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Object-basedVideo Segmentation
with RegionLabeling

loannisPatras

Abstract

In this dissertatiorwe proposehreemethodsfor object-basedegmentatiorof image
sequencesln all threeof them,afine initial intensityor color segmentationprovides
a setof sgmentswhich aresubsequentljabeledaccordingo statisticalmodelsof the
objects’ properties.We illustrate the advantagef suchan approachn termsof ro-
bustnesslocalizationaccurag andcomputationatomplexity. The first two methods
assumehatthe kinematicbehavior of the objectsin the scenecanbe describedwith
parametricmotion models. The first methodproposesa two-stageapproach:in the
first stagethe parameter®f the motion modelsare estimatedrom an independently
estimatednotionfield with a clusteringschemehatincorporatesnotion-specificcon-
fidencemeasuresndtechniquesnspiredfrom robust statistics. In the secondstage,
the intensity segmentsare labeledaccordingto a modelingof the distribution of the
motion-compensateititensity differenceaunderthe extractedmotion modelsandthe
Markov RandomField modelingof the labelfield. Cliquesaredefinedbetweerinten-
sity segmentsanda three-frameapproachs adoptedn orderto dealwith occlusions.
The secondnethodexpresseshespatialandtemporalconstraint®f thelabelingprob-
lem in a singleframenork and estimategointly the labelfield andthe parametersf
themotionmodelsby maximizingthea posterioriprobabilityof thelabelfield. Spatial
andtemporalconstrainton the labelfield areexpressedn the Markov RandomField
frameawvork andathree-framepproachis adoptedn orderto dealwith occlusionsWe
shav thata numberof pixel-basednethodscanbe expressedas specialcasesof the
secondmethodand how the latter canbe extendedto incorporatesoft labeling deci-
sions. The third methodproposes semi-automati@pproachin which the labelingis
basednthemodelingof thelocal colorandmotionstatisticalpropertieof theobjects.
A userassistedtolor sggmentationprovidesan initialization of the labelfield for the
first frame of the sequencewhile for the restof the sequencean initialization of the
parameter®f the modelsis provided by a motion-basedrojectionoperationin the
previous frame. Thelabelingcriterionis the maximizationof the joint probability of
the labelfield andthe obseredcolor andmotion propertiesandis performedin terms
of the statisticalrepresentationsf the propertiesof the color sgments.
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Chapter 1

Intr oduction

Boostedby technologicabdvancesn theareaof communicationgndcomputerengi-
neering therehasbeenanexplosionin theamountof thedistributedvisualinformation
in the lastdecade Digital videoandthe expectedfusion of television andinternetser

vices only intensify this trend. This fact andthe applicationsthat are continuously
emeging adwcatethe needfor the developmentof a wide rangeof methodsfor dis-

tributing andprocessinghe availablevisualinformation.

Object-basedegmentationof imagesequenceghe areain which this thesisbe-
longs, is oneof the issuesthat often arisein the world of video processingandcom-
munications. The goal is the decompositiorof a scenein the objectsthat constitute
it. Suchadecompositionis providedin termsof the partitioningof eachframeof the
sequencento a numberof disjoint regions eachof which is assigneda label which
denoteswhich objectis depictedin it'. Sucha labeling representgachobjectasa
distinctspatio-temporagntity within theimagesequence.

By partitioningeachframeinto segmentghatcorrespondo meaningfulobjects.an
object-basedepresentationf a scenecanbe obtained.Oncea patrtitionis available,
visualinformationcanbe coded,deliveredandviewedin termsof its actualcontents.
This is a stepforward from the classicaltelevision paradigmthat hasdominatedthe
world of visualcommunicationsip to now andin which the visualinformationis rep-
resentechsa sequencef rectangulaframes. In that direction, an effort towardsan
internationalstandardwhich supportsan object-basedepresentatiorof audiovisual
informationwaslaunchedby the Moving PictureExpertsGroup (MPEG) [69]. The
applicationghatcanbenefitfrom sucha semanticallymeaningfulobject-basedepre-
sentatiomarenumerousLet usmentionheretwo examples:

¢ In the contet of the MPEG-4[70] [71] supportedapplicationsuserinteraction
with the actualcontentsof the visual information canbe achieved in a better
moremeaningfulandeasymanner In particularnew, content-basetunctionali-
tiessuchasareobject-dependerodingquality or objectmanipulatiorfor video
editing cannow be developed.The formercanbe of importancefor examplein

LUnlessexplicitly statedotherwise thetermregion is usedlooselythroughouthe thesisto denotea set
of spatiallyconnectegixels
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video conferencingapplications,wherea reductionin the requiredbandwidth
can be achieved by a higher quality coding only of regionsdepictingthe face
andthe hands.On the otherhand,video editing, which up to now requiredthat
theanalysids performedattheusersend,canbenow reducedo thebuilt of user
interfacedor themanipulatiorof thealreadyexisting objectentities.By thetime
this thesiswaswritten, suchsystemsverealreadycommerciallyavailable (e.qg.
(26]).

¢ In the context of MPEG-7[72] [73], applicationsthat revolve aroundretrieval
of multimediamaterialin very large distributeddatabasesanbenefitfrom such
an object-basedepresentationThe reasonis that sucha representatiomffers
alreadya semanticalorganizationof the data (althoughdependingon the ap-
plication domainthe contentsmay vary significantly). By attachingMPEG-7
descriptorgo the objects we essentiallydescribehe scenean termsof the prop-
ertiesof the objectsthataredepictedin. This bringscloseruserquerieswhich
areformulatedin termsof the objectpropertiego theactualdescription.

Let us note that both MPEG-4 and MPEG-7 standardscarefully avoid standard-
ization of the analysisprocessandthe encoders side. In relationto the object-based
representatiothatMPEG-4proposesthatmeanghatno standardxistsfor extracting
the objectsin the scene. On the one handthis is becauseby standardizingonly the
minimumamounthatguaranteesteroperabilitythereis roomleft for competitionon
theanalysisside. On the otherhand,the generalityof a standardor object-basedey-
mentationwould inevitably be seriouslylimited. Thereasorbehindthatis thatthereis
ambiguityatthe semanticalevel in the definition of the problem.To be morespecific,
whatthe resultof an object-basedegmentationschemeshouldbe, is a questionthat
canbeansweredn mary ways. In the next section,we will briefly discusgheissues
relatedto thethis ambiguity Thetypesof answerghatwe give will positionthe meth-
odsthatweredevelopedn thisdissertatiorin thefield of object-basedegmentatiorof
imagesequences.

1.1 Statementof the problem

In orderto formulatemethodsvhich decomposa video sequencéinto the objectsthat
aredepictedin it, formal definitionsof what constitutesan objectare necessaryFor
humans this taskis directly connectedwith the cognitive processesnvolvedin the
actionof seeing.As Parmenidesioted,"What is, is identicalto thethoughtsof theone
whorecaynizeswhatit is”2 [84]. In thisline of thinking, a semanticalecomposition
of a scenerequireshuman-like reasoningaboutits contents. However, human-like
reasoningaboutthe contentsof the sceneandits incorporationin an artificial vision
systemis farfrom realization.

Currentapproacheto circumwventthe problemattemptformulationsthatarebased
on somegroupingbasedon propertiesextractedfrom the visual data. The goalis to
bridgethe gapbetweerthe semanticainterpretatiorof the sceneby a humanuserand

2’7'0 YOP QUTO VOELY €0TLY TE KQL €LV



1.1 Statementof the problem 3

low level featuressuchas color and motion that can be automaticallyextractedfrom
theimagesequenceTwo generalirectionsexist, dependingn theamountof a priori
informationthatis availableaboutthe contentsof the scene.In the first, information
aboutthe domainis a priori available,for examplefaces[86], humanbody andhand
motion [39] or somemedicalapplications.In suchcasesdomain-specifienodelscan
be employed and the labeling formulatedas datafitting into the modelin question.
As an alternatve, more general-purposenodelscan be employed, whoseparameters
aretrainedon datafrom the domainin question[8]. In both casesthe utilization of
the a priori knowledgesimplifiesthe problemsignificantly On the otherhand,such
approachesreinherentlyrestrictedto the domainfor which the modelsof the scene
werespecifiedandtrained.

This thesisfalls in the secondcategory of the approachesyhich attempta more
generaltreatmenbf the problem.In the approachesf this cateyory the segmentation
is basedon homogeneityassumption®n low-level featuressuchascolor, texture and
motion. Modelsof the spatiotemporalocalizationof the objects,of the distribution
of their propertiesand/or of the temporalevolution of thesemodelsare commonly
employedasusefulconstraintsThefundamentatiifferencebetweerthesemodelsand
the domain-specifiamodelsemployed by the approache®f the first categyory is the
generalityof the constraintghatareimposedon the objects’properties.

In the methodsof this seconddirectionmotion provedto be oneof the mostsuc-
cessfulpropertiesor sggmentationpurposes.The reasonis that motion cancarryin-
formationaboutthe shapethedepthandthe physicalconnectvity of theobjectsin the
scene.Thesearedirectly connectedo the physicalpropertiesof the objectswhich are
depictedn theimagesequencandespeciallythelasttwo canprovide strongevidence
for the discriminationin differentobjects. Let us note herethat for the purposef
object-basedeggmentatioranexplicit andaccuratextractionof suchinformation(e.g.
shapeor depth)carriedin theapparenimotionfield is not necessary

Sucha motion-basedapproachis adoptedin the first two of the three methods
developedin this dissertationThelabelingis formulatedasa groupingbasedn prop-
ertiesthatarederivedfrom the visualdataandmotioninformationplaysthe dominant
role. A parametrianodelfor the motiontogethemwith a spatialmodelof thelabelfield
provide the formal constraintdor the definition of an object. Loosely speakingthe
underlyingassumptions thatanobjectis anentity suchthat:

e Its kinematiccharacteristic$ aredescribecby a parametrianodelof relatively
low order In our caseanaffine modelimpliesrigidity assumptions.

e lts localizatior? is compact.

In addition,the secondmethodadoptsa temporalmodelfor the labelfield, thatis, it
implicitly imposescohereng in the way that the localizationof eachobjectchanges
overtime.

Oneof the mostimportantissuesin the field of object-basedegmentationis the
trade-of betweenthe generalityof the assumednodelsandthe degreeof userinter-
actionor initializations. Fromthis perspectie, the first two of the proposednethods

3Werreferto thetwo-dimensionabbjectprojectionson theimageandnotto thethree-dimensionaibjects
in the physicalworld
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fall in the mediumgenerality/ limited interactionend(fig. 1.1). As far asgenerality
is concernedthe global affine parametrianodelsthat areadoptedby both canbetoo
restrictive in the caseof, for example,humanmotion. Furthermoredependingn the
applicationandthe userthe goal of the segmentationrmay vary. The assumptiorthat
a decompositiorof the scenebasedon the kinematicbehavior of the depictedobjects
is possiblemight no longerhold true, thusothersourcesf informationsuchascolor
and/ortexture shouldbe also used. The adoptionof global modelsfor suchproper
tiesis in generaimorerestrictve thanin the caseof motion. Furthermorepbjectsthat
aresemanticallyneaningfulmight not exhibit a globalhomogeneityn their properties
and/ordiscontinuitiesnight be difficult to be detected.

A

é Chapters 3,4 Local

§ \ nodel s

= d obal

§ affine

? nodel s Chapter 5
o

Y

Model generality

Figurel.1: Tradeof betweergeneralityanduserinteraction.

For all of thesereasonghe third of the proposedmethodsadoptsmore general
modelsandtransferssomeof the difficulty of the problemto the uservia aninterac-
tion phase Looselyspeakinganobjectis consideredisan entity which exhibits local
homogeneityin its color andmotion characteristicsit is locally compactin its local-
izationandits localizationchangegoherentlyovertime. In this method the semantics
aboutthe contentsof the sceneareintroducedin a userinteractionphasen which the
modelsof the objectsareinitialized. Conceptuallysuchan approachbearssimilari-
tieswith methodshattrain the parametersf a rathergeneraimodelwith datafrom a
specificdomain.

1.2 Major contributions and organization of the disser
tation
Therelationof our approacheso othermethodsin the field will becomeapparenin

chapter2, wherewe conciselyreview relatedworks. Let us note herethatcommon
issueghatarisein the areaareon the onehandthe reliability of the extractedproper
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ties on which the groupingis basedandon the other, the localizationaccuray of the

labeling. In orderto dealwith both problemswe usedaninitial partitioningof each
frameinto intensity(or color) segmentsin all of thethreeapproachesThe partitionis

obtainedusinga methodwhich operate®n the gradientof theintensityor the color of

eachframe. Underthe assumptiorthateachof the resultingintensity(color)segments
coversanareabelongingto a singleobject,propertiesare extractedper intensity seg-

mentandthelabelingis performedatintensitysegmentlevel. This offersthefollowing

adwantage®ver methodghatlabeleachpixel separately:

Reduction of computational complexity Thedimensionalityof theproblemis greatly
reducedsincea muchsmallernumberof sitesneedto belabeled.

Robustness Propertiesextractedfrom an intensity segmentarein generalmore re-
liable than propertiesextractedfrom single pixels. Especiallywhenmotionis
takeninto considerationmoreevidenceexistsfor determininghekinematicbe-
havior of anintensitysegmentthanthe behavior of a singlepixel.

Localization accuracy Underthe assumptiornthatintensity(color)discontinuitiesare
necessargonditionsfor objectdiscontinuities,ntensity(color)-base@vidence
is very usefulbecausef its very goodlocalizationproperties.An initial inten-
sity(color) sgmentatiorintroducessuchinformationin avery early stage.

By this schemawe definethe following hierarchy which we adoptthroughouthe
dissertationAt thelowerlevel therearepixels atanintermediatdevel intensity(color)
segmentsandatthe higherlevel objects.Thetermregionwill beusedratherlooselyin
thecontext of thisdissertatiorto referto a (usually)spatiallyconnectedetof pixelsor
intensitysegments.For the remaindeinof the thesis,unlessexplicitly statedotherwise,
the term sggmentationwill referto theinitial intensity(color)segmentationprocedure
while the termlabeling will be usedto referto the processf assigningobjectlabels
to theintensity(color)sggments.A pictorial representatioof this hierarchyis givenin
fig. 1.2.

Theremaindeiof thedissertations organizedasfollows. In chapter2 we concisely
describethe proposedmethodsand position our methodsin the relatedliterature. In
chapter3 we presenthe first of the proposedmethods.We proposea sequentiabp-
proachin whichtheestimatiorof thekinematicbehaior of theobjectsandthemotion-
basedabelingof theintensitysegmentsareperformedn subsequergtagesThemain
contributionsof this chaptercanbe summarizedsfollows:

e we develop a confidencemeasurefor the motion field estimatedby a Block
Matchingmotion estimator The Block Matchingmotion estimatoris expressed
in the probabilisticframewnork andthe confidencemeasurds derivedin terms
of the a posterioriprobability of the motionvector The estimationof the confi-
dencemeasurads incorporatedn the estimationschemeof the Block Matching
motionestimationandintroducesegligible additionalcomputationatost.

e we proposea robust clusteringmethodwhich simultaneouslyestimateghe pa-
rametersof a known numberof modelsthat describethe motion of the objects
in the scene RolustM-estimatorsandmotion-specifiacconfidencaneasureare
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Object level

/\ Labeling

Intensity(color)
segment level

=

Pixel level

Intensity(color)
segmentation

Figurel.2: Hierarchyadoptedy the proposednethods.

employed in the regressionphaseand intensity sggmentsare usedas primary
elements.

e we modelthe label field asa Markov RandomField, wherethe sitesare the
intensitysegments.In comparisorwith otherapproachethatusepixelsassites,
thisapproachreduceshecomputationatomplexity andmalkesthelabelingmore
robust.

In chapterd we presenthe secondf the proposednethodsWe proposeanapproach
in which the kinematicbehaior of the objectsin the sceneand the labeling of the
intensitysegmentsarejointly estimatedThe maincontributionsof this chaptercanbe
summarizedsfollows:

e we expressthe labeling problemin the Markov RandomField - Maximum A
posterioriProbabilityframeavorkin whichtheintensitysegmentghatresultfrom
an independentntensity segmentationphaseare usedas sites. A numberof
iterative methodswherethe Markov RandomField is definedover pixel sites
canbeformulatedasspecialcaseof this method.Theformulationaddressem
asingleframework thefollowing issues:

— impositionof spatialandtemporalconstraintson the labelfield
— treatmenbf occlusions
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— utilization of intensity-basedvidenceto supportthe detectionof motion
discontinuities

e we proposeanoptimizationmethodfor thejoint estimationof the parametersf
the motion modelsandthe labelfield thatmaximizesthe a posteriori probabil-
ity of the labelfield. The three-frameapproachthatwasadoptedntroducesan
intermediatadirectionalfield in the proposedterative relaxationmethod.

In chapter5 we presentthe third of the proposedmethods. We proposea semi-
automaticmethodin which the objectsthat the useroutlinesat the first frame of the
image sequencen an interactionphaseare modeledand tracked for the restof the
imagesequenceThemaincontributionsof this chaptercanbe summarizedsfollows:

e we proposea modelingof the local color and motion statisticalpropertiesof
the objects. The region of supportof eachlocal modelis adaptedo the local
characteristicef theindependentolor sggmentation.

e We proposeanoptimizationmethodfor the maximizationof thejoint probability
of thelabelfield andtheobsenedcolorandmotionproperties The optimization
is performedn termsof the statisticalpropertiesof the color sggments.

In chapter6 conclusionsaredravn andopenissuesarediscussedln the samechapter
we attempta critical discussioron the designchoicesthatwe have madeaswell ason
someof the alternatve choices. Finally, appendixD givesa shortdescriptionof the
syntheticsequencethathave beenused.
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Chapter 2

RelatedWork

In the previous chaptemwe gave anintroductionto thefield of object-basedeggmenta-
tion of imagesequencesln this chapterwe attempta review of relatedworksin the

literaturein orderto positionourwork in thefield. Thechapteiis organizedasfollows.

In section2.1 we give a shortdescriptionof the proposednethodsandthe motivation

behindthe developmentof eachone. Subsequentlywe give anoverview of the most
relatedworks organizedin threesections,eachone correspondindo one of the pro-

posedmethods.In eachsectiona review of the relatedworks from the prism of the

correspondingnethodrevealsits advantagesndlimitations.

More specifically in section2.2 we conciselyreview indirect motion-basedseg-
mentationmethodsthatis, methodsor motion-basedegmentatiorthatdependon an
independenthestimatednotionfield. 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-rigid motion patterns.

2.1 Overview of the ProposedMethods

Thefirst two of the proposednethodsattempta motion-basedalecompositiorof each
frame of the sequenceunderthe assumptionghat the numberof objectsis known
andthat the motion of eachobjectcanbe describedby an affine parametricmodel.
This modelimposesigidity constrainton thekinematicbehaior of the objectsin the
scene.

Thefirst of theproposednethoddallsin agenerakategory of methodsvhichrely
on anindependenthestimatednotionfield. We proposethe separatiorof the problem
into two subsequenphasesthe motion hypothese&xtractionphaseandthe labeling
phaseln themotionestimatiorphasefirstamotionfield is estimatedisingahierarchi-
cal block matchingmotion-estimatiorschemeA robustclusteringtechniques devel-
opedin orderto estimatethe parametersf the affine modelsthat describethe motion
of eachobject. Thesetof the estimatecharametersene asa setof motionhypotheses
describingthe kinematicbehavior of the objectsin thesceneln thelabelingphasean
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objectlabelis assignedo eachof the intensitysegments.The labelingis expresseds
anoptimizationproblemundertheassumptionghatthe motion-compensateidtensity
differencefollows a Laplaciandistribution andthatthea priori probability of the label
field is a Gibbsdistribution. Thelatterimpliesthata Markov RandomField is defined
over the graphwhosenodesarethe intensity segmentsthat are extractedin the initial
intensity sggmentationphase.A deterministiciterative optimizationmethodprovides
thefinal solution.

The motivation behindthe developmentof sucha methodis to provide the first
of the estimatedabelfields. In the motion estimationphasewe addresghe issueof
the simultaneougstimationof multiple motion hypothese$rom aninaccurateanotion
field by the developmentof confidencemeasuresnd robust clusteringmethods. In
the labelingphasejn contrastto mostof the methodsn the literaturethatdependon
a pre-estimatednotionfield, we proposeto useasevidencethe motion-compensated
intensity differencesunderthe extractedmotion hypothesesndnot the motion resid-
ual. In this way we achieve muchhigherlocalizationaccurag andwith athree-frame
approachwe dealin a simpleand efficient way with occlusions.Finally, the Markov
RandomField modelingof the label field imposesspatial constraintswhich inhibit
labelfieldswith isolatedintensitysegments.

The secondof the proposednethodsattemptgo solve jointly the motionhypothe-
sesextractionandthelabelingproblem.The notion of Markov RandomFields(MRF)
is usedin orderto expressspatialandtemporalconstraintsat the level of the initial
intensity segments. The criterion is the maximizationof the conditionala posteriori
probability (MAP) of thelabelfield giventhe motionhypotheseghe estimationof the
labelfield in the previous frame andthe imageintensities. The equivalencebetween
the Markov RandomFieldsandthe Gibbsdistribution is exploited andthe labelingis
formulatedasan optimizationproblemwith respecto the motion parametersindthe
labelfield itself. For the optimizationwe proposea methodwhich reduceghe corre-
spondingobjective functionin aniterative way with respecto the motion parameters
andthelabelfield. In the optimizationwith respecto the motion parametergmotion
estimationphasé@ the estimationis performedat sggmentlevel, that,is a setof param-
etersis estimatedor the collectionof intensitysegmentsthatcompriseanobject. The
estimationis constraineddy the intensity conseration principle and by the temporal
coherenyg of the labelfield. In the optimizationwith respecto the labelfield (label-
ing phas¢ anobjectlabelis assignedo eachof the intensitysegments.The labeling
is constrainedy the intensityconserationprinciple andthe spatialandtemporalco-
hereng of the labelfield. A three-frameapproachs developedin orderto dealwith
occlusions.

The motivationbehindthe secondf the proposednethodss to couplein a single
framework the interdependenproblemsof motion estimationandmotion-basedabel-
ing. The motion estimation/ motion-basedabelingis formulatedas a well-defined
optimizationproblemwhereeachcomponents modeledby a probability distribution.
The proposedmethodaddresse# a single framework classicalissuesraisedin the
field. More specificallytheimpositionof spatialandtemporalconstraintson thelabel
field, treatmenbf motionocclusionsandincorporationof intensityevidencefor object
boundariesA numberof iterative methodswvherethe Markov Randonmield is defined
over pixel-sitescanbeformulatedasspecialcaseof the proposednethod.
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Thethird of the investigatednethodsattemptso dealwith morecomplex objects
that are not necessarilycharacterizeanly by their motion behaior. The goalis the
developmentof a methodcapableof sggmentingcomplex scenesnto objectswhose
colorandmotionattributesvary. Sincethereis notauniqueway of defininga segmen-
tation into objectsthat are not homogeneou# their attributes(e.g. variousmotion
andcolor patternsuserinteractionis utilized. For thefirst frameof the sequenceiser
scribblesareusedto obtainthefirst labelfield andbuilt adescriptionof thelocal statis-
tical propertiesof theobjects.Subsequentlthelabelfield is trackedfor therestof the
sequenceThelabelingis basedon a probabilisticclassificationof the segmentsthat
resultfrom theinitial color sggmentatiorschemelt is assumedhatthe dataat points
insidethe samecolor segmentis generatedy the sameprocessthat procesds mod-
eledasamultivariateGaussianThe conditionalprobability of motionandcolor given
thelabelfield, in awindow aroundthe centerof eachsegmentis modeledasa mixture
of multivariateGaussiansgachonegeneratedby a differentobject. The classification
criterion is the maximizationof the joint probability of the label field andthe obser
vationswith respecto thelabelfield. For the maximizationof the joint probability a
deterministidterative local searchalgorithmis developed.

The motivation behindthe third approachis to overcomethe rigidity assumption
of the previoustwo methodsanddealwith morecomplex scenesA local modelingof
thedistribution andthea priori probability of eachobjectcanrepresenbbjectswhich
exhibit variationsin their motion, color and spatialcharacteristics Furthermorethe
assumptiorthat the dataat pointsinside the samecolor sggmentis generatedy the
sameprocessallows to expressthe local objectdistributionsasfunctionsof the color
segments’statisticalrepresentationandto performthe classificatiorat color segment
level.

2.2 Indir ect Methods for Motion-Based Segmentation

Extensvework hasbeenconductedn thefield of motion-basedegmentatiorof image
sequencesFrom the prism of the first of the proposedmethodswe concentrateon
approachesvhich dependon anindependentlhestimatednotionfield. Dependingon
whetheror not they utilize intensity-basedvidencefor thelabelingwe divide themin
two main categories(fig. 2.1). Unlessexplicitly stated all of the reviewed methodsn
this sectionassumehatthe motionpatternof theobjectsin the scenecanbedescribed
by parametrianotionmodels.

Thefirst category consistsof methodghat attempta segmentationof anindepen-
dently estimatedmotionfield disregardingintensity-base@videnceof anobjectedge.
Borshulov etal. [17] aswell asWangandAdelson[113] estimatethe affine motion
parametersf rectangulablocksandmemgethemaccordingto a distancefunctionde-
finedin theparametespace A thresholdn themotionresidualdetermineshereliable
blocksandthemerging proceduras terminatedy athresholdn thedistancefunction.
The dominantmotion estimatior/ outlier detectionparadigmis adopted4], wherea
thresholdin thelabelingphasedeterminesvhich motionvectorsfollow the dominant-
motion hypothesis.In a similar approachangand Adelson[113] meige the blocks
applyinga C-meansalgorithmin the parametespace.Both of the approachesgepend
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Figure2.1: Indirectmethoddor motion-basedegmentatiordividedbasecon whether
or notthey utilize intensityinformationin thelabelingphase.

ontheparametriaepresentationsf eachof the blocks,which canbe quite sensitve to
noise. Furthermorethe dependencef the methodof WangandAdelson[113] onthe
accurag of the estimatedmotion field seemgquite high sinceno attemptto increase
therobustnes®f the C-Meansalgorithmis made.Nitsuwat andJin [80] [81] robustify
the classicalC-Meansalgorithmby usingfuzzy clusteringtechniqueg28]. In [80] a
clusteringin parametespaceby afuzzy C-prototypesalgorithm[36] is followedby a
clustermeiging phase Thelatteris drivenby arobustclustersimilarity measurevhich
is definedin termsof the degreesof membershipf the motion vectorsunderthe mo-
tion hypotheseshatthe clusterin questionareassociatedavith. The methodexhibits
thedrawbacksof [113] asfarastheparametricepresentationsf blocksareconsidered
and, furthermore seemgo producerather“noisy” labelfields. On the otherhand,in
principle,the useof robustclusteringmethodsncreaseshe accurag of the estimated
motionhypotheses.

ChoiandKim [24] proposea multistagesegmentatiorof a denseopticalflow field,
whereat eachstagedifferent motion-basednemjing criteria are applied. Underthe
assumptiorof a staticcameraa changedetectionmapis estimatedn a preprocessing
phase.In a framework inspiredby theorieson evolution, Huanget al. [48] propose
theuseof ageneticpartitioningalgorithmfor the segmentatiorof anopticalflow field.
Themotionfield is obtainedby a point-correspondencagorithm. Eachchromosome
is a binary partition of the optical flow field suchthatit representghe region that
supportonemotionhypothesisCrosseerandmutationoperatorsaretrivially defined
on the partitions. A self-adaptionoperatorwhich correspondso a combinedrobust
motion estimation/ classificationstepis usedto re-estimatehe region of supportof
the motion hypothesisassociatedvith the chromosome. The ability of the genetic
algorithmto simultaneouslyncodea numberof motionhypothesesndthe useof the
binary partition mapsseemto robustify the estimationof the parametersf the motion
models.On the otherhand,the methodis computationallyexpensveif it is appliedto
adensemotionfield. Finally, resultsarereportedonly in termsof theestimatednotion
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parameters.

