the ç � s. As its nameimplies, the lat-
ter is equivalent to the least-squaressolution, if eachequationis weightedwith the
correspondingweight ç � . That meansthat the systemwhich needsto solvedat each
iterationof theIRLS methodis linearwith respectto theparametersW
Ç .

Sincetheoptimizationprocedureis essentiallya gradientdescenttechnique,con-
vergenceis guaranteedonly to a local minimumwhich dependson the initializations.
Furthermore,thelower thevalueof thescaleparameter¥ Í , thesmallertheinfluenceof
segmentsthatdonotconformwith thealreadyestimatedmotionparametersto their re-
estimation;therefore,thehigherthedangerof gettingtrappedin a local minimum. In
orderto dealwith thelatter, we adopta schemein which ¥ Í is graduallyreduced.The
schemecorrespondsto least-squaresestimationsin the first iterationsand gradually
reducestheinfluenceof largerresiduals.

Even with the useof an M-estimator, the dependency of the iterative clustering
schemeontheinitial valuesof themotionparameters,or equivalentlytheirdependency
on theinitial labelingremains.In orderto dealwith it, weapplytheclusteringscheme
for anumberof epochswith differentinitializationsandchoosethebestin termsof the
objective function

É <�ÆE?AÃ B . Thevalueof thescaleparameter¥ Í that is usedfor such
a validationis estimatedasthenormalizedweightedstandarddeviation of themotion
residualsat theiterationwhich yields thesmallernormalizedweightedstandarddevi-
ationof themotionresiduals.For theinitialization of theparametersat eachepochof
theclusteringschemeweusethefollowing procedure.A randomvariableis associated
to eachof theaffine parametersasdepictedin Table3.1. Eachrandomvariablecorre-
spondsto the solutionwith respectto the parameterin question,underthe constraint
that all the otherparametersarezero. The initialization is thenobtainedby uniform
samplingin thehyper-parallelepipedwhich is definedby thesecondordermomentsof
therandomvariables.For example,theparameterWJ<Y�$B for theclusterÈ is initializedby
uniform samplingin the range

/ �'b�¥,î$ï�03020�b�¥Jî
ï�6 , where ¥Jî
ï is thestandarddeviation
of thehorizontalcomponentof themotionvectors.

Finally, asfar asthe computationalcomplexity is concerned,we shouldnotethat
theformulationof theobjective functionallowsa computationalcomplexity of ðO<9ñ;B
ateachiteration,whereM is thenumberof intensitysegments.Thatis, thecomplexity
of there-estimationwith respectto ò is ðOó�ô;õ andof labelingasegmentö is ðOóY÷�õ . In
comparison,thecorrespondingpixel-basedclusteringmethodsexhibit acomputational
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AffineParameter øJó5÷�õ øJó�ù�õ ø,óTúKõ ø,ó´ûcõ ø,ó9ü�õ øJóTýcõ
RandomVariable þ�ÿ� ÿ þ�ÿ��� ��� þ �� ÿ þ ���� ���

Table3.1: Affine parametersandtheassociatedRandomVariables.��� and ��� denote
thehorizontalandtheverticalmotioncomponent,respectively

complexity in theorderof thenumberof pixels.
In orderto achieve the mentionedcomputationalcomplexity we needto estimate

intermediatematricesthat allow (a) the computationof the segmentmotion residual�
	 ó´øcõ in ðOó5÷�õ and(b) theconstructionof thelinearsystemsthatresultfrom eq.3.16inðOó�ô;õ . In orderto dosolet usdefine� �
��� øJó5÷�õ�øJó�ù�õ�øJó9úKõ��+÷���� , � � ó��9õ ��� � � � � ÷ � � �
andsimilarly � � and � � . Then

� 	 óTøKõ�� � � �� �
����! #"%$ � � � ó��9õ&� � ó��9õ �#' � �)( � �� �
����! #"%$ � � � ó*��õ&� � ó��9õ �+' � � (3.17)

andthesolutionwith respectto � ø-,IóY÷$õ�ø
,Ió�ù�õ�ø-,IóTúcõ.� , asderivedfrom eq.3.16,is given
by the ú0/ ú systemthatis definedfrom thefirst threeequationsof� �	21 3 "24 ,65 	

����! #" $ � � � ó*�9õ�� � ó*�9õ ��' � �7�98 (3.18)

Sincethe matrix : ���! " $ � � � ó��9õ&� � ó��9õ�� dependsneitheron the affine parametersnor
on the labelingit canbeestimatedoncefor eachsegment.Then,thecalculationof � 	
reducesto a vector-matrix multiplication andthe re-estimationof ø to an additionofô matrixesandsolvingtwo ú0/ ú linearsystems.

Experimental results

Themotionextractionmethodhasbeentestedin a largenumberof imagesequences,
bothsyntheticandreal,andresultsarepresentedfor theproposedalgorithmaswell as
for methodsderivedfrom somecombinationsof its degeneratecaseslistedbelow.

(a) Confidencemeasuresarenot used( $ � � ÷ )
(b) Eachsegmentconsistsof a singlepixel ( ; < 	 ; � ÷ )
(c) The quadraticfunction is usedinsteadof the M-estimator( =?>A@ B ). This is

equivalentto theLeastSquaressolution.

In whatfollows,wewill presentresultsfor theproposedmethod(i.e. E) andits special
cases(i.e. B-D) asthesearedepictedin Table3.2.

For the syntheticsequenceS5 wherethe groundtruth is known, we presentre-
sults in termsof accuracy in the estimatedparameters.The resultsaresummarized
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Methodname Constraints Description
A (a) & (b) & (c) C-Means[33]
B (b)& (c) ConfidencebasedC-Means
C (a) & (c) Segment-basedC-Meansclustering[3]
D (c) Confidenceandsegment-basedC-Means
E Proposedmethod

Table3.2: Proposedclusteringmethodandits specialcases

Method øJó5÷�õ øJó9ùKõ øJóTúcõ øJóTûcõ øJó9üKõ øJóTýcõ =DCDE
GroundTruth 8 8GF 8 ú �'ù 8DF ÷ 8 � ÷3ú

A 8GF 8!8 ûIH � 8GF 8 úcü�ù � 8DFKJ ý 8GF 8 ü�ý � 8DF 8 ù�ù � JLF ÷�ú ÷ 8GF 8 ü
B 8GF 8!8 û�ù � 8GF 8 ù 8 ú � ÷ F 8 ÷ 8GF 8 üKü 8GF 8 H�û � ÷$ù F ýKù M 8
C 8GF 8 ÷�÷�ý � 8GF 8 ü�ý 8 8GF H J 8GF 8 ù!N � 8DF 8 ü�ù �'ü FKJ ú M 8
D 8GF 8 ÷2ûIN � 8GF 8 ù 8 ù � 8DF úON 8GF 8 ü�û 8GF 8 N�û � ÷�ú F ù#÷ ý F HOH
E 8GF 8!8!8%J 8GF 8 ùPH�û � ÷ F Ncü 8DF ÷ 8 8GF 8!8 ù � ÷�ú F 8 ü M 8

Table3.3: Estimatedmotionparametersfor S5 imagesequence

in Table3.3 wherethe true and the estimatedparametersarepresentedfor the “ob-
ject” (fig. D.4(a)). Equivalent,but slightly betterestimatesareobtainedfor the“back-
ground”. The main characteristicin this sequenceis the large magnitudeof motions
which generatelargeocclusionsandresidualslargein magnitude(fig. 3.12).

It is clearfrom Table3.3thattheincorporationof confidencemeasuresin theclus-
teringproceduresignificantlyimprovestheaccuracy of theestimationandthat,asex-
pected,the contribution is moresignificantfor the segment-basedmethods.The last
columnof Table3.3depictsthevarianceof theweightedmeanQ � normof themotion
residualestimatedover the differentepochs.That servesasa measureof the depen-
denceof thecorrespondingmethodon theinitial valuesof theparameters.

Finally, let us notethat the computationaladvantageof the segment-basedmeth-
odsis not only dueto the lower complexity within eachiteration(a factorof 84), but
alsodueto the fact that convergenceis achieved in fewer iterations. This is because
that the solutionspacefor the label field is drasticallyreducedin comparisonto that
in pixel-basedmethods. While for the first two of the methodspresentedin Table
3.3 convergencerequiresaround35 and20 iterationsrespectively, the corresponding
segment-basedmethodsconverge in around12 and 9 iterationsrespectively. Even
whentheadditionaloperationsdueto vector-matrix multiplicationsaretaken into ac-
count,this leadsto atotal reductionin thecomputationalcomplexity of a factoraround
50.

For realimagesequenceswherethegroundtruth is notknown, theresultsareeval-
uatedaccordingto the labeling as well as accordingto the stability. Here, we will
presentresultsfor theimagesequences“train”, “sunflowergarden”and“coastguard”.

Theimagesequence“train” is characterizedby translationalmotionsof largemag-
nitudethat generatelarge occlusions.In fig. 3.14 the 10th frameandthe confidence
measureson thecorrespondingestimatedmotionfield arepresented.A half-pixel ac-
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Figure3.14: 10th frameandtheconfidencemeasuresof the correspondingestimated
motionfield for “train” sequence

curacy motionestimatorwasused.Themotionvectorsthat,dueto occlusionphenom-
ena,areunreliablearecorrectly identified. In fig. 3.15we presentthe label fields at
differentstagesof theoptimizationprocedurefor a typicalgoodepochof theproposed
algorithm. It is difficult to evaluatethe accuracy of the estimatedmotion parameter
sincethereis nogroundtruthfor thissequence.Ontheotherhandtheproposedmethod
identifiesquite reliably the region of supportfor the threedominantmotion patterns.
As will becomeapparentwhen the labelingstageis described,the extractedmotion
hypothesesareaccurateenoughto permitreliablelabeling.

Figure3.15: Evolution of the label field for “train” sequence.(Iteration1, 3, 9 and
121)

In comparisonto its specialcasestheproposedalgorithmprovesconsiderablymore
stable. The comparative resultsaresummarizedin fig. 3.16,wherethe weighted Q �
normof themotionresidual(denotedwith 5 Q � ) is presentedfor eachof thefivemeth-
odsthatareoutlinedin Table3.3. For illustrationpurposesthe epochsaresortedac-
cording to 5 Q � . What is relevant in fig. 3.16 is the numberof epochsfor which a
low errornorm is achieved. The resultsclearly illustratethat the methodsthatutilize
the proposedconfidencemeasureoutperformthe correspondingmethodsthat do not
by far. While themethodsB andD convergeto the solutionof fig. 3.15around ùPH%R
of theepochs,thecorrespondingmethodsA andC achieve a similar solutionfor ù 8 R
and ÷ 8 R of theepochs,respectively. Furthermore,for themethodsthatdo not utilize
theconfidencemeasurestheobjectivefunctionseemsnotsowell behaved.Thereexist
many local minimawhich arevery similar in termsof theobjective functionbut far in
termsof themotionparameters.In orderto illustratethelatter, we presentin fig. 3.17
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Figure3.16:WeightedQ � norm( 5 Q � ) of themotionresidualestimatedatconvergence
at subsequentepochs.Large deviationsfrom the minimum of eachmethodindicate
larger dependenceof the methodon the initialization of the motion parameters.For
visibility purposestheepochsaresortedaccordingto 5 Q �
the labelfields for two differentepochswherethe correspondingmeanmotion resid-
uals at convergencewere ù�ù F ÷ 8 and ù�ù F HOH respectively. Although the meanmotion
residualsat convergencearevery similar, thecorrespondinglabelfields(andtherefore
the correspondingmotion hypotheses)differ greatly. In comparison,a similar degra-
dationin termsof theobjective criterion for themethodsB andD consistentlyresults
in a labelfield thatassignsthelabelof thetrain in theforegroundto thevisible partof
the sky (upperright cornerof the image). Finally, the proposedalgorithmconverges
exactly to thesolutionof fig. 3.15for ý�ú%R of theepochs,morethantwice asoftenas
thesecondbestof theexaminedmethods.

(a)Labelfield atconvergenceXZY6U\[][_^KV2` (b) Labelfield atconvergenceXaYbU\[][_^ c]c
Figure3.17: Clusteringresultsfor two epochsof C-Meanswith very similar Q � ’s at
convergence

As far asthe computationalcomplexity is concerned,the resultsaresummarized
in fig. 3.18. Theinitial intensitysegmentationresultsin ù�úKú!H intensitysegments,that
is, thecomputationalcomplexity at eachiterationis reducedby a factorof H!H for the
segment-basedmethodswith respectto thepixel-basedmethods.Whenthequadratic
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function is usedinsteadof the M-estimatorthe computationalcomplexity is reduced
by an additionalfactorof around ü due to fasterconvergencein termsof iterations.
However, oncetheM-estimatoris used,thescheduleby which = > is graduallylowered
requiresa fixed numberof iterationswhich is on averagethreetimeslarger thanthe
numberof iterationsrequiredby thepixel-basedmethods.Thetotal reductionin com-
putationalcomplexity of the proposedmethodin comparisonto pixel-basedmethods
(taking into accountthe additionalcostdue to vector-matrix multiplications)is of a
factorof roughly ÷ 8 .
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Figure3.18:Computationalcomplexity of themethods(logarithmicscale)

Finally, we presentresultsfor the imagesequence“sunflower garden”(fig. 3.19)
wherethe apparentmotion is generateddueto cameramotion. The differentmotion
patternsaredueto therelative differencein thedistancesof theobjectsfrom thecam-
era. For this sequencewe have conductedexperimentsfor o � ù and o � ú . In the
formercase,thebehavior of thedifferentmethodsis considerablymorestablethanin
the caseof the “train” sequence,andtheseconvergealmostconsistentlyto solutions
almostidenticalto theonepresentedin fig. 3.19(b).However, when o � ú , thepro-
posedalgorithmis theonly onethatconvergesto thesolutionpresentedin fig. 3.19(c);
therestof themethodsfail to separatesuccessfullythebackground.

3.3 Labeling UsingMark ov RandomField Theory

At thesecondstageof our method(fig. 3.1), thesegmentsarelabeledanew giventhe
setof motionparametersò asestimatedin themotionhypothesesextractionphase.In
comparisonto theinternallabelingin theclusteringphase(section3.2.2)therearetwo
maindifferences.Thefirst differenceis that thelabelingdoesnot dependanymoreon
theestimatedmotionfield. While, for thepurposeof themotionhypothesesextraction
theinaccuraciesof themotionfield canbetoleratedby usingconfidencemeasuresand
anM-estimator, this is not thecasefor thepurposeof labeling. If, for any reason,the
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(a)Frame10 (b) pqUr[ (c) pqUts
Figure3.19:Frame10andthecorrespondinglabelfieldsatconvergenceof thecluster-
ing for the“sunflowergarden”sequence

motionvectorswithin a segmentarewrongly estimated,thesegmentis mostlikely to
be misclassified.Especiallyin occludedareas,misclassificationsareto be expected.
Instead,we rely on themotion-compensatedintensitydifferenceswhich do not intro-
ducetheartifactsthatafeatureestimationprocedureintroduces.Theseconddifference
is thatwe introducespatialconstraintsby modelingappropriatelythelabelfield; such
constraintswereabsentin thelabelingof section3.2.2.

Morespecifically, weaimat themaximizationof thea posterioriconditionalprob-
ability of thelabelfield, giventheestimateof themotionhypotheses( uò ) andtheimage
intensitiesin theprevious,currentandnext frame(denotedwith vDwyxzv and vI{ respec-
tively). UsingBayesrule|�} Q~; vDx uò
x�v w xzv {b�r� |�} vZ; Q�x uò7x�v w x�v {b� |�} Q~; uò � (3.19)

Themaximizationof eq.3.19is equivalentto theminimizationof thenegativeof its
logarithm,thatis, thesumof thelogarithmsof eachof thetwo termson theright-hand
side. Thefirst termon theright-handsideof eq.3.19expresseshow well thecurrent
motion andlabel field conformto the imageintensities.As in the motion estimation
phase(eq.3.6)we assumethat themotion-compensatedintensitydifferencesfollow a
Laplaciandistribution. Then:

|�} vZ; Q�x uò7x�v w x�v {b� � ��	 4#� ����! "G� 3 "]� wZ�
� "D�b� �
��� �!�� ó��� � " õ � ��� �
�� ó_�� � " õ � � (3.20)

wherewith � w� ó9øKõ and � {� ó´øKõ respectively, wedenotethebackwardandforwardmotion-
compensatedintensitydifferenceunderthemotionhypothesisø atpixel � . With � 3 " we
denotetheparameter� of theLaplacianthatmodelsthemotion-compensatedintensity
differencesfor theobjectwith label � 	 .

Note thatwe usea three-frameapproachwhereat eachpixel eitherthebackward
or the forwardmotion-compensatedintensitydifferenceis consideredvalid. The un-
derlyingassumptionis thateachpixel hasacorrespondenceeitherin thepreviousor in
thenext frame.By doingso,we dealin a simpleandefficient way with occlusions.A
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similarapproachis presentedby DuboisandKonrad[32]. In theirwork thedirectionin
which themotionestimationis constrainedis determinedby anocclusionfield.

The secondterm on the right-handsideof eq.3.19modelsthe probability of the
label field. We modelit asa Gibbsdistribution whoseenergy term � > ó�Q õ is thesum
of spatialclique potentials � > ó�öOxUö_�Öõ which are definedover pair-site (pair-segment)
cliquesasfollows:� > ó�öOxUö � õ ��� �� ->�¡�ó9öOxUö_�Lõ if � 	 � � 	�¢ ->£¡�óTöOxUö_�Lõ if � 	
¤� � 	�¢ (3.21)

wherethesegmentsö and ö � areneighborsin theneighborhoodsystemo 	 definedon
the region adjacency graph. The term   > is a constantthat controlsthe weight of the
spatialconstraintsrelative to the constraintsthat the intensitypreservation principle
imposes.Theterm ¡�ó�ö!x�ö_�Öõ denotesthelengthof thecommonborderbetweenö and ö_� ,
which is estimatedasthe numberof pairsof pixels ó���xz���uõ which areneighborsin the
imagegrid andbelongto thebordersof ö and ö�� , respectively. Froma globalpoint of
view, anoptimizationwith respectto thespatialenergy term � > ó*Q õ tendsto minimize
thetotalborderlengthbetweenneighboringobjects.

Theparameter  > controlsthe relative weightsof thespatialconstraintsin thees-
timation of the label field, with respectto the dataenergy term �)¥ ( �)¥ is equalto

the negative logarithmof
|¦} vZ; Q)x uò7xzv w x�v { � ). As far as the spatialenergy term is

concerned,we notethatat segmentlevel thespatialenergy termis proportionalto the
perimeterof the segment ö , while the dataenergy term is proportionalto the number
of pixels of ö . In general,this implies that the larger a segment,the larger the ratio
betweentherelative contribution of the local dataenergy termwith respectto the lo-
cal spatialenergy term. Thus,for larger segmentsemphasisis given to the evidence
that thesegmentsthemselvesprovide abouttheir temporalbehavior, while for smaller
segmentsthe emphasisis given to the evidenceprovided by the label field in their
neighborhood.For the manualsettingof the valueof   > a rule of thumbcanbe pro-
videdby an analysisof the ratio betweenthe sizeandthe perimeterof the segments.
For a valueof   > around1.5a roughnormalizationbetweenthedifferentenergy terms
is achieved for segmentsof around100 pixels in size. In our experimentswe used
valuesof   > in therangebetween2 and12.

For the optimizationprocedurewe employ a deterministicrelaxationalgorithm
known as Iterative ConditionalModes(ICM) [11]. In an iterative way, ICM maxi-
mizesat eachiterationthe conditionalprobability of a label eachsite (intensityseg-
ment)given the labelsat all othersites. Sincethe Markov RandomField modeling
introducesonly local dependencies,this conditionalprobability canbe expressedin
termsof thelocalenergy terms.More specifically:�¨§ª© | ó*� 	 �¬« ; v?xzv w xzv { x uø-,Zx�­_� 	&¢¯® ö ��° o 	�± õ �

� , ����! ¯" ; � � } uø 3 " � ;-�9; < 	 ;&§ª© � ,ù ( �	 ¢ �!²6" �a>Ùó�öOxUö � õ (3.22)

where � � } uø 3 " � �´³0µ ©·¶6; � w� } uø 3 " � ;�x
; � {� } uø 3 " � ;�¸ . At eachiteration only the term� > ó9öOxUö � õ is affected,which impliesthatthecomputationalcomplexity ateachiteration
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is ¹Oó : �	 4#� ; o 	 ; õ , that is, it is proportionalto the numberof segmentcliques. An
initialization of the label field is providedby the labelingof eachsegmentaccording
to theMaximumLikelihoodprinciple(i.e.

| ó*v?x uQ w ; Q õ ). After somederivationsa ML
maximizationis equivalentto aminimizationof all but thelasttermof eq.3.22.Since
thereareno interdependenciesthe ML labelingcanbe performedindependentlyper
segment.

In order to investigatethe validity of the proposedalgorithmwe have conducted
a numberof experimentswith both syntheticand “real” imagesequences.We will
presenthereresultsfor thesyntheticimagesequence“S5” andtherealimagesequences
“train”, “sunflowergarden”and“coastguard”.

(a)Estimatedmotionfield (b) Label field at con-
vergenceof the clus-
tering

(c) Label field at con-
vergenceof theICM

Figure 3.20: “S5” imagesequence:Labeling basedon motion field versuslabeling
basedonmotion-compensatedintensitydifferences

In fig. 3.20we presentexperimentalvalidationof our choicein which a labeling
basedon themotion-compensatedintensitydifferenceswaspreferredoveraclassifica-
tionof theestimatedmotionvectors.Theestimatedmotionfield for thesyntheticimage
sequence“S5” (fig. 3.20(a))hastoo many errorsto allow for a reliableclassification.
Although the parametersfor both the objectand the backgroundareestimatedwith
high accuracy (Table3.3) misclassificationsoccurnearmotiondiscontinuities,where
themotionfield is mainly corrupted.Notethat themisclassificationsarenot only due
to occlusions.Themotionfield wasestimatedin a backwardmanner(i.e. betweenthe
framein questionandtheprecedingframe)sothat in principle themotionfor theup-
perpartof theobjectandtheright margin of theimagecouldbeestimatedaccurately.
Still, dueto the limitations of the motion estimator, errorsarepresentin the motion
field, evenat theseareas,which leadto misclassifications.In comparison,thelabeling
basedon themotion-compensatedintensitydifferencesandtheMarkov RandomField
modelinglabelssuccessfullytheareasnearmotiondiscontinuities(3.20(c)).Dueto the
bi-directionalwayin whichthemotionhypothesesarevalidatedbothoccludedanddis-
closuredareasaresuccessfullylabeled.Theonly areasin which therearedifferences
with the trueobjectmask(fig. D.4(b)) areareasthathave correspondencesin neither
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the previousnor in the next frame. For suchareasit is very questionableif a correct
classificationbasedona 3-frameanalysiscanbeachieved.

The imagesequence“train” is alsocharacterizedby motionslarge in magnitude
andthereforethe sameanalysisasthe onefor the “S5” sequencecanbe applied. In
fig. 3.21(a)we illustratethelabelingbasedon theMaximumLikelihoodprinciplethat
is usedasan initialization andin fig. 3.21(b)the label field obtainedat convergence
by the Iterative ConditionalModes(ICM) algorithm. It is clearthatby modelingthe
labelfield asaMarkov RandomFieldweareableto obtain“clean” labelfieldswithout
isolatedsegments.The localizationaccuracy of the methodis illustratedin fig. 3.22,
wheretheedgesof the labelfield aresuperimposedon theoriginal frame. Theresult
justifiesour choiceof a conservative initial intensitysegmentation;thebordersof the
objectsarewell preserved.Theintensityconstraintsthatareincorporatedby theuseof
the initial segmentationallow us to obtaina labelfield wheretheedgesarevery well
localized.

(a)MaximumLikelihood (b) MRF modeling

Figure3.21: “train” imagesequence:Labelingwithoutandwith spatialconstraints

Figure3.22:Objectedgesderivedfrom thelabelfield of fig. 3.21(b)superimposedon
theoriginal frame

Similar resultswereobtainedfor a numberof imagesequences.In fig. 3.23 we
presentthe label field obtainedat convergencefor the “sunflower garden”imagese-
quencefor o � ù andtheedgesof thelabelfield superimposedon theoriginal frame
for o � ú . Thetrunk of thetreeaswell asits right brancharewell localizedbut the
thinnerbranchesarenot preservedby the initial intensitysegmentation.As a conse-
quence,partof thesky is labeledwith thesamelabelasthetree,sincefor thesky there
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is not enoughtextureto supportthebackgroundmotionhypothesis.

(a) Labelfield for pqUrs (b) Superimposededgesfor pºU\s
Figure3.23: “sunflowergarden”imagesequence.Labelingandsuperimposededges

Finally, we presentresultsfor the 10th frameof the “coastguard” sequencefor
which the difficulties arisedue to the small magnitudeof the different motion pat-
ternsandthecomplicatedpatternof themotionof thewater. Themotionof thewater,
the middle boatandthe shorecanbe distinguishedonly at sub-pixel level. The pro-
posedmotion hypothesesextraction methodis able to successfullyextract the four
mostdominantmotionpatternsasshown in fig. 3.24(a),wherethelabelfield obtained
atconvergenceof theproposedclusteringalgorithmis depicted.Basedontheextracted
motionhypotheses,theinitialization andthelabelfield obtainedat theconvergenceof
theoptimizationprocedureof section3.3 arepresentedin fig. 3.24(b)andfig. 3.24(c)
respectively. Thelocalizationaccuracy for thatsequenceis illustratedin fig. 3.25.Both
of theshipsareseparatedwell from thewater;thebow wavesthatarecreatedin front
partof theshipsalsoappearto movewith themandthereforearenot labeledaspartof
the water. Furthermore,the shoreis alsowell separatedfrom thewatereventhought
themotionof theshoreandthewaterdiffer only aroundhalf apixel perframe.

3.4 Conclusions

In thischapterwepresentedamethodfor labelingimagesequencesbasedon thekine-
matic characteristicsof the depictedobjects. The proposedmethodologyapproaches
theproblemin a two-stageway; theextractionof thekinematiccharacteristicsis sepa-
ratedfrom thelabelingitself.

At thefirst stage,motionhypothesesareextractedby clusteranalysisof a motion
field. Confidencemeasuresdevelopedspecificallyfor the motion estimatorthat was
usedandrobust regressiontechniqueswereutilized in a clusteringscheme.Thepro-
posedconfidencemeasurearederivedby expressingtheblock-basedmotionestimation
schemein the probabilisticframework andareexpressedin termsof the a posteriori
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(a) Label field obtainedat
convergenceof the cluster-
ing

(b) Maximum Likelihood
labeling

(c) Label field obtainedat
convergenceof ICM

Figure3.24:Labelfieldsfor “coastguard”sequence

probability of the correspondingestimatedmotion vectors. We have experimentally
supportedour hypothesisthat the deviation of the motion-compensatedintensitydif-
ferencesis linearwith thelocal intensitydeviation. Themethodthatwehaveproposed,
practicallyintroducesno additionalcomputationalburdensinceall of thedatais pro-
vided asa by productof the searchschemeof the block-matchingmotion estimator.
We have illustratedthe advantagesof usingconfidencemeasuresand robust regres-
siontechniquesin termsof accuracy of theestimatedmotionparametersandin terms
of stability. We have additionallyconstrainedthe clusteringproblemby utilizing an
initial intensitysegmentationschemeto form initial groupsof pointsandreducedthe
computationalcomplexity drastically. Theefficiency of theproposedschemehasbeen
illustratedfor anumberof imagesequencesin our experimentalresults.

At the secondstage,the motion hypothesesare usedto label the segmentsthat
result from the initial intensitysegmentation.We have illustratedthat by adoptinga
conservativeapproachit is possibleto obtainin mostcasesaninitial intensitysegmen-
tation thatpreservestheedgesof theobjectsandwe commentedon the limitationsof
themethodthatwe have chosen.In contrastto themajority of similar methodsin the
literatureour methodusesthe motion-compensatedintensitydifferencesasevidence
for thelabeling.We have clearly illustratedtheadvantagesof suchanapproachin the
presenceof motionslargein magnitude.Wehaveposedthelabelingproblemasanop-
timizationproblemin termsof thea posterioriprobabilityof thelabelfield, giventhe
motionhypotheses.A three-frameapproachwasadoptedandits contribution in deal-
ing with occlusionswasclearlyillustrated.Wehaveincorporatedspatialconstraintsby
modelingthelabelfield asa Markov RandomField. We have illustratedtheefficiency
of theproposedmethodin anumberof imagesequences.

As far asfuturework in this directionis concerned,we wouldproposetheuseof a
moreefficientoptimizationschemein theclusteringsothatmultiple initializationsare
not necessary. Theformulationcanbeeasilyadaptedsothatstochasticoptimizationis
applied. A similar argumentholdsfor the labelingprocedure.Furthermore,the need
of tuningtheparameter  > , theonly parameterexceptof thenumberof objects,might
be possibleto be eliminated. The label field provided by the Maximum Likelihood
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Figure3.25: “coastguard” imagesequence:Edgesof the label superimposedon the
original frame

classificationis usually quite closeto the desiredone. The useof crossvalidation
techniquesmightbesufficient to providea robustsolutionto this issue.



Chapter 4

Joint Motion Estimation and
Segmentation

In the previous chapterwe presenteda motion-basedsegmentationmethodin which
the extractionof the motion hypothesesandthe estimationof the label field areper-
formedin separatestages.In thefirst stagea setof motionhypotheseswereextracted
by clusteringan independentlyestimatedmotionfield. In thesecondstage,segments
that wereextractedin an intensitysegmentationphasewerelabeledaccordingto the
motionhypothesisto which they conformed.Themethodgavevery goodresultsfor a
numberof imagesequencesbut doesnot exploit thetemporalredundancy eitherin the
motionor in thelabelfield. In otherwords,it doesnot utilize thefact that themotion
andlabel fields in subsequentframesarevery similar andthat their relationscanbe
formally expressed.Instead,it requiresthe computationallyexpensive re-estimation
of a motion field. Furthermore,in the motion hypothesesextractionphasethe spa-
tial constraintsarenot fully utilized. In theblock-matchingmotionestimationscheme
(a) the block-basedspatialconstraintswhich areimposedfail nearmotion edgesand
(b) spatialconstraintsarenot imposedbetweenneighboringblocks. In theclustering
phasespatialconstraintsareimposedonly within intensitysegmentsandnot between
neighboringintensitysegments.

In thischapterwepresentanapproachin whichspatialandtemporalconstraintsare
incorporatedinto asingleframework,allowing thejoint estimationof thesegmentation
field and of the motion information1. The methodoperatesat two levels (fig. 4.1).
At the lower level (LEVEL 1 in fig. 4.1) a segmentationalgorithmoperatingon the
currentframe’s intensitiesprovidesa set of segmentswith relatively small intensity
variation. Sincethe absenceof an intensityedgeis likely to imply the absenceof a
motion discontinuity, eachsegmentis assumedto belongto a singleobject. Motion
segmentationis then equivalent to groupingthesesegmentsinto regions that move
with thesamemotionparameters,that is assigningan“object” label to eachsegment.
Thenumberof the“object” labelsis consideredasknown andareprovidedasa user-
specifiedparameter. Finally, weassumethatanaffineparametricmodelis sufficient to

1Thebasisof this chapterappearsin [93]
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Figure4.1: Outlineof thejoint motionestimation/segmentationapproach

describethevariousmotionpatternsin thescene.

The labelingis performedat thenext level (LEVEL 2 in fig. 4.1) wherethe well-
known notionof Markov RandomFields(MRF) is usedin orderto expressspatialand
temporalconstraintson thelevel of the“intensity” segments.Thecriterionis themax-
imizationof theconditionala posterioriprobability(MAP) of thelabelfield giventhe
motionhypotheses,thelabelfield of thepreviousframeandtheimageintensities.The
equivalencebetweenthe MRF andthe Gibbsdistribution is exploited and the label-
ing is formulatedasan optimizationproblemwith respectto the motion parameters
andthe labelfield itself. For theoptimizationprocedurewe proposea methodwhich
reducesthe correspondingobjective function in an iterative way with respectto the
motionparametersandthe labelfield. In theoptimizationwith respectto the motion
parameters(motionestimationphase) theestimationis performedonregion level, that
is, asetof parametersis estimatedfor thecollectionof segmentsthatcompriseasingle
object.Theestimationis constrainedby theintensitypreservationprincipleandby the
temporalcoherency of thelabelfield. In theoptimizationwith respectto thelabelfield
(labeling phase) an object label is assignedto each“intensity” segment. The label-
ing is constrainedby the intensitypreservationprincipleandthespatialandtemporal
coherency of the label field. A three-frameapproachis taken in order to deal with
occlusions.

In comparisonto the methodpresentedin chapter3 the methodproposedin this
chapteralsoassumesparametricmotion models,modelsthe label field asa Markov
RandomField andattemptsa labelingbasedon themotion-compensatedintensitydif-
ferences.On the otherhand,it addressestemporalissuesandincorporatesall of the
constraintsin a single framework for the Joint estimationof the motion hypotheses
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andthe labelfield. Thatchangeof paradigmaffectsboth themodelingandthecorre-
spondingoptimizationprocedure.

The remainderof the chapteris organizedasfollows. In sections4.1 and4.2 we
presentthe formulationof the labelingproblemin the MAP framework andthe opti-
mizationprocedure,respectively. In section4.3experimentalresultsarepresentedand
finally conclusionsaredrawn in section4.4.

4.1 ProblemModeling

We considerthe supervisedframework wherethe numberof independentlymoving
objectsin the scene,denotedby o , is consideredasknown. We assumethat the 2-
D apparentmotionfield inducedby themcanbe approximatedby 6-parameteraffine
models. Affine motion modelshave beenproved useful for motion estimation[37]
[118], motionsegmentation[18] [23] [114] andtracking[66] [98] andareagoodcom-
promisebetweenefficiency and complexity. Keepingthe terminologyof chapter3
we denotewith ø � ­3øJó5÷�õ F�F�F ø,óTýKõ ± the parametersof the modeland »� � the model-
generatedmotionvectorat imagelocation � � ó*� � xz� � õ :

»� � �½¼ øJó5÷�õ2� �)( øJó9ùKõ�� ��( øJóTúcõøJóTûcõ2� �)( øJó9üKõ�� ��( øJóTýcõ¿¾ (4.1)

The motion hypothesesfor the scenearethe collectionof the motion hypotheses
for eachobject « , thatis: ò � ­2ø-, ® « ° � ÷ F�F�F or� ± (4.2)

We seekfor the unknown label field Q � ­�� 	~® � 	 ° � ÷ F�F�F or�!x�ö ° � ÷ F�F�F2À � ± and
themotionhypothesesò at timeinstantÁ , consideringasknown theestimationof label
field uQ w at theprevioustime instant.We considertheBayesianframework andmore
specificallywe adoptas the labeling criterion the maximizationof the a posteriori
probability(MAP) of thelabelfield. Theconditionalprobabilitydistributionsto which
the MAP criterion decomposesaremodeledasGibbsdistributions. This MAP-MRF
framework hasbeenusedextensively for regularizationandfor expressingcontextual
constraintsin numerousproblemsin computervision [42] [57].

More specifically, in the MAP framework, we aim for the maximizationof the a
posterioriprobability:| } QÂ; v?x�ò·x uQ w xzv w xzv {b� � | } va; Q�xZò·x uQ w x�v w xzv {b� | } uQ w ; ò·xzQ � | óÃQ~; ò õ (4.3)

with respectto Q and ò . With v w xzv and v { we denotethe imageintensitiesin the
previous,currentandnext framerespectively. We modelappropriatelytheprobability
distribution functionsin orderto expresstherelationsbetweenthelabelfields,thein-
tensitiesandthemotionhypotheses.Dueto theHammersley-Clif ford theorem,which
statesthe equivalencebetweenMRFs andGibbsdistributions(e.g. [10]), the model-
ing reducesto the definition of energy functionswhich arecomposedof local clique
potentials.
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Thefirst termon theright-handsideof eq.4.3 is theconditionalprobabilitydistri-
bution

| ó*vZ; Q)x�ò·x uQ w xzv w xzv { õ which expresseshow well thecurrentmotionandlabel
field conformwith theimageintensities.We modelit asa Gibbsdistribution:

| ó�va; Q�xZò·x uQ w x�v w x�v { õ � ÷Ä � � ��� ¥�Å vDx�Q�xZò·xzv w xzv {ÇÆ (4.4)

where
Ä � is thesumof theexponentialtermof eq.4.4overall possiblerealizationsof

intensities(all possiblecurrentframes). In general,
Ä � is dependenton the unknown

fields Q and ò to the degreethat the intensityvariability alongeachtrajectoryis de-
pendenton the intensity variability alongother trajectories[56]. The independency
assumption,althoughit is violatedfor examplein occlusionareas,is oneof themost
commonassumptionsin the motion-relatedliteratureandwill be alsoadoptedin our
work. Underthis assumption,

Ä � canbeconsideredasa normalizationconstantwhich
doesnot effect theoptimizationprocedure.

The energy term �)¥ ó*v?xzQ�xZò·xzv w xzv { õ is formed by the Gibbs potentials �a¥ 	 as
follows:

�)¥~Å�v?xzQ)x�ò·xzv w xzv {ÇÆ �ÉÈ�	 4¯� �a¥ 	 Å.vDx�ö!xAø 3 " xzv w xzv {ÇÆ�ÉÈ�	 4¯� ³0µ © � ����! ¯" ÅÃ� w� óTø 3 " õ Æ � x ����! #" Å.� {� ó´ø 3 " õ Æ � ' (4.5)

where � {� óTø 3 " õ and � w� óTø 3 " õ arerespectively the forwardandbackwardmotion-com-
pensatedintensitydifferencesat pixel � ( � ° < 	 ). Thatis,� {� ó9ø 3 " õ � v,ó��9õ¯�Êv { ó�� (Ë� � óTø 3 " õAõ (4.6)� w� ó9ø 3 " õ � v"ó*��õ¯�Av w ó��Ì� � � óTø 3 " õAõ (4.7)

We makeuseof theintensitypreservationprinciple,thatis, weassumethattheim-
ageintensitiesalongthemotiontrajectoriesremainconstant.Themotion-compensated
differenceshave the characteristicsof theexpectednoise. Assumingthat thenoiseis
independent,theassumptionthat

Ä � in eq.4.4 is constantis true.
Notethatwe areusinga three-frameapproach,wherethemotion-compensatedin-

tensitydifferencesaredefinedeitherin thepreviousor in thenext frameusingthe ³0µ ©
operator. The direction(backwardor forward) in which they aredefinedis common
for thepixels thatbelongto thesameintensitysegment.By doingso,we aredealing
in a simpleandefficient way with appearinganddisappearingareas.Theunderlying
assumptionis that theseareasarevisible in at leasttwo consecutive frames,that is,
pixelswithin eachwatershedsegmenthavecorrespondenceseitherin thenext or in the
previousframe.A similar approachwherea visibility setfor eachpixel is definedin a
forward/backwardmanner, is presentedby DuboisandKonrad[32]. In their work the
directionin which themotionestimationis constrainedis determinedby anocclusion
field. In our segment-basedapproachthedirectassociationof anocclusionfield with
thedirectionof themotionis not trivial sincesegmentsmaybeonly partiallyoccluded.
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However, our assumptionthat the pixels within eachsegmenthave correspondences
either in the next or in the previous frame, is violatedonly whena segmentis large
enoughto partially appearand partially disappearfrom thescene.In this casetherel-
ative sizeandtexture structureof the visible areawill determinethe accuracy of the
temporalevidencefor the segmentin question. In suchcasesthe spatialconstraints
needto providetheadditionalcuesfor correctlabeling.