Noneof theabose mentionednethodsmodelthelabelfield in orderto enforcespa-
tial constraintsin contrastMurray andBuxton[74] modelthelabelfield asa Markov
RandomField andexpresgshelabelingproblemasanoptimizationproblemin termsof
the conditionala posteriori probability of the labelfield givenanindependentlesti-
matedopticalflow field. Spatiotemporatliquesaredefinedanda stochastiaelaxation
method[53] is employedasanoptimizationmean.The Markov RandomField model-
ing introducesusefulspatialandtemporalconstraintsn thelabelfield but theproposed
optimizationschemds computationallyintensie.

Themethodsreviewed sofar proposea labelingdependingsolely on the informa-
tion carriedin an independentlyestimatedmotion field andthereforehave a serious
drawback: the accurag of the labelingdependsheaiily on the accurag of the esti-
matedmotionfield. Theintroductionof spatialandtemporalconstraintd74] reduces
the problemin areaswithin the objectsbut is of limited assistancet objectborders.
Thereasonis thatat objectbordersa) the estimatedmotionfield is highly unreliable
andb) spatialconstraintanbe appliedfrom eitherdirectionof theborder Thatis, a
bandof uncertaintyexists at motion discontinuitiesandtherethe labelingis likely to
fail. Thewidth of the banddependn the motion estimationschemeandin methods
thatemploy ablock asaregionof supportt is roughlyequalto theblock size.In cases
thatthe motion discontinuityis suchthatan occlusionis generatedn the directionin
whichthemotionfield is estimatede.g. backward)thewidth of suchabandis roughly
equalto the motion magnitude.Iln imagesequencethat containlarge motion activity
thatis a seriousdrawback.

In orderto increasehelocalizationaccurag, a numberof methodshave beenpro-
posedthat attemptto utilize intensity informationin combinationwith an indepen-
dently estimatedmotion field. In the multivalued mathematicamorphologyframe-
work, Gu [45] adoptsa hierarchicalscheman which at eachlevel the analysisis per
formedonthemotionresiduabetweerthe modelingat the higherlevel andthemotion
field. Markersaredeclaredatflat areaswith respecto the motionresidualandawater
shedalgorithmprovidesthe labelfield at the currentlevel. Affine parametrianodels
arethenusedto modelthe motionresidualfor eachof theresultingregions.In orderto
increasehelocalizationaccurag, heintroducesafinal stagewherehelabelssegments
thatresultfrom anindependenintensity segmentationphasewith the dominantlabel
in the intensity segmentin question. Sincea motion boundaryusually separate$wo
objects,the underlyingassumptioris that the majority of the motion vectorswithin
theintensitysegmentin questionarecorrectlylabeled.MansouriandKonrad[62] for-
mulatethe labeling problemasthat of region competitionandsolwve it usingthe level
setmethodology{99]. A numberof parametricmotion hypothesesre estimatedby
clusteringa sparsemotionfield. A groupingthatis basedon the assumptiorthatthe
distancebetweerthe featuresof themodel-basegrojectionsof a pair of pixelsshould
be very similar to the distancebetweenthe featuresof the pair of pixelsthemseles
providesan initialization of the procedure.A C-meangclusteringrefinesthe estima-
tion of the motion parametersThe equationggoverningthe evolution of the contours
aredefinedin termsof thedifferencesn the motion-compensateidtensitydifferences
that are generatedy eachof the competingmotion hypothesesandthe contourcur-
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vatures.Loosely speakingthe betterthe imageintensitiesare explainedby a motion
hypothesigcomparedo the competingmotion hypotheses)the higherthe speedor
the evolution of the contourof the motion hypothesisin question. Although the C-
Meansalgorithmis not robustified, the useof a morereliable sparsamotionfield and
thefactthatthe clusteringis not performedn the parametespacecanleadto arather
reliable estimationof the motion hypothesegsubjectto the initialization procedure).
Finally, Altunbasaket al. [3] extractthe motion hypothesedy C-Meansclusteringof
adensanotionfield. Thisis followedby a procedurevhich iterateshetweenra classi-
ficationandanestimationphase In the classificatiorphasecolor sgmentsarelabeled
accordingto the motion-compensateidtensitydifference.ln the estimationphasethe
motion parameterarere-estimatedasedon the labeling. Although theiterative pro-
cedureis supposedo improvetheestimationof the motionparameters;onvergences
not guaranteedincethe two stagesminimize differentobjective functions. A thresh-
old in the motion-compensateidtensitydifferenceis usedto rejectunreliablemotion
vectors.

Basedon the above classificatiorthefirst of the proposednethodss mostrelated
to the secondcateyory of approachesLike MansouriandKonrad[62] we claim that
themotionparametersf multiple motionhypothesesanbeaccuratelyextractedfrom
a pre-estimatednotion field. Our motion hypothesisextractionis similar to the C-
mean<lusteringof Altunbasaket al. [3]. However, we incorporaterobustestimation
methodsin the clusteringprocedurge.g. [80]) andwe drasticallyreducethe compu-
tationalcomplexity by estimatingmatricesthat give in closedform the mean-square
motion residualof an intensity segment. Furthermorewe proposea new confidence
measurevhich hasa probabilisticinterpretationgiven the motion estimatorthat was
usedanddoesnot needary userdefinedparameter We proposea Markov Random
Field modelingof the label field that combinesthe advantagesof [74] and [45] by
adoptingintensity segmentsassites. Finally, in contrastto all reviewed methodswe
useathree-frameapproachin orderto dealwith occlusions.

2.3 DirectMethodsfor Motion-Based Segmentation

Motion informationis one of the main elementsthat are usedfor segmentingvideo
sequences However, extracting and coupling motion informationwith the labeling
processs by no meansatrivial task[109]. For the estimationof motion, spatialcon-
straintsneedto beimposedn aform of a supportregion wherethe motionis assumed
eitherto besmoothor to follow aparametrianodel.In generaljf theregionof support
is arbitrarily choserthenthe motion estimatewill deteriorateeitherbecausehesingle
motion assumptiorwithin the region is violated or becauséhe texture patternis too
low to constrainsufiiciently the estimation. From the labeling point of view inaccu-
rately estimatednotioninformationleadsto inaccuratdabelingresults.Furthermore,
in themotion-basedegmentatiorframenork issuedik e theocclusionsaandthetempo-
ral coherenyg of the labelfield needto be addressedThe former concernsareasthat
appeapor disappeafrom the scenedueto motion. Hence jnformationabouttheirtem-
poralbehaior is limited or evenabsentThelatter providesusefulconstraintdbetween
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thekinematicbehaior of the objectsandtheirlocalizationin consecutie frames.

A numberof methodsfor performingmotion-basedegmentationhave beenpro-
posedover the lastdecade.In the framawvork of the secondof the proposednethods
we will concentrateon five categoriesof approachegfig. 2.2). To the first category
belongmethodawhich simultaneoushestimatethe motion informationandits region
of support. Dependingon if the label field is explicitly defined,temporaland spa-
tial constraintsare imposedeither on motion and/oron the label field itself. In the
following four categorieswe classify methodsthat combinean initial intensity sey-
mentationwith motion information. First, top-dovn approachesvhich are basedon
the dominant-motion-estimatiohoutlier-detectionparadigmare described. Second,
we review methodsn which a region-meging processs driven by motion-basedlis-
tancemeasuresThird, we presentnethodghatutilize aninitial intensitysegmentation
in orderto incorporatespatialconstraintsn the ExpectatiorMaximizationframework.
Finally, methodghatcombinethe Markov RandonField modelingwith aninitial seg-
mentationarepresented.

Image - i
sequence i Pixel-based methods

(first category)

Motion hypothesis
extraction and

Labeling

intensity segmentation
(second to fifth category)

: Methods that use an

Intensity segmentation

Figure2.2: Direct methodgor motion-basedegmentation.

In thefirst category we begin with methodghatattemptto overcometheisotropic
smoothingthatthe Horn-Schunclalgorithm[47] imposes.Theseapproachesreori-
entedto the regularizationof the motion estimationin sucha way thatdiscontinuities
in the motion field are presered. Black and Anandan[14] proposethe useof robust
statisticsfor the detectionof outliers both in the optical flow constraintand in the
regularizationtermin an attemptto obtain piecavise smoothmotion fields. In their
work the discontinuitiesareexpressedn termsof the motionfield itself, while Nagel
[76][77] introducesan orientedsmoothnessonstrint, which suppressethe smooth-
ing in the directionof the local intensity gradient. In otherworksaline procesq42]
is usedin orderto explicitly modelthe motion discontinuities. Konradand Dubois
[55] modelthe motion and the discontinuityfields as a pair of coupledMRFs and
minimize the resultingenegy function by meansof stochastiaelaxation.Identifying
the needto exploit intensitydiscontinuitiego detectmotion discontinuitiesthey pro-
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posea potentialfunctionfor theline field which depend®n the local imagegradient.
However, in all of the abore-mentionednethodsthe aim is the estimationof motion
informationratherthanthe motion-basedegmentation.A labelfield is not explicitly
definedand shouldbe extractedin a later stepfrom the discontinuitiesin the motion
field. Furthermoretemporalconstraintsare not addressedn ary 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 parametrionodels. Furthermorehe cliques
in the MRF formulationaredefinedover the pixelswhich resultsin acomputationally
intensive optimizationprocessAn iterative schemdor motionestimatiorandlabeling
is proposedy Changetal. [23]. ThelabelandthemotionfieldsaremodeledasMRFs
andthe densemotionfield is additionallyconstrainedy multiple parametrionodels.
Temporalcohereny issuesare not addressedhowever, andthe MRF cliquesare still
definedat pixel level. BouthemyandFrancoig[18] in the Markovian framework pro-
poseamethodfor motion-basedementatiorof imagesequencebasedn parametric
motionfields. The cliquesaredefinedover 2x2 blocksandnot over pixels. However,
suchan arbitraryinitial decompositiormight violate objectbordersand providesro-
bustnessonly to suchan extent that the image structurein the block disambiguates
the motion constraints.Furthermorethe neighborhoodstructurefor the definition of
cliguesis not affectedin comparisorto pixel-basedpproachesn bothcaseghey are
definedon a regular lattice. Finally, the temporalconstraintsare not incorporatedn
the optimizationprocedurebut aremerelyusedin theinitialization phase.

A numberof methodshave beendevelopedwhich utilize aninitial intensitybased
partitionto constrairthelabelfield (fig. 2.3). In thisframework hierarchicabpproaches
[35][31] identify independentlymoving objectsascollectionsof segmentsthatdo not
conformto the estimatecpbarametricdominantmotion. Diehl [31] validatesthe dom-
inant motion hypothesisndependentlyper sgmentwhile Fabletet al.[35] explicitly
expressthe spatialinteractionsbetweenthe sgmentsby a MRF modelingof the la-
bel field. Thesetop-davn approachesire facedwith the problemof estimatingthe
dominantmotion in the presenceof multiple independentnotion patterns. Further
more,they imposean artificial hierarchyin determiningthe motion characteristicef
the objectsand may lead to situationswhereoutlier sgmentsdo not belongto arny
object[67]. Ontheotherhandthe Markov RandomField modelingwhich Fabletetal.
proposealthoughit doesnot addresghetemporalconsisteng of thelabelfield, once
presentedvith areliablemotionestimationcanmake useof averyfine initial partition
andaccuratelyrecoverthemotionboundaries.

In thethird category of approachea parametrianotionmodelis estimatedn sey-
ment basisand the motion parameterare subsequentlyusedto groupthe segments
into regionswith coherenmotionbehavior. Dufauxetal. [34] estimatethe motion of
eachsegmentusingamatchingtechniqug68] which searchedirectlyin theparameter
space A k-medoidclustering[51] in the parametespacegroupssegmentswith similar
motion. A clusteringapproachin the parametespaceis also proposedoy Wangand
Adelson[113] but thatapproacthis sensitve to the errorsin the parametriaepresenta-
tion[2]. Moschenietal. [67] andWang[112] performregionmemginganddynamically
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@) (b) (c)

Figure2.3: Threeapproacheto the motion-basedegmentatiorproblem: (a) the top-
down approach(secondcateyory), (b) the bottom-upapproachthird category) and(c)
theregion-competitiorapproach(fourth andfifth category)

updatethecorrespondindregion Adjaceny Graph(RAG). Theintensitysegmentation
is merelyusedfor initialization of regions.Moschenidefinesspatiotemporagimilarity
measurebasedn statisticaltestsbetweerthe nodesof the RAG, while Wangdefines
a motion-basedlistancewhich relieson the motion-compensateerror beforeandaf-
ter the memging. However, in both methodsthe meming is irreversibleandthe initial
parametricmotion estimationswhich are performedindependentlyper segment,can
be unreliabledependingon the size and the local image structurein the segments.
Moscheniuseghe samemotionestimationrschemeasin [68], whichinvolvescompen-
sationof the cameramotion, while Wang performsa Least-Squaresegressionon an
independenthestimatedlock-basednotionfield.

In thefourth category of approachebelongmethodghatutilize spatialand/ortem-
poral constraintdn the EM framework. Brady andO’Connor[19] in the Expectation
stepestimatethe conditionalprobabilitiesof the label of eachpixel by adjustingthe
a priori probabilitiesof the labelsin a so-calledcontetual step. Thesecontectually
adjustedpriors are estimatedaccordingto spatialconstraintsderived from an initial
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intensitysegmentatiorandaccordingo temporalconstraintslerivedfrom aprediction
of the labelfield. Their formulationfavors the labelingwith the samelabel of pix-

els within the sameintensity segment,but no spatialconstraintsare appliedbetween
neighboringsegments.In the Maximizationstepa hardclassificationis assumedthat
is eachpixel is consideredo be labeledwith a single“object” label. WeissandAdel-

son[115] assumeéhatthe pixelswithin the sameintensity segmentare generatedy

the sameprocessand estimatethe a posteriori probabilitiesin the Expectationstep
by summingthe deviationsfrom the model predictionfor all pixels within the same
intensitysegment. Their formulationaddresseseithertemporalcohereng issuesnor

spatialconstraintdetweerpixelsin neighboringsegments. Furthermorepoth of the

works adopta two-frameapproactanddo not addressssuegelatedto occlusions.

Finally, thereareanumberof methodsvhich combinethe MRF modelingof thela-
belfield with aninitial intensitysegmentationKonradandDang[54] definecliquesat
pixellevel but in theoptimizationprocedurenemgingson sggmentlevel areconsidered.
Sincein the MRF enegy formulationno distinctionis madebetweersegmentsandre-
gions,theinitial intensitysegmentatioris usedonly asaninitialization of theregions.
Furthermorejn the optimizationthe memingsareirreversible. GelgonandBouthemy
[40] proposeamodelingusingMarkov RandonmFieldsby consideringcliquesbetween
adjacentsegments. The potential of a two-seggmentclique is a function of the dis-
crepanyg betweertheir parametrianotionfieldsanda geometrical'compacityfactor”,
whichis afunctionof thelengthof thecommonborderandthe distancebetweertheir
centersof gravity. Althoughthe discrepang betweerthe parametridieldsis a better
dissimilarity measurehan the distancein the parameteispace the methoddepends
ontheassumptionthatthelocal imagestructurewithin eachsegmentsufficiently con-
strainsareliablemotionestimation.In [41] anextensionof their methodis presented,
in which atermwhich favors a low numberof labelsis addedto the formulation. In
both of [40] and[41] the motion estimationis performedindependentlyper segment
andthetemporalconstraintsareintroducedonly in aninitialization phasen which the
labelfield of the currentframeis predictedfrom the labelfield of the previousframe.
However, in [41], the motion parametershatareusedfor theinitialization of thelabel
field areestimatedor eachof the collectionsof sggmentsthatconstituteanobject.

In termsof the above classificationthe secondof the proposednethodss mostly
relatedto the methodsof thefirst andfifth category in the caseghatthelabelfield is
explicitly modeledasa MRF. Our work canbe regardedas an extensionof methods
thatdefinecliquesatpixel level in the Markovianframewnork andadoptanoptimization
procedurewhich jointly estimateghe motion andthe segmentatiorfield. We exploit
the ability of suchapproacheso incorporatethe spatialand temporalconstraintsin
the optimizationprocedure.However, by defining cligueson segmentlevel we pro-
vide tighter constraintgor the labelingandreducethe dimensionalityof the problem.
The initial intensity segmentationgroupstogetherpixels in which the low degreeof
textureimpliesinadequaténformationabouttheir temporalbehaior. Thesesegments
aremorereliable entitiesthan pixels whenusedas primary elementdor the labeling
problem. The relationof our approachto existing pixel-basedmethodswill become
moreapparenbncethemodelingandthe optimizationprocedurénave beendescribed.
In orderto male this relationmoreclear, in appendix4 we will presenthe degener
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ate casewherethe sggmentsthatresultfrom theinitial sggmentationcontaina single
pixel. We will shav thatin thatcasethesecondf theproposednethodseduceso an
approachthatfallsin thefirst category.

Finally, of all the methodghatutilize aninitial intensitysegmentationthework of
Gelgon[35] [41] [40] is relatedmostto our proposal. However, his way of combin-
ing the motioninformationwith the labelingis quite different. The dominantmotion
estimatiory outlier detectionparadigmwhich is adoptedn [35] hasthe shortcomings
of the hierarchicalpproachedn [41] and[40] motionis estimatedndependentlyer
segment. Estimatingmotion parameterper sgmentrequiressufiicient local intensity
structure which oftenimpliesthatthe sizeof sggmentshouldberatherlarge. In search
for sufiicienttexturetheinitial intensitysegmentatiormethodmightviolate significant
borders.In our approacha region-basednotion estimationis employed. The motion
estimationis constrainedy the intensity patternof the whole region andby the tem-
poral coherenyg of the labelfield. Thereforeit is not crucialif someof the sgments
do not provide sufficient constraints The ensemblef the constraintsn thewhole re-
gion is what determineghe accurag of the motion estimation. Furthermorejn both
[41] and[40] the temporalconstraintsareintroducedonly in the initialization phase
for the predictionof theinitial labelfield. In comparisorour approacthincorporateshe
temporalconstraintsn the optimizationproceduratself.

2.4 Tracking of non-rigid objects

Fromtheprismof thethird of the proposednethodsve will conciselyreview methods
thatallow objectswith non-rigid motion patterns.We will concentraten threemain

catgyories of methods(fig. 2.4). To the first category belong methodsthat track a

non parametriccontourof the object. To the secondcategory belongmethodswhich

attempta parametriccontourtracking. Finally to the third category belongmethods
which model statisticallythe propertiesof the regionsthat correspondo eachof the

objectsthatarepresenin thescene.

To thefirst catggory of approachesve classifythe works of NguyenandWorring
[79] andParagiosandDeriche[89]. Thelatteremploys ageodesicontourmodel[21]
in orderto track objectsin a statichackground.Their approachseemso exhibit good
localizationpropertiesandrobustnesshut it is notstraightfornardhow to overcomethe
assumptiorof a staticcameraNguyenandWorringadoptanapproachn whichthelo-
calizationof the contourfor the currentframeis drivenby a minimizationof anenegy
generatedrom threedifferentsourcesa motion-basegbredictionof the contourbased
on the estimatecdtontourin the previousframe,anedgemapestimatedor the current
frameand(possibly)aninternalenegy termimposingcontoursmoothnessin order
to dealwith clutter, they suppresshe backgroundedges. The latter are detectedby
examiningwhethertheir motionfollow the parametrianotionmodelthatis estimated
for the tracked object. Their methodseemdo track very well small andfast-maing
objects but might notbe sorobustin presenc®f non-rigidmotion. Thereasorfor the
latteris that a parametrianotion modelis usedfor the contourpredictionandfor the
suppressiownf thebackgrouncedges.

A numberof trackingalgorithmsaredevelopedbasedn parametrizedepresenta-
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Figure2.4: Contourbasedfirstandsecondtategyory) andregion-basedthird category)
methoddor objectswith non-rigidkinematicbehaior.

tions of the shapeand/orof the motion of thetracked objects[49] [106] [94] [16]. A
parametricrepresentationf the shapehasthe advantagethatthe tracking canbe ex-
pressedisan estimationproblemwith respecto the parametersf the representation.
In thatframeawork temporalstability canbeimposedby theadoptionof amodelfor the
evolution of the statesassociatedvith the parametriaepresentationFurthermoren
the casethata priori knowledgeof the domainis available[59], robustnessandaccu-
ragy canbeincreasedby theadoptionof specificmodels(e.g. for humang50] or hands
[95]). Ontheotherhand,the adoptedmodelsusuallycaptureglobal shapeproperties
andmightbesensitve to changesn the contourtopology

Finally, in thethird cateyory of approachebelongmethodsn which thelabelfield
is determinedbasedon the underlyingdistribution that describeghe dataof eachob-
ject [85] [22] [82] [107]. Suchworks originatefrom researchconductedn the area
of stochasticnodel-basedmage segmentation(e.g. [120] [87] [42] [29]). Usually,
parametrigorobability densityfunctionsareassumedvhoseparametersireeitherob-
tainedfrom training setsor, in more elaborateschemesare estimatedn an iterative
segmentation-estimatioacheme.

ParagiosandTziritas [90] andAyer [6] areexamplesof methodsn which the ob-
seneddatais modeledasa mixture of unimodaldistributions(e.g. [107] [115] [116]
[19]). ParagiosandTziritascompensatéor thecameramotionwith adominantmotion
estimatormndmodelthedisplacedramedifferenceasa mixtureof two Laplaciansor-
respondingo the staticandto the mobile assumptiontespectiely. Spatialconstraints
areimposedy modelingthelabelfield asaMarkov Randonfield. Ayerassumepara-
metricmotionmodelsfor a known numberof objectsandadoptsa Gaussiarmodelfor
thedistribution of themotion-compensatedtensitydifferencegor eachobject.In the
ExpectationMaximizationframenork he treatsthe motion-compensateittensity dif-
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ferencesasthe obsewed dataandthe labelfield asthe hidden data. Suchapproaches
basedon the statisticsof the motion-compensatethtensity differencesmplicitly or
explicitly requirea globalmotion model,eitherfor the backgroundand/orfor the ob-
jectspresenin the scene.In theformercasethe assumptiorthata numberof objects
movein front of a static(or rigidly moving backgroundmaybeviolated(or the domi-
nantmotionestimationmayfail). In thelattercasea global parametrianotionmodel
imposegigidity assumptions.

In the mixture decompositiorframenork a numberof methodshave beendevel-
opedin which multivariatemultimodaldistributionshave beenusedin orderto model
the statisticalpropertiesof complex objects[85] [22] [82]. Oliveretal. modelwith a
mixture of multivariateGaussianghe color (in normalizedRGB space)and position
propertiesof the faceandthe backgroundn a facial-expressionrecognitionsystem.
Prior knowledgeis incorporatedy estimatingthe parametersf the “f aceGaussians”
from atrainingset. The derivedmodeladaptvely modifiesits parameterdy anonline
versionof the ExpectatiorMaximizationalgorithmateachframe. Thelabelfield is ob-
tainedusingthe maximuma posterioriprobabilitycriterion,oncethe parametersf the
modelsareestimatedChalomalsoutilizesthe ExpectatiorMaximizationalgorithmin
the statisticalmodelingframework. In his work the motion and color propertiesof
eachobjectare modeledas a mixture of multivariate Gaussians.The numberof the
modesandtheparametersf the Gaussianfor thefirst frameareobtainedoy applying
the ExpectatiorMaximizationalgorithmon trainingdataobtainedby a userinteraction
phase Thetrainingdatafor eachof the objectsareprovidedat pixelsmarkedby auser
definedscribble. Oncethe parameter®f the Gaussiangre estimateda classification
of eachpixel accordingto the Maximum Lik elihoodprinciple providesthe labelfield
for the currentframe. A motion-basedgbrojectionof the “training-scribble”of the cur
rentframeinto the next frame, providesthe “training-scribble” on which the mixture
parameter$or the objectin questionwill be estimatedn the next frame. In anexten-
sionof thework of Chalom,O’Connoretal. [82] updatethe stochastianodelof each
objectin the sceneby iteratively applyingthe ExpectationMaximizationalgorithmat
eachframe.In theirwork no temporaltrackingwasperformed.

In termsof the above classificationpour methodis closerto the approachesf the
third categoryandin particulartheworksof Oliveretal. [85] andChalom[22]. In both
amixturemodelis usedfor representinghe statisticalpropertiesof the objects.Since
a priori knowledge,andthereforetraining data,of the domainis not available ([85])
we adopta userinteractionphasewith scribblesasin [22]. In contrastto [22] we do
not estimatethe statisticalpropertiesof the objectsonly onthe userscribbles.Instead,
we usetheuserscribblesasmarkersin a color watershedegmentatior{65] [64] [100]
andthe statisticalpropertiesof the objectsare estimatedon the resultinglabel field.
Furthermoresimilarly to [82], we iteratively updatethe objects’modelsiteratively at
eachframeby minimizing a well-definedprobabilisticmeasureln contrasto [82] we
addresshetemporalaspecbf thelabelfield by defininganinitialization of theobjects’
modelsbasedn a motion-compensategrojection.Finally, in our approacthelabel-
ing is basedn a probabilisticclassificatiorof segmentghatresultfrom aninitial color
segmentatiorandnotof pixelsasin all abose-mentionednethods We assumeéhatthe
dataat pointsinsidethe same'color segment”is generatedy the sameprocess.This
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allows usto expressthe local objectdistributionsasfunctionsof the color sggments
statisticalrepresentationand performthe classificationat a segmentlevel. This re-
ducesthe computationatostandintroducesspatialconstraintghatinhibit noisylabel
fieldswith isolatedpixels. Furthermorea classificatiorat segmentlevel is morerobust
thanthat at pixel level, sincefeatureslike motion and color characteristicgre more
reliably estimatedor a color ssgmentthanfor a singlepixel. This holdsespeciallyfor
motionwhereerroneougstimationsat problematicareasarequite common.



Chapter 3

SequentialMotion Estimation
and Segmentation

In this chaptemwe presentamethodfor motion-basedeggmentatiorof imagesequences
underthe assumptiorthat the numberof the objectsis known andthat the motion of
eachobjectcanbe describedby an affine parametrionodef. A two-stageapproach
is adoptedwherethe motion estimationandthe labelingareperformedin subsequent
stageqfig. 3.1). In thefirst stagea setof motion hypothesess extractedandin the
secondstagesegmentghatareextractedin anintensitysegmentatiorphasearelabeled
accordingto motion-basegropertiesanda modelof thelabelfield.

Frame t-1
Intensity
segmentation § i
= e
| otheses
Frame t | F ) ,Q\M M\ M\ 5 Label
| < N—— field L
| ~s= —~ —
'Motion estimation ~ Clustering Labeling of
Frame t+1] 1 intensity segments
(Motion Hypothesis Extraction) (Labeling)
STAGE 1 | STAGE 2

Figure3.1: Outline of thesequentialpproach

1A preliminaryversionof thiswork appearsn [91]
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More specifically in the motion hypothese®xtractionstage(Stagel in fig. 3.1)
a motionfield is estimatedusinga hierarchicalblock-matchingalgorithm. A cluster
ing into a known numberof affine modelsprovidesthe hypothese®f the kinematic
behaior of the objectsin the scene.The goalis the accurateextractionof the param-
etersof the affine motion modelsgiventhatthe estimatednotionfield is boundto be
inaccurate In orderto dealwith the inaccuraciesn the densemotionfield, we devel-
opeda clusteringmethodwhich usesrobust statisticsand motion-specificconfidence
measures.