The secondterm on the right-handside of eq. 4.3 expressesthe temporalcon-
straints. The conditionalprobability of the estimateof the label field at the previous
frame uQ w is modeledasaGibbsdistribution.| } uQ w ; ò·xzQ)xzv w xzv { � � ÷Ä � � ����Í�ó�Q�xZò·x uQ w õ (4.8)

wherewe consider
Ä � to be a constantfollowing the samereasoningasfor

Ä � . The
energy term � Í ó�Q�xZò·x uQ w õ is formedby the Gibbspotentials� Í 	 , which aredefined
oversingle-site(single-segment)cliquesasfollows:

�ÎÍZó*Q�xZò·x uQ w õ �ÉÈ�	 4#� �GÍ 	 } uQ w xUöOx5ø 3 " � (4.9)

The local energy term �DÍ 	 } uQ w x�ö!xAø 3 " � expressesthe cost (due to temporalcon-

straintsimposedonthelabelfield) to assignlabel � 	 to thewatershedsegmentö , taking
into considerationthemotionhypothesis( ø 3 " ) thatthisassignmentimplies.It is defined
as � Í 	 } uQ w xUöOx5ø 3 " � �   Í�Ï 	 (4.10)
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Figure4.2: Temporalprojectionof watershedsegment ö (gray polygon in Framet).
Theshadedareain frame Á6� ÷ representsa region labeledwith label � 	

Eachpixel of thewatershedsegmentö is projectedin thelabelfield of theprevious
frameusingthemotionparametersø 3 " (fig. 4.2). ThenumberÏ 	 is thenumberof pix-
elsof segment ö whosemotion-basedprojectionsin thepreviousframehave different
labels.Thesmallerthe Ï 	 , thehighertheprobability that ö hasthelabel � 	 . Theterm  Í is aconstantthatcontrolsthetemporalconsistency of thelabelfield. Thehigherthe  Í thehigherthe tendency to obtaina label field Q anda setof motionhypothesesò
suchthateachregion « in thecurrentframeis projectedentirelywithin a region with
thesamelabelin thepreviousframe.
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Finally, thethird termon theright-handsideof eq.4.3 modelsthea priori proba-
bility of thelabelfield. We modelit asa Gibbsdistribution whoseenergy term � > ó*Q�õ
is formedby theGibbspotentials� > asfollows:

�)>�ó*Q�õ �ÐÈ� 	 4#� �?> 	 ó�Q�x�ö�õ �ÉÈ�	 4¯� �	&¢ �!²6" �a>Ùó�ö!x�ö � õ (4.11)

The spatial Gibbs potentials � > ó9öOxUö_�Lõ are definedover pair-site (pair-segment)
cliquesasfollows:� > ó�ö!x�ö � õ �Ñ� ��  > ¡�óTöOxUö_�Öõ if � 	 � � 	&¢ ->�¡�ó9öOxUö_�Lõ if � 	
¤� � 	&¢ (4.12)

where  -> is a constantthat controlsthe weight of the spatialconstraintsrelative to
the temporalconstraintsandto the constraintsimposedby the intensityconservation
principle. The term ¡�ó9ö!x�ö � õ denotesthe lengthof thecommonborderbetweenö andö_� . We estimatethis asthenumberof pairsof pixels ó*�2xz�*�Lõ which areneighborsin the
imagegrid andbelongto the bordersof ö and ö_� respectively. The maximizationof| ó*QÂ; ò õ is equivalentto the minimizationof � > ó�Q õ . We adda negative quantity to
the potential � > ó*Q�õ whenever two neighboringsegmentshave the samelabel, anda
positivequantitywhenthey havea differentlabel. In this way we favor configurations
of the labelfield thatarespatiallysmooth.This quantity, which canbe interpretedas
thespatialinteractionbetweenwatershedsegments,is proportionalto ¡�ó9öOxUö_�Lõ , in other
words,theirspatialinteractionincreaseswith thelengthof theircommonborder. From
a global point of view, a minimizationwith respectto the spatialenergy term �)>�ó*Q�õ
tendsto minimizethetotalborderlengthbetweenneighboringobjects.

Theparameters -> and  _Í controltherelative weightsof thespatialandthetempo-
ral constraintsin theestimationof thelabelfield, with respectto thedataenergy term�)¥có�vDx�Q�x�ò·x�v w x�v { õ . For settingtheir valuesoneneedsto understandtherelative im-
portanceof thethreeenergyterms.As farasthelocaldataenergy � ¥ 	 ó*v?xUöOx5ø 3 " x�v w xzv { õ
andthe local temporalenergy � Í 	 } uQ w xUöOx5ø 3 " � areconcerned,both of themareesti-

matedover theensembleof thepixelsof thesegment ö . Thatis, eachpixel contributes
to the local energy on theonehandwith thesquareof thebackward/forwardmotion-
compensatedintensitydifferenceandontheotherhandwith   Í in thecasethatits label
is differentthanthe labelof its motion-basedprojectionin thepreviousframe. In or-
der to achieve a balancebetweenthesetwo terms,  �Í shouldbe setaccordingto the
expectedcharacteristicsof the motion-compensatedintensitydifferences.However,
the correctnessof the influenceof the temporalconstraintsdependson the degreeof
theaccuracy of theestimatedlabelfield uQ w in thepreviousframe. To ensurethat the
algorithmis flexible enoughto correcterrorsin uQ w , thevalueof  _Í shouldbechosen
ratherconservatively. In all of ourexperimentsthevalueof   Í waschosenin therange
between1 and2.

Sincethe dataenergy term andthe temporalenergy term areestimatedover the
sameensemble,thatis, theensembleof pixels,anaturalnormalizationin thecontribu-
tion of thesetermsis achieved. On theotherhand,thespatialenergy term is defined
in termsof the lengthsof the commonbordersbetweenneighboringsegments. At
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segmentlevel, the influenceof the dataenergy term andthe temporalenergy term is
proportionalto the numberof pixels of segment ö , while the influenceof the spatial
energy termis proportionalto theperimeterof ö . In general,this impliesthatthelarger
a segment,the larger the ratio betweenthe relative contribution of the local dataand
temporalenergy termswith respectto thelocalspatialenergy term.Thismarksagrad-
ual shift on the weight we assignto the differentsourcesof evidencethat we utilize
for the labeling. For largersegmentsemphasisis placedon theevidencethat theseg-
mentsthemselvesprovideabouttheirtemporalbehavior while for smallersegmentsthe
emphasisis placedon theevidenceprovidedby thelabelfield in their neighborhood.

For the manualsettingof the valueof  
> a rule of thumbcanbe provided by an
analysisof the ratio betweenthe size and the perimeterof the segments. Suchan
analysiscanprovidethevalueof  -> for whichanormalizationbetweenthethreeenergy
termsis approximatelyachievedfor segmentsof agivensize.Thiscanbeusefulwhen
the sizeof the smallerexpectedobject is a priori known. The relationbetweenthe
size and the perimeterof the segmentsdependon two factors. On the one handit
dependson theshapeof thesegmentswith the two extremesbeinga) very elongated
segmentsthat yield a linear relation andb) circular segmentsthat yield a quadratic
relationwith thelargestpossiblecoefficient( óTû!ÒÙõ w � ). Ontheotherhand,it dependson
thedefinitionof theperimeter. For ourdefinitionof theborderlengthandfor relatively
small segments(lessthan150 pixels) an approximationof the segment’s size � asa
function of its perimeterÓ wasexperimentallyfound to be � � �Ô�Õ Ó � . This implies
that a normalizationof the different energy termsfor a segmentwith 100 pixels is
achievedfor a valueof 1.5 for  
> . However, if we take into considerationthatthedata
energy termhasthecharacteristicsof thevarianceof themotion-compensatedintensity
differencesandthatthetemporalenergy termis scaledby thefactor  _Í , avalueof  -> in
therangebetween3 and10 is a morereasonablechoice.

The parameter -> can be also interpretedas a smoothingparameter, and in this
context its automaticdeterminationhasreceiveda lot of attention,especiallyasa reg-
ularizationparameterfor the solutionof ill-posedproblems[9] [38]. In our case,a
recentlypresentedvoting technique[90] couldbe applicablefor simultaneouslyesti-
matingthelabelfield andtheparameters  > . Thatapproach,basedon anestimationof
thecurrentlabelfield, attemptsto obtaina betterestimationof theinteractionparame-
ter in termsof thelocalcharacteristicsof theenergy function.Sincethenumberof sites
(watershedsegments)is muchlower thanthatof pixel-basedapproachesthecomputa-
tionaloverheadwouldbegreatlyreducedin comparisonto them.However, issuessuch
asthedegreeof dependenceonthequalityof theinitial labelfield andtheapplicability
of themethodfor theautomaticdeterminationof  _Í shouldbefurtherinvestigated.

As farastheassumptionthatthenumberof objectso is concerned,weshouldnote
thatthemaximizationof thea posterioriprobabilitythatweusedasacriterionmightbe
alsosuitablefor theautomaticdeterminationof o . Underour modelingassumptions
for theprobabilitydistributionsof theintensityandthelabelfield of thecurrentframe,
the sumof the threeenergy termsis proportionalto the encodingcostof the current
frameif we useanoptimalcode.This stemsfrom thefact that thesumof theenergy
termsis proportionalto thesumof thenegativelogarithmsof eq.4.4andeq.4.8,thatis,
thesumof theencodingcostfor the intensityresidualandthe labelfield respectively.
In the above analysiswe have ignoredthe costof encodingthemotion parametersas
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this costcanbeconsiderednegligible in comparisonto theotherterms.Practically, a
minimizationwith respectto the numberof objects o is a compromisebetweenthe
accuracy of thepredictionof theintensitiesat thecurrentframeandthecomplexity of
thelabelfield. More specifically, whenwe adda new labelwe reducethedataenergy
term � ¥ . Thiscomesat thecostof a mostprobableincreaseof thespatialenergy term� > , which dependson the commonborderlengthbetweenthe differentobjects,and
a definiteincreaseof thetemporalenergy term � Í , which penalizeslabelfieldswhich
arenot similar to theoneestimatedin thepreviousframe.

The automaticdeterminationof the numberof objectsusing the Minimum De-
scriptionLengthprinciple [96] [111] hasoften beenaddressedin the literature(e.g.
[97] [27]). Following themostcommonlyusedschemewecouldapplyourmethodfor
thecertainvaluesof o andchoosetheonewhichatconvergenceyieldsthelowestsum
of energies.However, sincewe have not conductedany experimentsin thatdirection,
the issueof theautomaticdeterminationof o shouldbe consideredin thecontext of
futurework.

4.2 MAP estimation

Oncetheenergy functionsaredefined,theMAP estimateis equivalentto theminimiza-
tion of thequantity�gó�Q�xZò·xzv?x?uQ w x�v w xzv { õ � � ¥ ó�vDx�Q�x�ò·xDuQ w xzv w x�v { õ ( � > ó*Q�õ ( � Í ó*Q�xZò·x?uQ w õ

(4.13)

Theminimizationof eq.4.13is a non-linearoptimizationproblemwith respecttoQ and ò . For solvingsuchoptimizationproblems,anumberof methodshavebeenpro-
posedin theliteraturewhich rangefrom deterministic[11][25] andstochastic[53][42]
relaxationschemesto methodsinspiredby GeneticAlgorithms[58]. Stochasticop-
timization can provide bettersolutionsin termsof the objective function due to its
ability to escapelocalminima,but it is computationallyintensive. Deterministicrelax-
ation methodson the otherhand,canprovide a goodsolutionto a local minimum if
presentedwith areasonableinitialization. Sincein ourcaseinitializationsareavailable
from theestimationsmadein thepreviousframewewill restrictourselvesto thedeter-
ministic framework. Weproposeamethodwhichiteratesbetweenaminimizationwith
respectto thelabelfield (labelingphase)andaminimizationwith respectto themotion
parameters(motionestimationphase).In the labelingphasea relaxationalgorithmis
employedto solve the combinatorialproblemof assigningobjectlabelsto watershed
segments.In themotionestimationphaseeq.4.13is linearizedwith respectto ò anda
gradient-basedapproachis adopted.Let usnotethatbothminimizationphasesemploy
iterativealgorithms.In orderto avoid confusionwewill referto theiterationsbetween
the motion estimationandthe labelingphaseasexternal andto the iterationswithin
eachphaseasinternal.

More specifically, let usdenotewith Ö the index for theexternaliterations.Then
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theMAP estimationat theexternallevel iteratesbetweenthefollowing phases:QØ× { � � Ù!ÚzÛÇ³0µ ©C �gó*Q)x�òÂ×7xzv?x uQ w xzv w xzv { õ (4.14)òÂ× { � � Ù!ÚzÛÇ³0µ ©Ü �gó*QØ× { � xZò·xzv?x uQ w x�v w xzv { õ (4.15)

Theinteractionbetweentheexternalandtheinternaliterationsisdepictedin fig. 4.3,
wherewith Ý wedenotetheindex for eachof theinternaliterations.At thelevel of the
internaliterationsthe index Ö is omittedfor the sake of notationalsimplicity. When
convergenceis achievedatoneof theinternallevels(motionestimationor labeling),or
after a fixed numberof iterations,the control is transferredto the otherinternallevel
(labelingor motion estimationrespectively). In our implementationwe useda fixed
numberof iterationsfor themotionestimationphase.
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Figure4.3: Flow diagramof theoptimizationprocedure.Motion hypothesesextraction
andlabelingareperformedin aniterativeway.

For thefirst externaliteration(i.e. for Ö �Þ8 ) themotionhypothesesareinitialized
with themotionparametersestimatedfor thepreviousframe.

Let us note that the optimizationproceduredescribedby eq. 4.14 and eq. 4.15
bearssimilarities to the ExpectationMaximizationmethod,whenhardclassification
is employed. In that framework, in theExpectationsteptheExpectationof thecondi-
tionalprobabilityof eachof thelabelsateachsitegiventheestimateof ò at iteration Ö
shouldbeestimated.Thelabelwith thehighestconditionalprobabilityis thenassigned
to the site in question.However, the estimationof the Expectationof theconditional
probabilitiesof the latentdata(i.e. the label field) is complicatedwhenthe modein-
troducesinterdependenciesin the label field. Zhangand Modestino[120] generate
samplesof thelabelfield throughsimulatedannealingandcomputetheconditionalex-
pectationsby MonteCarlowhenthe interdependenciesareexpressedusinga Markov
RandomFieldmodeling.WeissandAdelson[115] alsousethelabelfield asaMarkov
RandomFieldbut basedonresultswhichrelatetheEM algorithmto statisticalphysics
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[78] validateguessesof the conditionalexpectationsin the Expectationstep. In the
casethattheguessesfail to reducethefreeenergy they employ gradientupdatesto the
old estimatesof theconditionalexpectations.In our case,eachinternaliterationin the
labelingphasewhich we employ could be interpretedas locally updatingthe condi-
tional expectationsbasedon the labelfield estimatedin thepreviousinternaliteration
andchoosingthelabelwith thehighestconditionalprobability. Sincethechoiceof the
label with the highestconditionalprobability implies a reductionof the total energy
(Eq. 4.13)theconvergenceof theschemeis guaranteed.In appendixC we show that
our methodis essentiallyan EM methodwith hard decisionsand that with a minor
modificationit canincorporatesoft decisionstoo.

4.2.1 Labeling phase

In the labelingphase(eq.4.14) the minimizationof eq.4.13with respectto Q takes
place,keepingthe motion parametersò “frozen” ( ò � ò × ). We employ an itera-
tive deterministicrelaxationalgorithmknown asIterative ConditionalModes(ICM).
Proposedby Besag[11], ICM maximizesiteratively the conditionalprobability of a
label at eachsite, given the labeling at all other sites. In the original algorithm at
eachiterationeachsiteis visitedandassignedthelabelthatmaximizesthatconditional
probability. Dueto the local interactionsthat theMRF modelingimplies this reduces
to thecalculationof thelocal cliquepotentialsfor eachsiteunderconsideration.

As statedin [11] theorderin which sitesarevisited is importantfor thefinal con-
figuration.Furthermore,a sitecancontributeto thereductionof theenergy only if the
local labelingconfigurationhaschanged,that is, it is not necessaryto visit all sitesat
eachiteration.In orderto copewith thelatterwemaintainasetof candidatesegments$�ß for eachiteration Ý andin orderto avoid theinfluenceof a predeterminedordering
weadoptarandomvisit scheduleontheelementsof thecandidateset.Thestepsof the
algorithmaresummarizedin Table4.1.

For the estimationof the label field Q in the first internal iterationof the first ex-
ternal iteration we take into accountonly the motion hypotheses,and the temporal
constraints,thatis, weminimizethequantity �~¥Kó�vDx�Q�xZò·xzv w xzv { õ ( �ÎÍÀó�Q�x�ò·x uQ w õ . No
spatialinteractionsareintroducedatthatpoint,thatis, thelabelof awatershedsegmentö in independentof thelabelsof therestof thewatershedsegments.This servesasan
initializationof thelabelfield for theoptimizationprocedurein thecurrentframe.

4.2.2 Motion Estimation phase

In the motion estimationphasethe minimizationof eq.4.13with respectto ò takes
place,keepingthe label field Q “frozen” ( Q � Qy× ). This minimization is a non-
linear optimizationproblemsinceneither � ¥ óÃvDx�Q�xZò·xzv w x�v { õ nor � Í ó*Q)x�ò·x uQ w õ are
linearwith respectto themotionparameters.For � ¥ ó*v?xzQ)x�ò·xzv w xzv { õ this is because
firstly the imageintensitiesarenon-linearwith respectto ò andsecondlybecauseof
the non-linearminimum operator(eq. 4.5). In order to overcomethe latter we turn
the minimizationof eq.4.13 into an equivalentoptimizationproblemby introducing
a binary dir ection field ­
à 	á® à 	 ° � 8 x3÷â�.xUö ° � ÷ F�F�F2À � ± . This field determinesthe
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1. $âã � ­
ö ® ö ° � ÷ F�F�F2À � ± , $ � �Þä , Ý �¬8
2. Chooserandomlyasegment ö from $�ß
3. Assignto ö thelabel � thatminimizesthelocalenergy:� 	 �ÞÙPÚ�Ûb³0µ ©3 } �a¥ 	 Å�v?xUöOx5ø 3 x�v w xzv {ÇÆ ( �a> 	 ó*Q)xUö$õ ( �GÍ 	 } uQ w xUöOx5ø 3 �Ì�
4. $�ß � $�ß �å­
ö ±
5. If ö haschangedlabel,updatethecandidatelist for thenext iteration

$ ß { � � $ ß { �bæ ­
ö � ® ö �Ì° o 	�±
6. If $�ß ¤�¬ä go to step2

7. If $�ß { � ¤�Þä then Ý � Ý ( ÷ andgo to step2. OtherwiseSTOP

Table4.1: Modified ICM for segmentlabeling

direction,backward or forward, in which the temporalintensityvariationconstrains
themotionestimation.Let usdefine çéè�ó�àDxZò õ as:çeè�ó�à?x�ò õ � �ÎÍÀó*Q)x�ò·x uQ w õ (È� 	 4#� � à 	 ����! #" ÅÃ� {� óTø 3 " õ Æ � ( ó5÷Î�Aà 	 õ ����! #" Å.� w� ó´ø 3 " õ Æ � ' (4.16)

wherethefunctionaldependenceof ç è ó�àDxZò õ on thelabelfieldsandon theimagein-
tensitiesis omittedfor notationalsimplicity. Thenew energy term ç è óÃàDxZò õ is derived
from thetermsof eq.4.13thatdependon ò .

Lemma 1
If ó uò·x uà�õ are the argumentswhich minimize eq. 4.16 then uò is the argumentwhich
minimizeseq.4.13with respectto ò .

Proofis givenin appendixA

We minimizeeq.4.16with a methodwhich iteratesbetweena minimizationwith
respectto ò andaminimizationwith respectto à . More specifically:à ß { � � Ù!ÚzÛÇ³0µ ©¥ ç èeÅ à?x�ò ß Æ (4.17)ò ß { � � Ù!ÚzÛÇ³0µ ©Ü ç èeÅ à ß { � x�ò Æ (4.18)
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where Ý is theiterationindex. ò ã arethemotionhypothesesestimatedin theprevious
externaliterationor, for thefirst externaliteration,themotionhypothesesestimatedfor
thepreviousframe.

Clearlytheminimizationof ç èeÅ àDxZò ß Æ with respectto à yields:

à 	 �Ñê ÷ if : ���! " Å � {� ó´ø 3 " õ Æ �ìë : ���! " Å � w� ó´ø 3 " õ Æ � (forward)8 otherwise (backward)
(4.19)

For theminimizationof ç èeÅ à ß { � x�ò Æ with respectto ò wehaveavailablethefieldà ß { � , whichgivesusfor eachsegment ö thedirection(backwardor forward)in which
motion informationhasto be considered.Let us stressthe fact that one parametric
modelis estimatedperobject,but thatfor eachof thesegmentsconstitutingtheobject
thedirectionmightdiffer. In orderto solve for ò we first makea linearapproximation
of ç è Å à ß x�ò Æ with respectto ò . We will solve for ò in an incrementalway which
iteratively improvesthepreviousestimationò ß . Let usexpressthemotionparametersò as ò � ò ß (îí ò . At iteration Ý ( ÷ we will solve for the í ò [83] for which the
gradientof çeè with respectto themotionparametersis zero.

First we make a linear approximationof the imageintensitieswith respectto the
motionparametersby expanding� w� ó9øKõ (or � {� ó9øKõ ) usinga first-orderTaylor approx-
imation [47][83]. More specificallysupposethat for a segment ö it is the casethatà 	 �98 . Thenateachpoint � ° < 	 :� w� ó9ø 3 " õ � v"ó*��õ¯�Av w ó��Ì�¬»� � óTø 3 " õAõ (4.20)M v"ó*��õ6�ïÅÃv w ó*�Z�¬»� � ó´ø ß3 " õ5õ6�Ëðñv w ó*�Z�¬»� � ó´ø ß3 " õAõ_»� � ó í ø 3 " õ Æ

eq.4.20is linearwith respectto í ø 3 " thusthesecondtermon theright-handside
of eq.4.16(i.e. thesummation)is now approximatedby a summationof thesquares
of termslike eq.4.20. Therefore,its gradientis linearwith respectto í ø 3 " . We deal
with subpixel accuraciesusinga bicubicalinterpolatorwhich is continuousin its first
derivatives[52].

In orderto beableto differentiateeq.4.16with respectto themotionparameterswe
will alsoneedanapproximationof theterm � Í ó*Q)x�ò·x uQ w õ . For eachobject « (where« ° � ÷ F�F�F or� ) wedefineafield ¹ w, suchthat:

¹ w, ó*�9õ ��� 8 if uQ w� �¬«ò  �Í otherwise
(4.21)

where uQ w� denotesthelabelof thesegmentto which thepoint � belongs.Notethat the
field ¹ w, is definedin termsof thelabelfield estimatedfor thepreviousframe.

Let usexpress� Í ó*Q)x�ò·x?uQÎw�õ in termsof ¹·w, :

� Í ó�Q�x�ò·xauQ w õ � È� 	 4¯� � Í 	 } uQ w xUöOx5ø 3 " �� È� 	 4¯� ����! " Å ¹ w3 " ó��Z�¬»� � óTø 3 " õ5õ Æ � (4.22)
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In orderto approximateeq.4.22with a functionwhich is quadraticwith respectto
themotionparameters,wesmooth¹ w, with aGaussianfilter with asmallvarianceand,
aswas the casefor the intensities,we considerthe first-orderTaylor approximation.
We will expresseq.4.22in a way thatallowsanincrementalmotionestimation.More
specifically:�ÎÍÀó�Q�x�ò·x uQ w õÇM È� 	 4#� ����! ¯" ÅÃ¹ w3 " ó*�Ì�¬»� � ó´ø ß3 " õ5õ ( ð0¹ w3 " ó*�Z�¬»� � óTø ß3 " õ5õ_»� � ó í ø 3 " õ Æ � (4.23)

Undertheapproximationsof eq.4.20andeq.4.23theenergy function ç è ó�àDxZò õ is
quadraticwith respectto themotionparameters.Expressingò as ò � ò ß (ºí ò , the
correctionin themotionparametersí ò is givenby solving:ð0çeèeÅ�à ß xZò ß (ºí ò Æ �¬8 (4.24)

where ðñç è is the gradientof ç è with respectto the motion parameters.eq. 4.24
resultsin o linearsystemswith six unknowns: onefor eachof the o setsof motion
parametersø-, .

4.3 Experimental Results

We have appliedthe proposedmethodin a numberof imagesequencesin order to
test the validity of our approach.We presentresultsfor threesequencesin eachof
which different challengesarise. The first one is the MPEG-4 validation sequence
“coast guard”. In this imagesequencewe are presentedwith a complex scene,in
which four differentobjectsarepresent.Themotionsof theobjectsarequitesmall in
magnitudewhich makesthe distinctionbetweenthemratherdifficult. In the second
one, the “train” sequence,we are againpresentedwith a complex scenewith three
different apparentmotion patterns. In this casethe motionsare large, a fact which
generatesstrongocclusionsandeven blurs the edgesof oneof the objects. In order
to demonstratethe contribution of the direction field à , we presentresultsobtained
by consideringonly the forward direction,both in the motion estimationand in the
labelingphase.Finally in thethird sequence,the“pig” sequence,wearepresentedwith
an independentlymoving object in a staticbackground.The sceneis simplebut the
moving objectexhibits small deformationsin shape,andlargerotationalcomponents
arepresentin themotionpattern.

4.3.1 “coast guard” sequence

For theMPEGvalidationsequence“coastguard”,fig. 4.4(a)andfig. 4.4(b)depictan
original frameandthecorrespondingvalidationlabelfield which is usedonly for illus-
trative purposes.Given this labelingmaskfour differentobjectsarepresent,namely
the “water”, “left ship”, “middle ship” andthe “shore”. The camerafollows the ship
in themiddle,while anothershipis enteringthescene.Thewaterof theriver globally
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(a) (b) (c)

Figure4.4: The 14th frameof “coastguard” sequence,the correspondingvalidation
labelfield andthewatershedsegmentation

appearsto move to the right, but deviationsfrom the dominantmotion patternoccur
locally. The motion behavior of the different objectsis quite similar; a distinction
betweenthe“shore” andthe“water” is possibleonly at subpixel level.

The resultof the watershedsegmentationis depictedin fig. 4.4(c),wherean area
with constantintensityrepresentsawatershedsegment.Our primarygoalof obtaining
a well-localized,edgepreservingsegmentationis largely achieved. Exceptof thethin
mastof theshipenteringthescene,eachwatershedsegmentbelongsentirelyto asingle
object,a resultwhich validatesourchoiceof usinga smallstructuringelement.

Figure4.5: Label fields for the 10th frameof the “coastguard” sequenceat external
iterations1, 2, 3 and5

The initialization of the motion parametersfor the 10th framewereobtainedby
anestimationbasedon the robustclusteringdescribedin chapter3. Almost identical
resultswereobtainedby settingsettingmanuallythe horizontaltranslationalcompo-
nentsof themotionmodels(i.e. parameter� Ô ) to 1, 1.8, -0.5 and1.3 for the“water”,
“left boat”, “middle boat”andthe“shore” respectively. In fig. 4.5wepresentthelabel
fieldsobtainedat theendof successiveexternaliteration,with thetemporalconstraints
disabled.Thealgorithmis capableof distinguishingthedifferentobjectsin thescene
by groupingsuccessfullythe watershedsegmentsinto regionsthat move in the same
way. Bothof theshipsarewell localizedandthe“water” is separatedfrom the“shore”
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exceptfor thepartwhich is closerto theshore.Thelatteris probablydueto thediffer-
encein depthbetweenthepartsof thewaterthatarecloserto thecameraandtheparts
thatarecloserto theshore.Themaindifferencewith the“groundtruth” segmentation
of fig. 4.4(b)remainsthe trail of theship in thewater, which in our casewasmerged
with thebig “water” segment.However, it is questionable,without any semanticrea-
soning,whetherit is possibleto classifywith thesamelabeltheshipanda trail whose
apparentmovementis quitearbitrary. In comparison,wehavedisabledthespatialcon-
straintsandappliedour methodwith thesameinitializations.Theresultinglabelfield
is depictedin fig. 4.6. In theabsenceof spatialconstraints,themotionof the“water”
cannotbe estimatedwell, a fact which resultsin misclassificationsand in a “noisy”
labelfield.

Figure4.6: Labelfield for the 10th frameof “coastguard”sequence,without spatial
andtemporalconstraints.Labelfieldsarepresentedatexternaliterations2 and4

In order to obtain a goodseparationof the “shore” and the “water” we enabled
thetemporalconstraintsusinga labelmapfor frame9, which wasobtainedby setting
manuallythemotionparametersandapplyingonly thelabelingphase.Then,for frame
10,no initializationwasusedfor themotionparameters(i.e. they wereall setto zero).
Thelabelfield which is usedfor frame9 andthefinal labelfield obtainedfor frame10
arepresentedin fig. 4.8 andtheevolution of thehorizontalmotioncomponentduring
theinternaliterationsis presentedin fig. 4.7.
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Figure4.7: Evolution of the horizontaltranslationalcomponents( ø,óTúKõ ) of the affine
motionmodelfor the10thframeof the“coastguard”sequence

In orderto illustratethetemporalbehavior of themethod,wepresentin fig. 4.9the
original framesandthe correspondingmagnificationsof the masksobtainedfor two
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Figure4.8: Labelfield usedfor the9th frameof “coastguard”sequenceandlabelfield
obtainedfor the10thframeusingspatialandtemporalconstraints

shipsfor frames10to 30,with astepof 10frames.Themethodexhibitsgoodtemporal
stability, andthe edgesarewell localizedin the subsequentlabel fields. In fig. 4.10
we presentwith a stepof 5 frames,the labelfield andthe correspondingmaskof the
“shore”object.

Figure 4.9: Original frames10, 20 and 30 of the “coast guard” sequencewith the
correspondingmagnifiedmasksof thetwo ships

Finally, wehaveappliedourmethodassumingthatonly threeobjectsarepresentin
thescene.We manuallyinitialized thehorizontalcomponentof themotionparameters
of theobjects“left ship”, “background”and“middle ship” to 3, 0.1and0 respectively.
In fig. 4.11(a)we presentthelabelfield obtainedat convergencefor the10thframeof
thesequencewhenboth temporalandspatialconstraintsaredisabled.In theabsence
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of temporalandspatialconstraintswe couldnot obtaina goodlocalizationof thetwo
ships,eventhoughtheresultsof fig. 4.6indicatedthatthismightbethecase.For com-
parison,we presentin fig. 4.11(b)thelabelfield obtainedfor thesameframeandwith
thesameinitializationsbut with thespatialconstraintsenabled.Finally, in fig. 4.11(c)
we presentthe labelfield obtainedat convergencefor frame11, with boththe tempo-
ral andspatialconstraintsenabled.For this framewe usedas uQ Í w � the label field of
fig. 4.11(b).

Figure4.10: Labelmasksand“shore” segmentfor frames15, 20 and25 of the“coast
guard”sequence

(a) (b) (c)

Figure 4.11: Label fields underthe assumptionthat threeobjectsarepresentin the
scene.(a) Labelfield for the10thframewithout spatialandtemporalconstraints.(b)
Labelfield for the10thframewith spatialconstraints.(c) Labelfield for the10thframe
with bothspatialandtemporalconstraints
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4.3.2 “train” sequence

Thealgorithmhasbeenalsotestedon theevenfield of theinterlaced“train” sequence.
Theoriginal fieldsfor frames10 to 33 with a stepof 8 framesarepresentedin theleft
columnof fig. 4.12. The movementof the camerageneratesanapparentbackground
motionof about4 to 8 pixelsper frame(dependingon therelative depth),onetrain is
moving with 6 pixelsperframeandtheothertrainwith about45pixelsperframe.Due
to thelargeapparentmotionlargeareasappearanddisappearfrom thescene:theareas
in front andbehindthesecondtrain aswell asareasat the bordersof the image. For
thesamereason,thereareareasthatevenappearonly for oneframe,for examplethe
areabetweenthewagonsof train in theforeground(“train two”).

Figure 4.12: Original frames10-37 of the “train” sequencewith the corresponding
labelmasks

We presentresultsfor 24 framesof this sequence,namelythe frames10 to 33,
with a stepof 8 frames. In fig. 4.12 the original framesandthe correspondinglabel
fields aredepicted. In fig. 4.13 the masksfor the two trainsandthe backgroundare
alsopresented.Thealgorithmexhibits goodlocalizationpropertiesandtheareasthat
appearanddisappeararealsoclassifiedsuccessfullydue to the bidirectionalway in
whichwevalidatethemotionhypotheses.Problemsoccurmainly in theareasbetween
thewagonsof thetrain in the foregroundthatappearonly for oneframe. Sincethere
is no correspondencein thepreviousor in thenext frameandthe temporalconstraint
is alsoinvalid, theseareasarelikely to bemisclassified.Thevaluesof   > and   Í were
manuallysetto 4.5and2 respectively andthealgorithmwasappliedconsideringframe
10 asthefirst frameof thesequence.Resultsfor frame10 wereobtainedwith a rough
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manualinitialization of thehorizontalmotioncomponentsof the3 differentobjectsto
35,5 and-5 pixels/frame.For thatframe,thetemporalconstraintsweredisabledsince
the label field of the previous framewasnot availableandthe valueof   > wassetto
6.5. Thecorrespondinglabelfield for thesameinitialization of themotionparameters
andwith thespatialandtemporalconstraintsdisabledis depictedin fig. 4.14.

Figure4.13:Objectedgessuperimposedontheoriginal frames10and26of the“train”
sequence

Figure4.14: Labelfield for train sequenceobtainedwithout spatialandtemporalcon-
straints

In orderto demonstratetheinfluenceof thebidirectionalway in which themotion
hypothesesareestimatedandvalidated,we presentexperimentalresultswhich were
obtainedby setting ­_à 	 � ÷!xUö ° � ÷ F�F�F2À � ± . In this way only theforwarddirectionis
considered.In fig. 4.15we presentthe edgesof the correspondinglabel field super-
imposedon the 10th frameof the sequence.This is to be comparedwith the results
presentedin fig. 4.12andfig. 4.13. Misclassificationsoccurin theareasthatarecov-
eredin thenext frame(frame11),namelytheareasin front of thetwo trainsaswell as
in theright edgeof thefield of view.

In orderto illustratetheinternalsof theiterativeproceduresandto provide insight
in whatdegreethemethoddependsontheinitializations,wehaveappliedthealgorithm
at the 10th frameof the sequencewith a badinitialization for the motion parameters
andhave disabledthetemporalconstraints.Thehorizontalmotioncomponentsof the
3 differentobjectsweremanuallyinitialized to 13,0, and0.2(“train 2”, “background”
and “train 1” respectively) and the parameter -> was manuallyset to 4.3. A worse
initialization of themotionparametersor a highervalueof   > causesthe“train 2” and
the“background”to merge.In general,ourexperimentsindicatedthatwhenthemotion
parametersarebadlyinitializedit is betterto choosealowervaluefor theparameter  > .
However, evenwith thesemarginal initializationswe wereableto obtaina reasonably
goodestimateof the labelfield andof themotionparameters.In fig. 4.17we present
thelabelfieldsobtainedat differentstagesof theexternaliterationsandin fig. 4.16we
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Figure4.15:Objectedgessuperimposedonthe10thframeof the“train” sequencewith
forwardmotion estimationandlabeling( ­
à 	 � ÷!x�ö ° � ÷ F�F�F2À � ± ). Theabsenceof a
correctmatchin thenext framecausesmisclassificationsin occludedareas.
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Figure4.16: Evolution of thehorizontaltranslationalcomponents( øJó9úKõ ) of theaffine
motionmodelfor the10thframeof the“train” sequence

presentthe horizontalmotion componentsobtainedat subsequentapplicationsof the
motionestimationat theinternaliterations.Weshouldnotethatthemotionparameters
thatwe haveobtainedin this wayareamuchbetterinitialization thantheonewe used
to obtaintheresultsof fig. 4.12.

4.3.3 “pig” sequence

In the “pig” sequence,which wasobtainedfor the needsof a project for monitoring
animalbehavior, a pig is moving againsta staticbackground,with slowly changing
illuminationconditions.Thereis strongrotationin someof theframesof thesequence
anddeformationsof thebodyof thepig. Moreover, theassumptionof rigid motion is
violatedin areaslike thepig’searsandlegs. In fig. 4.18thelabelfieldsfor frames411,
416,421and426arepresented.The localizationaccuracy andthe temporalstability
arepreserved, even thoughthe motion of the pig changesquite fastand in a strong
rotationalsense.However the motion of the earsandthe leg, in somecases,deviate
significantlyfrom theestimatedparametricmodelandmergewith thebackground.
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Figure4.17: Labelfieldsat subsequentexternaliterationswith a badinitialization of
themotionparametersanddisabledtemporalconstraints.Top left: MaximumLikeli-
hoodlabeling(without spatialandtemporalconstraints).Top right: Labelfield at the
3rd external iteration. Bottom left: Label field at the 6th external iteration. Bottom
right: Final labelfield (12thiteration)

Figure4.18: Original framesandmasksfor frames411, 416, 421, 426 of the “pig”
sequence(Courtesyof R. Griekspoor)

4.4 Conclusions

In this chapterwe proposeda methodfor motion-basedsegmentationof video se-
quences,in whichspatialandtemporalconsistency is expressedin termsof interactions
betweensegmentsthatresultfrom aninitial intensitysegmentation.As ameansfor the
initial intensitysegmentationwe useda watershedsegmentationalgorithm. Using a
smallstructuringelementfor themorphologicalsimplificationof eachframewe were
ableto preserve thesignificantedgesandto achievehigh localizationaccuracy.

We havedefinedin a formalway thespatialandtemporalinteractionsbetweenthe
watershedsegmentsby building a modelfor the labelfield basedon thenotionof the
Markov RandomFields.We expressthelabelingproblemasanoptimizationproblem
with respectto thea posterioriprobabilityof thelabelfield. We proposea three-frame
approachin orderto dealwith occlusionsanddevelopaniterativeoptimizationscheme.
The relation of our methodwith pixel-basedapproacheshasbeendemonstratedby
consideringthedegeneratecase,wheretheintensitysegmentscontaina singlepixel.

We have presentedresultsfor variousimagesequences,which show thatwith the
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proposedmodelingit is possibleto group segmentsthat result from a “fine” initial
segmentation,basedon motion information. The proposedmethodexhibits goodlo-
calizationproperties,temporalstabilityanddealssuccessfullywith motionocclusions.

For future work, an explicit treatmentof the occlusionsandmorespecificallyof
occlusionsin the previous framecould be beneficial. This implies the identification
of segmentsthathave just appearedin thesceneandtherelaxationof theassumption
of the temporalcontinuity of the label field in suchcases.The directionfield could
providethebasisfor analysisin thatdirection.

The relaxationof the rigidity assumptionthat is imposedby theaffine parametric
model would be an interestingdirection to follow. In the motion-basedsegmenta-
tion framework sucharelaxationusuallyinvolvestheassumptionthatthemotionfield
variessmoothlywithin eachobjectandthatobjectedgescoincidewith motiondisconti-
nuities.In ourparadigm(i.e. amodelappliedona“fine” initial intensitysegmentation)
suchanextensionis not abig step.

Finally, theautomaticdeterminationof thenumberof theobjectsin thedirections
thatwe haveoutlinedin section4.1might beaninterestingextension.
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Chapter 5

Semi-automaticStatistical
Segmentation

In thelasttwo chapterswe presentedmethodswhich discriminatebetweentheobjects
that composethe sceneon the basisof their kinematicbehavior. The latter wasas-
sumedto follow a parametricmodelof low order. Although widely adopted,sucha
modelis not sufficient to describenon-rigidcomplex motionssuchashumanmotion.
Furthermore,dependingon the applicationandthe userthe goal of the segmentation
mayvary. It maybethecasethatmotion informationaloneis insufficient to discrim-
inatebetweenthe objectsin the scene.Therefore,additionalsourcesof information
suchascolor and/ortexture shouldbe usedanda modelon the color and/ortexture
propertiesshouldbeadopted.As farastheorderor thegeneralityof themodelis con-
cerned,weshouldnotethat,in theabsenceof a priori knowledgeaboutthedomain,the
adoptionof a low-ordermodelis morerestrictivethanin thecaseof motion.Following
the discussionmadein the introduction(fig. 1.1) theadoptionof a modelof a higher
orderwill comeat thecostof a higherdegreeof userinteraction.

In thischapterwepresentasemi-automaticmethodfor labelingimagesequences1.
Thegoal is thedevelopmentof a methodcapableof segmentingcomplex scenesinto
objectswhosecolor andmotionattributesvary. An outlineof theproposedmethodis
illustratedin fig. 5.1. Themethodoperatesat threelevels. At Level 1 (pixel level) a
featurevectoris estimatedfor eachpixel in the currentframe. At Level 2 (segment
level) acolorsegmentationmethoddecomposesthecurrentframein anumberof color
segments. Subsequently, we estimatethe statisticalpropertiesof the color segments
underthe assumptionthat the featurevectorsat pixels inside the samesegmentare
generatedby the sameprocesswhich is modeledasa multivariateGaussian.Finally,
at Level 3 (objectlevel) a labelingbasedon a probabilisticclassificationof thecolor
segmentstakesplace.The labelingimposesa “commonfate” to thepixelsbelonging
to thesamecolor segment.Theclassificationis basedon local statisticalmodelingof
thecolor andmotionpropertiesof theobjectsin thescene.We modeltheconditional
probabilityof motionandcolor giventhelabelfield, in a window aroundthecenterof

1Thebasisof this chapterappearsin [92]
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eachsegmentasamixtureof multivariateGaussians,eachonegeneratedby adifferent
object.By modelinglocally thedistributionandthea priori probabilityof eachobject
we areableto representobjectswhich exhibit variationsin motion,color andspatial
characteristics.Theclassificationcriterionis themaximizationof thejoint probability
of the label field andthe observations(i.e. featurevectors),with respectto the label
field. For themaximizationadeterministiciterativelocalsearchalgorithmis employed.