In thelabelingphasgStage?2 in fig. 3.1) eachof the sgmentsthatresultfrom the
intensitysegmentatiorphases givenanobjectlabelaccordingo the motionhypothe-
sisto whichit conforms.The propertyusedto quantifythe degreeof conformityof the
motion of anintensitysegmentwith eachof the extractedmotion hypothesess based
onthemotion-compensatddtensitydifferenceslefinedoverthepixelsof thesegment.
A zero-mearaplaciandistributionis usedto modelthemotion-compensatedtensity
differencedor eachobject. Furthermoreamodelof thelabelfield itselfis developedn
orderto enforceits spatialhomogeneity To encouragespatialhomogeneitywe model
the labelfield asa Markov RandomField wherecliquesare definedaspairsof neigh-
boringintensity segments.With this modelingthe labeling problemis transformedn
a well-definedoptimizationproblem,wherethe objectie is the maximizationof the
conditionala posterioriprobability of the labelfield giventhe motion hypothesesAn
iterative deterministiaelaxationalgorithmis usedto solve the optimizationproblem.

The remainderof the chapteris organizedasfollows. In section3.1 we describe
theinitial intensity sggmentationalgorithmandin section3.2 we presenthe motion
hypothese®xtractionstage. Section3.3 describesnodelingthe conditionala poste-
riori probability of the labelfield giventhe motion hypothesesFinally, in section3.4
conclusionsaredrawn.

3.1 Intensity segmentation

At the lower level of the proposedmethod(fig. 3.1) an intensity segmentationalgo-
rithm is appliedon the currentframe. We aim for consenative partitioning of the
currentframe, suchthat significantobject boundariesare not violated. Thatis, we
favor overs@mentationsincethe proposedmnethodis not ableto recover from initial
undersgmentatiorby splitting a segmentthatdoesnot entirely belongto a singleob-
ject. Although the choice of the intensity sgmentationmethodis not restrictive to
the generalityof our approachwe favor methodswhich considerthe intensity gradi-
entratherthanclusteringapproacheskFor its low computationatomplexity andgood
edgelocalizationaccuray we usethewatershegegmentatioralgorithm[12]. A filter-
ing with morphologicabperatorg101] with asmall(3 x 3) structuringelemenis used
for a nonlinearsmoothingof the currentframe. Oncethe noiselevel is reducedthe
morphologicalgradientis estimatecandsegmentmarkers areextractedasareaswvhere
the gradientis lower thana threshold(fig. 3.2). Theflooding proceduredescribecby
Vincent[110] providesthefinal partition.

The thresholdfor the marker extractionis a userspecifiedpredictionof the upper
thresholdfor thegradientwithin eachobject. The underlyingassumptioris thatwithin
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Figure3.2: Initial intensitysegmentatiorin the1-D case

eachsignificantobjectexists an areathatis smoothenoughso thatthe gradientmag-
nitude is lower thanthe threshold. Edgeswith gradientmagnitudesmallerthanthe
thresholdarenot presered. It shouldbe notedthatthethresholds not directly related
with theamountof texture within a segment.During thefloodingprocedurea segment
will encapsulatsomeof the pixelswhich lie betweerits marker andthemarker of the
neighboringsegmentandhave ahighergradientmagnitudehanthethresholdfig. 3.2).

The proposedntensity sgmentatiormethodhasbeenusedthroughoutthe thesis
andexperimentakesultsare presentedn the correspondingections.n generaljt ex-
hibitedgoodlocalizationaccurag for awide varietyof imagesequencedderewe will
presentesultsfor theimagesequence¥rain” and“sunflowergarden” thelatterserv-
ing asanexampleof its limitations. Theoriginal frameandthe correspondingntensity
segmentatiorfor the “train” sequencaredepictedin fig. 3.3. This figureillustratesa
typical initial sggmentatiorobtainedfor theimagesequenceasedin this dissertation.
Althoughthelocalizationaccuray cannoteeasilyobseneddueto thesevereoversey-
mentation,jt will becomeapparentvhenthe intensity segmentsarelabeledaccording
to their motioncharacteristics.

Figure3.3: 10thframeandthewatershedegmentatiorfor the“train” sequence

As ary intensity sggmentationalgorithm, the proposedmethodcannotguarantee
thatall of the objectedgeswill be presered. Besideshe obvious casewherethe ob-
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jectedgedoesnot coincidewith anintensityedge,the proposednethodalsofails for

very thin andelongatedbjects. Thereasons that, althoughsmall,the morphological
operatorghat are usedfor the estimationof the gradientindicatehigh gradientmag-
nitude and thereforeno marker is setwithin suchobjects. An exampleis shavn in

fig. 3.4,wherewe presenthe 10thframeandthecorrespondingntensitysegmentation
for the “sunflower garden”sequenceThe methodoperatesvell for thetrunk andthe
large branche®f thetreebut, asexpectedmemgesthethin branchesvith the sky.

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

Oncethe intensity segmentsare extracteda Region Adjaceny Graph(RAG) can
be built to expressthe neighborhoodelationsbetweerthem. Let us definethe math-
ematicalnotationthatwill be usedfor the restof the thesis.We denotewith {s : s €
[1...K]} the setof watershedseggments,with G the setof pixelsin the watershed
segments andwith R = (V, E) thecorrespondindRAG. The setof nodesV is theset
of watershedegmentsand E the setof edgeshatconnecteighboringsegments.Let
usalsodenotewith N, the setof neighborsof segments.

Ns={s":(s,s') € E} (3.1)

3.2 Motion HypothesisExtraction

In this stage the goalis the extractionof a setof hypothesesboutthe kinematicbe-
haviors of the objectsin the scene.ln orderto do sowe needto addresshe following
issues

1. Whatis a“motion hypothesis’
2. Whichfeaturesareused.
3. Whatis theestimationtechnique.

Thefirst issueis relatedto our assumptionsboutthe kinematicbehaior of each
objectandtypically it includesthe type of the motion modelthatis used. The higher
the order of the model,the more complex the objectmotionsthatit candescribebut
alsothelessrobustthe estimationof its parametersFurthermorethe higherthe order
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of the model, the higherthe dimensionalityof the solutionspace(i.e. motion param-
etersand label field). Giventhatthereis inevitable noisein the obsenationsbased
on whichthe motion parametersvill be estimatedhigherdimensionalityalsoimplies
a larger numberof spuriouslocal minima. A good compromisebetweenrobustness
andcompleity which is widely adoptedn the motion-basedegmentatiorandtrack-
ing framework is the affine model. Sucha modelis alsoadoptedn the context of the
methoddevelopedin this chapterassufficientto describethe 2D motionfield induced
by eachobject. Sucha model,describedn eq. 3.2, is linear with respecto the mo-
tion parameteranddescribesigid 2D motionswith translationalyotationalandskew
components.This correspondgo 3-D affine motion of planarsurfacesunderan or-
thographiccameramodel[105]. More specifically let us denotewith i = (i,i,) a
pixel andwith 8 = {6(1),...,6(6)} the affine parametershatdescribethe kinematic
behaior of the objectto which the pixel i belongs.Then,the model-generatethotion
vectorv; at pixeli is givenby thefollowing equation:

- _ | 0()iz +60(2)iy +6(3)
Vi= | ()i, + 0(5)i, + 0(6) (3.2)

The secondssueis relatedto the kind of evidencethatis usedin orderto estimate
themodelparametersThemethodsn theliteraturewe canbedividedin thefollowing
two groups:

Indir ectmethods , which estimatethe parametersf the modelbasedn anindepen-
dentlyestimatednotionfield (e.g.[1], [74], [113]).

Directmethods , which estimatethe parameter®f the model by consideringsuch
“raw” featuresasthe imageintensitiesor the intensity derivatives (e.g. [83],
[14]).

An in-depthdiscussioraboutthe difference®f thedirectandindirectapproachegoes
beyond the scopeof this thesis. Let us only note that the intensity-basedvidence
can provide higheraccurag but is in generalmore susceptiblego local minima. In
orderto overcomethe problem,direct methodsare usuallyincorporatedn multiscale
schemesin the contet of the methoddescribedn this chapterwe adoptanindir ect
approachandin particularwe adoptthe block-matchingestimationscheme.Despite
theinefficienciesof the latterwhich arerelatedto thefixedblock size,fixedaccuragy,
computationatompleity and(usually)absencef spatialconstraintst is anestimator
whosevariantshave beenwidely adoptedn codingschemesThereasoris thesimplic-
ity in its conceptandthehigh level of potentialparallelismwhich makesit particularly
suitedfor hardwareimplementations.

The questionghatthethird issueraisesarerelatedto the estimationof the param-
etersof multiple modelsin the presenceof noisy measurementsThis includesthe
definition of a quantitatve measureof how well anobsenation (e.g. a motionvector)
conformsto agivenmodel. Typically, thedefinitionof suchaquantitatve measurement
expressesndirectassumptiongboutthe type of the residualdistribution (e.g. Gaus-
sian,Laplacian.etc.). Theresidualsthatis, the discrepanciebetweeran obsenation
andtheunderlyingmodel,originatefrom threedifferentsources:
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Violations of the model assumptions Sucha situationoccursif the modelis not suf-
ficient (e.g. it is of too low order)to describethe obsenations. An exampleis

givenin fig. 3.5(a)wherealinearmodelis employedto describeheobsenations
generatedy a sinefunction.

Inaccurate obsewations Sucha situationoccursif, dueto noiseor failuresin the
measuremergroceduretheobsenationsarenotaccurateln thecaseof indirect
methodsresidualf thiskind areproducediueto theerrorsthatareintroduced
by the motion estimationmethod. An exampleis givenin fig. 3.5(b) wherewe

depictthe residualsof noise-contaminatedbsenationsgeneratedrom alinear
modelandthelinearmodelitself.

Misclassifications Residualsof this kind are connectedo the clusteringprocedure
andarecausedy misclassificationsf anumberof obsenations.An exampleis
givenin fig. 3.5(c)wherethe obsenationsaregeneratedrom two linearmodels.

Observations . Observations . Observationso.
Fitted model

Fitted model

Fitted model

° o

Residual\z

o\v\\\o 0

,‘?\

s Residuals | [* Residuals
(a) Residualsdueto model (b) Residualsdue to inac- (c) Residualsdue to mis-
insuficiengy curateobserations classifications

Figure3.5: Typesof motionresiduals

A distinction betweenthe three differenttypesof residualsis not trivial sincea
residualusuallyoriginatesfrom acombinationof morethanonesource Often,estima-
tion schemesssumehatthe residualsfollow simpledistributionssuchas Gaussians.
Suchschemesre sensitve to the presencef large residualsof the secondandthird
catgory. In orderto dealwith it, we develop a clusteringmethodinspiredfrom ro-
buststatisticsaandthe C-Meansalgorithm[33]. In comparisorto the original C-Means
algorithmit hasthefollowing characteristics:

¢ An affinemodelis assumedo describethedata(i.e. motioncluster)within each

cluster In comparisontheoriginal C-Meansalgorithmconsidersa translational
motionmodel.

¢ Motion-specificconfidencemeasuresre incorporatedn the clustering. Such
measuresattemptto identify wrongly estimatedmotion vectorsand diminish

their influencein the regressionscheme.This is connectedo residualsof the
seconccategory.
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e A robustregressiormethodis employedfor the estimationof the parametersf
themodels.Thisaimsatdecreasinghe effect of largeresidualdn the parameter
estimation.Suchlargeresidualgypically belongto the lasttwo cateyoriesor to
their combination.

Theremaindeiof themotionhypothesesxtractionsectionis organizedasfollows.
In subsectior.2.1we will discussissuesrelatedto the confidencemeasureandin
subsectior8.2.2we will describeherobustregression/clusteringchemeExperimen-
tal resultswill be presentedn eachof thetwo subsections.

3.2.1 Confidencemeasures

Motion estimatorsareknown to be proneto errorsoriginatingfrom avarietyof sources
suchasocclusionphenomenaabsencef texture and supportregion that strivesover
motion discontinuities. Confidencemeasurehave beendevelopedby the realization
thatit is possibleto identify suchsource®f errorsandsubsequentlguantifytherelia-
bility of the estimationof a motionvector The usageof sucha quantificationmeasure
is two-fold. On the onehand,it canbe incorporatedn the estimationprocedureit-
selfin orderto increasethe estimationaccurag [43] [117]. Ontheotherhand,it can
provide usefulinformationto the processn which the motion field is intendedto be
used.Lundmarketal. [61] usemotionvectorcertaintyin orderto reducethe bit rate
in videocodingandAltunbasaketal. [3] in orderto discardunreliablemotionvectors
in aregressiorscheme.

A numberof methodshave beendevelopedin orderto expressthe degreeof con-
fidencein an estimatedmotion vector(e.g. [30] [102]). Most of themaredeveloped
having in mind motionestimatiortechniqueshatrely ontheopticalflow constrainand
leadto confidencaneasurei termsof the eigervaluesof the covariancematrix of the
spatialderivatives of the intensity Barronetal. [7] suggestusingof the minimum
eigervalueasa measuref reliability, while GhosalandVanek[43] suggesthe sumof
the eigervalues.While thefirst utilize the confidencemeasuren orderto evaluatethe
accurag of themotionestimatorat differentdensitiesof the motionfield, thelatterin-
corporateit in the estimationschemeandimposeanisotropicsmoothnesgonstraints.
Simoncelliet al. [103] formulate the motion estimationproblemin a probabilistic
framework in orderto derive probabilisticdistributions of the motion. Although his
approachs not primarily aimedat the derivation of a scalarconfidencemeasurehe
computeneasthetraceof the covariancematrix of thea posterioriprobability of the
motionvector The latteris derived by modelingthe prior distribution of the motion
vector, the noisein the estimationof the derivativesandthe discrepang betweerthe
“true” motion field andthe apparenmotionfield. Dev etal. [30] arrive at a similar
measureoy performingan error analysisof the assumedmagemotion model. In an-
othersimilar approach,yoshidaet al. [117] proposea measuravhich quantifiesthe
sensitvity of the block-basednotion estimatorin certaindirections. The measurds
definedin termsof the spatialintensity derivativesandis usedto merge blockswith
the samedirectionalsensitvity in orderto re-estimatenorereliably their motion. His
methoddoesnot seemto estimatethe reliability of the estimated motion vector but
ratherthe expectedsensitvity of the estimationin variousdirections. Finally, for the
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blockmatchingestimatol.undmarketal. [61] useasconfidencaneasuréheweighted
sum of the motion-compensateihtensity differencedn the block in question. Such
measuraloesnot take into consideratiorthe statisticsof the motion-compensateit-
tensitydifferencedn for exampleflat areasanddoesnot adaptto the differentimage
sequences.

Our motivationfor the developmeniof a confidenceneasures to reducethe effect
of wrongly estimatednotionvectorsin a regression/clusteringchemewnherethe mo-
tion parametersvill be extracted. To the bestof our knowledge,all currentschemes
thatarefacedwith sucha problemdiscardmotion vectorswhoseeitherconfidences
higherthanathresholdor their rank basedon the confidencameasures higherthana
threshold.Suchan approachhasthe disadwantagethat a methodhasto be developed
for adaptingthe thresholdaccordingto the characteristicef the scene.This becomes
especiallydifficult if thedesignof theconfidenceneasureloesnotallow ameaningful
relative comparisorbetweentwo confidencemeasuresAn exampleof sucha confi-
dencemeasurds the motion-compensateihtensity differenceanda countergample
the measuralerivedby Dev etal. [30]. Furthermorewith the exceptionof [117] and
[61], the above mentionedconfidencemeasuresvere developedfor motion estima-
torsthatarebasedon the optical flow constraint.Althoughtherearea lot of common
elementdetweerthe variousestimationschemesthe errorsdependon the particular
estimatotthatis employed. Here,we will concentrat@nahierarchicablock-matching
motionestimationschemeandderive confidencaneasurethatexpressthe confidence
in the estimatedmotion field. Like Simoncelli, we formulatethe motion estimation
problemin the probabilisticframevork and derive the confidencemeasuresn terms
of the a posteriori probability of the estimatedmotion vectorsat eachlevel of the
multiscaleschemeln contrasto him we do notmake assumptionaboutthe prior dis-
tribution of the motion vectorand estimatethe a posteriori probability of the motion
vectorby anestimationof the prior distribution of theintensitywhichis providedasa
by-productof the searchscheme.The type of the conditionalprobability distribution
of themotion-compensatedtensitydifferencess derivedfrom the objective criterion
of the block-matchingmotionestimatorandall parametersreestimatedrom thedata
itself. Datais provided asa by-productof the motion estimationprocedureand the
estimationof the probabilitiesis incorporatedn the multiscalescheme.The method
doesnot requirethe estimationof spatialor temporalderivativeswhich canintroduce
additionalnoise.

The remainderof this subsectionis organizedas follows. First, we expressthe
block-matchingnotionestimationrschemen a probabilisticframenork asa Maximum
Lik elihoodestimator Basedon the objectie criterion of theblock-matchingestimator
assumptionsare madeaboutthe type of the probability distribution of the motion-
compensateéhtensity differences.Then, basedon theseassumptionsye derive the
confidencemeasuresn termsof the a posteriori probability of the motion vectors
andpresentexperimentalresultsfor imagesequenceor which the motionis known
(appendixD).
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h=3
h=2
h=1

Figure3.6: Hierarchicablock-matchingnotionestimation:Block B; andits ancestors
B! atlevel h

Block-Matching Motion Estimation in the Probabilistic Framework

Block-basedmotion estimatordelongto a generalclassof estimatorghat utilize the
Intensity Consewation Principle, thata pixel andits correspondencia a successie
frame are expectedto have the sameintensity value. They attemptto overcomethe
ill-posednes®f the correspondencproblemby adoptinga supportregion in the form
of a block, and estimatea motion vector for the whole block. The motion vectoris
estimatedasthe one that minimizesan objectie criterion which, typically, is either
the Mean-AbsoluteDisplacedBlock Differenceor the Mean-Squar®isplacedBlock
Difference.While the analysisthatfollows is basedon the former objectve criterion,
it is almoststraightforvardto derive the confidencaneasuresor the latter. Formally,
ateachlevel h themotionvectorv! is estimatedor eachblock B} (fig. 3.6) suchthat:

VP = arg min Dl (vh) (3.3)

i
where,

DM =N |IG) - TG —v")] (3.4)

jeBt

With i we denotethe pixel in the centerof the block, andwith B the setof the pixels
in theblock. With I andI~ we denoteheimageintensitiesn thecurrentandprevious
framerespectiely.

In whatfollows we will prove thatthe block-basednotion estimatorasdefinedby
eg.3.3is equivalentto aMaximumLik elihoodestimatomundertheassumptiorthatthe
motion-compensateidtensitydifferencedollow independentaplaciandistributions.
Under this assumptionthe conditional probability of the intensitiesin the previous
frame, given the motion vectorv for the block B; andthe intensitiesin the current
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frameis givenby:

P(I7|ILvi =v) = [[ pI~G = vi)lvi = ¥,1(§)) (3.5)
Jjen;
=11 %e—w(j)—ﬁmv)\ (3.6)
JEB;
| Bi|
= (%) e D) (3.7)

wherethedependencenthelevel h of themultiscaleschemes omittedfor notational
simplicity. Sincev is independenbdf A it is straightforward that the maximization
of thelikelihood givenby eq. 3.7 with respecto v is equivalentto the minimization
describedn eq.3.3.

With theabove derivationswe have proventhatthe minimizationperformedby the
block-basedestimator(eq. 3.3) is equivalentto the Maximum Lik elihood estimation.
The parameten\ in eq. 3.6 is relatedto the deviation of the distribution. As such,it
doesnotinfluencethelocationof the minimumbut only the“width” of thedistribution
andthereforeits value doesnot influencethe motion estimationunderthe Maximum
Likelihood criterion. On the otherhand,the larger the deviation is, the lower is the
relative importanceof the differencedn the objective criterion. Thelatteris depicted
in fig. 3.7wherethelik elihoodratio of two differentcandidatanotionvectorsis drawvn
asa function of the A=1. Eachcurve depictsthe likelihoodratio for a certainvalue
of the differencein the corresponding)(v)s (i.e. D(v1) — D(v2) = d, for different
d). It is apparentthatthe largerthe deviation is, the closerthe likelihoodratio is to
one.Thus,thelargerthedeviationis, thelessis our confidencen thecandidatenotion
vector that generateshe smallerof the D(v). Let us notethat the likelihood ratio
canbe usefulasa confidencemeasureonly whenpreciselytwo candidatevectorsare
availableandwasintroducecheremainlyin orderto illustratetheimportanceof agood
estimationof the parametei.

In generalthe statisticsof the motion-compensateihtensity differencesdepend
ontheimagesequencén question.In whatfollows, we make the hypothesighatthey
alsodependon the local intensity variation. Our hypothesigs that A is correlatedto
the amountof texture in the block and more specificallythatit is inverselylinearto
the standarddeviation of the intensityin the block in question(i.e. Ap, = GL;). Al-

thoughthe linearity is not guaranteedit is to be expectedthat the highertheldegree
of texture, the higherthe variationin the obsened motion-compensateittensity dif-

ferences.This hypothesishasbeentestedin a numberof imagesequenceandhere
we presentresultsfor two of them (Y1 andR1) in which the degreeof texture and
the type and magnitudeof motion vary significantly as explainedin appendixD. In

fig. 3.8 we presenthe inverseof an estimationof A asa function of the within-block
deviation of theintensityop. In the samefigure we presenthe lines fitted with the
LeastSquaregriterion, on the onehandunderour hypothesisand on the otherhand
undertheusualassumptiorthat A is invariantto thelocalintensitydeviation. It is clear
that A is highly correlatedto the within-block intensity deviation and thereforeour
modelingfollows morecloselythe true statisticsof the motion-compensateidtensity
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Figure3.7: Likelihoodratio of two candidatemotionvectorsvl andv2 asafunction
of the inverseof \. Curwvesaredrawn for differentvaluesof the differencesn the
correspondin@(v) (d = D(vl) — D(v2))

differences.In comparisonfig. 3.8 revealsthat at areaswith low intensity variation,
the deviation of the underlyingdistribution is clearly underestimatedFinally, let us
notethe differencein scalebetweenfig. 3.8(a)andfig. 3.8(b) and of the parameters
of the fitted lines, which advocatesthe needfor the re-estimatiorof the factor s for
differentimagesequences.

Confidencemeasures

The block-matchingmotion estimatorminimizeseq. 3.3 with a searchschemethat
evaluatesdifferent candidatemotion vectors(v) in termsof the objective criterion.
In what follows, we will utilize the dataprovided by themin orderto estimatethea
posteriori probability of the best(andthereforechosen)candidatemotion vector (¥;).
By usingthetheoremof Bayesandthetotal probabilities[88] we have that:

P(It|v; = %3, 1)P(vi = %)
. — e + — 1 1 1 1
PO =i D = S R =, PG =) &2

wherewith P(v; = v) we denotethe a priori probability of a motion vector With

anappropriatenodelingwe canincorporatedomainknowledgeand/orutilize smooth-
nessconstraints.However, suchissueswhich arenot addresseéh the classicablock
matchingalgorithmare not consideredalsoin our analysiswhich assumes uniform
a priori distribution. Let us for notationalsimplicity denotewith g; the a posteriori
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Figure3.8: Theinverseof the estimationof \ (i.e. 5\‘1) asa function of the within-
block standarddeviation of theintensityop andthe LS line fitting underthe assump-
tions(i) that\ is constantand(ii) thatit is inverselyproportionalto o g

probability. Theneq.3.8andeq.3.7imply that:

-1

gi= 14 3 e e (3.9)
V?f\‘?i
—1
— £ _(D;i(v)—D;(%;
= (14 T ¢ AP D) (3.10)
v#V;

Note thatthe estimationof the a posteriori probability, asdefinedin eq.3.10,de-
pendson the searchschemethat the particularblock matchingmotion estimatorem-
ploys. Looselyspeakingit givesameasuref how prominentthelocal minimumin ¥;
is, in termsof haw muchlower D;(v;) is thanthe D;(v) of theothercandidatenotion
vectors.

As far asthe parameters is concernedits valueis assumedo be characteristic
of the currentframe, thatis, its valueis assumedo be the samefor eachblock. It is

estimateds:
N o5, N T
p=t {Di(vi) } - (Di({;i)> (3.11)

thatis, asthe meanvalue of the ratio of D;(¥;) with the standarddeviation of the
intensityin block B;. Clearly, the meanis estimatedver all blocks B;. Notethatthe
estimationis with the LeastSquaresriterion but morerobustestimatesanbe easily
obtained. Sincethe imagesat eachlevel arefiltered and subsampledrersionsof the
onesat the lower level, the statisticsof the motion-compensateititensity differences
differfrom levelto level andtheparametep is re-estimate@teachlevel. Furthermore,
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thea posterioriprobabilitiesprovide a measuref confidencen the estimationateach
level of the hierarchy Clearly, thereis a needto combinethe evidenceprovided at
eachlevel in orderto derive a measureghatexpresseshe confidencean the multiscale
motion estimation. Let us for notationalsimplicity denotewith g@* the a posteriori
probability P(v;* = ¥}|I*+,I) of the componenbf the motion vector estimatedn

level h. If the estimationsat eachlevel are consideredndependentthe probability
thatall of the ¥ (1 < h < H) areestimatectorrectlyis equalto the productof g

Experimentallyhowever, we have foundthatthemearvalueof theg} is aslightly more
reliablemeasureFormally, the confidencameasuras definedas:

0 _ 5017+ H
¢ = P(vl Hl |I )I) Zgih (312)
h=1

Note, that we introducedthe assumptiorthat the valueof A is inverselylinearto
the local intensityvariationonly in the last stepof the derivationsof the a posteriori
probability (i.e. eq.3.8to eq. 3.10). Therefore,our methodcanbe easilyadaptedo
anothemodelingof A aslong asanestimatiorschemdor theparametersf themodel
canbe providedin placeof eq.3.11.

Computational Issues

The a posterioriprobabilitiesat eachlevel h areestimatedrom the DisplacedBlock
Differencesfor eachcandidatemotion vector Exceptof the computationallyinex-
pensve estimationof the deviation of the intensity within eachblock, the restof the
datathatareusedarea by-productof the searchscheme Therefore from the dataac-
quisition point of view we, practically do notintroduceary additionalcomputational
burden.

On the other hand,the estimationof the a posteriori probabilitiesis not possible
until an estimationof the valueof 3 is available. Practically this meanghat the Dis-
placedBlock Differencesmeedo bestoreduntil 3 is estimated Theadditionalmemory
requirementslepencdhaturallyon the cardinalityof the setof the motionvectorcandi-
dateghattheparticularmotionestimatoremplgys. In thecasethatmemoryrestrictions
aretoo hardto allow suchaschemeanapproximatiorcancomeby estimatingthe gl's
usingthe valueof 8 estimatedor the previous frame and simultaneouslyestimating
the valueof 3 thatwill be usedfor the estimationof gs for the next frame. Suchan
approachwhich assumegonsisteng of the statisticsof the motion-compensatetth-
tensitydifferencesn subsequerframes,introduceso additionalcomputationatosts
or delays.

Experimental Results

In orderto examinethe validity of the derived measureve have conducteda number
of experimentsawith syntheticallygeneratediata(appendixD). Here,we will present
resultsfor theimagesequence€1, R1, Y1 and S5 Eachof the sequencesxhibits
differentcharacteristicén termsof the amountof texture andthe motion magnitude,
asoutlinedin appendixD. Themultiscalemotionestimatomwasextendedo half pixel



36 SequentialMotion Estimation and Segmentation

accurag andfor the abore-mentionedsequenceg, 1, 4 and5 levels were used,re-
spectvely. Overlappingblockswereusedanddensemotionfieldswerederived.