The assumptionof local homogeneityin color andmotion attributes,asopposed
to theassumptionof global homogeneity, allows themodelingof objectswith varying
characteristicsbut at the sametime it also introducesa degreeof uncertainty. The
reasonis thatthereis notauniqueandrobustwayof defininganobjectwhichattributes
arenot homogeneous.In orderto dealwith it, we resortto userinteraction. For the
first frameof thesequenceadescriptionof thelocalstatisticalpropertiesof theobjects
is built basedon a labelfield that is initiated from a user-specifiedscribble.Thenthe
labelfield is trackedfor therestof thesequence.
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Figure5.1: Outlineof thesemi-automaticmethod

Theremainderof thechapteris organizedasfollows. In section5.1we briefly de-
scribethe color segmentationmethod,the userinteractionandthe motion estimation
algorithm.In section5.2wedescribethelocalmodelingof thefeaturevectorsdistribu-
tion andin section5.3weformulateandsolvethelabelingasanoptimizationproblem.
In section5.4theprojectionprocedureis described.In section5.5experimentalresults
arepresentedandin section5.6conclusionsanddiscussionfollow.

5.1 FeatureExtraction and User Interaction

In this sectionwe will discusstheissuesrelatedto thefirst two levelsof theproposed
method,aswell asissuesrelatedto theuserinteractionphase.
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At thelowerlevelof theproposedmethod(Level1 in fig. 5.1),for eachpixel � in the
currentframea featurevector ó � whichcharacterizesits colorandmotionpropertiesis
defined.Thefeaturevectorhasfive components:onefor eachof thethreedimensions
of the chosencolor spaceandtwo for the horizontalandvertical componentsof the
motion.

As far asthemotionestimatoris concerned,we shouldnotethat thegeneralityof
theproposedapproachis not limited by theuseof aspecificmotionestimationscheme.
However, sincewe dealwith color imagesequenceswe favor motion estimatorsthat
incorporatesuchextra information. In principle,color motionestimatorscancomeas
extensionsof standardintensity-basedmotionestimators[44]. While intensitymotion
estimatorsattemptto minimize an error measurebasedon the motion-compensated
intensity difference,color motion estimatorsattemptto minimize an error measure
basedon thecorrespondingmotion-compensatedcolor difference.Consequently, the
definition of color differencerequiresa definitionof a distancemetric in the adopted
colorspace.In principle,thecolordistancemetricshouldbedependentonthechoiceof
thecolorspaceitself. In thecontext of ourwork, wechoosetheLu*v* colorspaceand
theEuclideandistance.Lu*v* wasdesignedhaving thisdistancemetricin mind,sothat
the quantitative measureof differencesin color reflect the correspondingperceptual
differences.

Morespecifically, in ourmotionestimationschemeweaimatadensemotionfield,
thatis, at theestimationof amotionvector � � for eachpixel � in thecurrentframe.We
adopta rectangularsupportregion ( ô � ) aroundeachpixel in question� andaim at the
minimizationof themotion-compensatedmean-squarecolor difference.Formally:

õ� � �¬Ù!ÚzÛy³ñµ ©þ ÷; ô � ; �öz�!÷ �]ø çOó ùOxªù)� � õ � (5.1)

where ø çOó ùOxªù~� � õ is themotion-compensatedcolor differencein Lu*v* color space
betweenpixel ù in the current frame and ù0� � in the previous frame. In order to
minimizeeq.5.1 we employedtwo estimationmethods.The first is a searchscheme
commonlyemployedby block-matchingmotionestimators([75], [13]). In thesecond,
the solution is derived by differentiatingwith respectto the unknown motion vector
[60]. Thelatterschemehasbeenwidely usedin theliteraturein intensity-basedmotion
estimatorsandis computationallyveryattractive. In orderto dealwith motionsof large
magnitudewe incorporatedbothschemesin a multiscaleframework.

At the next level of the proposedmethod(Level 2 in fig. 5.1) a statisticalrepre-
sentationof thecolor andmotionpropertiesof segmentsthat resultfrom a color seg-
mentationmethodis built. Like in the previous two chapters,the color segmentsare
the building elementsof the objectsin the scene,that is, eachobject is definedasa
collectionof color segments.For its localizationaccuracy andits low computational
complexity we choosethewatershedalgorithmto obtainthecolor segmentation.The
latter is appliedon the morphologicalgradientof the color image[100], wherethe
morphologicalgradientat eachpoint is estimatedasthe differencebetweenthe mor-
phologicalopeningandclosingoperators,eachof which is appliedseparatelyto each
of thethreecomponentsof thecolor frame[45]. Like in theprevioustwo chapterswe
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aim at a conservative color segmentation.As wasthe casein the motion estimation
scheme,we usethe Lu*v* color spaceand the Euclideandistanceasa quantitative
measureof color differences.

Figure 5.2: An original frame and a watershedcolor segmentationfor the “jardin”
sequence.

Oncethe color segmentationphaseis over we build a statisticalrepresentationof
the color andmotion propertiesof eachcolor segment. Adopting the terminologyof
the previous two chapters,let us denotewith ö ° � ÷ F�F�F2À � the segmentsthat result
from the initial color segmentationphaseandwith < 	 the setof pixels in segment ö .
Weassumethatthefeaturevectorsat thepointswithin eachsegmentö areall generated
by thesameprocess.Assumingthatthis processcanbeapproximatedwithin thecolor
segment ö with a multivariateGaussianwe estimateits parameters(i.e. meanvector
andcovariancematrix) ú 	 with aMaximum Lik elihood estimator. Assumingthatits
componentsarenotcorrelatedweconsideronly thediagonalof thecovariancematrix.
Let us thendefinetwo generaloperatorsû ¥ ó F õ and = ¥ ó F õ that returnthemeanandthe
deviation of the à -th ( à ° � ÷!x F�F�F xUü-� ) componentof the multivariateGaussianthat
receive asargument,respectively. That is, û ¥ ó�ú 	 õ and = ¥ ó�ú 	 õ � arethe (scalar)mean
andthe varianceof the à -th componentof the multivariateGaussianwith parametersú 	 .

Theassumptionthat the featurevectorswithin thesamecolor segmentaregener-
atedby thesameprocessis violatedonly in thecasethattheinitial color segmentation
violatesthe objectedges.Sincethe structuringelementfor the appliedmorphologi-
cal operatorsis very small (3x3) a violation of an objectedgeis not likely to occur.
The latter assumesthat a color edgeis a necessaryconditionfor an objectedge. On
theotherhand,theassumptionthat theprocessthatgenerateseachfeaturevectoris a
multivariateGaussianis a designassumption.As such,it canbeviolated,for example
in situationswherethe motion patternhaslarge rotationalcomponentswhosecenter
of rotationis very closeto thesegmentin question.In suchcasesa parametricmodel
would bemoreappropriate.However, giventhat thesizeof the initial color segments
canberathersmall in general(e.g.fig. 5.2),a higher-ordermodelwould introducethe
problemof dimensionality. A low-ordermodelis morerobustandlessproneto fit to
thenoise.

At thehighestlevel of theproposedmethod(Level 3 in fig. 5.1)eachcolorsegment
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is labeledwith an object label in an iterative optimizationprocedurewherethe label
field andthelocalstatisticalpropertiesof theobjectsin thescenearejointly estimated.
Herewe will discussissuesrelatedto the initialization of the label field for the first
frameof thesequence.For that frame,a userinteractionphaseis employed. We keep
thatphasesimple,shortandintuitivefor theuserby requiringthedrawing of ascribble
[22] [119] over theobjectsin thefirst frame.We usetheuser’s scribbleasmarkersfor
a watershedalgorithmappliedon thecolor gradientof thefirst frame. An illustration
in the one-dimensionalcaseis depictedin fig. 5.3. Loosely speaking,object edges
aredeclaredat the pointsof highestgradientbetweenthe markers. This producesan
initial labelfield which is usedfor initializing thelocalmodelparametersandthelocal
a priori probabilitiesfor eachobject.
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Figure 5.3: User-definedscribblesusedas markers by a color watershedalgorithm
(1-D case)

In comparisonto our approach,Chalom[22] alsoengagesa userinteractionphase
with scribbles.In thatwork thestatisticalpropertiesof theobjectsareestimatedonly
alongthe scribbles.However, this requiresa carefulspecificationof the scribblesto
ensurethat thefeaturedistribution alongthemmatchesthefeaturedistributionsof the
underlyingobjects.

5.2 Local Mixtur eModeling

At the highestlevel of the proposedmethod(Level 3 in fig. 5.1) the color segments
arelabeledaccordingto thelocal statisticalcolorandmotionpropertiesof theobjects.
Statisticalrepresentationsof thecolorandmotioncharacteristicsof anobjecthavebeen
usedin the literature(e.g. [22] [85]) for segmentingandtrackingobjectsin complex
scenes.Both in [22] andin [85] a mixtureof Gaussiansis usedto modelthecolor and
motionfeatures,andin bothof themthelabelingis performedperpixel.
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Figure5.4: Supportareafor localmodels

In theframework of our methodwe modelthecolor andmotioncharacteristicsof
eachobjectlocally. More specifically, aroundeachsegment ö we definea rectangular
( � 	 ) with centerthecenterof massof segment ö (fig. 5.4). This rectangular� 	 is the
supportarea(or neighboringstructure)which will beusedfor building thelocaldistri-
butionof motionandcolorfeaturesfor eachof theobjectspresentin � 	 . Thesizeof the
rectangularis adaptive to thesegment’s size;its dimensionsaretakenasthemultiples
of the horizontalandvertical deviationsof spatialcoordinatesof pixels belongingto
thesegmentin question.Themultiplicand,denotedwith � , is auser-definedparameter
that controlsthe degreeof the locality of the model. Assumingthat the distribution
of the featurevectorsfor eachobject « within � 	 canbemodeledwith a multivariate
Gaussian,thetotaldistributionwithin � 	 is amixtureof Gaussians.Let usdenotewith� 	 the setof segmentswhich intersectwith � 	 (i.e.

� 	 � ­
ö_� ® < 	&¢�� � 	 ¤�Þä ± ). Let
us alsodenotewith Q � ­�� 	)® ö ° � ÷ F�F�F2À � ± the label field, where � 	 is the label of
segment ö .

In what follows we will formally definethe joint probabilityof the labelfield and
thefeaturevectors.An optimizationof thejoint probabilitywill providethefinal label
field [108] [5]. Adopting theterminologyof thepreviouschapters,let usassumethat
thereare o objectsin the scene,where o is specifiedby the userin the interaction
phase.Let usdenoteanobjectlabelwith « , where « ° � ÷ F�F�F or� . Let usalsodenote
with ø 	 , ó�Q õ theparametersof theGaussiandistribution aroundsegment ö for theob-
ject with label « . Notethat in contrastto theprevioustwo chaptersø doesnot denote
the parametersof a motion model. Let usalsodenotewith Ò 	 , ó*Q�õ the local a priori
probability of the object « . Note the dependenceof ø 	 , ó�Q õ and Ò 	 , ó*Q�õ on the label
field. Oncethelabelfield is given, ø 	 ,_ó�Q õ andÒ 	 ,Ùó*Q õ areestimatedwith theMaximum
Likelihoodestimatorfor eachobject « thatexists in ç 	 . More specifically, Ò 	 , is the
percentageof pixelsin � 	 with label « . In thesamewaythemeanandthevariancecom-
ponentsof ø 	 , aretheestimatedmeanandvarianceof thedataat thepointsof � 	 with
label « . Finally let us define ò as ò � ­cóTø 	 ,Ìx2Ò 	 ,�õ ® ö ° � ÷ F�F�FzÀ �Ãx « ° � ÷ F�F�F or� ± .
This is thesetof theparametersof thelocalmodelsandserveasthedescriptionof the
objects’properties.We assumethatthea priori probabilitythata pixel � belongsto an
object « is thesamefor all thepixels � � in thesamecolorsegment ö .

Undertheaboveassumptions,thejoint probabilityof theobservations( � � ­�ó � ± )
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andthelabelfield ( Q � ­
� 	â± ) is givenby:| ó��WxzQ�õ � | ó��º; Q�õ | ó�Q õ � � � Ó�ó ó � ; ø 	 , ó*Q�õ5õ � � Ò 	 , ó�Q õ (5.2)

wherethepixel � belongsto thecolorsegment ö and � 	 �9« . Theproductis takenover
all pixels � in thecurrentframe.

Oncethe label field is known the
| ó�� xzQ õ canbe estimatedin a straightforward

way.
Theparameter� which controlsthedegreeof locality is theonly parameterin our

formulation. Concerningthis parameter, let us note that in the degeneratecasethat�Ê@ B , thenall � 	 containthewholeimageandthemodelingimpliesthatthefeature
vectorsof eachobject follow a unimodal multivariateGaussiandistribution. In that
case,thecloserthefeaturevectorto themeanof theobject,thehighertheprobability
that the correspondingpixel hasthe label of the object in question. That model is
equivalent to a global, low-ordermodeland is obviously capableof describingwith
sufficient accuracy a rather limited rangeof objects,for exampleonly translational
motion patterns.On the otherhand,asthe sizeof the supportarea � 	 decreases,the
degreeof locality of the model increases.In this way we areable to modelobjects
having variationsin their color andmotion characteristics(e.g. humans).In the way
that the supportareas� 	 are definedthe local modeling implies that the color and
motioncharacteristicsareonly locally homogeneous.Suchanassumptionis essential
for assigningthesamelabelto segmentswith similar color andmotioncharacteristics.
In the extremecasethat the supportarea � 	 is smallerthan the color segmentitself
(i.e. � ë ÷ ), thelocal modelonly influencesandis influencedby thecolor segmentin
question.In thatcasethelabelof thecolorsegmentdoesnoteffect thejoint probability
of thelabelsandtheobservations.

5.3 Maximization of Joint Probability

The labelingcriterion is the maximizationof eq.5.2. This is equivalentto the maxi-
mizationof its logarithm.QÜó��Wx�Q õ � §ª©�ó | ó��Wx�Q õAõ � � � § ©bÓ�ó ó � ; ø 	 , ó*Q�õ5õ ( � � § ©�ó Ò 	 , ó*Q�õ5õ (5.3)

We employ aniterative local searchalgorithmwhich generatesa sequenceof label
fields Q ß (where Ý denotestheiteration)thatincreasethelog-likelihoodfunction.The
optimizationprocedurealsoinvolvesthe initialization of the label field ( Q ã ). For the
first framethis is provided as the resultof a watershedsegmentationprocedurethat
usesmarkersextractedfrom the user-specifiedscribbles. For eachof the remaining
framesof thesequence,Q ã is obtainedfrom theestimationof the labelfield from the
previous framewith a projectionschemedescribedin section5.4. An outline of the
wholeprocedureis depictedin fig. 5.5.

In theiterativelocalsearchoptimizationscheme,givenalabelfield Q ß weexamine
possibleperturbationsof thelabelfield ( Q ß { � ) andcalculatethelogarithmof thejoint
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Figure5.5: Outlineof thelabelingprocedure

probability of the perturbedlabel field andthe observations(eq.5.3). We acceptthe
perturbationsthat increasethe log-likelihoodfunction. In orderto reducethecompu-
tationalcostwe examineperturbationsonly along the bordersbetweenthe different
objects(asdefinedby Q ß ). Furthermore,alongthebordersof theobjectsaretheloca-
tionswheremisclassificationsareto beexpectedin the initialization of the labelfield
( Q ã ). For the first framemisclassificationoccurdueto the imprecisionsin the user’s
scribbles.For therestof theframesmisclassificationsin the Q ã resultdueto theshort-
comingsof theprojectionscheme,aswill bedescribedin section5.4. Thefinal label
field is obtainedwhenno changeof the labelof a color segment ö alongtheborders,
increasesthe log-likelihoodfunction. Sincethe log-likelihoodfunction hasan upper
bound,thestoppingcriterionis guaranteedto bemet. An outlineof theiterative local
searchoptimizationschemeis depictedin fig. 5.6.

Themaximizationof QÜó��Wx�Q õ with theiterativelocalsearchalgorithminvolvestwo
steps(fig. 5.6).First,by changingthelabelof asegmentö_� from « to « � , the ó´ø 	 , xzÒ 	 , õ
and ó´ø 	 , ¢ x2Ò 	 , ¢ õ for all segmentsö ® ö_� ° � 	 needto be re-estimated.In the second
step,the joint probabilityof thesesegmentsö giventhenew valuesof ó´ø 	 , x2Ò 	 , õ andóTø 	 , ¢ xzÒ 	 , ¢ õ areestimated.However, theseestimationsarecomputationallyintensiveif
they areto beperformedat pixel level. We will utilize thestatisticalrepresentationof
eachsegmentto estimatethemefficiently. Morespecifically, wewill expressthemasa
functionof thesegmentparametersú 	 . To dosowewill needsomeextranotation.Let
usdenotewith

| ó9ö_�.; ç 	 õ theprobabilityof a segment ö_� givena supportareaç 	 . This
canbeestimatedasthepercentageof � 	 that ö_� occupies(fig. 5.4). Thatis,

| ó�ö � ; ç 	 õ � ; < 	&¢	� ç 	 ;; ç 	 ; (5.4)

Giventhelabelfield andtheparametersò , let usestimatethelog-likelihoodfunc-
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Figure5.6: Outlineof theiterative local searchmaximizationprocedure

tion by rearrangingeq.5.3.

QÜó��Wx�Q õ � È� 	 4#� �
 �! #" §ª©ÇÓ�ó ó � ; ø 	 ,_ó*Q�õ5õ ( È� 	 4¯� ����! #" §ª©Ùó Ò 	 ,_ó�Q õ5õ (5.5)

� È� 	 4#� ; < 	 ; � ���! #" ­�§ª©bÓ�ó*ó � ; ø 	 ,Ùó*Q õAõ ± ( È� 	 4¯� ; < 	 ;�§ ©�ó Ò 	 ,_ó*Q�õ5õ
For estimatingtheexpectedvalueof § ©bÓ�ó ó � ; ø 	 ,_ó�Q õ5õ we utilize thefactthat ó � are

assumedto begeneratedby a processfollowing the Gaussiandistribution parameter-
izedby ú 	 . By denotingeachcomponentof theGaussianby à andaftersomealgebra
we obtainthat:� ���! ¯" ­�§ª©bÓ�ó ó � ; ø 	 ,_ó�Q õ5õ ± � � ��

¥ 4#� § ©Ùó ò ù-Ò�= ¥ óTø 	 ,Jõ5õ (5.6)

� ��
¥ 4#� ó û ¥ ó�ú 	 õ6�Aû ¥ ó´ø 	 ,JõAõ � ( = ¥ óÃú 	 õ �ùP=?¥Kó´ø 	 , õ �

wherethedependenceof ø 	 , on Q is omittedfor notationalsimplicity.
Let us now estimatethe parametersó´ø 	 , xzÒ 	 , õ given the label field Q . ø 	 , is the

meanand the varianceof the dataat points inside � 	 with label « , and Ò 	 , is the
percentageof pointsin � 	 with label « . Let usexpressthemasfunctionsof themeans
andthevariancesof thesegments.Ò 	 , � �	 ¢ ��
P" | ó�ö � ; � 	 õ��#ó*� 	�¢ �9« õ (5.7)

û ¥ óTø 	 ,�õ � ó*Ò 	 ,"õ w � �	 ¢ ��
!" | ó9ö � ; � 	 õ�� ���! " ¢ ­�ó � �#ó*� � �9« õ ±� ó*Ò 	 ,"õ w � �	 ¢ ��
 " | ó9ö � ; � 	 õ&û ¥ ó�ú 	&¢ õ��#ó�� 	&¢ �9« õ (5.8)= ¥ ó´ø 	 ,Jõ � � ó*Ò 	 ,"õ w � � ������"�� ó ó � �¨û ¥ óTø 	 ,Jõ5õ � �#ó�� � �¬« õ�� (5.9)� ó*Ò 	 ,"õ w � �	 ¢ ��
 " �#ó*� 	&¢ �¬« õ | ó�ö � ; � 	 õ Å û ¥ ó�ú 	&¢ õ � ( = ¥ óÃú 	&¢ õ � Æ �¨û ¥ ó´ø 	 ,�õ �
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Equations5.7-5.9provide us in analytical form the parametersof the probabil-
ity distribution in ç 	 asa function of the statisticalrepresentationsú 	&¢ of the color
segmentsö_� that intersectwith ç 	 . In a straightforward mannerwe canderive from
themthedifferencein theseparameterscausedby thechangeof thelabelof asegmentö_� ° � 	 . More specifically, supposethat the label of a segment ö_� , haschangedfrom« to « � . Thentheparametersof thelocal modelfor object « aroundsegment ö (where< 	&¢	� ç 	 ¤�¬ä ) aregivenby:Ò new	 , � Ò old	 , � | ó9ö � ; � 	 õ (5.10)û new¥ ó´ø 	 ,Jõ � ÷Ò new	 , � û old¥ óTø 	 ,Jõ&Ò old	 , � | ó�ö � ; � 	 õ&û ¥ ó�ú 	&¢ õ�� (5.11)

= new¥ óTø 	 ,Jõ � � Ò old	 ,Ò new	 , � = old¥ óTø 	 ,Jõ � ( û old¥ ó´ø 	 ,Jõ ���� ÷Ò new	 , � = ¥ ó�ú 	&¢ õ � ( û ¥ ó�ú 	&¢ õ ��� | ó�ö � ; � 	 õ6�¨û new¥ óTø 	 ,Jõ � (5.12)

Usingeq.5.6wecanthenderive thedifferencein thelog-likelihoodfunction.