8
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Figure3.9: Norm L; of thetruemotionestimatiorerror(in pixels)asafunctionof the
rank of the confidencaneasure:. For “S5 GroundTruth” therankingis basedon the
trueerrorinsteadof ¢

Theoriginal framesof theimagesequenceaswell asthe correspondingstimated
motionfieldsarepresenteéh appendixD. In fig. 3.9we presenthenormL; of thetrue
estimatiorerror (i.e. ||¥; — ¥;||1) asafunctionof therankof ¢; (100 pixelswith con-
secutveranksareusedfor eachpointin theplot). It is clearthatthederivedconfidence
measuras highly correlatedto the true estimationerror for all of the testsequences.
As fig. 3.9reveals,higherrankaccordingto ¢; implies, to a large extent, a small esti-
mationerror. In orderto demonstratéhe accuray of the derved measureve present
in fig. 3.9the“groundtruth” rankingfor theimagesequencé&5 (“S5 GroundTruth”).
The curve S5, derived by rankingaccordingto the proposedconfidencemeasurefol-
lows the “ground truth” curve quite closely Whatis alsoclear is the limitations that
the measureshatdependon rankinformationonly have (e.g. [7]); therisein errorin
“S5” startsat a muchearlierpoint dueto the larger degreeof presencef occlusions.
In fig. 3.10(a)andfig. 3.10(b)we presentthe norm L; of the error asa function of
theconfidencemeasureandin fig. 3.11. 1t is clearthatthederivedconfidenceneasure
adaptsvell to the presentedequencesventhoughthe type andmagnitudeof motion,
the degreeof texture andthe degreeof presencef occlusiondiffer significantly For
all of thesequencetheonly parametefi.e. §) wasestimatedrom thedataby eq.3.11.

Finally, in orderto illustratethe localizationaccurag, we presentn fig. 3.11and
fig. 3.12thenormL1 of theestimatiorerrorandthe confidenceneasureasimagedor
thesequenceR1 andS5, respectiely. Forillustrationpurposesheimagesarelinearly
stretchedlt is clearthatalthoughthe sequenceR1 andS5arevery different,for both
of themthe structureof the imageof confidencemeasuredollows very closely the
structureof thetrue errorin the motion estimation.Note thatthe largeareasin the S5
sequencevith low confidencearedueto occlusionghat originatefrom motionslarge
in magnitude.



3.2Motion HypothesisExtraction 37

4

- 3.5
IV'\A/Il 3
2.5 k),

ik

15

1l

0.5t

RL - ]

. . 0 . . N
0.6 0.8 1 0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16
c c

(a)ClandR1 (b) S5andY1

Figure3.10:Norm L; of theestimatiorerror(in pixels)asafunctionof theconfidence
measure:

3.2.2 Clustering

Oncetheconfidenceneasureareestimatedye incorporatehemin arobustclustering
techniquen orderto extractthesetof motionhypothesesAssumingthatthenumberof

motionhypothese$V is known, ourgoalistheestimatiorof © = {#,} :n € [1...N],

wheref,, denoteshesetof theaffine parameterfor motionhypotheses (eq.3.2). We
do soby minimizing thefollowing objective functionwith respecto © andL:

M 2

i CGiT§ (6 i7li)

J(O.1) = 32 Gulp (00,7.(61,))  where ,(8,) = \/ Zico. 000 (5.9
s=1 8

wherel; is the clusterindex (label) of theintensitysegments andG the setof pixels
thatbelongto sgments. With r;, we denotethe motion residualfor pixel i, whichis

the L, normof thedifferencevectorof the estimatednotionvectorv; andthe model-
generatednotion vector ¥;(6y,). The quantityrs(6;,), which is definedin termsof

the motion residualsof the pixels belongingto sggments canbe looselyinterpreted
asakind of a sgment-basednotionresidual. Finally, p() is a functionthe choiceof

which determineghe shapeof the objective functionin termsof therelative influence
of residualof differentmagnitude Two classicakexamplesarethe quadraticoperatoy
which assignsa costwhich is the squareof the magnitudeof the residual,and the

Tukey bi-weight operatoy which assignsa constantcostto residualsthat are larger
thana certainthreshold.

In the casethat (a) the confidencemeasuresreignored(i.e. ¢; = 1), (b) the
function p is the quadraticfunction and(c) eachintensity (color) segmentconsistsof
a single pixel, the proposedneasurés the well-known L, normusedin the original
C-Meansalgorithm[33]. By usingthe confidencemeasureg; we limit the influence
of the erroneousnotion vectors,thatis, the influenceof the secondype of residuals
(p. 28). Thefunctionp() belonggo thefamily of M-estimatorg63], whicharewidely
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Figure3.11: True error in motion estimationand confidencemeasureor imagese-
guenceR1

usedin robustregressionclusteringandreconstructiorschemege.g.[63] [15]). Such
functionsaremorerobustin the presencef outliers,thatis, of measureshatdo not
conformto theassumednodel.We haveusedthe Geman-McClurefunction(eq.3.14)
aplot of whichis depictedn fig. 3.13for differentvaluesof the scaleparametet..

.'L'2

_ 3.14
o2 + z? ( )

p(UCaw) =

As far astherole of scaleparameteis concernedet usnotethatfor o, — oo the p()
tendsto be equivalentto the quadraticoperator Practically sincethe magnitudeof
the estimatednotionvectorsis at mostin the orderof tensof pixels, p() is essentially
equialentto thequadraticoperatoifor avalueof o. equalto thelargermotionresidual
(i.e. in the orderof ten). At the otherextreme,a very small value of o, penalizes
practicallyequallyevery residual independentlyf its magnitude.

In the context of our method,the role of the M-estimatorp() [63] is to robustify
the estimationstepof the modified C-Meansalgorithm, thatis, the optimizationwith
respecto themotionhypothese®, by reducingtheinfluenceof (a) wrongly classified
intensitysegmentsand (b) segmentswhich containlarge residualghattheir influence
was not reducedenoughby the confidencemeasures.Finally, the proposedmethod
imposesa commonfate on pixels who belongto the sameintensity sggment. As a
result, the computationatomplexity is drasticallyreducedaswill becomeapparent
whenthe optimizationprocedureas described.
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Figure3.12: Trueerrorin motionestimationandconfidencdor imagesequenc&5

Optimization

In orderto minimize J(©, L), we follow a procedurewhich iteratesbetweenan es-
timation and a classificationphase. In the classificationphasea minimization with
respecto L takesplace,wherethe motion hypotheseshatareusedwereestimatedn
the previousiteration. Sinceno interdependenciexxist in the labelfield L, thatis, the
labell; of asggments doesnotinfluencethelabelof any othersegments’, thelabeling
is performedindependentlyor eachsegment. Trivially, eachsegmentis assignedhe
objectlabeln thatminimizesthe costunderthe motion hypothesi®,,. Formally,

ls = argmin p(o.,r5(0,)) (3.15)
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Figure3.13: FunctionGemanfor o, = 5 ando, = 1
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In the estimationphase a minimizationwith respecto © takesplace. Thesolutionis
givenby differentiatingJ (0O, L) with respecto eachsetof parameters,,. After some
deriations:

Ve, J(©,L)=0 = > <w3(rs(9n)) > ciV.gnri(Hn)2> =

{s:ils=n} ieG, (316)
= D wi(rs(6,))Ve,ri(6n)° =0
{i:li=n}

wherew,(z) = %d“;—(z’”). eg.3.16is non-linearwith respecto ¢,, anda closedformed
solution cannotbe obtained. A usualway of solving eq. 3.16 is the Iterative Re-
weightedLeastSquaregIRLS) method[46], which iteratesbetweena calculationof
wsS given d,, and an estimationof 8,, giventhe w;s. As its nameimplies, the lat-
ter is equivalentto the least-squaresolution, if eachequationis weightedwith the
correspondingveightw,. Thatmeanghatthe systemwhich needso solved at each
iterationof the IRLS methodis linearwith respecto the parametersg,,.

Sincethe optimizationprocedurds essentiallya gradientdescentechnique con-
vergences guaranteeanly to a local minimumwhich depend®on theinitializations.
Furthermorethelowerthevalueof thescaleparametet, the smallertheinfluenceof
segmentghatdo notconformwith thealreadyestimatednotionparameterso theirre-
estimation;therefore the higherthe dangerof gettingtrappedin alocal minimum. In
orderto dealwith thelatter, we adopta schemen which o, is graduallyreduced.The
schemecorresponddo least-squaresstimationsin the first iterationsand gradually
reducegheinfluenceof largerresiduals.

Even with the useof an M-estimator the dependeng of the iterative clustering
schementheinitial valuesof themotionparameterr equivalentlytheirdependeng
ontheinitial labelingremains.In orderto dealwith it, we applythe clusteringscheme
for anumberof epochswith differentinitializationsandchoosehebestin termsof the
objective function J(©, L). Thevalueof the scaleparameter, thatis usedfor such
avalidationis estimatedasthe normalizedweightedstandardieviation of the motion
residualsat the iterationwhich yields the smallernormalizedweightedstandardievi-
ation of the motionresiduals.For theinitialization of the parametersit eachepochof
theclusteringschemeve usethefollowing procedure A randomvariableis associated
to eachof the affine parameterasdepictedn Table3.1. Eachrandomvariablecorre-
spondsto the solutionwith respecto the parametein question,underthe constraint
thatall the otherparametersre zero. The initialization is thenobtainedby uniform
samplingin the hyperparallelepipedvhichis definedby the secondrdermomentsof
therandonmvariables.For example theparametef (1) for theclustern is initialized by
uniform samplingin therange[—20,, . .. 20, ], whereo,,, is the standarddeviation
of the horizontalcomponenbf the motionvectors.

Finally, asfar asthe computationatompleity is concernedye shouldnotethat
the formulationof the objective functionallows a computationatomplexity of O(M)
ateachiteration,whereM is the numberof intensitysegments.Thatis, the complexity
of there-estimatiorwith respecto © is O(M) andof labelingasegments is O(1). In
comparisonthe correspondingixel-basedlusteringmethodsxhibit acomputational
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Table3.1: Affine parametersindthe associatedRandomVariables.v, andv, denote
the horizontalandtheverticalmotioncomponentrespectiely

compleity in the orderof the numberof pixels.

In orderto achieve the mentionedcomputationatomplexity we needto estimate
intermediatematricesthat allow (a) the computationof the sggmentmotion residual
rs(6) in O(1) and(b) the constructiorof thelinearsystemghatresultfrom eq.3.16in
O(M). In orderto dosoletusdefinea, = [6(1) 8(2) 6(3) —1]T, u,(i) = [ir iy 1 V]
andsimilarly a,, andu,. Then

rs(6)* = al (Z ciuz(i)uz(i)T> az + aZ (Z ciuy(i)uy(i)T> ay (3.17)

icG, ieGs

andthesolutionwith respecto [6,,(1) 6,,(2) 8,(3)], asderivedfrom eq.3.16,is given
by the3 x 3 systenthatis definedfrom thefirst threeequationof

( Z Wy Z cium(i)uz(i)T> a; =0 (3.18)

sils=n ieG,

Sincethe matrix Y, ciuz(i)u,(i)" dependseitheron the affine parametersior
onthelabelingit canbe estimatedncefor eachsegment. Then,the calculationof r,
reducedo a vectormatrix multiplication andthe re-estimatiorof 6 to an addition of
M matrixesandsolvingtwo 3 x 3 linearsystems.

Experimental results

The motion extractionmethodhasbeentestedin a large numberof imagesequences,
bothsyntheticandreal,andresultsarepresentedor the proposedalgorithmaswell as
for methodgerivedfrom somecombinationf its degenerateasedisted below.

(a) Confidencaneasurearenotused(c; = 1)
(b) Eachsggmentconsistof asinglepixel (|G| = 1)

(c) The quadraticfunction is usedinsteadof the M-estimator(o. — ©0). This is
equialentto the LeastSquaresolution.

In whatfollows,wewill presentesultsfor theproposednethod(i.e. E) andits special
caseqi.e. B-D) asthesearedepictedn Table3.2.

For the syntheticsequences5 wherethe groundtruth is known, we presentre-
sultsin termsof accuray in the estimatedparameters.The resultsare summarized
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Methodname| Constraints | Description

A (@) & (b) & (c) | C-Meang33]

B (b)&(c) ConfidencebasedC-Means

C (8) & (c) Segyment-base@-Meansclustering[3]

D (c) Confidenceandsegment-base€-Means
E Proposednethod

Table3.2: Proposedlusteringmethodandits specialcases

Method | 6(1) 0(2) 0(3) | 6(4) 0(5) 0(6) 0L,y
GroundTruth 0 0.03 -2 0.1 0 -13
A | 0.0048 | —0.0352 | —0.76 | 0.056 | —0.022 | —7.13 | 10.05

B | 0.0042 | —0.0203 | —1.01 | 0.055 | 0.084 | —12.62 | =

C | 0.0116 | —0.0560 | 0.87 | 0.029 | —0.052 | —5.73 =
D | 0.0149 | —0.0202 | —0.39 | 0.054 | 0.094 | —13.21 | 6.88

E | 0.0007 | 0.0284 | —1.95| 0.10 | 0.002 | —13.05| =

Table3.3: Estimatedmotionparameter$or S5imagesequence

in Table 3.3 wherethe true andthe estimatedparameterare presentedor the “ob-
ject” (fig. D.4(a)). Equivalent,but slightly betterestimatesareobtainedfor the “back-
ground”. The main characteristidn this sequencés the large magnitudeof motions
which generatédarge occlusionsandresidualdargein magnitude(fig. 3.12).

It is clearfrom Table3.3thattheincorporationof confidenceneasure# theclus-
tering proceduresignificantlyimprovesthe accurag of the estimationandthat, asex-
pected,the contribution is more significantfor the segment-basednethods. The last
columnof Table3.3 depictsthe varianceof theweightedmeanL, normof themotion
residualestimatedover the differentepochs. That senesasa measureof the depen-
denceof the correspondingnethodon theinitial valuesof the parameters.

Finally, let us notethat the computationabdwantageof the sggment-baseaneth-
odsis not only dueto the lower compleity within eachiteration(a factorof 84), but
alsodueto the factthat corvergenceis achievedin fewer iterations. This is because
thatthe solution spacefor the labelfield is drasticallyreducedin comparisorto that
in pixel-basedmethods. While for the first two of the methodspresentedn Table
3.3 convergencerequiresaround35 and 20 iterationsrespectiely, the corresponding
segment-basednethodscorverge in around12 and 9 iterationsrespectiely. Even
whenthe additionaloperationgdueto vectormatrix multiplicationsaretakeninto ac-
count,thisleadsto atotal reductionin the computationatomplexity of afactoraround
50.

For realimagesequencewherethe groundtruthis notknown, theresultsareeval-
uatedaccordingto the labeling aswell asaccordingto the stability. Here, we will
presentesultsfor theimagesequence¥rain”, “sunflowergarden”and“coastguard”.

Theimagesequencétrain” is characterizedy translationamotionsof largemag-
nitude that generatdarge occlusions.In fig. 3.14 the 10th frame andthe confidence
measure®n the correspondingstimatednotionfield are presented A half-pixel ac-
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Figure3.14: 10th frameandthe confidencaneasure®f the correspondingstimated
motionfield for “train” sequence

curag motionestimatomwasused.The motionvectorsthat,dueto occlusionphenom-
ena,are unreliableare correctlyidentified. In fig. 3.15we presentthe label fields at
differentstage®f the optimizationprocedurdor atypical goodepochof theproposed
algorithm. It is difficult to evaluatethe accurag of the estimatedmotion parameter
sincethereis nogroundtruthfor this sequenceOntheotherhandthe proposednethod
identifiesquite reliably the region of supportfor the threedominantmotion patterns.
As will becomeapparentwhenthe labeling stageis describedthe extractedmotion
hypothesesreaccurateenoughto permitreliablelabeling.

Figure 3.15: Evolution of the labelfield for “train” sequence (Iterationl1, 3, 9 and
121)

In comparisono its specialcasesheproposedilgorithmprovesconsiderablynore
stable. The comparatie resultsare summarizedn fig. 3.16, wherethe weightedL,
normof themotionresidual(denotedvith wL-) is presentedor eachof thefive meth-
odsthatareoutlinedin Table 3.3. For illustration purposeghe epochsare sortedac-
cordingto wL,. Whatis relevantin fig. 3.16 is the numberof epochsfor which a
low errornormis achieved. Theresultsclearly illustratethat the methodsthat utilize
the proposedconfidencemeasureoutperformthe correspondingnethodsthat do not
by far. While the methodsB andD corvergeto the solutionof fig. 3.15around28%
of theepochsthe correspondingnethodsA andC achieve a similar solutionfor 20%
and10% of the epochsyrespectiely. Furthermorefor the methodsthat do not utilize
theconfidencemeasuregheobjective functionseemsiot sowell behared. Thereexist
mary local minimawhich arevery similar in termsof the objective functionbut farin
termsof the motion parametersln orderto illustratethe latter, we presentn fig. 3.17
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Figure3.16: WeightedL, norm(wL-) of themotionresidualkestimatedtcorvergence
at subsequengpochs. Large deviations from the minimum of eachmethodindicate
larger dependencef the methodon the initialization of the motion parameters.For

visibility purposesheepochsaresortedaccordingto wL-

the labelfields for two differentepochswherethe correspondingneanmotion resid-
uals at corvergencewere 22.10 and 22.88 respectiely. Although the meanmotion

residualsat corvergencearevery similar, the correspondindabelfields (andtherefore
the correspondingnotion hypothesesiliffer greatly In comparisona similar degra-
dationin termsof the objective criterionfor the methodsB andD consistentlyresults
in alabelfield thatassignghelabelof thetrainin theforegroundto the visible partof

the sky (upperright cornerof theimage). Finally, the proposedalgorithmcorverges
exactly to the solutionof fig. 3.15for 63% of the epochsmorethantwice asoftenas
the secondestof the examinedmethods.

(a) Labelfield atcorvergenceLs = 22.10 (b) Labelfield atconvergenceL, = 22.88

Figure3.17: Clusteringresultsfor two epochsof C-Meanswith very similar L,'s at
corvergence

As far asthe computationacomplexity is concernedthe resultsare summarized
in fig. 3.18. Theinitial intensity sggmentatiorresultsin 2338 intensitysegments that
is, the computationatomplexity at eachiterationis reducecdby a factorof 88 for the
segment-basednethodswith respecto the pixel-basednethods.Whenthe quadratic
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functionis usedinsteadof the M-estimatorthe computationatompleity is reduced
by an additionalfactor of around5 dueto fasterconvergencein termsof iterations.
However, oncethe M-estimatoris used the scheduléy which o, is graduallylowered
requiresa fixed numberof iterationswhich is on averagethreetimeslarger thanthe
numberof iterationsrequiredby the pixel-basednethods.Thetotal reductionin com-
putationalcompleity of the proposedmethodin comparisorto pixel-basednethods
(taking into accountthe additionalcostdue to vectormatrix multiplications)is of a
factorof roughly 10.

7 A B C D E
1.5x10 | |
1.7x10 6
2.4x10 °

Figure3.18: Computationatompleity of the methodglogarithmicscale)

Finally, we presentresultsfor the imagesequencésunflower garden”(fig. 3.19)
wherethe apparenmotionis generatediueto cameramotion. The differentmotion
patternsaredueto therelative differencein the distance®f the objectsfrom the cam-
era. For this sequenceave have conductedxperimentsfor N = 2 andN = 3. In the
former casethe behaior of the differentmethodss considerablynorestablethanin
the caseof the “train” sequenceandthesecornverge almostconsistentlyto solutions
almostidenticalto the onepresentedn fig. 3.19(b). However, when N = 3, the pro-
posedalgorithmis the only onethatcorvergesto the solutionpresentedh fig. 3.19(c);
therestof themethoddail to separatesuccessfullythe background.

3.3 Labeling Using Mark ov Random Field Theory

At the secondstageof our method(fig. 3.1), the sgmentsarelabeledanav giventhe
setof motionparameter® asestimatedn the motionhypothesesgxtractionphaseln
comparisorto theinternallabelingin the clusteringphasgsection3.2.2)therearetwo
maindifferencesThefirst differenceis thatthe labelingdoesnot dependanymoreon
the estimatednotionfield. While, for the purposeof the motionhypothesesgxtraction
theinaccuracie®f themotionfield canbetoleratedby usingconfidencaneasureand
an M-estimator this is not the casefor the purposeof labeling. If, for any reasonthe
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(a) Framel0 (b)N =2 )N =3

Figure3.19: Framel0 andthe correspondindabelfieldsat corvergenceof thecluster
ing for the “sunflowver garden’sequence

motionvectorswithin a segmentarewrongly estimatedthe segmentis mostlikely to

be misclassified.Especiallyin occludedareasmisclassificationgreto be expected.
Instead we rely on the motion-compensateititensity differenceswvhich do not intro-

ducetheartifactsthatafeatureestimatiorprocedurentroduces The secondlifference
is thatwe introducespatialconstraintdoy modelingappropriatelythe labelfield; such
constraintavereabsenin thelabelingof section3.2.2.

More specifically we aim at the maximizationof thea posterioriconditionalprob-
ability of thelabelfield, giventhe estimatenf themotionhypothese$®) andtheimage
intensitiesin the previous, currentandnext frame(denotedwith I—, I andI* respec-
tively). UsingBayesrule

P (L|I, é),I—,I+) x P (I|L,©,I—,I+) P <L|(:)) (3.19)

Themaximizationof eq.3.19is equivalentto theminimizationof thenegative of its
logarithm,thatis, the sumof thelogarithmsof eachof thetwo termson theright-hand
side. Thefirst termon theright-handside of eq. 3.19 expressesiow well the current
motion andlabelfield conformto the imageintensities. As in the motion estimation
phase(eq. 3.6) we assumehatthe motion-compensateidtensity differencedollow a
Laplaciandistribution. Then:

M
P (I|L,(:),I_,I+) — H H /\lse*/\ls min{| £ (81, ) L1 £ (00,) 1} (3.20)

s=1icG,

wherewith £, (9) andf;t (9) respectiely, we denotethebackwardandforwardmotion-
compensatethtensitydifferenceunderthemotionhypothesi® atpixeli. With \;, we
denotethe parametei of the Laplacianthatmodelsthe motion-compensateidtensity
differencedor the objectwith labell,.

Note thatwe usea three-frameapproachwhereat eachpixel eitherthe backward
or the forward motion-compensateithtensity differenceis consideredsalid. The un-
derlyingassumptioris thateachpixel hasa correspondenceitherin the previousorin
the next frame. By doingso,we dealin a simpleandefficient way with occlusions A
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similar approachs presentedy DuboisandKonrad[32. In theirwork thedirectionin
which the motionestimationis constraineds determinedy anocclusionfield.

The secondterm on the right-handside of eq.3.19 modelsthe probability of the
labelfield. We modelit asa Gibbsdistribution whoseenegy term E.(L) is the sum
of spatialclique potentialsV, (s, s') which are definedover pair-site (pairsggment)
cliguesasfollows:

n_ | —zb(s,s") if I, =1y
V. (S;S) - { Zcb (S,SI) if ls ;é lsl

wherethe segmentss ands’ areneighborsn the neighborhoodsystemN, definedon
the region adjaceng graph. Theterm z. is a constanthat controlsthe weight of the
spatial constraintsrelative to the constraintsthat the intensity preseration principle
imposes.Thetermb (s, s') denoteshelengthof thecommonborderbetweers ands’,
which is estimatedasthe numberof pairsof pixels (i, i') which areneighborsin the
imagegrid andbelongto the bordersof s ands’, respectiely. Froma global point of
view, anoptimizationwith respecto the spatialenegy term E.(L) tendsto minimize
thetotal borderlengthbetweemeighboringobjects.

The parametee,. controlsthe relative weightsof the spatialconstraintsn the es-
timation of the label field, with respectto the dataenegy term E; (E; is equalto

the negative logarithm of P (I|L, 6,1, I+)). As far asthe spatialenegy termis

concernedyve notethatat segmentlevel the spatialenegy termis proportionalto the
perimeterof the sgments, while the dataenegy termis proportionalto the number
of pixelsof s. In general this implies thatthe larger a sggment, the larger the ratio
betweerthe relative contribution of the local dataenegy termwith respecto the lo-

cal spatialenegy term. Thus,for larger segmentsemphasiss givento the evidence
thatthe segmentsthemselesprovide abouttheir temporalbehavior, while for smaller
segmentsthe emphasids given to the evidenceprovided by the label field in their
neighborhood.For the manualsettingof the valueof 2. arule of thumbcanbe pro-

vided by an analysisof the ratio betweerthe size andthe perimeterof the segments.
For avalueof z, aroundl.5aroughnormalizatiorbetweerthe differentenegy terms
is achieved for segmentsof around100 pixelsin size. In our experimentswe used
valuesof z. in therangebetweer? and12.

For the optimization procedurewe employ a deterministicrelaxationalgorithm
known as Iterative ConditionalModes(ICM) [11]. In an iterative way, ICM maxi-
mizesat eachiterationthe conditionalprobability of a label eachsite (intensity seg-
ment) given the labelsat all othersites. Sincethe Markov RandomField modeling
introducesonly local dependencieghis conditional probability can be expressedn
termsof thelocal enegy terms.More specifically:

(3.21)

—InP(ly=n|[,I",IT,0,,{ly :s' € N,}) =

M YU (0) 1= 162+ 3 V(s ) (3:22)

ieG, s'€N,

where f; (éls) = min {|fi_ (ézs) [, |£F (ézs> |}. At eachiteration only the term
V. (s, s') is affected which impliesthatthe computationatomplexity ateachiteration
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is O(Zfil |Ng|), thatis, it is proportionalto the numberof sggmentcliques. An
initialization of the labelfield is provided by the labeling of eachsegmentaccording
to theMaximum Lik elihoodprinciple (i.e. P(I, L~ |L)). After somederivationsa ML
maximizationis equivalentto a minimizationof all but thelasttermof eq.3.22.Since
thereareno interdependenciethe ML labeling canbe performedindependentlyper
segment.

In orderto investigatethe validity of the proposedalgorithmwe have conducted
a numberof experimentswith both syntheticand “real” image sequencesWe will
presenhereresultsfor thesynthetidmagesequencéS5’ andtherealimagesequences
“train”, “sunflower gardenand“coastguard”.

(a) Estimatedmotionfield (b) Labelfield at con- (c) Labelfield at con-
vergence of the clus- vergenceof theICM
tering

Figure 3.20: “S5” image sequenceLlLabeling basedon motion field versuslabeling
basedn motion-compensateidtensitydifferences

In fig. 3.20 we presentexperimentalvalidationof our choicein which a labeling
basedn themotion-compensatedtensitydifferencesvaspreferredoveraclassifica-
tion of theestimatednotionvectors.Theestimatednotionfield for thesynthetidmage
sequencéS5’ (fig. 3.20(a))hastoo mary errorsto allow for areliableclassification.
Although the parametergor both the objectand the backgroundare estimatedwith
high accurag (Table 3.3) misclassification®ccurnearmotion discontinuitieswhere
the motionfield is mainly corrupted.Note thatthe misclassificationsrenot only due
to occlusions.Themotionfield wasestimatedn abackwardmanner(i.e. betweerthe
framein questionandthe precedingrame)sothatin principle the motionfor the up-
per partof the objectandtheright mamin of theimagecould be estimatedaccurately
Still, dueto the limitations of the motion estimatoy errorsare presentin the motion
field, evenat theseareaswhich leadto misclassificationsln comparisonthelabeling
basednthe motion-compensateidtensitydifferencesandthe Markov RandomField
modelinglabelssuccessfullfheareamearmotiondiscontinuitieg3.20(c)).Dueto the
bi-directionalway in whichthemotionhypothesesarevalidatedbothoccludedanddis-
closuredareasaresuccessfulljabeled. The only areasin which therearedifferences
with thetrue objectmask(fig. D.4(b)) areareashat have correspondenceasa neither
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the previous nor in the next frame. For suchareast is very questionabléf a correct
classificatiorbasedn a 3-frameanalysiscanbe achiesed.

The imagesequencétrain” is also characterizedy motionslarge in magnitude
andthereforethe sameanalysisasthe onefor the “S5” sequenceanbe applied. In
fig. 3.21(a)weillustratethelabelingbasedn the MaximumLik elihoodprinciple that
is usedasaninitialization andin fig. 3.21(b)the labelfield obtainedat corvergence
by the Iterative ConditionalModes(ICM) algorithm. It is clearthatby modelingthe
labelfield asa Markov RandonField we areableto obtain“clean” labelfieldswithout
isolatedsegments. The localizationaccurayg of the methodis illustratedin fig. 3.22,
wherethe edgesof the labelfield aresuperimposean the original frame. The result
justifiesour choiceof a consenative initial intensitysegmentationithe bordersof the
objectsarewell presered. Theintensityconstraintghatareincorporatedy the useof
theinitial sgmentationallow usto obtaina labelfield wherethe edgesarevery well
localized.

(a) MaximumLikelihood (b) MRF modeling

Figure3.21:“train” imagesequencetabelingwithoutandwith spatialconstraints

L

Figure3.22: Objectedgedderivedfrom thelabelfield of fig. 3.21(b)superimposedn
theoriginal frame

Similar resultswere obtainedfor a numberof imagesequencesin fig. 3.23we
presentthe label field obtainedat corvergencefor the “sunflower garden”image se-
guencefor N = 2 andthe edgesof thelabelfield superimposedn the original frame
for N = 3. Thetrunk of thetreeaswell asits right brancharewell localizedbut the
thinnerbranchesare not presered by the initial intensity sggmentation.As a conse-
guencepartof thesky is labeledwith the samedabelasthetree,sincefor the sky there
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is notenoughtextureto supportthe backgroundnotionhypothesis.

(a) Labelfield for N = 3 (b) Superimposeédgedor N = 3

Figure3.23: “sunflower garden”imagesequencelabelingandsuperimposeédges

Finally, we presentresultsfor the 10th frame of the “coastguard” sequencdor
which the difficulties arise due to the small magnitudeof the different motion pat-
ternsandthe complicatedpatternof the motion of the water The motion of thewater
the middle boatandthe shorecanbe distinguishedonly at sub-pixel level. The pro-
posedmotion hypothesesxtraction methodis able to successfullyextract the four
mostdominantmotion patternsasshowvn in fig. 3.24(a),wherethelabelfield obtained
atcorvergenceof the proposeclusteringalgorithmis depicted.Basedntheextracted
motion hypothesegheinitialization andthe labelfield obtainedat the corvergenceof
the optimizationprocedureof section3.3 arepresentedn fig. 3.24(b)andfig. 3.24(c)
respectiely. Thelocalizationaccurag for thatsequencés illustratedin fig. 3.25.Both
of the shipsareseparatedvell from the water;the bow wavesthatarecreatedn front
partof theshipsalsoappeato move with themandthereforearenotlabeledaspartof
the water Furthermorethe shoreis alsowell separatedrom the watereventhought
themotion of theshoreandthe waterdiffer only aroundhalf a pixel perframe.

3.4 Conclusions

In this chaptemwe presente@ methodfor labelingimagesequencebasednthekine-
matic characteristic®f the depictedobjects. The proposednethodologyapproaches
the problemin atwo-stageway; the extractionof the kinematiccharacteristicts sepa-
ratedfrom thelabelingitself.

At thefirst stage motion hypothesesreextractedby clusteranalysisof a motion
field. Confidencemeasureslevelopedspecificallyfor the motion estimatorthat was
usedandrobustregressiontechniquesvere utilized in a clusteringscheme.The pro-
posecconfidenceneasurarederivedby expressingheblock-basednotionestimation
scheman the probabilisticframenork andare expressedn termsof the a posteriori
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(a) Label field obtainedat (b) Maximum Likelihood (c) Label field obtainedat
corvergenceof the cluster labeling convergenceof ICM
ing

Figure3.24: Labelfieldsfor “coastguard”’sequence

probability of the correspondingestimatedmotion vectors. We have experimentally
supportedour hypothesighat the deviation of the motion-compensateihtensity dif-
ferencess linearwith thelocaliintensitydeviation. Themethodthatwe have proposed,
practicallyintroducesno additionalcomputationaburdensinceall of the datais pro-
vided asa by productof the searchschemeof the block-matchingmotion estimator
We have illustratedthe advantagesof using confidencemeasuresand robust regres-
siontechniquesn termsof accurag of the estimatednotion parameterandin terms
of stability. We have additionally constrainedhe clusteringproblemby utilizing an
initial intensity segmentationschemeo form initial groupsof pointsandreducedhe
computationatompleity drastically Theefficiency of the proposedscheméhasbeen
illustratedfor anumberof imagesequencem our experimentaresults.

At the secondstage,the motion hypothesesre usedto label the segmentsthat
resultfrom the initial intensity segmentation.We have illustratedthat by adoptinga
consenrative approacht is possibleto obtainin mostcasesaninitial intensitysegmen-
tationthat preseresthe edgesof the objectsandwe commentedn the limitations of
the methodthatwe have chosen.In contrastto the majority of similar methodsn the
literatureour methodusesthe motion-compensateittensity differencesas evidence
for thelabeling. We have clearlyillustratedthe advantage®f suchanapproachn the
presencef motionslargein magnitude We have posedhelabelingproblemasanop-
timization problemin termsof the a posterioriprobability of the labelfield, giventhe
motion hypothesesA three-frameapproachwasadoptedandits contributionin deal-
ing with occlusionsvasclearlyillustrated.We have incorporatedpatialconstraintsy
modelingthelabelfield asa Markov RandomField. We have illustratedthe efficiency
of the proposednethodin anumberof imagesequences.

As far asfuturework in this directionis concernedye would proposethe useof a
moreefficient optimizationschemen the clusteringsothatmultiple initializationsare
notnecessaryThe formulationcanbe easilyadaptedsothatstochastioptimizationis
applied. A similar agumentholdsfor the labelingprocedure.Furthermorethe need
of tuningthe parametet.., the only parameteexceptof the numberof objectsmight
be possibleto be eliminated. The label field provided by the Maximum Likelihood
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Figure 3.25: “coastguard” imagesequenceEdgesof the label superimposedn the
original frame

classificationis usually quite closeto the desiredone. The useof crossvalidation
techniquesnight be sufficientto provide arobustsolutionto thisissue.



Chapter 4

Joint Motion Estimation and
Segmentation

In the previous chapterwe presenteda motion-basedegmentationmethodin which
the extraction of the motion hypothesesandthe estimationof the label field are per
formedin separatestages.n the first stagea setof motion hypothesesvereextracted
by clusteringanindependentlyestimatednotionfield. In the secondstage segments
that were extractedin an intensity segmentationphasewere labeledaccordingto the
motion hypothesigo which they conformed.The methodgave very goodresultsfor a
numberof imagesequencebut doesnot exploit thetemporalredundang eitherin the
motionor in thelabelfield. In otherwords,it doesnot utilize the factthatthe motion
andlabelfields in subsequentramesare very similar andthat their relationscan be
formally expressed.Instead,it requiresthe computationallyexpensve re-estimation
of a motion field. Furthermore,in the motion hypothesextraction phasethe spa-
tial constraintsarenot fully utilized. In the block-matchingnotionestimationscheme
(a) the block-basedspatialconstraintavhich areimposedfail nearmotion edgesand
(b) spatialconstraintsare not imposedbetweemeighboringblocks. In the clustering
phasespatialconstraintsareimposedonly within intensitysegmentsandnot between
neighboringntensitysegments.

In thischaptemwe presentinapproachn which spatialandtemporalconstraintsare
incorporatednto asingleframawork, allowing thejoint estimatiorof the segmentation
field and of the motion information'. The methodoperatesat two levels (fig. 4.1).
At the lower level (LEVEL 1 in fig. 4.1) a segmentationalgorithm operatingon the
currentframe’s intensitiesprovides a set of segmentswith relatively small intensity
variation. Sincethe absencef anintensity edgeis likely to imply the absenceof a
motion discontinuity eachsggmentis assumedo belongto a single object. Motion
segmentationis then equivalentto groupingthesesegmentsinto regions that move
with the samemotion parametersthatis assigningan “object” labelto eachsegment.
The numberof the “object” labelsis considerecasknown andare provided asa user
specifiedoarameterFinally, we assuméhatanaffine parametrianodelis sufficientto

1Thebasisof this chapterappearsn [93]
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Figure4.1: Outline of thejoint motionestimation/sgmentatiorapproach

describehevariousmotionpatternsn thescene.

Thelabelingis performedat the next level (LEVEL 2 in fig. 4.1) wherethe well-
known notionof Markov RandomFields(MRF) is usedin orderto expressspatialand
temporalconstrainton thelevel of the“intensity” segments.Thecriterionis the max-
imization of the conditionala posterioriprobability (MAP) of thelabelfield giventhe
motionhypotheseghelabelfield of the previousframeandtheimageintensities.The
equivalencebetweenthe MRF andthe Gibbsdistribution is exploited and the label-
ing is formulatedas an optimization problemwith respectto the motion parameters
andthe labelfield itself. For the optimizationprocedureve proposea methodwhich
reducesthe correspondingbjective function in an iterative way with respectto the
motion parametersindthe labelfield. In the optimizationwith respecto the motion
parametergmotionestimationphase the estimationis performedon region level, that
is, asetof parametergs estimatedor the collectionof sggmentghatcompriseasingle
object. Theestimationis constrainedy theintensitypreserationprincipleandby the
temporalcohereny of thelabelfield. In theoptimizationwith respecto thelabelfield
(labeling phasé an objectlabel is assignedo each*intensity” segment. The label-
ing is constrainedy the intensitypreseration principle andthe spatialandtemporal
coherenyg of the labelfield. A three-frameapproachis taken in orderto dealwith
occlusions.

In comparisorto the methodpresentedn chapter3 the methodproposedn this
chapteralso assumegparametricnotion models,modelsthe label field asa Markov
RandomField andattemptsa labelingbasedn the motion-compensatedtensitydif-
ferences.On the otherhand,it addressesemporalissuesandincorporatesll of the
constraintsn a single frameawork for the Joint estimationof the motion hypotheses



4.1 Problem Modeling 55

andthelabelfield. Thatchangeof paradigmaffectsboththe modelingandthe corre-
spondingoptimizationprocedure.

The remainderof the chapteris organizedasfollows. In sections4.1 and4.2 we
presenthe formulationof the labelingproblemin the MAP framawvork andthe opti-
mizationprocedurerespectiely. In sectiond.3 experimentakesultsarepresenteénd
finally conclusionsaredravnin section4.4.

4.1 ProblemModeling

We considerthe supervisedramewvork wherethe numberof independentlymoving
objectsin the scenedenotedby N, is consideredasknown. We assumehat the 2-
D apparenmmotionfield inducedby themcanbe approximatedy 6-parametenffine
models. Affine motion modelshave beenproved useful for motion estimation[37]
[118], motionsegmentatiorf18] [23] [114] andtracking[66] [98] andarea goodcom-
promisebetweenefficiency and complexity. Keepingthe terminology of chapter3
we denotewith § = {6(1)...6(6)} the parameter®sf the modeland¥; the model-
generateanotionvectoratimagelocationi = (i, i,):

5 8(1)i, + 0(2)i, + 6(3)

Vi = | g, + 6(5)i, + 6(6) (4.1)

The motion hypothesegor the scenearethe collectionof the motion hypotheses
for eachobjectn, thatis:

O={f:nell...N]} (4.2)

We seekfor the unknown labelfield L = {l;:l; €[1...N],s€[l...K]} and
themotionhypothese® attimeinstantt, consideringasknown theestimatiorof label
field L~ atthe previoustime instant. We considerthe Bayesianframeavork andmore
specificallywe adoptas the labeling criterion the maximizationof the a posteriori
probability (MAP) of thelabelfield. Theconditionalprobabilitydistributionsto which
the MAP criterion decomposeare modeledas Gibbsdistributions. This MAP-MRF
framewvork hasbeenusedextensiely for regularizationandfor expressingcontetual
constraintsn numerougproblemsin computewvision [42] [57].

More specifically in the MAP framawork, we aim for the maximizationof the a
posterioriprobability:

P (L|I, @,ﬁ—,f—,ﬁ) x P (I\L, @,ﬁ—,f—,ﬁ) P (ﬁ—|®,L) P(L|®) (4.3)

with respectto I and®. With 7—, T and I+ we denotethe imageintensitiesin the
previous, currentandnext framerespectiely. We modelappropriatelythe probability
distribution functionsin orderto expressthe relationsbetweerthe labelfields, thein-
tensitiesandthe motion hypothesesDue to the Hammerslg-Clifford theoremwhich
statesthe equivalencebetweenMRFs and Gibbsdistributions (e.g. [10]), the model-
ing reducego the definition of enegy functionswhich arecomposedf local clique
potentials.
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Thefirst termon theright-handsideof eq.4.31is the conditionalprobability distri-
bution P(I|L, 0, L—,I~,It) which expressesiow well the currentmotion andlabel
field conformwith theimageintensities.We modelit asa Gibbsdistribution:

PUI|L,0,1-,1,1*) = Zie—Ed (1,L,0,17,17) (4.4)
1

whereZ; is thesumof the exponentialtermof eq.4.4 overall possiblerealizationsof
intensities(all possiblecurrentframes). In general,Z; is dependenon the unknovn
fields L and© to the degreethatthe intensity variability alongeachtrajectoryis de-
pendenton the intensity variability along other trajectories[56]. The independeng
assumptionalthoughit is violatedfor examplein occlusionareasjs oneof the most
commonassumptionsn the motion-relatediteratureandwill be alsoadoptedn our
work. Underthis assumptionZ; canbeconsideredsanormalizationconstantvhich
doesnot effectthe optimizationprocedure.

The enegy term E; (I, L,©,1~,I%) is formed by the Gibbs potentialsV,, as
follows:

K
Eq(I,L,0,I7,I%) = Vs (I,5,6,,,I7,17)

s=1

= )_min (Z (7 6))" 3 (FF <0ls))2> (4.5)

ieG, ieG,

wheref;" (6;,) and f;” (6,,) arerespectiely the forward andbackward motion-com-
pensatedntensitydifferencesatpixeli (i € G,). Thatis,

fiH(0L) =I() = IT(i+vi(6L,)) (4.6)
fi (6,) = I(i) = I~ (i —vi (61,)) (4.7)

We make useof theintensitypreserationprinciple,thatis, we assumehattheim-
ageintensitiesalongthemotiontrajectoriegsemainconstant Themotion-compensated
differenceshave the characteristicef the expectednoise. Assumingthatthe noiseis
independentheassumptiorthat Z; in eq.4.4is constanis true.

Notethatwe areusingathree-frameapproachwherethe motion-compensateid-
tensitydifferencesredefinedeitherin the previousor in the next frameusingthe min
operator The direction (backward or forward) in which they are definedis common
for the pixelsthat belongto the sameintensity segment. By doing so, we aredealing
in a simpleandefficient way with appearinganddisappearingireas.The underlying
assumptioris that theseareasare visible in at leasttwo consecutie frames,thatis,
pixelswithin eachwatershegegmenthave correspondencestherin thenext or in the
previousframe. A similar approactwherea visibility setfor eachpixelis definedin a
forward/backvard manneyis presentedy DuboisandKonrad[32. In their work the
directionin which the motion estimationis constraineds determinedy anocclusion
field. In our sgment-base@dpproacthe directassociatiorof an occlusionfield with
thedirectionof themotionis nottrivial sincesggmentanaybeonly partially occluded.
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However, our assumptiorthat the pixels within eachseggmenthave correspondences
eitherin the next or in the previous frame, is violated only whena segmentis large
enoughto partially appearand partially disappeafrom the scene In this casetherel-
ative size andtexture structureof the visible areawill determinethe accuray of the
temporalevidencefor the segmentin question. In suchcaseshe spatialconstraints
needto provide the additionalcuesfor correctlabeling.

The secondterm on the right-handside of eq. 4.3 expressedhe temporalcon-
straints. The conditionalprobability of the estimateof the labelfield at the previous
frame L~ is modeledasa Gibbsdistribution.

P (ﬁ‘|®,L,I‘,I+) - L ~E(L,06,L7) (4.8)
Zy

wherewe considerZ, to be a constantollowing the samereasoningasfor Z;. The
enegy term E;(L, ©, L) is formedby the Gibbs potentialsV;,, which are defined
over single-site(single-sgment)cliquesasfollows:

K
E(L,0,07) =Y Vi, (L7,5.0.,) (4.9)
s=1

The local enegy term Vi, (f,—, S, 015) expresseghe cost (due to temporalcon-
straintsimposedon thelabelfield) to assignabell, to thewatershedegments, taking
into consideratiothemotionhypothesigd;, ) thatthisassignmenimplies. It is defined
as

Vie (£7,5,0,,) = 2Qu (4.10)
/ &
G
S
__/'/
Frame t-1 Frame t

Figure 4.2: Temporalprojectionof watershedsegments (gray polygonin Framet).
Theshadedareain framet — 1 represents region labeledwith labell,

Eachpixel of thewatershedegments is projectedn thelabelfield of the previous
frameusingthe motionparameters,, (fig. 4.2). ThenumberQ) is the numberof pix-
els of sggments whosemotion-basegbrojectionsin the previous framehave different
labels. The smallerthe @, the higherthe probability that s hasthelabell,. Theterm
z¢ iIs aconstanthatcontrolsthetemporalconsisteng of thelabelfield. The higherthe
z; the higherthetendeny to obtaina labelfield L. anda setof motion hypothese®
suchthateachregionn in the currentframeis projectedentirely within a region with
the samdabelin the previousframe.
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Finally, the third term on the right-handside of eq.4.3 modelsthe a priori proba-
bility of thelabelfield. We modelit asa Gibbsdistribution whoseenegy term E..(L)
is formedby the GibbspotentialsV, asfollows:

K K
E(L) =) Ve (L,s) =) Y Vi(s,s) (4.11)

s=1s'€N,

The spatial Gibbs potentialsV. (s, s') are definedover pair-site (pairsegment)
cliguesasfollows:

—2:b(s,8") ifls =1y

Ve(s,8') = { zcb (s,8") if Iy # 1y (4.12)

wherez. is a constantthat controlsthe weight of the spatial constraintsrelative to
the temporalconstraintsandto the constraintamposedby the intensity conseration
principle. Thetermb (s, s') denoteghe lengthof the commonborderbetweens and
s'. We estimatethis asthe numberof pairsof pixels (i, i') which areneighborsin the
imagegrid and belongto the bordersof s and s’ respectiely. The maximizationof
P (L|©) is equivalentto the minimizationof E.(L). We adda negative quantity to
the potential E.(L) whenever two neighboringseggmentshave the samelabel, anda
positive quantitywhenthey have a differentlabel. In this way we favor configurations
of the labelfield that are spatiallysmooth. This quantity which canbe interpretedas
the spatialinteractionbetweenvatershedegymentsjs proportionako b (s, s'), in other
words,their spatialinteractionincreasesvith thelengthof theircommonborder From
a global point of view, a minimizationwith respecto the spatialenegy term E.(L)
tendsto minimize the total borderlengthbetweemeighboringobjects.

The parameters, andz, controltherelative weightsof the spatialandthe tempo-
ral constraintgn the estimationof thelabelfield, with respecto the dataenegy term
E4(I,L,0,1I~,IT). For settingtheir valuesoneneedso understandhe relative im-
portanceof thethreeenegyterms.As farasthelocaldataenegy Vs (1, 5,6, 1=, 1)
andthe local temporalenegy Vi, (ff, s, 0,5) are concernedpoth of themareesti-
matedover theensembleof the pixelsof thesggments. Thatis, eachpixel contributes
to the local enegy on the onehandwith the squareof the backward/forward motion-
compensateihtensitydifferenceandontheotherhandwith z; in thecasehatits label
is differentthanthe label of its motion-basedgrojectionin the previous frame. In or-
derto achieve a balancebetweenthesetwo terms, z; shouldbe setaccordingto the
expectedcharacteristicof the motion-compensateihtensity differences. However,
the correctnes®f the influenceof the temporalconstraintsdependon the degreeof
the accurag of the estimatedabelfield L~ in the previousframe. To ensurethatthe
algorithmis flexible enoughto correcterrorsin L=, thevalueof z, shouldbe chosen
ratherconsenratively. In all of our experimentghevalueof z; waschoserin therange
betweenl and?2.

Sincethe dataenegy term and the temporalenegy term are estimatedover the
sameensemblethatis, the ensemblef pixels,anaturalnormalizationin the contribu-
tion of thesetermsis achieved. On the otherhand,the spatialenegy termis defined
in termsof the lengthsof the commonbordersbetweenneighboringsegments. At



4.1 Problem Modeling 59

segmentlevel, the influenceof the dataenegy term andthe temporalenegy termis
proportionalto the numberof pixels of sggments, while the influenceof the spatial
enegy termis proportionakto theperimeterof s. In generalthisimpliesthatthelarger
a sgment,the larger the ratio betweenthe relative contribution of the local dataand
temporalenegy termswith respecto thelocal spatialenegy term. This marksa grad-
ual shift on the weight we assignto the differentsourcesof evidencethat we utilize
for thelabeling. For larger sgmentsemphasiss placedon the evidencethatthe seg-
mentsthemselesprovide abouttheirtemporabehaior while for smallersegmentshe
emphasiss placedon theevidenceprovidedby thelabelfield in their neighborhood.

For the manualsettingof the value of 2. a rule of thumbcanbe provided by an
analysisof the ratio betweenthe size and the perimeterof the sggments. Suchan
analysiscanprovidethevalueof z. for whichanormalizatiorbetweerthethreeenegy
termsis approximatelyachievedfor sggmentsof a givensize. This canbe usefulwhen
the size of the smallerexpectedobjectis a priori known. The relation betweenthe
size and the perimeterof the segmentsdependon two factors. On the one handit
dependsn the shapeof the segmentswith the two extremesbeinga) very elongated
segmentsthat yield a linear relation and b) circular sggmentsthat yield a quadratic
relationwith thelargestpossiblecoeficient((47)~!). Ontheotherhand,it depend®n
thedefinitionof the perimeter For our definitionof theborderlengthandfor relatively
small sgments(lessthan 150 pixels) an approximationof the segments sizea asa
function of its perimeterp was experimentallyfoundto bea = %pz. This implies
that a normalizationof the differentenegy termsfor a segmentwith 100 pixels is
achievedfor avalueof 1.5for z.. However, if we take into consideratiorthatthe data
enepgy termhasthecharacteristicsf thevarianceof themotion-compensatddtensity
differencesandthatthetemporalenegy termis scaledoy thefactorz;, avalueof z. in
therangebetweer8 and10is amorereasonablehoice.

The parameterz. canbe alsointerpretedas a smoothingparameterandin this
contet its automaticdeterminatiorhasreceveda lot of attention,especiallyasareg-
ularizationparameteffor the solution of ill-posed problems[9] [38]. In our case,a
recentlypresentedioting technique[90] could be applicablefor simultaneoushesti-
matingthelabelfield andthe parameters.. Thatapproachpasedn anestimationof
the currentlabelfield, attemptgo obtaina betterestimationof theinteractionparame-
terin termsof thelocal characteristicsf theenegy function. Sincethenumberof sites
(watershedegments)s muchlower thanthatof pixel-basedpproachethe computa-
tional overheadvould begreatlyreducedn comparisorto them.However, issuessuch
asthedegreeof dependencenthequality of theinitial labelfield andthe applicability
of themethodfor the automaticdeterminatiorof z; shouldbefurtherinvestigated.

Asfarastheassumptiorthatthenumberof objectsN is concernedwe shouldnote
thatthemaximizationof thea posterioriprobabilitythatwe usedasacriterionmightbe
alsosuitablefor the automaticdeterminatiorof N. Underour modelingassumptions
for the probability distributionsof theintensityandthelabelfield of thecurrentframe,
the sumof the threeenegy termsis proportionalto the encodingcostof the current
frameif we usean optimal code. This stemsfrom the factthatthe sumof the enegy
termsis proportionako thesumof theneggativelogarithmsof eq.4.4andeq.4.8,thatis,
the sumof the encodingcostfor theintensityresidualandthe labelfield respectiely.
In the above analysiswe have ignoredthe costof encodingthe motion parametersis
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this costcanbe consideredhggligible in comparisorto the otherterms. Practically a
minimizationwith respecto the numberof objects N is a compromisebetweenthe
accuray of the predictionof theintensitiesat the currentframeandthe complexity of
thelabelfield. More specifically whenwe adda new labelwe reducethe dataenegy
term E4. Thiscomesatthe costof a mostprobableincreaseof the spatialenegy term
E., which dependn the commonborderlength betweenthe differentobjects,and
a definiteincreaseof the temporalenegy term E;, which penalizedabelfieldswhich
arenotsimilarto the oneestimatedn the previousframe.

The automaticdeterminationof the numberof objectsusing the Minimum De-
scription Length principle [96] [111] hasoften beenaddressedh the literature(e.g.
[97] [27]). Following the mostcommonlyusedschemewe couldapply our methodfor
thecertainvaluesof N andchoosehe onewhich at convergenceyieldsthelowestsum
of enepgies. However, sincewe have not conductechry experimentsn thatdirection,
the issueof the automaticdeterminatiorof N shouldbe consideredn the context of
futurework.

4.2 MAP estimation

Oncetheenepy functionsaredefined the MAP estimatas equivalentto the minimiza-
tion of the quantity

E(L,©,I,L=,17,I*) = E4(I,L,0,L~,I",I*) + E.(L) + E(L,0,L")
(4.13)

Theminimizationof eq.4.13is a non-linearoptimizationproblemwith respecto
L and®. For solvingsuchoptimizationproblemsanumberof methodshave beenpro-
posedin theliteraturewhich rangefrom deterministid11][25] andstochastic[5B42]
relaxationschemego methodsinspiredby GeneticAlgorithms[5§. Stochasticop-
timization can provide better solutionsin termsof the objective function due to its
ability to escapdocal minima,but it is computationallyintensive. Deterministicrelax-
ation methodson the otherhand,can provide a good solutionto a local minimum if
presentedvith areasonablénitialization. Sincein our casenitializationsareavailable
from theestimationsnadein the previousframewe will restrictourselhesto the deter
ministic framework. We proposea methodwhichiteratesbetweera minimizationwith
respecto thelabelfield (labelingphasernda minimizationwith respecto themotion
parametergmotion estimationphase).In the labeling phasea relaxationalgorithmis
employedto solve the combinatorialproblemof assigningobjectlabelsto watershed
segments.In themotionestimationphase=q.4.13is linearizedwith respecto © anda
gradient-basedpproachs adoptedLet usnotethatbothminimizationphasegmploy
iterative algorithms.In orderto avoid confusionwe will referto theiterationsbetween
the motion estimationandthe labeling phaseas external andto the iterationswithin
eachphaseasinternal.

More specifically let us denotewith m theindex for the externaliterations. Then
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the MAP estimationat the externallevel iteratesbetweerthefollowing phases:
Lyt = argmin B(L,Op, I, L=,1-,1) (4.14)

Oni1 = argmin E(Lmy1,0,1,L7 17,11 (4.15)

Theinteractiorbetweertheexternalandtheinternaliterationss depictedn fig. 4.3,
wherewith k£ we denotetheindex for eachof theinternaliterations.At thelevel of the
internaliterationsthe index m is omittedfor the sale of notationalsimplicity. When
corvergencds achievedatoneof theinternallevels(motionestimationor labeling),or
aftera fixed numberof iterations,the controlis transferredo the otherinternallevel
(labeling or motion estimationrespectiely). In our implementationwe useda fixed
numberof iterationsfor the motionestimationphase.

k=k+1
Labeling phase

Label field h%%ttir?gses
I—m+l Qn

Motion estimation K+
gL

Figure4.3: Flow diagramof the optimizationprocedure Motion hypothesesxtraction
andlabelingareperformedn aniterative way.