5.4 Object Projection

Oneof themostimportantissuesin thesegmentationof imagesequencesis the tem-
poralcoherency of the labelfield. That is, how consistentthe labelfieldsarein time.
Dealingwith this issueinvolvesestablishinga link betweenthe labelfield at thecur-
rent frameandthe label field at the previous frame. This is usuallyachieved with a
motion-basedprojectionin thelabelfield estimatedat thepreviousframe.

In ourapproach,thetemporalconsistency affectsthelabelfield at thefirst iteration,
that is, the constructionof Q ã . For eachframeof the sequenceexceptthe first, each
segment ö is projectedin thepreviousframeandtheparametersø 	 , and Ò 	 , (for each
label « ) areestimatedlocally aroundtheprojectionarea(fig. 5.7). Then,we assignto
segment ö thelabelwhich maximizesthejoint probabilityof theobservationsin ö and
its label.

Object 1

Frame t

Object 2 Object 2

Object 1

Segments

Frame t-1

Figure5.7: Projectionof segment ö in thelabelfield of thepreviousframe

More specifically, thewindow in which theparametersø 	 , and Ò 	 , areestimated,
is constructedaroundtheprojectionin thepreviousframeof thecenterof massof the



5.5Experimental Results 85

color segment ö . Thedimensionsof thesupportwindow aredeterminedasmultiplica-
tivesof thedeviationsof coordinatesof thepixelsbelongingto segment ö . We should
notethat it is essentialthatwe do not considerthe local modelestimatedat theprevi-
ousframearoundthecolor segmentto which thesegmentof massof ö projects.The
initial color-basedsegmentationcanvary from frameto frame,thusthedimensionsof
the supportwindow for the local modelestimatedin the previous framemay be too
small or too large for a correctclassificationof segment ö . For example,in fig. 5.7
segment ö is fragmentedin smallersegmentsin thepreviousframe. Thelocal model,
estimatedin thepreviousframearoundthesegmentcontainingthepoint of projection,
wasestimatedin a supportwindow which is too smallwith respectto thedimensions
of segment ö .

Oncethe parametersø 	 , and Ò 	 , areestimated,we assignto ö the label which
maximizesthejoint probabilityof theobservationsin ö andthelabelitself. Formally:� 	 �¬Ù!ÚzÛb³ Ù��, ����! " Ó�ó*ó � ; ø 	 ,�õ�Ò 	 , (5.13)

In theprojectionprocedurethenumberof thelabelsis consideredknown andfixed
for the wholesequence.Partsof the objectsthatareenteringthe sceneareclassified
successfullyif their motionandcolor characteristicsaresimilar to theonesof theseg-
mentsthatwerealreadyvisible in thepreviousframe.However, eq.5.13doesallow for
theclassificationof segmentsaspartsof anobjectthatjustappearsin thescene.A new
labelcouldbeaddedin casethe joint probabilityof eachlabel « andtheobservations
in ö is smallerthana threshold.

Finally, let us note that in the way that the projectionprocedureis defined,the
effect that the inaccuraciesin the projectionand the occlusionphenomenahave, is
limited. Thatholdsbecausethe local modelsareestimatedover largerareas,namely
thesupportwindows,which do not have to belocalizedaccurately. It sufficesthat the
supportwindow containsa sufficiently largeportionof theobjectto which segment �
belongs.Furthermore,the classificationis performedper segment,which makesthe
procedurerobustto a smallnumberof inaccuratelyestimatedfeatures.

5.5 Experimental Results

Themethodhasbeentestedin a numberof imagesequences.Herewe presentresults
for four of them,namelythe“claire” the“mother”, the“jardin” andthe“coastguard”
imagesequences.

For the “claire” sequencewe presentresultsfor two settings. In the first we de-
composethe sceneinto two objects,namelythe womanandthe background.In the
second,thefaceof thewomanis markedat thefirst frameasa third object. In fig. 5.8
we presentthe first frameof the sequenceandthe watershedcolor segmentationand
fig. 5.9 depictstheuserscribblesfor bothsettingsaswell asthe initial label field Q ã
for the threeobjectssettingaredepicted. It is clear that the conservative watershed
segmentationprovidesgoodedgelocalizationandthat objectedgesarenot violated.
Furthermore,theuserscribblesneednot to beveryaccuratein thecasethatweaimata
segmentationin two objects,sincethecolorstructurein thebackgroundis ratherpoor.
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In thecasethata separationof the facefrom thebodyandthehair is desired,a more
carefulinitialization is required.

(a)Original frame (b) Colorwatershedsegmentation

Figure5.8: Original frameandcolorsegmentationof “claire” imagesequence

In fig. 5.13wepresentthelabelingresultsfor 75frameswith astepof 15frames.In
thefirst andthesecondcolumnthelabelfieldsfor eachof thetwo casesarepresented.
In thethird columnthebordersof theobjectsaresuperposedonthecorrespondingorig-
inal framesto demonstratethe localizationaccuracy of themethod.In bothcasesthe
labelfieldswereverystablein time andthebordersof theobjectswerewell localized.

(a) Markers for two
objects

(b) Markers for three
objects

(c) Label field X�� for
threeobjects

Figure5.9: User-specifiedmarkersandlabelfield Q ã for “claire” sequence

For the“mother” sequence,asegmentationinto fiveobjectswasattempted,namely
the background,the child, the face,the hair and the body of the woman. fig. 5.10
depictsthe first frameof the sequence,the watershedsegmentation,the user-defined
scribbleandthe initial labelfield Q ã . In fig. 5.14we presentthesegmentationresults
for 75 frameswith a stepof 15 frames.Thefirst columncontainsthe labelfieldsand
the secondcolumnthe bordersof eachobjectaresuperposedon the original frames.
The label field is quite accurateandthe borderswell localized. However, a number
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of misclassificationsis alsovisible. In theframesbetweenframe45 and70 (threelast
rowsof fig. 5.14)sometimesapartof thepicturein thebackgroundhasmergedwith the
hair of thewoman.This artifact is dueto theabsenceof a significantcolor edge,asa
resultof whichtheinitial colorsegmentationproducesasinglesegmentwhichcontains
bothpartof thehair andpartof thepicturein thebackground.Sincethemisclassified
areahasathin andelongatedshape,simplemorphologicaloperationson thefinal label
field would remove the problemin this specificcase[101]. A moregeneralremedy
would be to introducetemporalconstraintsin the initial color segmentationor in the
final label field. However, suchsolutionsrequireaccurateprojectionsof the borders,
which canbe problematiceitherdueto inaccuraciesin the motion estimationor due
to occlusions.For the samesequence,misclassificationsoccurwhenthe handof the
womanis introducedto thescenedueto theabsenceof reliabletemporalconstraints.

(a)Original frame (b) Markers for five
objects

(c) Markers for five
objects

(d) Label Field X �
for fiveobjects

Figure5.10: “mother” sequence:resultsfor thefirst frame

In the “jardin” imagesequencewe arepresentedwith a complex scenein terms
of bothmotion andcolor characteristics.In termsof motion the scenecontainsthree
distinctmotionpatterns:Theapparentbackgroundmotiondueto thecameramotion,
thequitearbitrarymotionof thewaterof thefountainandthenon-rigidhumanmotion
of thetwo walkingmen.In termsof color, thecharacteristicsof boththebackgroundas
well asthetwo menexhibit variations.For this sequence,we attempta segmentation
into threeobjects,namelythe two menand the background.The first frameof the
sequence,the correspondingwatershedcolor segmentationandthe usermarkersare
depictedin fig. 5.11. Sincethesceneis rich in color structuretheconservative initial
color segmentationmethodresultsin anoversegmentationof thescene.On theother
hand,theedgelocalizationis very good.Thescribblesdefinedby theuserinteraction
aredepictedin fig. 5.11(c).

Theresultsof the labelingfor 15 framesof thesequencearedepictedin fig. 5.15.
In thefirst columnwe presentthelabelfieldsandin thesecondcolumnthebordersof
eachobjectaresuperposedonthecorrespondingoriginalframes.Theproposedmethod
exhibits good localizationpropertiesand is ratherstablein time. Misclassifications
that occur in disclosuredareas(e.g. behindthe two men) do not propagateto the
subsequentframes. The main misclassificationsoccur in thin, elongatedareas,such
as the broom that is carriedby the secondman(note that the user’s scribblemarks
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(a)Original frame (b) Color watershed seg-
mentation

(c) Objectmarkers

Figure5.11: Original frame,color segmentationanduser’s scribblesfor the “jardin”
imagesequence

the broomaspart of the secondman)andin areasthat just appearin the scene.The
dimensionsof the supportareasthat have beenusedare3.5 times as large as those
of the correspondingcolor segments.As a consequencein areaslike the broom,the
homogeneityof thelabelfield (implicitly imposedby the Ò 	 , ) overcomesthecolorand
motionevidence(thelatternotbeingveryreliable).Thespatialhomogeneityis alsothe
reasonthatoccasionallyareaslike theheadandtheleg of thefirst manmergewith the
background.On the otherhand,muchsmallersupportwindows producenoisy label
fieldswith isolatedsegments.

Finally, we presentresultsfor the imagesequence“coastguard”. The first origi-
nal frame,thecorrespondingwatershedcolorsegmentationandtheuser’sscribblesare
depictedin fig. 5.12. In fig. 5.16we presentthelabelfieldsandthecorrespondingsu-
perpositionsof theobjectborderson theoriginal framesfor 45 framesof thesequence
with a stepof 9 frames. The proposedmethodexhibits very goodtemporalstability
andlocalizationproperties.

5.6 Conclusions

In this chapterwe presenteda semi-automaticmethodfor labeling imagesequences
basedon a local model-basedstatisticalclassificationalgorithm. An initial color seg-
mentationschemepartitionseachframe in a numberof segmentswhich are subse-
quently labeledon the basisof their color andmotion statistics. The labeling is ex-
pressedas an optimizationproblem,wherethe criterion is the maximizationof the
joint probabilityof thelabelsandthecolorandmotiondistributionwithin eachobject.
Limited userinteractionis requiredfor thefirst frameof thesequence.

Experimentalresultshavebeenpresentedfor four imagesequencescontainingob-
jectswhosemotionandcolor attributesshow variation.We have testedour methodin
complex sceneswith moving camerasandhighly clutteredbackground.We have pre-
sentedresultsfor rigid aswell asnon-rigidhumanmotionwithout a priori knowledge
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(a) Original frame (b) Color watershed seg-
mentation

(c) Objectmarkers

Figure 5.12: Original frame, color segmentationand user’s scribblesfor the “coast
guard”imagesequence

of thecontentsof thescene.Thelabelfieldsthatwereobtainedweretemporallystable
andlocalizedquitewell.

Theprincipleof theproposedmethodis quitesimpleanda numberof extensions
couldbe incorporatedto increaseits performanceandto dealwith its weaknesses.In
our opinion future researchshouldaim at two maindirections.Thefirst oneinvolves
the treatmentof objectsenteringthe scene(e.g. the handof the womanin fig. 5.14),
which in the currentframework areassumedto belongto oneof the objectsalready
presentin the scene.Even in the casesthat suchan assumptionholdstrue a correct
classificationis problematicsincetheenteringobjectdoesnotnecessarilypossesscolor
and/ormotioncharacteristicssimilar to thoseof theobjectto which it belongs.How-
ever, identificationof suchareasandthe assignmentto themof a new label might be
aneasiertask. A new labelcanbeaddedif the joint probabilityof eachlabelandthe
observationsin thesegmentin question(eq.5.13)is smallerthana threshold.

Theseconddirectioninvolvesa modelfor thetemporalevolution of thestatistical
representationsof theobjects’propertiesor a temporallink betweensubsequentlabel
fields.Bothmodelandlink aimathighertemporalstabilityatthecostof alowerdegree
of adaptionto the data. Thefirst couldbe achievedin termsof Kalmanfiltering [20]
of theparametersof theGaussians;thesecondby introducingtemporaldependencies
in thea priori probabilitiesof eachlabel Ò 	 , , thatis, by definingthemasconditionally
dependenton thelabelfield of thepreviousframe.
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Figure5.13: Resultsfor the“claire” sequence.First Column: The labelfield for seg-
mentationin two objects.SecondColumn: Labelfield whenthe faceis considereda
separateobject.Third Column:Superpositionof thecontoursof thefaceandthebody
on theoriginal framesof thesequence.Resultsareshown for frames3, 15,30,45,60
and75
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Figure 5.14: Resultsfor the “mother” sequence.First Column: The label field for
segmentationin four objects. SecondColumn: Superpositionof the contoursof the
objectson theoriginal framesof thesequence.Resultsareshown for frames1, 15,30,
45,60 and75
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Figure5.15: Resultsfor the“jardin” sequence.First Column: Thelabelfield for seg-
mentationin threeobjects.SecondColumn: Superpositionof thecontoursof theob-
jectson theoriginal framesof thesequence.Resultsareshown for frames1 to 15 with
astepof 4 frames.( � � ú F ü )
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Figure5.16:Resultsfor the“coastguard”sequence.First Column:Thelabelfield for
segmentationin four objects. SecondColumn: Superpositionof the contoursof the
objectson the original framesof the sequence.Resultsareshown for frames10, 19,
28,37 and46 ( � � ú F ü )
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Chapter 6

Discussion

In thepreviousthreechapterswe proposedthreemethodsfor object-basedsegmenta-
tion of imagesequences,while in the first two chapterswe gave an introductionand
a review of the relatedwork which positionedour work in the field. In this chapter
weattemptana posterioridiscussion/evaluationof thedesigndecisionsthatwemade.
The purposeof this chapteris two fold: On the one handwe outline our contribu-
tions. On theotherhand,suchanevaluationservesasa startingpoint for a discussion
for future research.Sucha discussionextentsbeyond improvementsof the proposed
methods.It ratherexpressesthe author’s personalview on someof the major issues
in the field. As such,it is not intendedasan exhaustive review andevaluationof the
differentapproachesin thefield.

The chapteris organizedin a hierarchicalway in which we first discusscommon
designdecisionsin the developmentof the proposedmethodsand later we discern
betweenthembasedon their individual characteristics.The organizationof the dis-
cussionis depictedin fig. 6.1, wherethe nodesof the tree representthe discussion
items. At the higherlevel of the hierarchywe discussissuesrelatedto our proposed
paradigm:“fine initial intensitysegmentation”- “labeling basedon modelsthat con-
siderthe intensitysegmentsasprimaryelements”.Subsequently, we discernbetween
threemaindirectionsdependingon the level andtypeof userinteractionthat they re-
quire. Within the framework of the first directionwe discussaboutfully automatic
methods.Within the framework of the seconddirectionwe discusson issuesraised
whenthegoalis medium-leveluserinteraction.Themotion-basedsegmentationmeth-
odsthatwe describedin chapter3 andchapter4 follow thatdirection. Subsequently,
we discernbetweenthemaccordingto theparadigmthey adopt:while themethodof
chapter3 separatesthemotionhypothesisextractionphasefrom thelabelingphase,the
methodof chapter4 estimatesjointly the motion hypothesesandthe label field. Fi-
nally, within theframework of thethird directionwe discussissuesraisedfor methods
thatrequirehigherlevel of userinteractionin orderto dealwith morecomplex scenes.
Sincethemethodof chapter5 followsthatdirection,webuild thediscussionaroundits
advantagesandlimitations.
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Figure6.1: Organizationof chapter6. Thediscussiontraversesthetreein a depth-first
waywherethenodesof thetreerepresentthediscussionitems

6.1 Intensity segmentsasprimary elements

In this dissertationwe have proposedmethodsthat utilize an independent“fine” ini-
tial intensity(color)segmentation.Theresultingintensity(color)segmentsareusedas
primaryelementsfor thesubsequentprocessing.Theproposedmethodscometo cover
thegapbetweenpixel-basedapproachesandsegment-basedapproacheswheretheini-
tial segmentsarerelatively large.Let usdiscusson themeritsandthedisadvantagesof
each.

At the one end of the spectrumare the pixel-basedapproaches.In comparison
to the segment-basedapproacheswhich lie at the otherendof the spectrum,they are
characterizedby:

(a) High dimensionalityof thesolutionspace.

(b) High degreeof ambiguityaboutthelabelingof a singlepixel dueto uncertainties
and/or inaccuraciesin determinationof featuressuchas motion-relatedones.
This leadsto higherdependenceon spatialand/ortemporalconstraints.

Thesecharacteristicsusually lead to objective functionswith a lot of local minima
which areoptimizedvia complicatedoptimizationschemes.

At theotherendof the spectrum,largersegments1 canreducethe dimensionality
of the solutionspace,disambiguatethe estimationof propertiessuchasmotion and

1To bemoreprecise,thesizeof thesegmentsis notalwaystheissuein suchmethods.Whatis relevant is
thattheinitial segmentationprovidessegmentsfor which thepropertieson which thelabelingis performed,
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needto employ optimizationschemeswhich are,by far, lesscomputationalexpensive.
In comparisonto pixel-basedapproachesthey bring only advantagesundera single
critical assumption:thattheinitial segmentsdo not violateobjectedges.

In ourview, it is difficult to guaranteethatanintensitysegmentationscheme,which
is typically employedin orderto obtainsuchaninitial segmentation,will respectsuch
anassumptionfor a largenumberof imagesequences.Complex sceneswhich include
objectswith high within-object intensity/ color variationaredifficult to be automat-
ically segmentedin a small numberof intensitysegments.Even theconservative ap-
proachthatwe employedfailedin anumberof situations.

In thisdissertationweproposedmethodsthatutilize aninitial intensity(color)seg-
mentationthat in termsof granularitylie in the middle/highendof the spectrum.In
orderto dealwith theambiguitythat,possiblysmall,initial segmentsmayintroducewe
introduceconstraintsin termsof modelsthatconsiderthe initial segmentsasprimary
elements.More specifically, in chapters3 and4 we proposedmodelsthat consider
intra-segmentdependencieson thelabelfield, while in chapter5 we proposedtheuse
of local modelswhoseregion of supportextentsbeyondthebordersof thecolor seg-
ments.

Theintensity(color) segmentationthatwe proposedintroducesinformationabout
an intensity(color) edgein an early stage. In general,the assumptionthat an object
edgerequiresthepresenceof an intensityedgecanbeviolatedandwe will comment
on that latter in this section. On the otherhand,suchan assumptionis valid for the
large majority of video materialand to our opinion, is useful to be employed. The
conservative approachthatwe appliedfor the initial intensitysegmentationwasjusti-
fiedby goodlocalizationof theinitial intensity(color) segments.Furthermore,theuse
of intensitysegmentsasprimaryelementsincreasedtherobustnessanddecreasedthe
computationalcomplexity in comparisonto thecorrespondingpixel-basedapproaches.
In chapter3 wehaveshown comparativeresultsthatsupportourclaimasfarasrobust-
nessandcomputationalcomplexity areconcerned.

Theuseof aninitial segmentationposesproblemsto theextentthatobjectborders
areviolated.Sucha situationmight occurwhenpresentedwith imagesequenceswith
objectswith high degreeof texture. An extremeexampleis motion of randomdot
patternswhichahumanobservercaneffortlesslysegment.A possibleremedyfor such
situations,anda possibleextensionof our approach,is to considerthepotentialbreak
up of anintensitysegmentwith criteriasuchasthedegreeof conformityto themotion
model.

Finally, let usnotethattheprincipleof theapproachthatweproposeis quitesimple
andcanbe possiblyappliedin othersimilar problemsnot necessarilyfrom the same
domain. That holdsmainly for the methodsproposedin chapters3 and4 sincethe
methodof chapter5 is moreorientedto thethedomainof videosegmentation.If the
motion-basedsegmentationis seenasa clusteringproblem,we proposea two-stage
approach.At thefirst stagewe form smallinitial clustersbasedonaconservativelocal
grouping.At thesecondstageweapplyaclusteringmethodwith primaryelementsthe
initial groups.Sincethedimensionalityof theproblemis reducedin thesecondstage,

arereliableenough.Since,usually, that includesthe reliableestimationof a parametricmotionmodel,the
segmentsneedto beratherlarge. Of course,dependingon themethod,differentdegreesof dependenceon
theaccuracy of theestimatedpropertiesarereported
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morepowerful clusteringschemescanbeemployed. Sincethe initial groupingmight
beerroneousit wouldbewisethatsuchschemesaddressrobustnessissues.Theadvan-
tagesof suchanapproachwasclearly illustratedin the motion hypothesesextraction
phaseof chapter3. However, sincewe do not have experimentalresultson datafrom
anotherdomain,suchadiscussionshouldbeseenin thecontext of possibleextensions.
Furthermore,we shouldnotethatin our domain,thefeaturethathasbeenusedfor the
initial conservativegroupinghasverygoodlocalizationproperties.