For thefirst externaliteration(i.e. for m = 0) themotionhypotheseareinitialized
with themotionparametergstimatedor the previousframe.

Let us note that the optimization proceduredescribedby eq. 4.14 and eq. 4.15
bearssimilaritiesto the ExpectationMaximizationmethod,when hard classification
is employed. In thatframework, in the Expectatiorstepthe Expectatiorof the condi-
tional probabilityof eachof thelabelsateachsitegiventheestimateof © atiterationm
shouldbeestimatedThelabelwith thehighestconditionalprobabilityis thenassigned
to the sitein question.However, the estimationof the Expectationof the conditional
probabilitiesof the latentdata(i.e. the labelfield) is complicatedwhenthe modein-
troducesinterdependenciem the label field. Zhangand Modestino[120] generate
samplef thelabelfield throughsimulatedannealingandcomputethe conditionalex-
pectationdy Monte Carlowhentheinterdependencieareexpressedisinga Markov
RandomField modeling.WeissandAdelson[115] alsousethelabelfield asa Markov
RandomField but basedn resultswhichrelatethe EM algorithmto statisticalphysics
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[78] validateguesse®f the conditionalexpectationsn the Expectationstep. In the
casethattheguessesail to reducethe freeenepgy they employ gradientupdatedo the
old estimate®f the conditionalexpectationsIn our case gachinternaliterationin the
labeling phasewhich we employ could be interpretedas locally updatingthe condi-
tional expectationdasedon the labelfield estimatedn the previousinternaliteration
andchoosinghelabelwith the highestconditionalprobability. Sincethe choiceof the
label with the highestconditionalprobability implies a reductionof the total enegy
(Eg. 4.13)the corvergenceof the schemeds guaranteedin appendixC we shav that
our methodis essentiallyan EM methodwith hard decisionsand that with a minor
modificationit canincorporatesoft decisiongoo.

4.2.1 Labeling phase

In the labeling phase(eq. 4.14) the minimization of eq.4.13with respectto L takes
place,keepingthe motion parameter® “frozen” (@ = 0,,). We employ anitera-
tive deterministicrelaxationalgorithmknown as Iterative ConditionalModes(ICM).
Proposediy Besag[11], ICM maximizesiteratively the conditional probability of a
label at eachsite, given the labeling at all other sites. In the original algorithm at
eachiterationeachsiteis visitedandassignedhelabelthatmaximizeghatconditional
probability. Dueto the local interactionghatthe MRF modelingimplies this reduces
to the calculationof thelocal clique potentialsfor eachsite underconsideration.

As statedin [11] the orderin which sitesarevisitedis importantfor the final con-
figuration. Furthermorea site cancontrituteto the reductionof the enegy only if the
local labelingconfigurationhaschangedthatis, it is not necessaryo visit all sitesat
eachiteration.In orderto copewith thelatterwe maintaina setof candidatesegments
ci, for eachiterationk andin orderto avoid theinfluenceof a predetermine@rdering
we adoptarandomvisit schedulenthe element®f thecandidateset. The stepsof the
algorithmaresummarizedn Table4.1.

For the estimationof the labelfield L in the first internaliteration of the first ex-
ternal iteration we take into accountonly the motion hypothesesand the temporal
constraintsthatis, we minimizethequantity 4 (I, L, ©, 1=, It) + E,(L,©, L ™). No
spatialinteractionsareintroducedatthatpoint, thatis, thelabelof awatershedement
s in independenbf the labelsof the restof thewatershedsegments.This senesasan
initialization of the labelfield for the optimizationprocedurén the currentframe.

4.2.2 Motion Estimation phase

In the motion estimationphasethe minimizationof eq.4.13 with respectto © takes
place, keepingthe label field L “frozen” (L. = L,,). This minimizationis a non-
linear optimizationproblemsinceneitherE, (I, L,0,1~, 1) norEt(L,G,ﬁ—) are
linearwith respecto the motion parametersFor E; (I, L,©,1~, It) thisis because
firstly theimageintensitiesarenon-linearwith respecto ® andsecondlybecausef
the non-linearminimum operator(eq. 4.5). In orderto overcomethe latter we turn
the minimization of eq. 4.13into an equivalentoptimizationproblemby introducing
a binary direction field {d, : d; € [0,1],s € [1...K]}. Thisfield determineghe
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l.cg={s:s€[l...K]},cs =0,k=0
2. Chooseaandomlya segments from ¢y,

3. Assignto s thelabell thatminimizesthelocal enegy:
ls = argmlin (Vds (I:SaolaI_;I+) + Vcs (La S) + V;fs (i‘_a 8;01))
4. Cp = Ck — {S}
5. If s haschangedabel,updatethe candidatdist for the next iteration
Cht1 = cp1 U {s' : 8’ € N}

6. If ¢ # () goto step2
7. If cg1 # 0 thenk = k + 1 andgoto step2. OtherwiseSTOP

Table4.1: Modified ICM for sgmentlabeling

direction, backward or forward, in which the temporalintensity variation constrains
themotionestimation.Let usdefineC, (d, ©) as:

Ce (d7®) = Et(L7®7‘z’7) +

) (ds S0+ (1-d) Y (O «mf) (4.16)

s=1 ieG, ieG,

wherethe functionaldependencef C, (d, ©) onthelabelfieldsandon theimagein-
tensitiesis omittedfor notationalsimplicity. Thenew enegy termC. (d, ©) is derived
from thetermsof eq.4.13thatdepencn ©.

Lemmal
If ((:), ci) arethe argumentswhich minimize eq. 4.16 then 0 is the argumentwhich
minimizeseq.4.13with respecto 0.

Proofis givenin appendixA

We minimize eq.4.16 with a methodwhich iteratesbetweena minimizationwith
respecto © andaminimizationwith respecto d. More specifically:

d"*t = arg min C. (d,0%) (4.17)
Ol = arg min Ce (d*+1,0) (4.18)
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wherek is theiterationindex. @° arethe motion hypothesegstimatedn the previous
externaliterationor, for thefirst externaliteration,themotionhypothesegstimatedor
thepreviousframe.

Clearlytheminimizationof C. (d, ©*) with respecto d yields:

ds = { 1 if ZieGs (fi+ (ols))2 < ZieGs (fi7 (913))2 (forward) (4_19)

0 otherwise (backward)

For theminimizationof C, (d*+', ©) with respecto © we have availablethefield
d*+', which givesusfor eachsegments the direction(backwardor forward)in which
motion information hasto be considered.Let us stressthe fact that one parametric
modelis estimatedper object,but thatfor eachof the segmentsconstitutingthe object
thedirectionmightdiffer. In orderto solve for © we first make alinearapproximation
of C, (d*,®) with respecto ©. We will solve for © in anincrementalway which
iteratively improvesthe previousestimationd*. Let usexpressthe motionparameters
0O as® = OF + AO. At iterationk + 1 we will solve for the A® [83] for which the
gradientof C, with respecto the motionparameterss zero.

First we make a linear approximationof the imageintensitieswith respectto the
motion parameter®y expandingf;” () (or f;" (9)) usingafirst-orderTaylor approx-
imation [47][83]. More specificallysupposehat for a segments it is the casethat
ds = 0. Thenateachpointi € G:

0 =1G)-T"(—%(6,)) (4.20)
~ I()— (I7(i=%:(0])) — VI~ (i—%(6)))¥:(A6,,))

eq.4.20is linearwith respecto Ag;, thusthe secondermon theright-handside
of eq.4.16(i.e. the summation)s now approximatedy a summationof the squares
of termslike eq.4.20. Therefore,its gradientis linear with respecto Ag,;,. We deal
with subpixel accuraciesisinga bicubicalinterpolatorwhich is continuousn its first
derivatives[52].

In orderto beableto differentiateeq.4.16with respecto themotionparametersve
will alsoneedan approximatiorof theterm E, (L, ©, L~). For eachobjectn (where
n € [1...N]) wedefineafield O; suchthat:

o _fO0 i Li=n
O (1) _{ V7 otherwise (4.21)

Whereﬁ; denoteghelabel of the segmentto which the pointi belongs.Notethatthe
field Oy, is definedin termsof thelabelfield estimatedor the previousframe.
LetusexpressE,(L,©, L™) in termsof O, :

E(L,0,L") ivt (L.s.00,)
s=1

K
= > ¥ (0nG-%6)° (4.22)

s=1i€G,
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In orderto approximateeq.4.22with afunctionwhichis quadratiovith respecto
themotionparametersye smoothO;; with aGaussiarfilter with asmallvarianceand,
aswasthe casefor the intensities,we considerthe first-order Taylor approximation.
We will expresseq.4.22in away thatallows anincrementamotion estimation.More
specifically:

Ey(L,0,L7) ~
K

3N (05 G- %i(68) + VO; (i - % (6F))¥:(86,,))” (4.23)

s=1i€G,

Underthe approximation®f eq.4.20andeq.4.23theenegy functionC, (d, ©) is
quadratiowith respecto the motion parametersExpressingd as®© = 0% + AQ, the
correctionin themotionparametergd\@ is givenby solving:

VC. (d*,0F + A®) =0 (4.24)

where VC, is the gradientof C, with respectto the motion parameters.eq. 4.24
resultsin N linear systemswith six unknowns: onefor eachof the N setsof motion
parameter§,,.

4.3 Experimental Results

We have appliedthe proposedmethodin a numberof image sequencefn orderto
testthe validity of our approach.We presentresultsfor threesequences eachof
which different challengesarise. The first oneis the MPEG-4 validation sequence
“coastguard”. In this image sequenceve are presentedvith a complex scene,in
which four differentobjectsarepresent.The motionsof the objectsarequite smallin
magnitudewhich malkesthe distinction betweenthemratherdifficult. In the second
one, the “train” sequencewe are againpresentedvith a complex scenewith three
differentapparentmotion patterns. In this casethe motionsare large, a fact which
generatestrongocclusionsand even blurs the edgesof one of the objects. In order
to demonstratehe contrikution of the directionfield d, we presentresultsobtained
by consideringonly the forward direction, both in the motion estimationandin the
labelingphase Finally in thethird sequencehe“pig” sequenceye arepresentedvith
anindependentlynoving objectin a static background.The sceneis simple but the
moving objectexhibits small deformationdn shape andlarge rotationalcomponents
arepresenin the motion pattern.

4.3.1 *“coastguard” sequence

For the MPEG validationsequencécoastguard”, fig. 4.4(a)andfig. 4.4(b)depictan
original frameandthe correspondingalidationlabelfield whichis usedonly for illus-
trative purposes.Given this labeling maskfour differentobjectsare presentnhamely

the “water”, “left ship”, “middle ship” andthe “shore”. The camerafollows the ship
in the middle, while anothershipis enteringthe scene Thewaterof theriver globally
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@) (b) ©

Figure4.4: The 14th frame of “coastguard” sequencethe correspondingalidation
labelfield andthewatershedsegmentation

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

The resultof the watershedsegmentationis depictedin fig. 4.4(c),wherean area
with constanintensityrepresents watershegegment.Our primarygoal of obtaining
awell-localized,edgepreservingsggmentatioris largely achieved. Exceptof thethin
mastof theshipenteringthescenegachwatershegegmentbelongsentirelyto asingle
object,aresultwhich validatesour choiceof usinga smallstructuringelement.

Figure4.5: Labelfields for the 10th frame of the “coastguard” sequencat external
iterationsl, 2, 3 and5

The initialization of the motion parametergor the 10th frame were obtainedby
an estimationbasedon the robust clusteringdescribedn chapter3. Almostidentical
resultswere obtainedby settingsettingmanuallythe horizontaltranslationalcompo-
nentsof the motion models(i.e. parameters) to 1, 1.8,-0.5and1.3for the “water”,
“left boat”, “middle boat” andthe“shore” respectiely. In fig. 4.5we presenthelabel
fieldsobtainedatthe endof successie externaliteration,with thetemporalconstraints
disabled.The algorithmis capableof distinguishingthe differentobjectsin the scene
by groupingsuccessfullythe watershedsegmentsinto regionsthat move in the same
way. Both of theshipsarewell localizedandthe “water”is separatedrom the“shore”
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exceptfor the partwhich s closerto the shore.Thelatteris probablydueto the differ-

encein depthbetweerthe partsof the waterthatarecloserto the cameraandthe parts
thatarecloserto the shore.The maindifferencewith the “groundtruth” segmentation
of fig. 4.4(b)remainsthetrail of the shipin the water which in our casewasmemged
with the big “water” segment. However, it is questionablewithout any semantiaea-
soning,whetherit is possibleto classifywith the samelabelthe shipandatrail whose
apparenmovements quitearbitrary In comparisonye have disabledthe spatialcon-
straintsandappliedour methodwith the sameinitializations. The resultinglabelfield

is depictedin fig. 4.6. In the absencef spatialconstraintsthe motion of the “water”

cannotbe estimatedwell, a fact which resultsin misclassificationandin a “noisy”

labelfield.

Figure4.6: Labelfield for the 10th frame of “coastguard” sequencewithout spatial
andtemporalconstraintsLabelfields arepresentedt externaliterations2 and4

In orderto obtaina good separatiorof the “shore” and the “water” we enabled
thetemporalconstraintasinga labelmapfor frame9, which wasobtainedby setting
manuallythemotionparameterandapplyingonly thelabelingphase Then,for frame
10, noinitialization wasusedfor themotionparametersi.e. they wereall setto zero).
Thelabelfield whichis usedfor frame9 andthefinal labelfield obtainedfor frame 10
arepresentedn fig. 4.8 andthe evolution of the horizontalmotion componenturing
theinternaliterationsis presentedh fig. 4.7.

3.5 y ;
Water ——
3r Left ship - 1
Middle ship ---x----
257 Shore a1
2 T o
- B B G B G Bl B )
15 &
1t/
05t/
g K Heonoig
-0.5 5 :
0 2 4 6 8 10 12 14 16

Figure 4.7: Evolution of the horizontaltranslationalcomponentg(3)) of the affine
motionmodelfor the 10thframeof the“coastguard”’sequence

In orderto illustratethetemporalbehaior of themethod we presenin fig. 4.9the
original framesandthe correspondingnagnificationsof the masksobtainedfor two
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Figure4.8: Labelfield usedfor the 9th frameof “coastguard”sequencandlabelfield
obtainedfor the 10thframeusingspatialandtemporalconstraints

shipsfor framesl10to 30, with astepof 10 frames.Themethodexhibits goodtemporal
stability, andthe edgesare well localizedin the subsequentabelfields. In fig. 4.10
we presentwith a stepof 5 frames,the labelfield andthe correspondingnaskof the
“shore” object.

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

Finally, we have appliedour methodassuminghatonly threeobjectsarepresenin
the scene We manuallyinitialized the horizontalcomponenbf the motion parameters
of theobjects'left ship”, “background’and“middle ship” to 3, 0.1andO0 respectiely.
In fig. 4.11(a)we presenthelabelfield obtainedat corvergencefor the 10th frameof
the sequencevhenbothtemporalandspatialconstraintsaredisabled.In the absence
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of temporalandspatialconstraintsve could not obtaina goodlocalizationof the two
ships,eventhoughtheresultsof fig. 4.6indicatedthatthis might bethe case For com-
parisonwe presenin fig. 4.11(b)the labelfield obtainedfor the sameframeandwith
the sameinitializationsbut with the spatialconstraintsenabled.Finally, in fig. 4.11(c)
we presenthelabelfield obtainedat convergencefor frame 11, with boththe tempo-
ral and spatialconstraintsenabled.For this framewe usedas L' the labelfield of
fig. 4.11(b).

Figure4.10: Labelmasksand“shore” sggmentfor framesl15, 20 and25 of the “coast
guard”sequence

@) (b) ()

Figure 4.11: Labelfields underthe assumptiorthat three objectsare presentin the
scene.(a) Labelfield for the 10th framewithout spatialandtemporalconstraints.(b)
Labelfield for the 10thframewith spatialconstraints(c) Labelfield for the 10thframe
with bothspatialandtemporalconstraints
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4.3.2 “train” sequence

Thealgorithmhasbeenalsotestedon the evenfield of theinterlaced'train” sequence.
Theoriginal fieldsfor frames10 to 33 with a stepof 8 framesarepresentedn the left
columnof fig. 4.12. The movementof the camerageneratesin apparenbackground
motionof about4 to 8 pixels perframe(dependingon the relative depth),onetrainis
moving with 6 pixelsperframeandthe othertrain with about45 pixelsperframe.Due
to thelargeapparenmotionlargeareasappearlnddisappeafrom thescenetheareas
in front andbehindthe secondrain aswell asareasat the bordersof theimage. For
the samereasonthereareareashateven appearnly for oneframe,for examplethe
areabetweerthewagonsof trainin theforeground(“train two”).

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

We presentresultsfor 24 framesof this sequencenamelythe frames10 to 33,
with a stepof 8 frames. In fig. 4.12the original framesandthe correspondindabel
fields aredepicted. In fig. 4.13the masksfor the two trainsandthe backgroundare
alsopresentedThe algorithmexhibits goodlocalizationpropertiesandthe areasthat
appearand disappealare also classifiedsuccessfullydue to the bidirectionalway in
whichwe validatethemotionhypothesesProblemsccurmainlyin theareadetween
the wagonsof thetrain in the foregroundthatappearonly for oneframe. Sincethere
is no correspondencia the previousor in the next frameandthe temporalconstraint
is alsoinvalid, theseareasarelik ely to be misclassified. The valuesof z. andz; were
manuallysetto 4.5and2 respectiely andthealgorithmwasappliedconsideringrame
10 asthefirst frameof the sequenceResultsfor frame 10 wereobtainedwith arough
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manualinitialization of the horizontalmotion component®f the 3 differentobjectsto
35,5 and-5 pixels/frame For thatframe,thetemporalconstraintsveredisabledsince
the labelfield of the previous framewas not available andthe value of z. wassetto
6.5. Thecorrespondindabelfield for the sameinitialization of the motion parameters
andwith the spatialandtemporalconstraintglisableds depictedn fig. 4.14.

Figure4.13: Objectedgessuperimposedntheoriginal framesl10and26 of the“train”
sequence

Figure4.14: Labelfield for train sequencebtainedwithout spatialandtemporalcon-
straints

In orderto demonstrat¢he influenceof the bidirectionalway in which the motion
hypothesesre estimatedand validated,we presentexperimentalresultswhich were
obtainedby setting{d; = 1,s € [1...K]}. In thisway only the forwarddirectionis
considered.In fig. 4.15we presentthe edgesof the correspondindabel field super
imposedon the 10th frame of the sequence This is to be comparedwith the results
presentedn fig. 4.12andfig. 4.13. Misclassification®ccurin the areaghatarecov-
eredin thenext frame(frame11), namelytheareasn front of thetwo trainsaswell as
in theright edgeof thefield of view.

In orderto illustratethe internalsof theiterative proceduresndto provide insight
in whatdegreethemethoddepend®ntheinitializations,we have appliedthealgorithm
at the 10th frame of the sequenceavith a badinitialization for the motion parameters
andhave disabledthe temporalconstraints.The horizontalmotion component®f the
3 differentobjectsweremanuallyinitialized to 13,0, and0.2 (“train 2", “background”
and“train 1" respectiely) andthe parameterz, was manuallysetto 4.3. A worse
initialization of the motion parametersr a highervalueof z. causeshe“train 2” and
the“backgroundto meme. In generalpurexperimentsndicatedthatwhenthemotion
parameterarebadlyinitializedit is betterto choosealowervaluefor theparametek..
However, evenwith thesemarginal initializationswe wereableto obtainareasonably
goodestimateof the labelfield and of the motion parametersin fig. 4.17 we present
thelabelfields obtainedat differentstagef the externaliterationsandin fig. 4.16we
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Figure4.15: Objectedgesuperimposednthe 10thframeof the“train” sequencevith
forward motion estimationandlabeling({ds; = 1,s € [1... K]}). Theabsencef a
correctmatchin the next framecausesnisclassificationin occludedareas.
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Figure4.16: Evolution of the horizontaltranslationacomponent$d(3)) of the affine
motionmodelfor the 10thframeof the“train” sequence

presenthe horizontalmotion componentobtainedat subsequenapplicationsof the
motionestimatiorattheinternaliterations.We shouldnotethatthe motionparameters
thatwe have obtainedn this way area muchbetterinitialization thanthe onewe used
to obtaintheresultsof fig. 4.12.

4.3.3 “pig” sequence

In the “pig” sequencewhich was obtainedfor the needsof a projectfor monitoring
animalbehaior, a pig is moving againsta static backgroundwith slowly changing
illumination conditions.Thereis strongrotationin someof theframesof thesequence
anddeformationf the body of the pig. Moreover, the assumptiorof rigid motionis
violatedin areadik e thepig’s earsandlegs. In fig. 4.18thelabelfieldsfor frames411,
416,421 and426 are presented.The localizationaccurag andthe temporalstability
are presered, even thoughthe motion of the pig changequite fastandin a strong
rotationalsense.However the motion of the earsandthe leg, in somecasesdeviate
significantlyfrom the estimate¢parametrianodelandmeimgewith the background.
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Figure4.17: Labelfields at subsequengxternaliterationswith a badinitialization of
the motion parameteranddisabledtemporalconstraints.Top left: Maximum Lik eli-
hoodlabeling (without spatialandtemporalconstraints).Top right: Labelfield atthe
3rd externaliteration. Bottom left: Labelfield at the 6th externaliteration. Bottom
right: Final labelfield (12thiteration)

Figure 4.18: Original framesand masksfor frames411, 416,421, 426 of the “pig”
sequencé¢Courtesyof R. Griekspoor)

4.4 Conclusions

In this chapterwe proposeda methodfor motion-basedsegmentationof video se-
guencesin which spatialandtemporalkonsisteng is expressedn termsof interactions
betweersggmentghatresultfrom aninitial intensitysegmentation As ameandor the
initial intensity segmentationwe useda watershedsegmentationalgorithm. Using a
smallstructuringelementfor the morphologicalsimplificationof eachframewe were
ableto preserethe significantedgesandto achieve high localizationaccurag.

We have definedin a formal way the spatialandtemporalinteractionsetweerthe
watershedseggmentsby building a modelfor the labelfield basedon the notion of the
Markov RandomFields. We expressthe labeling problemasan optimizationproblem
with respecto thea posterioriprobability of thelabelfield. We proposeathree-frame
approachn orderto dealwith occlusionsanddevelopaniterative optimizationscheme.
The relation of our methodwith pixel-basedapproachefiasbeendemonstratedy
consideringhe degeneratease wheretheintensitysegmentscontaina singlepixel.

We have presentedesultsfor variousimagesequencesyhich shav thatwith the
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proposedmodelingit is possibleto group segmentsthat resultfrom a “fine” initial
segmentation pasedon motion information. The proposedmethodexhibits goodlo-
calizationpropertiestemporalstability anddealssuccessfullyith motionocclusions.

For future work, an explicit treatmentof the occlusionsand more specifically of
occlusionsin the previous frame could be beneficial. This implies the identification
of sggmentsthathave just appearedn the sceneandthe relaxationof the assumption
of the temporalcontinuity of the labelfield in suchcases.The directionfield could
provide the basisfor analysisin thatdirection.

The relaxationof therigidity assumptiorthatis imposedby the affine parametric
model would be an interestingdirection to follow. In the motion-basedsementa-
tion framework sucharelaxationusuallyinvolvesthe assumptiorihatthe motionfield
variessmoothlywithin eachobjectandthatobjectedgesoincidewith motiondisconti-
nuities.In our paradigm(i.e. amodelappliedona“fine” initial intensitysegmentation)
suchanextensionis notabig step.

Finally, the automaticdeterminatiorof the numberof the objectsin the directions
thatwe have outlinedin section4.1 might beaninterestingextension.
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Chapter 5

Semi-automaticStatistical
Segmentation

In thelasttwo chapterswve presenteanethodsvhich discriminatebetweerthe objects
that composethe sceneon the basisof their kinematicbehavior. The latter was as-
sumedto follow a parametricmodelof low order Althoughwidely adopted sucha

modelis not sufficient to describenon-rigid complex motionssuchashumanmotion.

Furthermoredependingon the applicationandthe userthe goal of the sgmentation
mayvary. It may be the casethat motioninformationaloneis insufiicient to discrim-

inate betweernthe objectsin the scene. Therefore,additionalsourcesof information
suchas color and/ortexture shouldbe usedand a model on the color and/ortexture

propertiesshouldbe adopted As far asthe orderor the generalityof themodelis con-
cernedwe shouldnotethat,in theabsencef a priori knowledgeaboutthedomain the
adoptionof alow-ordermodelis morerestrictve thanin the caseof motion. Following

the discussiormadein theintroduction(fig. 1.1) the adoptionof a modelof a higher
orderwill comeatthecostof a higherdegreeof userinteraction.

In this chaptemwe present semi-automatienethodfor labelingimagesequences
The goalis the developmentof a methodcapableof segmentingcomplex scenesnto
objectswhosecolor andmotion attributesvary. An outline of the proposednethodis
illustratedin fig. 5.1. The methodoperatesat threelevels. At Level 1 (pixel level) a
featurevectoris estimatedor eachpixel in the currentframe. At Level 2 (sggment
level) a color sggmentatiormethoddecomposethe currentframein anumberof color
segments. Subsequentiywe estimatethe statisticalpropertiesof the color sggments
underthe assumptiorthat the featurevectorsat pixels inside the samesegymentare
generatedy the sameprocesswhich is modeledasa multivariateGaussian.Finally,
at Level 3 (objectlevel) a labelingbasedon a probabilisticclassificationof the color
segmentstakesplace. The labelingimposesa “commonfate” to the pixels belonging
to the samecolor segment. The classifications basedon local statisticalmodelingof
the color andmotion propertiesof the objectsin the scene.We modelthe conditional
probability of motionandcolor giventhelabelfield, in a window aroundthe centerof

1Thebasisof this chapterappearsn [92]
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eachsegmentasa mixture of multivariateGaussiansggachonegeneratedby a different
object.By modelinglocally thedistribution andthea priori probability of eachobject
we areableto represenbbjectswhich exhibit variationsin motion, color andspatial
characteristicsThe classificatiorcriterionis the maximizationof thejoint probability
of the labelfield andthe obsenations(i.e. featurevectors),with respecto the label
field. For themaximizationadeterministidterative local searchalgorithmis employed.

The assumptiorof local homogeneityin color and motion attributes,asopposed
to theassumptiorof global homogeneityallows the modelingof objectswith varying
characteristicdut at the sametime it also introducesa degree of uncertainty The
reasoris thatthereis nota uniqueandrobustway of defininganobjectwhich attributes
arenot homogeneousin orderto dealwith it, we resortto userinteraction. For the
first frameof the sequencadescriptionof thelocal statisticalpropertiesof theobjects
is built basedon a labelfield thatis initiated from a userspecifiedscribble. Thenthe
labelfield is trackedfor the restof the sequence.

=
Mty or |2
Frame t-1 _— 5 e
“\.& Watershed Label field U er-qriven
Motion ||| c&ednelsiE - abeling
Estimation’ gmentation
Frame t ‘ Color ||
| lcomponents
5 =
Segment color-mati in Statistical labeling of
§stgtisﬁcal properﬁeg Watershed segments
LEVEL1 | LEVEL2 | LEVEL 3

- (Pixel level)  (Segment level) | (Object level)

Figure5.1: Outline of the semi-automatienethod

Theremaindeiof the chapteris organizedasfollows. In section5.1 we briefly de-
scribethe color sgmentatiormethod,the userinteractionandthe motion estimation
algorithm.In section5.2we describeéhelocalmodelingof thefeaturevectorsdistribu-
tion andin section5.3we formulateandsolve thelabelingasanoptimizationproblem.
In section5.4the projectionprocedureas describedln sections.5experimentaresults
arepresentedndin section5.6 conclusionsanddiscussiorfollow.

5.1 Feature Extraction and User Interaction

In this sectionwe will discusgtheissueselatedto thefirst two levelsof the proposed
method aswell asissuegelatedto the userinteractionphase.
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At thelowerlevel of theproposednethod(Level 1in fig. 5.1),for eachpixeliin the
currentframeafeaturevector x; whichcharacterizeis colorandmotionpropertiess
defined.Thefeaturevectorhasfive componentsonefor eachof thethreedimensions
of the chosencolor spaceandtwo for the horizontaland vertical component®of the
motion.

As far asthe motion estimatoris concernedwe shouldnotethatthe generalityof
theproposedpproachs notlimited by theuseof a specificmotionestimationscheme.
However, sincewe dealwith color imagesequencesve favor motion estimatorghat
incorporatesuchextra information. In principle, color motion estimatorcancomeas
extensionof standardntensity-basednotion estimatorg44]. While intensitymotion
estimatorsattemptto minimize an error measurebasedon the motion-compensated
intensity difference,color motion estimatorsattemptto minimize an error measure
basedon the correspondingnotion-compensatecblor difference.Consequentlythe
definition of color differencerequiresa definition of a distancemetricin the adopted
colorspaceln principle,thecolordistancemetricshouldbedependendnthechoiceof
the color spacdtself. In the context of ourwork, we chooseheLu*v* colorspaceand
theEuclideardistanceLu*v* wasdesignedaving thisdistancemetricin mind, sothat
the quantitatve measureof differencesn color reflectthe correspondingperceptual
differences.

More specifically in our motionestimationrschemeve aim atadensemotionfield,
thatis, attheestimationof amotionvectorv; for eachpixeli in thecurrentframe.We
adopta rectangulasupportregion (B;) aroundeachpixel in questioni andaim atthe
minimizationof the motion-compensatemhean-squareolor difference Formally:

1
Vi = arg min B Y DCG,j-v) (5.1)
ien;

whereDC(j,j — v) is themotion-compensatecblor differencein Lu*v* color space
betweenpixel j in the currentframe andj — v in the previous frame. In orderto

minimize eq. 5.1 we employed two estimationmethods.The first is a searchscheme
commonlyemployedby block-matchingnotionestimatorg[75], [13]). In thesecond,
the solutionis derived by differentiatingwith respectto the unknavn motion vector
[60Q]. Thelatterscheménasbeenwidely usedin theliteraturein intensity-basedhotion

estimatorsandis computationallyery attractive. In orderto dealwith motionsof large

magnitudewe incorporatedothscheme#n a multiscaleframework.

At the next level of the proposedmethod(Level 2 in fig. 5.1) a statisticalrepre-
sentationof the color andmotion propertiesof sggmentsthatresultfrom a color sey-
mentationmethodis built. Like in the previoustwo chaptersthe color sgmentsare
the building elementsof the objectsin the scenethatis, eachobjectis definedasa
collectionof color segments. For its localizationaccurag andits low computational
compleity we choosethe watershedalgorithmto obtainthe color segmentation.The
latter is applied on the morphologicalgradientof the color image[100], wherethe
morphologicalgradientat eachpoint is estimatedasthe differencebetweernthe mor-
phologicalopeningandclosingoperatorseachof which is appliedseparatelyo each
of thethreecomponent®f the color frame[45]. Likein the previoustwo chaptersave
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aim at a consenrative color sggmentation. As wasthe casein the motion estimation
schemewe usethe Lu*v* color spaceandthe Euclideandistanceas a quantitatve
measuref color differences.

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

Oncethe color segmentationphaseis over we build a statisticalrepresentatiowf
the color and motion propertiesof eachcolor segment. Adopting the terminologyof
the previous two chaptersJet us denotewith s € [1... K] the sggmentsthat result
from theinitial color sggmentationphaseandwith G, the setof pixelsin sggments.
We assumehatthefeaturevectorsatthe pointswithin eachsegments areall generated
by the sameprocess Assumingthatthis procescanbe approximatedvithin the color
segments with a multivariate Gaussiarwe estimateits parametergi.e. meanvector
andcovariancematrix) ¢, with aMaximum Lik elihood estimator Assumingthatits
componentarenot correlatedve consideronly the diagonalof the covariancematrix.
Let usthendefinetwo generaloperatorsu4(.) andog(.) thatreturnthe meanandthe
deviation of the d-th (d € [1,...,5]) componentof the multivariate Gaussiarthat
receie asargument,respectiely. Thatis, uq(¢s) andog(ps)? arethe (scalar)mean
andthe varianceof the d-th componenbf the multivariateGaussiarwith parameters
s

The assumptiorthat the featurevectorswithin the samecolor sgmentaregener
atedby the sameprocesss violatedonly in the casethattheinitial color segmentation
violatesthe objectedges. Sincethe structuringelementfor the appliedmorphologi-
cal operatords very small (3x3) a violation of an objectedgeis not likely to occur
The latter assumeshat a color edgeis a necessargonditionfor an objectedge. On
the otherhand,the assumptiorthatthe procesghat generategachfeaturevectoris a
multivariateGaussians a designassumptionAs such,it canbeviolated,for example
in situationswherethe motion patternhaslarge rotationalcomponentsvhosecenter
of rotationis very closeto the segmentin question.In suchcasesa parametrianodel
would be moreappropriate However, giventhatthe sizeof theinitial color segments
canberathersmallin generale.g.fig. 5.2),a higherordermodelwould introducethe
problemof dimensionality A low-ordermodelis morerobustandlessproneto fit to
thenoise.

At thehighestevel of theproposednethod(Level 3in fig. 5.1) eachcolor sgment
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is labeledwith anobjectlabelin aniterative optimizationprocedurevherethe label
field andthelocal statisticalpropertiesof the objectsin thescenearejointly estimated.
Herewe will discussissuesrelatedto the initialization of the label field for the first
frameof the sequenceFor thatframe,a userinteractionphases employed. We keep
thatphasesimple,shortandintuitive for the userby requiringthedrawing of ascribble
[22] [119] overtheobjectsin thefirst frame.We usethe users scribbleasmarkersfor
awatershedilgorithmappliedon the color gradientof thefirst frame. An illustration
in the one-dimensionataseis depictedin fig. 5.3. Loosely speaking,object edges
aredeclaredat the pointsof highestgradientbetweenthe markers. This producesan
initial labelfield whichis usedfor initializing thelocal modelparameterandthelocal
a priori probabilitiesfor eachobject.

Object bord rS\

Gradient magnitude

Spatial position
User defined scribbles

Figure 5.3: Userdefinedscribblesusedas markers by a color watershedalgorithm
(1-D case)

In comparisorto our approachChalom[22] alsoengages userinteractionphase
with scribbles.In thatwork the statisticalpropertiesof the objectsareestimateconly
alongthe scribbles. However, this requiresa careful specificationof the scribblesto
ensurehatthefeaturedistribution alongthemmatcheghe featuredistributionsof the
underlyingobjects.

5.2 Local Mixtur e Modeling

At the highestlevel of the proposedmethod(Level 3 in fig. 5.1) the color sggments
arelabeledaccordingo thelocal statisticalcolor andmotion propertiesof the objects.
Statisticakepresentationsf thecolorandmotioncharacteristicef anobjecthave been
usedin the literature(e.qg. [22] [85]) for sgmentingandtrackingobjectsin complex

scenesBothin [22] andin [85] a mixture of Gaussiansgs usedto modelthe colorand
motionfeaturesandin bothof themthelabelingis performedper pixel.
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Figure5.4: Supportareafor local models

In the framework of our methodwe modelthe color andmotion characteristicef
eachobijectlocally. More specifically aroundeachsegments we definea rectangular
(C, ) with centerthe centerof massof segments (fig. 5.4). This rectangulaC, is the
supportarea(or neighboringstructure)which will be usedfor building thelocal distri-
bution of motionandcolorfeaturedor eachof theobjectspresenin C,. Thesizeof the
rectangulais adaptve to the sggments size;its dimensionsaretakenasthe multiples
of the horizontalandvertical deviations of spatialcoordinatesf pixels belongingto
thesegmentin question.Themultiplicand,denotedvith «, is auserdefinedparameter
that controlsthe degreeof the locality of the model. Assumingthat the distribution
of the featurevectorsfor eachobjectn within C; canbe modeledwith a multivariate
Gaussianthetotal distribution within C, is amixture of GaussiansLet usdenotewith
S, the setof sggmentswhich intersectwith C; (i.e. S5 = {s' : Go NCs # 0}). Let
usalsodenotewith L = {l; : s € [1... K]} thelabelfield, wherel, is the label of
segments.

In whatfollows we will formally definethe joint probability of the labelfield and
thefeaturevectors.An optimizationof thejoint probabilitywill providethefinal label
field [108] [5]. Adoptingtheterminologyof the previouschapters|et usassumehat
thereare N objectsin the scenewhere N is specifiedby the userin the interaction
phase.Let us denotean objectlabel with n, wheren € [1...N]. Let usalsodenote
with 85, (L) the parametersf the Gaussiardistribution aroundsegments for the ob-
jectwith labeln. Notethatin contrasto the previoustwo chapter®) doesnot denote
the parameter®f a motion model. Let us alsodenotewith =, (L) thelocal a priori
probability of the objectn. Note the dependencef 6,, (L) andr,, (L) on the label
field. Oncethelabelfieldis given,fs,, (L) andr, (L) areestimatedvith theMaximum
Lik elihoodestimatorfor eachobjectn thatexistsin Cs. More specifically 7, is the
percentagef pixelsin C, with labeln. In thesamewvaythemeanandthevariancecom-
ponentf §,,, arethe estimatedneanandvarianceof the dataatthe pointsof C, with
labeln. Finally let usdefine® as® = {(0sp,7sp) : s € [1...K],n € [1...N]}.
Thisis thesetof theparametersf the local modelsandsene asthe descriptionof the
objects’properties We assumeahatthea priori probabilitythata pixel i belongsto an
objectn is the samefor all the pixelsi’ in the samecolor segments.

Undertheabove assumptionghejoint probability of the obsenations(X = {x;})
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andthelabelfield (L = {I,}) is givenby:

P, ) = PXIDPE) = [T pclbn(D) T 7o) (5.2)

wherethe pixel i belonggto the color sggments andl; = n. Theproductis takenover
all pixelsi in thecurrentframe.

Oncethe labelfield is known the P(X, L) canbe estimatedn a straightforvard
way.

The parameter which controlsthe degreeof locality is the only parametein our
formulation. Concerningthis parameterlet us notethatin the degeneratecasethat
a — o0, thenall C; containthewholeimageandthe modelingimpliesthatthefeature
vectorsof eachobjectfollow a unimodal multivariateGaussiardistribution. In that
case the closerthe featurevectorto the meanof the object,the higherthe probability
that the correspondingixel hasthe label of the objectin question. That modelis
equivalentto a global, low-order modelandis obviously capableof describingwith
sufficient accurayg a ratherlimited rangeof objects,for exampleonly translational
motion patterns.On the otherhand,asthe size of the supportareaC, decreaseshe
degreeof locality of the modelincreases.In this way we are ableto modelobjects
having variationsin their color andmotion characteristicge.g. humans).In the way
that the supportareasC, are definedthe local modelingimplies that the color and
motion characteristicareonly locally homogeneousSuchanassumptioris essential
for assigninghe samelabelto sgmentswith similar color andmotioncharacteristics.
In the extreme casethat the supportareaC, is smallerthanthe color sgmentitself
(i.e. a < 1), thelocal modelonly influencesandis influencedby the color sggmentin
guestion.In thatcasethelabelof thecolor sggmentdoesnot effectthejoint probability
of thelabelsandthe obsenrations.

5.3 Maximization of Joint Probability

The labelingcriterion is the maximizationof eq.5.2. This is equivalentto the maxi-
mizationof its logarithm.

L(X,L) =In( Zlnp X;|0sn (L Zln Tan (L)) (5.3)

We employ aniterative local searchalgorithmwhich generatea sequencef label
fields L* (wherek denotegheiteration)thatincreasehelog-likelihoodfunction. The
optimizationprocedurealsoinvolvesthe initialization of the labelfield (L°). For the
first framethis is provided asthe resultof a watershedsegmentationprocedurethat
usesmarkers extractedfrom the userspecifiedscribbles. For eachof the remaining
framesof the sequencel? is obtainedfrom the estimationof the labelfield from the
previous framewith a projectionschemedescribedn section5.4. An outline of the
whole procedurds depictedn fig. 5.5.

In theiterative local searctoptimizationschemegivenalabelfield L* we examine
possibleperturbationsf thelabelfield (L*+') andcalculatethe logarithmof thejoint
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Figure5.5: Outline of thelabelingprocedure

probability of the perturbedabel field andthe obsenations(eq.5.3). We acceptthe

perturbationghatincreasethelog-likelihoodfunction. In orderto reducethe compu-
tational costwe examine perturbationsonly alongthe bordersbetweenthe different
objects(asdefinedby L*). Furthermorealongthe bordersof the objectsaretheloca-
tionswheremisclassificationsireto be expectedin the initialization of thelabelfield

(L°). For thefirst framemisclassificatioroccurdueto the imprecisionsin the users

scribbles For therestof the framesmisclassificationgn the L° resultdueto the short-
comingsof the projectionschemeaswill bedescribedn section5.4. Thefinal label
field is obtainedwhenno changeof the label of a color segments alongthe borders,
increaseghe log-likelihoodfunction. Sincethe log-likelihoodfunction hasan upper
bound,the stoppingcriterionis guaranteedo be met. An outline of theiterative local

searctoptimizationschemes depictedn fig. 5.6.

Themaximizationof L(X, L) with theiterative local searchalgorithminvolvestwo
stepg(fig. 5.6). First, by changinghelabelof asegments’ from n ton’, the (85, 7sn)
and (0., ms, ) for all sggmentss : s’ € C, needto bere-estimated.In the second
step,the joint probability of thesesegmentss giventhe new valuesof (6,,,, 7s,) and
(0snr, sy ) areestimatedHowever, theseestimationsaarecomputationallyintensive if
they areto be performedat pixel level. We will utilize the statisticalrepresentationf
eachsegmentto estimatehemefficiently. More specifically we will expresshemasa
functionof thesggmentparameters. To dosowewill needsomeextranotation.Let
usdenotewith P(s'|C;) the probability of asegments’ givenasupportareaC;. This
canbeestimatedasthe percentagef C, thats’ occupieqfig. 5.4). Thatis,

P(s'|Cy) = 7|GS|'CQ|CS| (5.4)

Giventhelabelfield andthe parameter®, let usestimatethelog-likelihoodfunc-
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Figure5.6: Outline of theiterative local searchmaximizationprocedure

tion by rearrangingeq.5.3.

K

K
LX,L) =Y > Inpxilfsn(L) + Y D In(men(L)) (5.5)

s=14i€G, s=1ieG,

K K
= Y |Gsl€iec. {Inp(xilfsn (L))} + Y |Gs| In(men (L))

s=1

For estimatingthe expectedvalueof In p(x;|6s, (L)) we utilize thefactthatx; are
assumedo be generatedy a procesdollowing the Gaussiardistribution parameter
izedby ¢; . By denotingeachcomponenbf the Gaussiarby d andaftersomealgebra
we obtainthat:

ot

Eiea. {np(xilfsn(L)} = — D In(V2roa(bsn)) (5.6)

d=1

(a($s) = pa(Osn))? + 0a(s)”
T

o |

d=1

wherethedependencef §,,, on L is omittedfor notationalsimplicity.

Let us now estimatethe parametergfs,,, ) giventhe labelfield L. 6, is the
meanand the varianceof the dataat pointsinside C, with labeln, and«, is the
percentagef pointsin C, with labeln. Let usexpresshemasfunctionsof themeans
andthevariance®f the sgments.

Ton = Y P(s|C:)5(ls = n) (5.7)
s'€Ss
pa(@sn) = (msn)™" Z P(s'|Cs)Eieq,, {xi0(li =n)}
s'€Ss
= (@)™t D P(1Co)pa(¢w)d(ls = n) (5.8)
s'€S,
Ud(‘gsn)2 = (Wsn)_lgiecs {(Xi - Hd(esn))25(li = ’I’L)} (5.9

= (Wsn)_l Z Iy = ”)P(8’|CS) (Nd(¢5’)2 +Ud(¢8’)2) _Nd(esn)2

s'€Ss
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Equations5.7-5.9 provide us in analyticalform the parameterof the probabil-
ity distribution in C; asa function of the statisticalrepresentationg,: of the color
segmentss’ thatintersectwith C;. In a straightforvard mannerwe canderive from
themthedifferencein theseparametersausedy the changeof thelabelof a sggment
s' € Cs. More specifically supposehatthe label of a sggments’, haschangedrom
n to n'. Thenthe parametersf thelocal modelfor objectn aroundsegments (where
Gs Cs # () aregivenby:

o = 7% p(s|Cy) (5.10)

sn
1

Ngm(gsn) = new [Ngld(esn)ﬂ'glr? - P(s'|C8),ud(¢3:)] (5.11)

sn

7Told

O_gaN(esn)z — ﬂ% [agld(asn)2+ugld(asn)2]
- W:EW [0a(¢s)? + pa(psr)?] P(s'ICs) — pg (Bsn)”  (5.12)

sn

Usingeq.5.6 we canthenderive the differencein thelog-likelihoodfunction.

5.4 Object Projection

Oneof the mostimportantissuesn the segmentationof imagesequencess the tem-
poral cohereng of the labelfield. Thatis, how consistenthe labelfieldsarein time.
Dealingwith this issueinvolvesestablishinga link betweenthe labelfield at the cur-
rent frame andthe label field at the previous frame. This is usually achieved with a
motion-basegbrojectionin thelabelfield estimatedat the previousframe.

In ourapproachthetemporalconsisteny affectsthelabelfield atthefirst iteration,
thatis, the constructionof L°. For eachframe of the sequencexceptthe first, each
segments is projectedn the previousframeandthe parameter§,,, andr,,, (for each
labeln) areestimatedocally aroundthe projectionarea(fig. 5.7). Then,we assignto
segments thelabelwhich maximizesthejoint probability of the obsenationsin s and
its label.

,,,,,,,,,, Object 2 Object 2|
Ja B Segments
Objectl > Object 1
Frame t-1 Frame t

Figure5.7: Projectionof sggments in thelabelfield of the previousframe

More specifically thewindow in which the parameter$,,, andr,, areestimated,
is constructedaroundthe projectionin the previousframeof the centerof massof the
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color sggments. The dimensionof the supportwindow aredeterminechsmultiplica-
tivesof thedeviationsof coordinate®f the pixelsbelongingto sggments. We should
notethatit is essentiathatwe do not considerthe local modelestimatedat the previ-
ousframearoundthe color sggmentto which the sgmentof massof s projects. The
initial color-basedsementationcanvary from frameto frame,thusthe dimensionof
the supportwindow for the local model estimatedn the previous frame may be too
small or too large for a correctclassificationof sggments. For example,in fig. 5.7
segments is fragmentedn smallersegmentsin the previousframe. The local model,
estimatedn the previousframearoundthe segmentcontainingthe point of projection,
wasestimatedn a supportwindow which is too smallwith respecto the dimensions
of segments.

Oncethe parameterd,,, andr,, areestimatedwe assignto s the label which
maximizesthejoint probability of the obsenationsin s andthelabelitself. Formally:

ls = arg max H P(Xi|0sn)Tsn (5.13)
i€G,

In the projectionprocedurghe numberof thelabelsis considered&known andfixed
for the whole sequenceParts of the objectsthat are enteringthe sceneare classified
successfullyf their motionandcolor characteristicaresimilar to the onesof the seg-
mentsthatwerealreadyvisiblein the previousframe.However, eq.5.13doesallow for
theclassificatiorof sggmentsaspartsof anobjectthatjustappearsn thescene A new
label could be addedin casethejoint probability of eachlabeln andthe obsenations
in s is smallerthanathreshold.

Finally, let us note that in the way that the projectionprocedureis defined,the
effect that the inaccuraciesn the projectionand the occlusionphenomenaave, is
limited. Thatholdsbecauseéhe local modelsareestimatedover larger areashamely
the supportwindows, which do not have to belocalizedaccurately It suficesthatthe
supportwindow containsa sufiiciently large portion of the objectto which segments
belongs. Furthermorethe classificationis performedper segment,which makesthe
procedureobustto a smallnumberof inaccuratelyestimatedeatures.

5.5 Experimental Results

The methodhasbeentestedin a numberof imagesequences-erewe presentesults
for four of them,namelythe“claire” the “mother”, the “jardin” andthe “coastguard”
imagesequences.

For the “claire” sequenceave presentresultsfor two settings. In the first we de-
composethe sceneinto two objects,namelythe womanandthe background.In the
secondthefaceof the womanis markedat thefirst frameasathird object. In fig. 5.8
we presenthe first frame of the sequenc@ndthe watershedtolor sgmentationand
fig. 5.9 depictsthe userscribblesfor both settingsaswell astheinitial labelfield L°
for the threeobjectssettingare depicted. It is clearthat the conserative watershed
segmentationprovidesgood edgelocalizationandthat objectedgesare not violated.
Furthermoretheuserscribblesneednotto beveryaccuraten thecasethatwe aimata
segmentationn two objects sincethe color structurein the backgrounds ratherpoor.
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In the casethata separatiorof the facefrom the body andthe hair is desired,a more
carefulinitializationis required.

(2) Originalframe (b) Colorwatershedegmentation

Figure5.8: Original frameandcolor sgmentatiorof “claire” imagesequence

In fig. 5.13we presenthelabelingresultsfor 75 frameswith astepof 15frames.In
thefirst andthe secondcolumnthelabelfieldsfor eachof thetwo casesarepresented.
In thethird columnthebordersof theobjectsaresuperposednthecorrespondin@rig-
inal framesto demonstrate¢he localizationaccurag of the method. In both caseghe
labelfieldswerevery stablein time andthe bordersof the objectswerewell localized.

&

(a) Markers for two (b) Markers for three (c) Label field LO for
objects objects threeobjects

Figure5.9: Userspecifiedmarkersandlabelfield L° for “claire” sequence

For the“mother” sequencea segmentatiorinto five objectswasattemptednamely
the backgroundthe child, the face, the hair and the body of the woman. fig. 5.10
depictsthe first frame of the sequencethe watershedsegmentation the userdefined
scribbleandtheinitial labelfield L°. In fig. 5.14we presenthe segmentatioresults
for 75 frameswith a stepof 15 frames. Thefirst columncontainsthe labelfields and
the secondcolumnthe bordersof eachobjectare superposen the original frames.
The labelfield is quite accurateandthe borderswell localized. However, a number
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of misclassificationss alsovisible. In theframesbetweerframe45 and70 (threelast
rowsof fig. 5.14)sometimes partof thepicturein thebackgroundasmemedwith the
hair of the woman. This artifactis dueto the absencef a significantcolor edge,asa
resultof whichtheinitial color segmentatiorproduces singlesegmentwhich contains
both partof the hair andpartof the picturein the background Sincethe misclassified
areahasathin andelongatedhapesimplemorphologicabperation®n thefinal label
field would remove the problemin this specificcase[101]. A more generalremedy
would beto introducetemporalconstraintgn theinitial color sgmentationor in the
final labelfield. However, suchsolutionsrequireaccurateprojectionsof the borders,
which can be problematiceither dueto inaccuraciesn the motion estimationor due
to occlusions.For the samesequencemmisclassification®ccurwhenthe handof the
womanis introducedo the scenedueto the absencef reliabletemporalconstraints.

5)
WA

(8) Originalframe (b) Markers for five (c) Markers for five (d) Label Field L°
objects objects for five objects

Figure5.10: “mother” sequenceresultsfor thefirst frame

In the “jardin” imagesequenceave are presentedvith a complex scenein terms
of both motion andcolor characteristicsIn termsof motion the scenecontainsthree
distinctmotion patterns:The apparenbackgroundmotion dueto the cameramotion,
the quitearbitrarymotion of the waterof thefountainandthe non-rigidhumanmotion
of thetwo walking men.In termsof color, thecharacteristicef boththebackgrounds
well asthe two menexhibit variations. For this sequenceywe attempta sggmentation
into threeobjects,namelythe two men andthe background. The first frame of the
sequencethe correspondingvatershecdcolor sggmentationandthe usermarkersare
depictedin fig. 5.11. Sincethe sceneis rich in color structurethe conserative initial
color sgmentatiormethodresultsin an oversgmentatiorof the scene.On the other
hand,the edgelocalizationis very good. The scribblesdefinedby the userinteraction
aredepictedn fig. 5.11(c).

Theresultsof the labelingfor 15 framesof the sequencaredepictedin fig. 5.15.
In thefirst columnwe presenthelabelfieldsandin the secondcolumnthe bordersof
eachobjectaresuperposednthecorrespondingriginalframes.Theproposednethod
exhibits good localizationpropertiesand is ratherstablein time. Misclassifications
that occurin disclosuredareas(e.g. behindthe two men) do not propagateto the
subsequentrames. The main misclassification®ccurin thin, elongatedareas,such
asthe broomthat is carriedby the secondman (note that the users scribble marks
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(a) Original frame (b) Color watershed seg- (c) Objectmarlers
mentation

Figure5.11: Original frame, color sggmentationand users scribblesfor the “jardin”
imagesequence

the broomaspart of the secondman)andin areasthatjust appeaiin the scene.The
dimensionsof the supportareasthat have beenusedare 3.5 times as large as those
of the correspondingolor sggments. As a consequence areadike the broom,the
homogeneityf thelabelfield (implicitly imposedoy ther,,,) overcomeshecolorand
motionevidence(thelatternotbeingveryreliable). Thespatialhomogeneitys alsothe
reasorthatoccasionallyareadik e the headandtheleg of the first manmemewith the
background.On the otherhand,much smallersupportwindows producenoisy label
fieldswith isolatedsegments.

Finally, we presentresultsfor the imagesequencécoastguard”. The first origi-
nalframe,thecorrespondingvatersheatolor sggmentatiorandthe users scribblesare
depictedin fig. 5.12. In fig. 5.16we presenthe labelfieldsandthe correspondingu-
perposition®f the objectborderson the original framesfor 45 framesof thesequence
with a stepof 9 frames. The proposedmethodexhibits very goodtemporalstability
andlocalizationproperties.

5.6 Conclusions

In this chapterwe presentedh semi-automatienethodfor labelingimage sequences
basedon alocal model-basedtatisticalclassificatioralgorithm. An initial color seg-
mentationschemepartitionseachframe in a numberof segmentswhich are subse-
guentlylabeledon the basisof their color and motion statistics. The labelingis ex-
pressedas an optimization problem, wherethe criterion is the maximizationof the
joint probability of thelabelsandthe color andmotiondistribution within eachobject.
Limited userinteractionis requiredfor thefirst frameof the sequence.
Experimentaresultshave beenpresentedor four imagesequencesontainingob-
jectswhosemotionandcolor attributesshaw variation. We have testedour methodin
complex scenesvith moving camerasandhighly clutteredbackground We have pre-
sentedesultsfor rigid aswell asnon-rigidhumanmotionwithout a priori knowledge
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(a) Original frame (b) Color watershed seg- (c) Objectmarlers
mentation

Figure 5.12: Original frame, color sggmentationand users scribblesfor the “coast
guard”imagesequence

of thecontentof thescene Thelabelfieldsthatwereobtainedwveretemporallystable
andlocalizedquitewell.