The methodsproposedin chapters3 and4 attemptan object-basedsegmentation
adoptingglobalparametric modelsof low orderof theobjects’motioncharacteristics.
On the otherhand,the methodof chapter5 basesthe labelingon the local statistics
of color and motion. This changein the complexity of the assumedmodel comes
asa trade-off betweenautomationand the complexity of the object’s properties. In
whatfollowswewill attemptadiscussionon issuesraisedfor threemaincategoriesof
approaches:fully automaticmethods,methodsthat requirelow-level userinteraction
andmethodsthatrequirehigher-level user-interaction.

6.2 Fully automatic methods

Fully automatedmethodsthat canbe appliedin all imagesequencesareof coursea
chimera.Themain reasonbeingtheambiguityat thesemanticallevel of thepurpose
of thesegmentation.Evenfor thesameimagesequencethedesiredresultsmayvary,
dependingon theapplication.Thedevelopmentof a systemwhich candetectthecon-
text andsubsequentlydeducethepurposeof thesegmentationandthesemanticsof the
sceneis still far from realization.

On theotherhand,fully automaticmethodshavebeenreportedto work well in the
casethatthedomainonwhichthey areappliedis restricted.Thelattermeansthateither
the contentsof the sceneareknown in advance(e.g. faces),or ratherstrict assump-
tionsaremadefor thepatternsof thepropertiesof theobjects(e.g. staticbackground
in surveillanceapplications).Although the domainis restricted,the applicationsthat
arisemaybeof greatimportance.Furthermore,theconstraintsthatthedomainknowl-
edgeintroducesusuallyhave greatpositive impacton therobustnessandspeedof the
resultingschemes.Thesecanbeof critical importancefor someapplications.

Apart from thedifficultiesandthechallengesthatareinherentto eachdomain,an
importantissuethat arisesis how domainknowledgeis introducedin the modeling.
This includestheconstructionof domain-specificmodelsandaddressestheuser’s role
in the designprocedure.Advancesin that areacanbe of importanceboth for scien-
tific developmentaswell asfor anend-usersincethey will allow aneasierandfaster
changebetweendomains.The employmentof rathergeneralmodelswhoseparame-
tersandcomponentsaredeterminedby trainingin examplesfrom thespecificdomain
are,accordingto the author, stepsin the right direction. However, to the bestof our
knowledge,issuesrelatedto theuserinteractionto themodelingprocedurearenot yet
sufficiently explored.



6.3Medium-level user interaction 99

6.3 Medium-level user interaction

With thetermmedium-level userinteractionwemeanthetuningby theuserof asmall
numberof parameters.Thatis in contrastto higherlevel interactionthatoffersimplicit
informationaboutthecontentsof thesceneby specifyingthelocalizationof theobjects
of interest. Suchparameterscanbe the numberof objectsor a parameterrelatedto
the degreeof within-object homogeneityin the propertieson which the labeling is
performed.

As far asthepropertieson which thegrouping/ labelingis based,accordingto the
author, the best,so far, proposedfeaturesarerelatedto the temporalbehavior of the
objects.Sucharemotion-relatedfeatures,andtemporalconstraintson thelocalization
of the objects.Otherproperties,suchasdeptharealsoimportant,but for monocular
imagesequencesthey areusuallyderivedfrom motion-basedfeatures.

Motion relatedpropertieswerealsoutilized in themethodsdevelopedin chapters
3 and4. Let usdiscusson someof thecommondesignchoices.

Affine motion models Affine motion modelscomeas a goodcompromisebetween
complexity androbustnessandhavebeenwidelyutilizedin thecontext of motion-
basedsegmentation.However, the rigidity assumptionthat they introduceim-
posesa limitation which in somecasescanbe too restrictive for object-based
segmentation.Suchan assumptioncanbe overcome,in principle, by methods
thatassumethat themotionfield is smoothwithin theobjectsanddetectobject
bordersat motiondiscontinuities.Let usbriefly outline theadvantagesof each
approachaswell asthechallengesthatit shouldface.

Ontheonehand,globalparametricmodelsof low orderimposerigidity assump-
tions. On theotherhand,theestimationof their parametersis object-based,that
is, it is basedon largeregionsformedby collectionsof primaryelements(pixels
or segments).Theuseof collectiveconstraintsover thelargeregionsrobustifies
the estimationof theparametersof themodelssignificantly. At the sametime,
the useof a globalmodelallows the utilization of the motion-compensatedin-
tensitydifferencesfor labeling. The latter, doesnot introducesthe inaccuracies
that an independentlyestimatedfeature,suchas independentlyestimatedmo-
tion, does. In both of the methodsof chapter3 andchapter4 we wereableto
estimatethe motion parameterswith a degreeof accuracy that allowed a good
labelingbasedon themotion-compensatedintensitydifferences.

Themain,yetveryimportant,advantageof usingmotion-smoothnessconstraints
is thatsucha modelcoversobjectswith non-rigidmotionpatterns.On theother
hand,suchapproachesrequirehigh reliability of the motionpropertiesthatare
estimatedfor the primary elements(pixels or segments). It is difficult to esti-
mateaccuratelysuchpropertiesat theareasthataccuracy is neededthemost:at
the bordersbetweenthe differentobjects.Suchinaccuraciesaremainly dueto
motion-generatedocclusionsandtheirextentdependsalsoon thesizeof thepri-
maryelements.Sincetheprimaryelementsneedto berathersmall,to ouropin-
ion, suchmethodsshouldfacethechallengeof thejoint estimationof themotion
propertiesandthe label of a segment. Spatialconstraintsshouldbe addedfor
regularizationpurposeswhich performa sortof smoothingandat thesametime
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respectdiscontinuities:a taskwhichby nomeansis trivial. This is aninteresting
directionof futureresearchonwhich we will elaboratefurtherin section6.3.2.

Mark ov Random Fields on the intensity segmentsIn bothof themethodsof chap-
ters3 andchapter4 wemodeledthelabelfield asaMarkov RandomFieldwhere
thesegmentsthatresultedfrom aninitial intensitysegmentationwereusedasthe
sitesin theformulation.Suchmodelinghasbeenwidely usedin pixel-basedap-
proachesto expressspatialand/ortemporalconstraints.In our case,it helpedto
producecleanlabelfieldswithout isolatedintensitysegmentsfor bothof thepro-
posedmethods.Sucha modelexpressesthelocal interactionsbetweenthesites
(intensitysegments)in a way that resultsin a well-definedglobaloptimization
criterion. Furthermore,the formulationallows the applicationof optimization
methodsthat allow to reversethe assignmentof a label to a specificsite (in-
tensitysegmentin our case).This propertyis particularly importantwhenthe
segment’spropertiesneedto beestimatedjointly with thelabelfield (i.e. for the
methodof chapter4).

In bothof the methodswe proposedthat the interactionbetweenintensityseg-
mentsis proportionalto the lengthof their commonborder. In general,sucha
decisionputsthe emphasison the spatialconstraintsfor smallerintensityseg-
ments,while for largersegmentstheemphasisis putonthetemporalconstraints.
It would be interestingto investigateand possiblyadjustsuchinteractionde-
pendingalsoon theshapeof theintensitysegments.

Alternative approachesfor the applicationof spatialconstraintsincluderegion
merging methodsand level-setapproaches.However, in both the labeling of
an intensitysegmentis irreversible.On theotherhandlevel-setapproachesof-
fer significantadvantagesin termsof computationalcomplexity and their ap-
plication with intensity segmentsasprimary elementscould be an interesting
directionof research.Their applicationoncethemotionhypothesesarereliably
estimatedseemsstraightforward. On theotherhand,a joint motionestimation/
segmentationschemedoesnot seemeasilyfeasible.

A thr ee-frameapproachon motion-compensatedintensity differ ences In bothof
the proposedmethodsthe motion compensatedintensitydifferenceshave been
usedas evidencein the labeling phase. In chapters3 and 4 we have clearly
illustratedtheadvantagesof usingsuchevidencefor labelinginsteadof aninde-
pendentlyestimatedfeaturesuchasmotion. The main reasonis the inevitable
inaccuraciesthat the estimationof the latter introduces,especiallyin the areas
nearthebordersof theobjects.On theotherhand,we shouldnotethatusingas
evidencethemotion-compensatedintensitydifferencesintroducesa largernum-
ber of local minima in the objective function which canbe problematicin that
casethat themotionhypothesesarefar from thecorrectones.The latter is evi-
dentfrom the higherdegreeof dependenceon the initializationsof the method
in chapter4 in comparisonto themethodin chapter3. In orderto overcomethe
latter, multiscalingapproachesshouldbeadopted.

In bothof themethodswe proposeda three-frameapproachwhereevidencefor
thetemporalbehavior of theobjectsweresoughteitherin forwardor in backward
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direction.This offereda significantimprovementin labelingaccuracy. Suchan
approachis particularlybeneficialin thepresenceof motionlargein magnitude
aswasillustratedbothin chapter3 andchapter4.

The methodsof chapter3 and 4 differ on the adoptedparadigmfor the motion
hypothesesextraction and motion-basedlabeling. The first one adoptsa two-stage
approachin which the motion hypothesesextractionand the labelingareperformed
independentlyfrom eachother. Thesecondmethodincorporatesall of theconstraints
in a singleframework andattemptsthe joint estimationof themotionhypothesesand
thelabelfield. While themethodof chapter3 estimatesthemotionhypothesesfrom an
independentlyestimatedmotionfield, thesecondseeksevidencedirectly in theimage
intensities.

6.3.1 Two-stagemotion hypothesesextraction and motion-based
labeling

The methodproposedin chapter3 separatesthe motion hypothesesextractionphase
from the labelingphase.In contrastto mostof the methodsthat utilize a densemo-
tion field for the motion hypothesesextraction, we proposethe useof the motion-
compensatedintensitydifferencesasevidenceof the conformityof the kinematicbe-
havior of an region with a motion hypotheses.As we have alreadydiscussedin the
previoussection,we have clearlyshown thatoncethemotionhypothesesarewell es-
timated,themotion-compensatedintensitydifferencesoffer far betterevidencefor the
labelingthanthemotionfield itself.

For the motion hypothesesextractionphasea clusteringalgorithmhasbeenpro-
posed.The challengethat hadto be facedis thatof the estimationof the parameters
of a numberof modelsin presenceof inaccuratedata. In orderto dealwith the inac-
curaciesof themotionestimationfield wehaveproposedconfidencemeasuresderived
from ananalysisthatexpressestheutilized motionestimatorin a probabilisticframe-
work. Wehaveclearlydemonstratedtherelevanceof thederivedconfidencemeasures.
For the clusteringwe have proposedan extensionof the C-Meansalgorithmthat in-
corporatestheuseof thederivedconfidencemeasures,robuststatisticsandthe initial
intensitysegmentation.Wehaveclearlyillustratedthebenefitsof theproposedscheme
in termsof computationalcomplexity, accuracy androbustnessin presenceof inaccu-
ratemotionfields.

In termsof thecomputationalcomplexity wehaveclearlyshown theadvantagesof
usingintensitysegmentsasprimaryelementsinsteadof pixels.We havederivedinter-
mediatemeasuresthat allow a computationalcomplexity proportionalto the number
of intensitysegmentsat eachiteration. In contrastto othermethodsin the literature
thisdoesnot involvetheestimationof affineparametersfor eachintensitysegmentand
clusteringin theparameterspacewhich is sensitive to theparametricrepresentationof
eachintensitysegment.

Furtherresearchin this directionshouldaddressthedependenceof theclustering
on the initializations. Stochasticoptimizationproceduresmight provide an answer
but their incorporationin theoptimizationprocedureshouldrespectthedifferencesin
the statisticsof pixels in comparisonto statisticsof intensitysegments. To be more
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specificthereis a differencein the landscapeof the energy function in the solution
spacespecifiedby the motion parametersandthe label field. In the directionof the
label field, the energy function hasa more step-wisebehavior since the changeof
the label of an intensity segmentimplies a higherdifferencein the energy function
in comparisonto the correspondingdifferencethat the changeof the label of a pixel
would introduce.Moreover, sucha differencedepends(implicitly) on the sizeof the
intensitysegment.

Another interestingdirectionof future researchwould be towardsthe automatic
determinationof the parameter "! which is relatedto the strengthof the spatialinter-
actionbetweenneighboringsegments.Although the majority of the approachesthat
usea Markov RandomField modelingdo not addressthe issueof its automaticde-
termination,conceptually, it seemsratherredundantoncethe numberof the objects
is specified. Furthermore,sincethe Maximum Likelihoodlabelingalreadyprovides
a reasonablygoodinitial labelfield, its automaticdeterminationwith crossvalidation
techniquesseemsfeasible.

Finally weshouldnotethattheapplicabilityof methodsthatassumesmoothnesson
themotionfield canbesuccessfullyappliedto anindependentlyestimatedmotionfield
to thedegreethatthelatteris accuratelyestimated.In thecaseof a simple(e.g.block-
based)motionestimationmethodit is preferable,to our opinion,thatsucha methodis
appliedto obtainonly aninitializationof thelabelfield. In asubsequentstage,motion
propertiesnearthebordersshouldbesimultaneouslyestimatedwith the label field at
thecorrespondingareas.

6.3.2 Joint motion estimationand segmentation

Themethodof chapter4 proposedthe incorporationof the spatialandtemporalcon-
straintson the label field and on the imageintensitiesin a single framework. The
problemis expressedasanoptimizationproblemin termsof thea posterioriprobabil-
ity of the label field. Eachof the constraintsis expressedin termsof an assumption
aboutthe correspondingprobability distribution. The advantageof suchan approach
is thatit separatesthemodelingfrom theoptimizationprocedureandthatit allows the
addition/modificationof theconstraintsin termsof theassumptionsfor theunderlying
distributions.Theincorporationof all theconstraintsin a singleframework allows the
joint estimationof themotionparametersandof thelabelfield, thusexploiting thein-
terdependenciesbetweenthem.In orderto jointly estimatethemotionparametersand
thelabelfield sucha unifiedframework with a globalobjectivecriterionseemsto bea
goodmodelingchoice.

The spatialandtemporalconstraintswereexpressedby modelingthe underlying
distributionsasGibbsdistributions. That choiceallowed us to exploit the extensive
work thathasbeenconductedin thefield of MAP-MRF modeling(Maximizationof the
a posterioriprobabilityunderMarkov RandomFieldmodeling).Thismodelingseems
particularlysuitedfor thejoint estimationof thelabelfield andthemotionparameters.
Furthermore,it allowedrelatively easilytheincorporationof thethree-frameextension
thatwe have proposedandthe introductionof the dir ection field in the optimization
procedure.

Wehaveoptedfor deterministicmethodsandfor harddecisionsin theoptimization
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scheme.This in principle implieshigherdependenceon the initializationsat thegain
of lower computationalcost. As far asextensionsto the optimizationprocedureare
concerned,therearethreedirectionsthatwe would considerworth of further investi-
gation.

Multiple scalesMultiscale extensionsaim to reducethe sensitivity of deterministic
methodson the presenceof local minima in the objective function and to the
reductionof the computationalcost. Suchextensionwhich is widely usedfor
pixel-basedapproachesis not straightforwardwhenintensitysegmentsareused
asprimaryelements.Thereasonis thatit is nottrivial to definewhattheintensity
segmentationshouldbein ahigherscale.For thisreason,weoptfor anextension
thatperformsthelabelingon theoriginal intensitysegmentationbut derivesthe
constraintsfrom differentscalesof theoriginal imagesequence(fig. 6.2).

?

Original
frame segmentation

Intensity

Figure6.2: Extensionto multiple scales.Constraintson multiple scalesof theoriginal
framesareappliedfor thelabelingof theintensitysegments.

Stochasticoptimization Suchmethods(e.g.simulatedannealing)overcomethepres-
enceof local minimain theobjective functionby acceptingwith certainproba-
bility changesin theparameterspacethat increasetheobjective function. Such
extensionscouldbeappliedalsoin themethodthatwedevelopedaslongasthey
take into considerationthat the landscapeof the objective function hashigher
andmoreirregulardiscontinuitiesin correspondenceto pixel-basedmethods.

Soft decisions Theincorporationof softdecisionsin thelabelingispracticallystraight-
forwardasweshow in appendixC.

Possibleextensionsof the proposedmethodincludethe automaticdetermination
of theparameters #! and  %$ , theanticipationof objectsenteringthesceneandtheuse
of a parameterrelatedto themotionhomogeneityasanalternative to determiningthe
numberof objects. However, the most interestingdirection, to our opinion, is the



104 Discussion

relaxationof the rigidity assumptionand the adoptionof smoothnessconstraintson
the motion field. In that direction we have alreadydevelopeda motion estimation
methodthatimposesanisotropicsmoothnessconstraintswith intensitysegmentsasits
primary elementsandwe have obtainedvery encouragingresults. The challengesin
this direction lie in the way that the smoothnessconstraintson the motion field are
appliedwhenintensitysegmentsareconsideredasprimary elements.This, includes
themodelingof thekinematicbehavior of eachintensitysegment.

6.3.3 Open issuesin motion-basedsegmentation

Thereareseveral issuesin the context of motion-basedsegmentationthatarenot ad-
dressedby the proposedmethodsandsomethat, to our opinion, arenot sufficiently
addressedin therelatedliteratureeither. A nonexhaustive list includes:

Temporal constraints in more than two frames Our methods,aswell asthemajor-
ity of themethodsin theliterature,expressthetemporalconstraintsby consider-
ing fixedthelabelandthemotionfield in thepreviousframe.Themainreasonis
thecomputationalcostthata joint estimationin morethanoneframesinvolves.
However, suchan approach,to our opinion,could disambiguatethe estimation
of thelabelandmotionfield in problematicareas,suchasocclusions.

Non rigid motion patterns Thisincludesmotionpatternsthatdiffersignificantlyfrom
theusualassumptionof local rigidity (e.g. thewaterof a fountain).Techniques
inspiredfrom texture segmentationmight be able to provide answersto such
situations.

Total occlusions This involvesthetotaldisappearanceof anobjectfrom thescenefor
a numberof frames.Althoughour methodsdo notaddressthis issue,therearea
numberof trackingmethodsin theliteraturethatdosoby preservingthemotion
hypothesesassociatedwith it.

6.4 Higher level user interaction

Suchhigher level interactioncomesto bridgethe semanticgapbetweenthe content-
basedsegmentationthat a userwishesto obtain and the low level featuresthat can
be extractedfrom an imagesequence.Bridging sucha gapis crucial in applications
suchasvideoeditingor videoannotation,wheretheuserwantsto accessandmanip-
ulate the contentsof the presentedmaterial. A systemthat aims at similar typesof
applicationsneedto accuratelylabelobjectswith possiblyhigh degreeof variationin
their propertiesin theabsenceof domainknowledge.Sincehomogeneityin low level
features,suchasmotion,cannotprovide a uniquediscriminationbetweentheobjects,
userinteractionis necessary. Thecharacteristicsof sucha systemcanbesummarized
asfollows:

Absenceof domain knowledge The domainand the contentsof the video are con-
sideredunknown. Therefore,a high degreeof freedomin the propertiesof the
expectedobjectsshouldbeallowed.
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Satisfactoryusableuser interface Theuserinterfaceshouldbeeasyto use,intuitive
andsimple.

Accurate object localization The level of accuracy dependson the specificapplica-
tion but, in general,in suchapplicationsthat involve userinteractionit is ex-
pectedto bequitehigh.

The methodthat we proposedin chapter5 falls in this category of methods. It
proposesthe modelingof the local statisticalpropertiesof theobjectsandthe initial-
izationof themodelsvia auserinteractionphase.Wedonotutilize domainknowledge
but employ rathergeneralmodelsthatdo not make assumptionsaboutthecontentsof
the scene.More specifically, the local modelingthatwe have proposedimplies local
smoothnessassumptionsin color andmotion. We have clearly demonstratedthat the
proposedmethodis capableof trackingnon-rigidaswell asrigid motionandobjects
even whenmotion informationaloneis insufficient to discernbetweenthem. On the
otherhand,thesmoothnessassumptioncausesthemergingof smallandelongatedar-
eas.This is alsodueto the fact that the independentlyestimatedmotionfield in such
areasis quiteunreliable.

As far as the user interactionis concerned,we proposeda simple and intuitive
scheme.The user-specifiedscribblesinitiate a procedurein which bordersbetween
objectsaredeclaredat thepointsof highestcolorgradientbetweentheuser’sscribbles.
Suchanapproach,attemptsto derive anobject-basedsegmentationinitiated from the
user’s scribbleswithout estimatingfirst theparametersof themodelsthatdescribethe
objectproperties.Thelatter is not feasiblein our modelingwhich requiresthat thela-
bel field is known beforethemodelparameterscanbeestimated.However, evenif the
modelingwould allow it, suchanapproachhasthedrawbackthat it requiresthecare-
ful initialization of the scribblessuchthat theobjectpropertiesalongthe scribbleare
sufficiently similar to theobjectproperties.Sincewe choseto estimatethe labelfield
withoutfirst estimatingtheparametersof themodelsthatdescribetheobjectproperties,
we have to utilize homogeneitycriteria.

Therearea numberof alternative waysto utilize homogeneitycriteria in orderto
obtainthe initial labelfield via userinteraction.An exampleof suchanalternative is
to usea conservative segmentationbasedon color and/ormotion properties.Oncea
numberof segmentsareextractedthe usercanspecify the collection that comprises
theobjectheis interestedin. Suchaninteractionshouldincludethepotentialbreak-up
of the initial segments.Evaluationandcomparisonof our userinterfacewith similar
onesin termsof qualitymetrics(functionality, usability, performanceetc)wouldbean
interestingissuefor furtherinvestigation.

In termsof the accuracy of the label fields the local modelingthat we proposed
performedwell for a numberof imagesequences.However, the generalityof the
adoptedmodelingin the presenceof complex scenesrevealsa limitation on the pro-
posedmethod.Morespecifically, in presenceof complex objectswhosepartsenterand
leavethescenetheproposedmodelingfails to provideacorrectlabeling.Thatis anin-
herentlimitation of methodsthatadoptsogeneralmodelsand,to ouropinion,indicate
theneedfor a higherdegreeof userinteraction.In orderto facilitatethelatter, quality
measuresshouldbedefinedthat indicatefailuresor ambiguitiesin the tracking. Such
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measurescouldresultfrom theobjectivemeasurethatwe optimizeor alternative from
modelson thetemporalevolutionof theparametersthatdescribetheobjectproperties.
Issuesthat are relatedto the degreeand type of userinteractionin suchcasesneed
thereforefurtherinvestigation.Suchissuesareparticularlyimportantfor thedesignof
suchaninteractivesystem.
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Proof of Lemma 1
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Appendix B
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In this appendixwe will presentthe degeneratesituationof the methodproposedin
chapter4 that resultswhenthe initial intensitysegmentationalgorithmprovidesseg-
mentsthatconsistof a singlepixel. We will show that in this specialcaseour method
reducesto classicalMRF formulationsfor iterativemotionestimation/ segmentation.

Morespecificallylet usassumethatthepixel setof eachsegment� containsexactly
onepixel, thatis � R /b�"���

(B.1)
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Sincethereis no longera distinctionbetweensegmentsandpixels, in eq.B.2 the
indexes � and

�
bearthesamemeaning.For consistency in theterminologywepreserve

the“segment”-likenotation.
Thefirst termof eq.B.2 is theclassicalobservationtermwhich correspondsto the

modelingof thenoisealongthemotion trajectories.Our model,wherebackwardand
forwardmotion-compensatedintensitydifferencesareconsidered,is similar to thatof
DuboisandKonrad[32], wherevisibility setsaredefined.

The secondterm in eq.B.2 expressesthe spatialinteractionsbetweenthe pixels.
The region adjacency graph hasbeenreducedto the regular image lattice and the
cliquesaredefinedaspairsof neighboringpixels. The lengthof the commonborder� &z� * � � - of two neighborsis obviouslyone,sothecliquepotential(eq.4.12)becomes:

� !�&z� * �%� -�/����  "! if � RF/ � R � "! if � R��/ � R � (B.3)
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This is a classicalMarkovianpotentialwhich favorssmoothlabelfieldsandpenal-

izeslargefrontiers.Notethatthesmoothingis independentof thelocalimagestructure.
Thatis becausetheformulationof eq.4.12assumesthatpixelswith low intensitygra-
dientarealreadygroupedin a singlesegment.However, onecanthink of meaningful
definitionsof cliquepotentialsat segmentlevel that introduceanisotropicspatialcon-
straintsin thedegeneratecase.

Finally the third term in eq. B.2 is term which favors temporalcontinuity of the
label field alongmotion trajectories.Stiller [104] definesa similar constraint,but he
favorstemporallyconsistentlabelingof cliquesandnot of eachpixel separately.

As far as the optimization procedurein the degeneratecaseis concerned,our
methodwould fall naturally in the areawhere iterative algorithmsare usedin the
MAP-MRF framework. For examplethe algorithm that Changet al. [23] propose
alsoinvolvesa schemewhereexternalandinternaliterationsareconsidered.



Appendix C

Relation with the EM algorithm

In this appendixwe will prove that the methodproposedin chapter4 belongsto the
classof the ExpectationMaximizationalgorithmsthatemploy harddecisions.Let us
formulatetheproblemin theEM framework. AdoptingtheEM terminology, themo-
tion parameters

)
arethe parametersto beestimated,the imageintensities

M�*IM P *IM N
andtheestimationof the label field L N aretheobserveddataandthe label field L is
the latentdata.Then,theconditionalprobabilityof thecompletedatais:¡ ` M�*IM P *IM N * 'L N * Lx  ) e / ¡ ` M   L *C)+* 'L N *6M N *IM P e¡ ` M	PF*6M N~  L *C)+* 'LSN e ¡ ` 'LSNQ  L *C) e ¡ &zL¢  ) - (C.1)

Notethateq.C.1is identicalto eq.4.3,exceptof thesecondtermontheright-hand
side.Thattermexpressesthedependenciesbetweentheintensitiesof thepreviousand
the next frame,which are ignoredin our formulation. However, suchdependencies
arein generalmoresensitive to occlusionsandit is questionableif their incorporation
would haveasignificantpositivecontribution.

In the Expectationstepof the EM algorithm the goal is to find the Expectation
of the negative log likelihoodof the completedata. Underour assumptionsfor the
conditionalprobabilities,thatis equalto:£ & )   )¢¤ -0/ lm R�n�o �m¥ n_o	¦ R ¥ & � A R t � $ R�- t¨§ � J ! � �¨© o �¨© g �ª©0« (C.2)

where¦ R ¥ / ¡ `%� R /­¬   M�*6M P *6M N * 'L N *C) e and © o * © g and © « arenormalizationcon-

stantsin theGibbsdistributions.In orderto proceedto theMaximizationstepweonly
needto estimate¦ R ¥ , sinceonly the terms � A R and � $ R are dependenton

)
. How-

ever, this is not trivial sincetheMRF modelingof the labelfield generatesdependen-
cieson the conditionalprobabilitiesof the differentsegments. In orderto overcome
this, a commonstrategy [11][120] is to approximate

¡ &z� R®/¯¬�-
by consideringas

known estimatesof the labelsof the neighboringsegments.Theseestimatesdenoted
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by '� R �_° � �f±�² R areprovidedat theintermediatestepsof aniterativescheme.Thatis:¡ &z� R~/2¬�-0³ ¡ &�� RF/H¬   '� R �{° � � ±�² R�- (C.3)

Thenwecaneasilyderive ¦ R ¥ as:

¦ R ¥ / ´4N &�µ%¶ ^ P µ¸· ^ P�¹ ^ ��º�» ^ µ%¼ = R @ R � B�½ d ^ n ¥ @¿¾d ^ � -X �¥ �?n_o ´�N &�µ%¶ ^ P µ¸· ^ P�¹ ^ � º�» ^ µ%¼ = R @ R�� B�½ d ^ n ¥ � @À¾d ^ � - (C.4)

andby this theExpectationstepis complete.
In theEM framework with harddecisions,the label

¬
with thehigherconditional

probability ¦ R ¥ is chosen.Thisis exactlythesameasthestep3 in theiterativeLabeling
phasethatwe employ (Table4.1).

Finally, it is straightforward to show that the Maximizationstepwherethe maxi-
mizationof

£ & )   ) ¤¢- with respectto
)

takesplace,is equivalentto our Motion Esti-
mationphase.Let usnoteherethatwith theabove formulationthedifferent ¦ R ¥ could
be usedin the motion estimationphase.This would result in an EM algorithmwith
soft decisions.



Appendix D

Synthetic Image Sequences

This appendixcontainsa shortdescriptionof the syntheticimagesequencesthat are
usedin chapter3. Eachsequenceconsistsof threeframes.Sincethemodel-generated
motionfieldsarereal-valued,abicubicalinterpolatorontheimageintensitieswasused.

D.1 “C1” imagesequence

Translational Motion of the Background An imagesequenceis generated,in which
the whole imageis displacedby &zÁ * V - pixels per frame. The secondframe of the
sequenceis depictedin fig. D.1(a)andthemodel-generatedmotionfield (magnifiedby
a factorof 2) in fig. D.1(b).

(a)Frame2 (b) Model-generated motion
field

FigureD.1: “C1” imagesequence
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D.2 “R1” imagesequence

Translational Motion of the Background An imagesequenceis generated,in which
the whole imageis displacedby & V * V - pixels per frame. The secondframe of the
sequenceis depictedin fig. D.2. Themaincharacteristicof thesequenceis thelack of
texturein largeareas.

FigureD.2: Frame2 of “R1” imagesequence

D.3 “Y1” imagesequence

Affine Motion of the Background An imagesequenceis generatedin whichtheback-
groundis displacedaccordingto anaffine parametricmodel(TableD.1). Thesecond
frameis depictedin fig. D.3(a)andthemodel-generatedmotionfield (magnifiedby a
factorof 2) in fig. D.3(b). c & V - c &�Â - c &�Ã - c &�Ä - c &�Á - c &zÅ -

Background
k�Æ V k V k k k�Æ V Ã

TableD.1: Motion parametersfor “Y1” imagesequence

D.4 “S5” imagesequence

Two objects,largeaffine motionsAn imagesequenceis generatedin whichtheback-
groundandanobjectaredisplacedaccordingto two differentaffineparametricmodels
(TableD.2). The affine parametersarechosensuchthat the magnitudeof motion is
quite large, thuslargeocclusionsarepresent.Due to occlusionphenomena,areason
the left andon the right of the boatare visible only in the secondframe of the se-
quence.Thesecondframeis depictedin fig. D.4(a)andthe model-generatedmotion
field in fig. D.4(c). Theobject’smaskin thesecondframeis depictedin fig. D.4(b).
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(a)Frame2 (b) Model-generated motion
field

FigureD.3: “Y1” imagesequence

c & V - c &�Â - c &�Ã - c &�Ä - c &�Á - c &zÅ -
Background

kÇÆ k V � kÇÆ k4k Á Â4Á k�Æ k Á k V
Object

k k�Æ k Ã � Â kÇÆ V k � V Ã
TableD.2: Motion parametersfor “S5” imagesequence

(a)Frame2 (b) Objectmask (c) Model-generated motion
field

FigureD.4: “S5” imagesequence
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Appendix E

Terminology

§ �%Èj�
Theexpectedvalueof a randomvariable

ÈÉ Parametercontrolling the degreeof locality of the
color-motionmodelÊ
Thecoefficientthatis assumedto relateË�ÌÎÍ and Ï�ÌÎÍ
(i.e. Ë�Ì Í / ÐÑ"Ò Í )) /Ó� c o * Æ¸Æ�Æ *�c � � The setof the parametersof the motion modelsfor
all of the ² objectsc ¥ ° ¬ ±ÕÔ V Æ¸Æ�Æ ²�Ö Parametersof themotionmodelfor object

¬c R ¥ Theparametersof the Gaussiandistribution around
segment � for theobjectwith label

¬Ë�Ì Í Deviation of theLaplacianwhich modelsthedistri-
bution of the motion-compensatedintensity differ-
encesin block × YØ A &�Ù - The(scalar)meanof the

,
-th componentof themul-

tivariateGaussianwith parametersÙÚ R ¥ Thelocala priori probabilityof theobject
¬Ï ÌÎÍ Standarddeviationof theintensitywithin block × YÏj! Scaleparameterof the GemanMcClure that was

usedfor motionclusteringÙ R Theparameters(meanandcovariance)of themulti-
variateGaussianthat modelsthe distribution of the
featurevectorsfor thepixelsin colorsegment �×pÛY Thesetof pixels thatbelongto theancestorat levelÜ

of theblock centeredatpixel
�D R Rectangularsupport region defined around color

segment �Ý D & � *\Þ - Colordifferencebetweenpixel
�
in currentframeandÞ

in thepreviousframeÝ ÛY &�ß Û - Mean-absolutedisplacedblock differencefor block×+ÛY
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a NY­& c - Backward motion-compensatedintensitydifference
underthemotionhypothesis

c
at pixel

�a PY�& c - Forward motion-compensatedintensity difference
underthemotionhypothesis

c
at pixel

�� R
Setof pixelsof intensity(color)segment �à
Heightof themultiscalepyramidÜ
A level in themultiscaleschemeM & �z- , M N & ��- and

M P & ��- Imageintensity at pixel
�

at current,previous and
next frame,respectively��/ & ��á8�zâ�- A pixel asthepair of its coordinatesL /ã� � RO° � ±ªÔ V Æ�Æ�Æ6ä Ö � Labelfield� Y Labelof pixel

�
. Whereappropriate,� Y / � Rå° � ± � R� R ±ÕÔ V Æ¸Æ�Æ ²�Ö Labelof intensity(color)segment �ä

Thenumberof intensity(color)segments² Thenumberof objects² R Thesetof theneighborsof segment �¬
Theindex of anobjectæ R
The setof segmentsthat intersectwith the support
region D R of colorsegment �� ±ªÔ V Æ�Æ¸Æ�ä Ö Intensity(color)segmentindexçß Y Estimatedmotionvectorat theblock × Yèß Y Model-generatedmotionvectorat pixel

�é /ã�%ê Y � Thesetof thefeaturevectorsÈ
Theestimatedmeanvalueof a randomvariable

È
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Samenvatting

In dit proefschriftwordendrie methodenvoor objectgebaseerdesegmentatievan
beeldsequentiesvoorgesteld.In alle drie methodenwordt voor iederbeelduit de tij-
dreekseenintensiteit-of kleurensegmentatieuitgevoerd,dieeenverzamelingvanfijne
segmentenoplevert. Dezesegmentenwordenvervolgensgelabeldop basisvan hun
bewegings-,enkleureigenschappen.We tonendevoordelenaanvanzo eenaanpakin
termenvan robuustheid,nauwkeurigheidvan lokalisatieen computationelecomplex-
iteit.

In deeerstetweemethodenwordtervanuit gegaandateenbekendaantalobjecten
in de scnegedentificeerdkan wordenop basisvan hun bewegingspatroon.Boven-
dienwordtaangenomendatdit patroonbeschrevenkanwordendoorgeparametriseerde
modellenvaneenlageorde.

De eerstemethode(hoofdstuk3) stelt eenbenaderingvoor waarbij het schatten
vanbeweging enhet labellenin achtereenvolgendestappenwordenuitgevoerd. In de
eerstestapwordt eenbewegingsveld geschatmet behulpvan eenhirarchischeblock-
matchingalgoritme. Dit bewegingsveld wordt vervolgensgeclusterdonderde aan-
namedat het bewegingsveld van elk clusterbeschreven kan wordendoor eenaffine
model. De affine modellendienenals bewegingshypotheses.Om te kunnenomgaan
met onnauwkeurighedenin het bewegingsveld, is eenclusteringmethodeontwikkeld
diegebruikmaaktvanbewegings-specifiekebetrouwbaarheidsmatenentechniekendie
genspireerdzijn door methodenuit de robuustestatistiek. In de tweedestapwordt
aanelk segment,dathet resultaatis vande initile intensiteitssegmentatie,eenobject-
label toegewezenop basisvan tweecriteria: a) de bewegingshypothesesdie het best
overeenkomenmet het bewegingspatroonvan dat segmentb) de waardenvan het la-
belveld in deomgeving vandatsegment. Dezecriteriazijn geformuleerddoora) het
modellerenvandedistributie vandebeweging-gecompenseerdeintensiteitverschillen
door eenGaussischedistributie en b) door het modellerenvan het labelveld als een
Markov RandomField. De verbindingen(’cliques’) in hetMarkov RandomField zijn
gedefinieerdtussenintensiteitsegmenten.Eendrie-framebenaderingwordt toegepast
om metocclusieom te kunnengaan.

De tweedemethode(hoofdstuk4) drukt deruimtelijke entemporelevoorwaarden
vanhetprobleemvanlabelenuit binneneenzelfdekaderenmaaktbovendieneengeli-
jktijdige schattingvanhet labelveld endeparametersvandebewegingsmodellen.Dit
gebeurtdoorhetmaximaliserenvandea posteriorikansvanhetlabelveld.Ruimtelijke
entemporelevoorwaardenaanhetlabelveldwordenuitgedruktin hetMarkov Random
Field kaderwaarinverbindinngenzijn gedefinieerdtussenintensiteitsegmenten.Voor
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deoptimalisatiestellenwij eenmethodevoor die dea posteriorikansvergrootop een
iteratievemaniermetbetrekkingtot debewegingsparametersenhetlabelveld.Ookhier
wordteendrie-framebenaderinggebruiktom metocclusieomte kunnengaan.We to-
nenaandateenaantalop pixelsgebaseerdemethodenuit gedruktkunnenwordenals
eenbijzonderegeval vanonzemethode.Tevenstonenwij aanhoeonzemethodeuit-
gebreidkan wordenom aanelk intensiteitsegmenteenobjectlabeltoe te wijzen met
eenzekerheiddatgelijk staataandeovereenkomstigea-posteriorikans(soft labeling
decisions).

De derdemethode(hoofdstuk5) stelteensemi-automatischebenaderingvoor om
meercomplexeobjectenaante kunnenpakkendie niet altijd of volledig te karakteris-
erenzijn door hun bewegingspatroon.Voor het eersteframe van de beeldsequentie
wordt eenbeschrijvinggemaaktvan de lokalestatistischeeigenschappenvanhet ob-
ject. Dit gebeurtop basisvan eenlabelveld dat is genitieerddoor krabbelsdie door
degebruiker zijn gespecificeerd.Vervolgenswordt het labelveld getraceerdin derest
van de beeldsequentie.Het labelenwordt uitgevoerddoor eenop kansengebaseerde
classificatievan de segmentendie het resultaatzijn van de initile kleurensegmentatie
stap. Aangenomenwordt datdedatavanpuntenbinneneenbepaaldkleurensegmen-
tatiegegenereerdwordt doorhetzelfdeprocesdatgemodelleerdis alseenmultivariate
Gaussischedistributie. De voorwaardelijke kansvan beweging en kleur, gegevenhet
labelveld,wordt gemodelleerdbinneneenbepaaldomgeving rondhetmiddelpuntvan
iedersegmentalseenmix vanmultivariateGaussischedistributies,waarbijelk Gaus-
sischedistributie correspondeertmeteenbepaaldobject. Het classificatiecriteriumis
demaximalisatievandegecombineerdekansvanhet labelveld endeobservatiesmet
betrekkingtot hetlabelveld. Voor demaximalisatievandegecombineerdekansis een
deterministischeiteratieve lokalezoekalgoritmeontwikkeld.



CurriculumVitae

IoannisPatras

IoannisPatraswasbornin Thessaloniki,Greece,in 1973. In 1990heobtainedhis
Lyceumdiplomafrom theThird Lyceumin Veroia,Greece.In thesameyearheentered
the ComputerScienceDepartmentat Universityof Cretein Heraklion,Greece,from
which hereceivedhis B.Sc. in 1994. In 1997hereceivedhis M.Sc. degreefrom the
samedepartmentwith specializationin the areasof i) MachineVision andRobotics
andii) ParallelandDistributedSystems.From1996until 2000heworkedtowardshis
Doctoratedegreeat Delft Universityof Technology.

His researchexperiencebegins in 1992, when as an undergraduatestudenthe
worked in the MachineLearninggroupof ComputerScienceInstitute in Heraklion,
Greece.From1994until 1996heworkedin theComputerVision andRoboticsgroup
of thesameinstitutein thefield of DynamicStereoscopicVision. BetweenApril 1996
andJune1996he wasa visiting researcherat the InformationTheoryGroupat Delft
University of Technology. In December1996he joined the samegroupasPh.D.re-
searcherin thefield of Object-basedSegmentationof ImageSequences.In April 2001
hejoinedtheIntelligentSensoryInformationSystemsgroupat ComputerScienceDe-
partmentat University of Amsterdamin the field of Information Retrieval. He has
around10 publicationsin internationalconferencesandjournals.He hassuperviseda
numberof M.Sc. studentsthework of whomhavebeenacknowledgedby publications
in nationalandinternationalconferences.