The principle of the proposedmethodis quite simpleanda numberof extensions
could beincorporatedo increasdts performanceandto dealwith its weaknessesn
our opinion future researctshouldaim at two maindirections. Thefirst oneinvolves
the treatmenf objectsenteringthe scene(e.g. the handof the womanin fig. 5.14),
which in the currentframewnork are assumedo belongto one of the objectsalready
presentin the scene.Evenin the caseghat suchan assumptiorholdstrue a correct
classificatioris problematicsincetheenteringobjectdoesnotnecessarilypossessolor
and/ormotion characteristicsimilar to thoseof the objectto which it belongs.How-
ever, identificationof suchareasandthe assignmento themof a new label might be
aneasiertask. A new labelcanbe addedif thejoint probability of eachlabelandthe
obsenationsin the segmentin question(eq.5.13)is smallerthanathreshold.

The seconddirectioninvolvesa modelfor the temporalevolution of the statistical
representationsf the objects’propertiesor atemporallink betweensubsequenibel
fields. Bothmodelandlink aim athighertemporalkstability atthecostof alowerdegree
of adaptionto the data. Thefirst could be achievedin termsof Kalmanfiltering [20]
of the parametersf the Gaussiansthe secondby introducingtemporaldependencies
in thea priori probabilitiesof eachlabelr,, thatis, by definingthemasconditionally
dependenon thelabelfield of the previousframe.
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dadddd
daddd

Figure5.13: Resultsfor the “claire” sequenceFirst Column: The labelfield for seg-
mentationin two objects. SecondColumn: Labelfield whenthe faceis considereda
separat®bject. Third Column: Superpositiorof the contoursof thefaceandthe body
onthe original framesof the sequenceResultsareshavn 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: Superpositiorof the contoursof the
objectson the original framesof the sequenceResultsareshavn for framesl, 15, 30,
45,60and75
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i1

Figure5.15: Resultsfor the “jardin” sequenceFirst Column: Thelabelfield for seg-
mentationin threeobjects. SecondColumn: Superpositiorof the contoursof the ob-
jectsonthe original framesof the sequenceResultsareshavn for framesl to 15 with
astepof 4 frames.(a = 3.5)
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Figure5.16: Resultsfor the “coastguard”sequenceFirst Column: Thelabelfield for
segmentationin four objects. SecondColumn: Superpositiorof the contoursof the
objectson the original framesof the sequenceResultsare shovn for frames10, 19,

28,37and46 (a = 3.5)
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Chapter 6

Discussion

In the previousthreechapterswve proposedhreemethodsfor object-basedeggmenta-
tion of imagesequencesyhile in thefirst two chapterswve gave anintroductionand
a review of the relatedwork which positionedour work in the field. In this chapter
we attemptana posterioridiscussion/ealuationof thedesigndecisionghatwe made.
The purposeof this chapteris two fold: On the one handwe outline our contritu-

tions. Ontheotherhand,suchanevaluationsenesasa startingpoint for a discussion
for future research.Sucha discussiorextentsbeyond improvementsof the proposed
methods. It ratherexpresseghe authors personalview on someof the majorissues
in thefield. As such,it is not intendedasan exhaustve review andevaluationof the

differentapproaches thefield.

The chapteris organizedin a hierarchicalway in which we first discusscommon
designdecisionsin the developmentof the proposedmethodsand later we discern
betweenthem basedon their individual characteristics.The organizationof the dis-
cussionis depictedin fig. 6.1, wherethe nodesof the tree representhe discussion
items. At the higherlevel of the hierarchywe discussissuesrelatedto our proposed
paradigm:“fine initial intensity segmentation”- “labeling basedon modelsthat con-
siderthe intensity segmentsasprimary elements”.Subsequentlywe discernbetween
threemaindirectionsdependingon the level andtype of userinteractionthatthey re-
quire. Within the framework of the first directionwe discussaboutfully automatic
methods. Within the framework of the seconddirectionwe discusson issuesraised
whenthegoalis medium-level userinteraction.The motion-basedeggmentatiormeth-
odsthatwe describedn chapter3 andchapter4 follow thatdirection. Subsequently
we discernbetweerthemaccordingto the paradigmthey adopt: while the methodof
chapter3 separatethemotionhypothesisgxtractionphasdrom thelabelingphasethe
methodof chapter4 estimategointly the motion hypothesesndthe label field. Fi-
nally, within theframawork of thethird directionwe discussssuegaisedfor methods
thatrequirehigherlevel of userinteractionin orderto dealwith morecomplex scenes.
Sincethemethodof chaptel5 followsthatdirection,we build thediscussioraroundits
adwantagesndlimitations.
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Figure6.1: Organizationof chaptet6. Thediscussiortraverseghetreein a depth-first
way wherethe nodesof thetreerepresenthediscussioritems

6.1 Intensity segmentsaasprimary elements

In this dissertationve have proposedmnethodsthat utilize anindependentfine” ini-
tial intensity(color) sggmentation.Theresultingintensity(color) sgmentsareusedas
primaryelementdor the subsequentrocessingThe proposednethodscometo cover
thegapbetweermixel-basedpproacheandseggment-basedpproachesheretheini-
tial sggmentsarerelatively large. Let usdiscusson the meritsandthe disadwantage of
each.

At the one end of the spectrumare the pixel-basedapproaches.ln comparison
to the segment-basedpproachesvhich lie at the otherendof the spectrumthey are
characterizedby:

(a) High dimensionalityof the solutionspace.

(b) High degreeof ambiguityaboutthe labelingof a singlepixel dueto uncertainties
and/orinaccuraciesn determinationof featuressuchas motion-relatedones.
Thisleadsto higherdependencen spatialand/ortemporalconstraints.

Thesecharacteristicaisually lead to objective functionswith a lot of local minima
which areoptimizedvia complicatecoptimizationschemes.

At the otherendof the spectrumjarger segment$ canreducethe dimensionality
of the solution space disambiguatdhe estimationof propertiessuchas motion and

1To bemoreprecisethesizeof the segmentss not alwaystheissuein suchmethods Whatis relevantis
thattheinitial sggmentatiorprovidessegmentsfor which the propertieson which the labelingis performed,
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needto employ optimizationschemesvhich are,by far, lesscomputationaexpensve.
In comparisorto pixel-basedapproacheshey bring only advantagesundera single
critical assumptionthattheinitial segmentsdo notviolateobjectedges.

In ourview, it is difficult to guarante¢hatanintensitysegmentatiorschemewhich
is typically employedin orderto obtainsuchaninitial segmentationwill respecsuch
anassumptiorfor alarge numberof imagesequencesComplex scenesvhichinclude
objectswith high within-objectintensity/ color variationare difficult to be automat-
ically segmentedn a smallnumberof intensity sgments.Eventhe consenrative ap-
proachthatwe employedfailedin a numberof situations.

In this dissertatiorwe proposednethodghatutilize aninitial intensity(color) seg-
mentationthatin termsof granularitylie in the middle/highendof the spectrum.In
orderto dealwith theambiguitythat, possiblysmall,initial segmentamayintroducewe
introduceconstraintsn termsof modelsthat considerthe initial sggmentsasprimary
elements. More specifically in chapters3 and 4 we proposedmodelsthat consider
intra-sgmentdependenciesn the labelfield, while in chapters we proposedhe use
of local modelswhoseregion of supportextentsbeyond the bordersof the color sey-
ments.

Theintensity (color) sgmentatiorthat we proposedntroducesnformationabout
anintensity (color) edgein an early stage. In generalthe assumptiorthat an object
edgerequiresthe presencef anintensityedgecanbe violatedandwe will comment
on that latter in this section. On the otherhand,suchan assumptioris valid for the
large majority of video materialandto our opinion, is usefulto be emplojed. The
consenative approachthatwe appliedfor the initial intensitysegmentationwasjusti-
fied by goodlocalizationof theinitial intensity(color) segments.Furthermoretheuse
of intensity segmentsasprimary elementdncreasedhe robustnesanddecreasethe
computationatomplexity in comparisorio the correspondingixel-basedpproaches.
In chapter3 we have shavn comparatie resultsthatsupportour claim asfar asrobust-
nessandcomputationatomplexity areconcerned.

Theuseof aninitial segmentatiorposegproblemsto the extentthatobjectborders
areviolated. Sucha situationmight occurwhenpresentedavith imagesequencewith
objectswith high degreeof texture. An extremeexampleis motion of randomdot
patternavhich ahumanobsener caneffortlesslysegment.A possibleremedyfor such
situations,anda possibleextensionof our approachis to considerthe potentialbreak
up of anintensitysegmentwith criteriasuchasthe degreeof conformityto the motion
model.

Finally, let usnotethattheprinciple of theapproachhatwe proposes quitesimple
andcanbe possiblyappliedin othersimilar problemsnot necessarilffrom the same
domain. That holds mainly for the methodsproposedn chapters3 and 4 sincethe
methodof chapters is moreorientedto the the domainof video segmentation.If the
motion-basedsementationis seenas a clusteringproblem,we proposea two-stage
approachAt thefirst stagewe form smallinitial clustersbasecbn aconserativelocal
grouping.At thesecondstagewe applyaclusteringmethodwith primaryelementghe
initial groups.Sincethe dimensionalityof the problemis reducedn the secondstage,

arereliableenough.Since,usually thatincludesthe reliable estimationof a parametrianotion model,the
segmentsneedto beratherlarge. Of course dependingn the method differentdegreesof dependencen
theaccurag of theestimatecpropertiesarereported
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more powerful clusteringschemeganbe employed. Sincetheinitial groupingmight

beerroneoudt would bewisethatsuchschemesiddressobustnessssues.Theadvan-

tagesof suchanapproachwasclearlyillustratedin the motion hypothesegxtraction
phaseof chapter3. However, sincewe do not have experimentalresultson datafrom

anotherdomain,suchadiscussiorshouldbeseenin thecontext of possibleaxtensions.
Furthermorewe shouldnotethatin our domain,the featurethathasbeenusedfor the

initial conserative groupinghasvery goodlocalizationproperties.

The methodsproposedn chapters3 and4 attemptan object-basedegmentation
adoptingglobal parametric modelsof low orderof theobjects’motioncharacteristics.
On the otherhand,the methodof chapter5 baseghe labelingon the local statistics
of color and motion. This changein the compleity of the assumednodel comes
asa trade-of betweenautomationand the complexity of the object’s properties. In
whatfollowswe will attemptadiscussioronissuegaisedfor threemain cateyoriesof
approachesfully automaticmethodsmethodsthatrequirelow-level userinteraction
andmethodghatrequirehigherlevel userinteraction.

6.2 Fully automatic methods

Fully automatednethodsthat canbe appliedin all imagesequenceare of coursea
chimera. The main reasorbeingthe ambiguity at the semanticalevel of the purpose
of the segmentation.Evenfor the sameimagesequencehe desiredresultsmay vary,
dependingpn the application.The developmenif a systemwhich candetectthe con-
text andsubsequentlgeducehe purposeof the sgmentatiorandthe semantic®f the
scends still farfrom realization.

Ontheotherhand,fully automationethodshave beenreportedto work well in the
casehatthedomainonwhichthey areappliedis restricted. Thelattermeanghateither
the contentsof the sceneare known in advance(e.g. faces),or ratherstrict assump-
tionsaremadefor the patternsof the propertiesof the objects(e.g. staticbackground
in suneillanceapplications).Although the domainis restricted the applicationsthat
arisemaybe of greatimportance Furthermorethe constraintghatthe domainknowl-
edgeintroducesausually have greatpositive impacton the robustnessandspeedof the
resultingschemesThesecanbe of critical importanceor someapplications.

Apart from thedifficulties andthe challengeghat areinherentto eachdomain,an
importantissuethat arisesis how domainknowledgeis introducedin the modeling.
Thisincludesthe constructiorof domain-specifienodelsandaddressethe usersrole
in the designprocedure.Advancesin thatareacanbe of importanceboth for scien-
tific developmentaswell asfor an end-usessincethey will allow an easierandfaster
changebetweendomains. The employmentof rathergeneralmodelswhoseparame-
tersandcomponentgredeterminedy trainingin examplesfrom the specificdomain
are,accordingto the author stepsin the right direction. However, to the bestof our
knowledge,issuegelatedto the userinteractionto the modelingprocedurearenot yet
sufficiently explored.
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6.3 Medium-level userinteraction

With thetermmedium-level userinteractionwe meanthe tuningby theuserof a small
numberof parametersThatis in contrasto higherlevelinteractionthatoffersimplicit
informationaboutthe contentf the sceneby specifyingthelocalizationof the objects
of interest. Suchparameterganbe the numberof objectsor a parameterelatedto
the degree of within-object homogeneityin the propertieson which the labelingis
performed.

As far asthe propertieson which the grouping/ labelingis basedaccordingto the
author the best,sofar, proposedeaturesarerelatedto the temporalbehaior of the
objects.Sucharemotion-relatedeaturesandtemporalconstrainton thelocalization
of the objects. Otherproperties suchasdepthare alsoimportant,but for monocular
imagesequencethey areusuallyderivedfrom motion-basedeatures.

Motion relatedpropertiesverealsoutilized in the methodsdevelopedin chapters
3 and4. Let usdiscuson someof thecommondesignchoices.

Affine motion models Affine motion modelscomeas a good compromisebetween
compleity androbustnessindhave beenwidely utilizedin thecontext of motion-
basedsggmentation. However, the rigidity assumptiorthat they introduceim-
posesa limitation which in somecasescan be too restrictive for object-based
segmentation. Suchan assumptiorcanbe overcome,in principle, by methods
thatassumehatthe motionfield is smoothwithin the objectsanddetectobject
bordersat motion discontinuities.Let us briefly outline the advantagef each
approactaswell asthechallengeghatit shouldface.

Ontheonehandglobalparametrianodelsof low orderimposerigidity assump-
tions. Onthe otherhand,the estimationof their parameterss object-basedhat
is, it is basedn largeregionsformedby collectionsof primary elementgpixels
or sgments).The useof collective constraintover the large regionsrobustifies
the estimationof the parameter®f the modelssignificantly At the sametime,
the useof a global modelallows the utilization of the motion-compensateith-
tensitydifferencedor labeling. The latter, doesnot introduceshe inaccuracies
that an independentlyestimatedfeature,suchas independentlyestimatedmo-
tion, does. In both of the methodsof chapter3 andchapter4 we were ableto
estimatethe motion parametersvith a degreeof accurag thatallowed a good
labelingbasedn the motion-compensateidtensitydifferences.

Themain,yetveryimportant,adwantageof usingmotion-smoothnessonstraints
is thatsucha modelcoversobjectswith non-rigid motion patterns Onthe other
hand,suchapproachesequirehigh reliability of the motion propertiesthatare
estimatedor the primary elementqpixels or sggments). It is difficult to esti-
mateaccuratelysuchpropertiesat the areaghataccurag is neededhe most: at
the bordersbetweenthe differentobjects. Suchinaccuraciesre mainly dueto
motion-generatedcclusionsandtheir extentdependslsoon thesizeof thepri-
mary elementsSincethe primary elementseedto berathersmall,to our opin-
ion, suchmethodsshouldfacethe challengeof thejoint estimatiornof themotion
propertiesandthe label of a sgment. Spatialconstraintsshouldbe addedfor
regularizationpurposesvhich performa sortof smoothingandat the sametime
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respectiscontinuities:ataskwhich by nomeands trivial. Thisis aninteresting
directionof futureresearclonwhich we will elaboratdurtherin section6.3.2.

Mark ov Random Fields on the intensity segmentsin both of the methodsof chap-
ters3 andchapted we modeledhelabelfield asa Markov RandontField where
thesggmentghatresultedrom aninitial intensitysegmentatiorwereusedasthe
sitesin theformulation. Suchmodelinghasbeenwidely usedin pixel-basedp-
proachego expressspatialand/ortemporalconstraintsin our casejt helpedto
producecleanlabelfieldswithoutisolatedintensitysegmentsor bothof thepro-
posedmethods.Sucha modelexpresseshelocal interactionshetweerthe sites
(intensity sgments)in a way that resultsin a well-definedglobal optimization
criterion. Furthermorethe formulation allows the applicationof optimization
methodsthat allow to reversethe assignmenbf a label to a specificsite (in-
tensity sgmentin our case). This propertyis particularlyimportantwhenthe
segments propertieneedto be estimatedointly with thelabelfield (i.e. for the
methodof chapter).

In both of the methodswe proposedhatthe interactionbetweenintensity sey-
mentsis proportionalto the length of their commonborder In general,sucha
decisionputsthe emphasion the spatialconstraintsor smallerintensity seg-
mentswhile for largersegmentgheemphasiss put onthetemporalconstraints.
It would be interestingto investigateand possibly adjustsuchinteractionde-
pendingalsoon the shapeof theintensitysegments.

Alternative approachesor the applicationof spatialconstraintancluderegion

merging methodsand level-setapproaches.However, in both the labeling of

anintensity sggmentis irreversible. On the otherhandlevel-setapproachesf-

fer significantadvantagedn termsof computationalcomplexity and their ap-
plication with intensity segmentsas primary elementscould be an interesting
directionof researchTheir applicationoncethe motion hypothesesarereliably
estimatedseemsstraightforvard. On the otherhand,a joint motion estimatiory

seggmentatiorschemedoesnot seemeasilyfeasible.

A thr ee-frameapproachon motion-compensatedntensity differ encesIn both of
the proposedmethodsthe motion compensatethtensity differenceshave been
usedas evidencein the labeling phase. In chapters3 and 4 we have clearly
illustratedthe advantage®f usingsuchevidencefor labelinginsteadof aninde-
pendentlyestimatedieaturesuchas motion. The mainreasonis the inevitable
inaccuracieghat the estimationof the latter introduces.especiallyin the areas
nearthe bordersof the objects.On the otherhand,we shouldnotethatusingas
evidencethe motion-compensateidtensitydifferencesntroducesalargernum-
ber of local minimain the objectie function which canbe problematicin that
casethatthe motion hypothesesrefar from the correctones. The latteris evi-
dentfrom the higherdegreeof dependencen theinitializations of the method
in chapter4 in comparisorto the methodin chapter3. In orderto overcomethe
latter, multiscalingapproacheshouldbe adopted.

In both of the methodswe proposeda three-frameapproachwhereevidencefor
thetemporabehaior of theobjectsweresoughteitherin forwardor in backward
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direction. This offereda significantimprovementin labelingaccurag. Suchan
approachis particularlybeneficialin the presencef motionlargein magnitude
aswasillustratedbothin chapter3 andchapter.

The methodsof chapter3 and 4 differ on the adoptedparadigmfor the motion
hypothesesxtraction and motion-basedabeling. The first one adoptsa two-stage
approachin which the motion hypothese®xtraction andthe labeling are performed
independentlffrom eachother The secondnethodincorporatesll of the constraints
in a singleframavork andattemptsthe joint estimationof the motion hypothesesnd
thelabelfield. While the methodof chaptel3 estimateshe motionhypothesefrom an
independenthestimatednotionfield, the secondseeksvidencedirectly in theimage
intensities.

6.3.1 Two-stagemotion hypothesesextraction and motion-based
labeling

The methodproposedn chapter3 separateshe motion hypothesegxtraction phase
from the labeling phase.In contrastto mostof the methodsthat utilize a densemo-

tion field for the motion hypothesesxtraction, we proposethe use of the motion-

compensatethtensitydifferencesasevidenceof the conformity of the kinematicbe-

havior of anregion with a motion hypotheses As we have alreadydiscussedn the

previous section,we have clearly shovn that oncethe motion hypothesearewell es-
timated,the motion-compensateidtensitydifferencesffer far betterevidencefor the

labelingthanthe motionfield itself.

For the motion hypothesegxtraction phasea clusteringalgorithm hasbeenpro-
posed. The challengethat hadto be facedis that of the estimationof the parameters
of anumberof modelsin presencef inaccuratedata. In orderto dealwith theinac-
curaciesof the motionestimatiorfield we have proposectonfidenceneasureslerived
from ananalysisthat expresseshe utilized motion estimatorin a probabilisticframe-
work. We have clearlydemonstratetherelevanceof thederivedconfidencaneasures.
For the clusteringwe have proposedan extensionof the C-Meansalgorithmthatin-
corporateghe useof the derived confidencameasuresiobust statisticsandthe initial
intensitysegmentation We have clearlyillustratedthe benefitsof the proposedscheme
in termsof computationatomplexity, accurag androbustnessn presencef inaccu-
ratemotionfields.

In termsof thecomputationatomplexity we have clearly shovn theadvantage ®f
usingintensitysegmentsasprimary elementsnsteadof pixels. We have derivedinter-
mediatemeasureshat allow a computationakbomplexity proportionalto the number
of intensity sgmentsat eachiteration. In contrastto othermethodsin the literature
this doesnotinvolve theestimationof affine parameterfor eachintensitysegmentand
clusteringin the parametespacewhichis sensitve to the parametriaepresentationf
eachintensitysegment.

Furtherresearchin this directionshouldaddresghe dependencef the clustering
on the initializations. Stochasticoptimization proceduresnight provide an answer
but their incorporationin the optimizationprocedureshouldrespecthe differencesn
the statisticsof pixelsin comparisono statisticsof intensity segments. To be more
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specificthereis a differencein the landscapeof the enegy function in the solution
spacespecifiedby the motion parameterandthe labelfield. In the direction of the
label field, the enegy function hasa more step-wisebehaior sincethe changeof
the label of an intensity segmentimplies a higher differencein the enegy function
in comparisorto the correspondinglifferencethat the changeof the label of a pixel
would introduce. Moreover, sucha differencedependgimplicitly) on the size of the
intensitysegment.

Anotherinterestingdirection of future researchwould be towardsthe automatic
determinatiorof the parameter,. which is relatedto the strengthof the spatialinter-
action betweenneighboringsggments. Although the majority of the approacheshat
usea Markov RandomField modelingdo not addresghe issueof its automaticde-
termination,conceptuallyit seemsratherredundanoncethe numberof the objects
is specified. Furthermore sincethe Maximum Lik elihood labeling alreadyprovides
areasonablhgoodinitial labelfield, its automaticdeterminatiorwith crossvalidation
techniqueseemdeasible.

Finally we shouldnotethattheapplicabilityof methodghatassumemoothnesen
themotionfield canbesuccessfullyappliedto anindependentlgstimatednotionfield
to thedegreethatthelatteris accuratelyestimatedln the caseof a simple(e.g. block-
based)motionestimationrmethodit is preferableto our opinion,thatsucha methodis
appliedto obtainonly aninitialization of thelabelfield. In a subsequendétage motion
propertiesnearthe bordersshouldbe simultaneouslyestimatedwith the labelfield at
thecorrespondingreas.

6.3.2 Joint motion estimation and segmentation

The methodof chapterd proposedhe incorporationof the spatialandtemporalcon-
straintson the label field and on the imageintensitiesin a single framevork. The
problemis expressedisanoptimizationproblemin termsof the a posterioriprobabil-
ity of the labelfield. Eachof the constraintds expressedn termsof an assumption
aboutthe correspondingprobability distribution. The advantageof suchan approach
is thatit separatethe modelingfrom the optimizationprocedureandthatit allowsthe
addition/modificatiorof the constraintsn termsof theassumption$or theunderlying
distributions. Theincorporationof all the constraintsn a singleframenork allows the
joint estimationof the motion parameteraindof the labelfield, thusexploiting thein-
terdependencidsetweerthem. In orderto jointly estimatethe motion parametersind
thelabelfield sucha unifiedframewvork with a global objective criterionseemdo bea
goodmodelingchoice.

The spatialandtemporalconstraintavere expressedyy modelingthe underlying
distributions as Gibbs distributions. That choiceallowed us to exploit the extensie
work thathasbeenconductedn thefield of MAP-MRF modeling(Maximizationof the
a posterioriprobabilityunderMarkov RandomField modeling).This modelingseems
particularlysuitedfor thejoint estimationof thelabelfield andthe motion parameters.
Furthermoreit allowedrelatively easilytheincorporatiorof thethree-framesxtension
thatwe have proposedandthe introductionof the dir ection field in the optimization
procedure.

We have optedfor deterministianethodsandfor harddecisionsn theoptimization



6.3 Medium-level userinteraction 103

scheme.This in principle implies higherdependencen the initializationsat the gain
of lower computationakost. As far asextensionsto the optimizationprocedureare
concernedtherearethreedirectionsthat we would considerworth of furtherinvesti-
gation.

Multiple scalesMultiscale extensionsaim to reducethe sensitvity of deterministic
methodson the presenceof local minimain the objective function andto the
reductionof the computationakost. Suchextensionwhich is widely usedfor
pixel-basedapproachess not straightforvardwhenintensitysegmentsareused
asprimaryelementsThereasoris thatit is nottrivial to definewhattheintensity
segmentatiorshouldbein ahigherscale.For thisreasonwe optfor anextension
that performsthe labelingon the original intensitysegmentatiorbut derivesthe
constraintdrom differentscaleof the originalimagesequencéfig. 6.2).

Original Intensity
frame segmentation

Figure6.2: Extensionto multiple scales.Constrainton multiple scalesof the original
framesareappliedfor thelabelingof the intensitysegments.

Stochasticoptimization Suchmethodqe.g.simulatedannealingpvercomehepres-
enceof local minimain the objective function by acceptingwith certainproba-
bility changesn the parametespacethatincreasethe objective function. Such
extensionscouldbeappliedalsoin the methodthatwe developedaslong asthey
take into consideratiorthat the landscapeof the objective function hashigher
andmoreirregulardiscontinuitiesn correspondenci® pixel-basednethods.

Soft decisions Theincorporatiorof softdecisionsn thelabelingis practicallystraight-
forwardaswe show in appendixC.

Possibleextensionsof the proposedmethodinclude the automaticdetermination
of the parameterg, andz;, the anticipationof objectsenteringthe sceneandthe use
of a parameterelatedto the motionhomogeneityasan alternatve to determiningthe
numberof objects. However, the mostinterestingdirection, to our opinion, is the
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relaxationof the rigidity assumptiorand the adoptionof smoothnesgonstraintson

the motion field. In that direction we have alreadydevelopeda motion estimation
methodthatimposesanisotropicsmoothnessonstraintswith intensitysegmentsasits

primary elementsandwe have obtainedvery encouragingesults. The challengesn

this directionlie in the way that the smoothnesgonstraintson the motion field are
appliedwhenintensity segmentsare consideredas primary elements.This, includes
themodelingof the kinematicbehavior of eachintensitysegment.

6.3.3 Openissuesn motion-basedsegmentation

Thereare severalissuesin the context of motion-basedegmentatiorthat are not ad-
dressedyy the proposedmethodsand somethat, to our opinion, are not suficiently
addresseth therelatedliteratureeither A nonexhaustvelist includes:

Temporal constraintsin more than two frames Our methodsaswell asthe major
ity of themethodsn theliterature expresshetemporalconstraintdy consider
ing fixedthelabelandthemotionfield in the previousframe. Themainreasoris
the computationatostthata joint estimationin morethanoneframesinvolves.
However, suchan approachto our opinion, could disambiguatehe estimation
of thelabelandmotionfield in problematicareassuchasocclusions.

Non rigid motion patterns Thisincludesmotionpatternghatdiffer significantlyfrom
the usualassumptiorof local rigidity (e.g.thewaterof afountain). Techniques
inspiredfrom texture sggmentationmight be able to provide answersto such
situations.

Total occlusions Thisinvolvesthetotal disappearancef anobjectfrom the scenefor
anumberof frames.Althoughour methodsdo notaddresgshisissue therearea
numberof trackingmethodsn theliteraturethatdo soby preservinghe motion
hypothesesssociatedvith it.

6.4 Higher level userinteraction

Suchhigherlevel interactioncomesto bridgethe semanticgap betweerthe content-
basedsegmentationthat a userwishesto obtain and the low level featuresthat can
be extractedfrom animagesequenceBridging sucha gapis crucial in applications
suchasvideo editing or video annotationwherethe userwantsto accesandmanip-
ulate the contentsof the presentednaterial. A systemthat aims at similar typesof
applicationsneedto accuratelylabel objectswith possiblyhigh degreeof variationin
their propertiesn the absencef domainknowledge. Sincehomogeneityin low level
featuressuchasmotion, cannotprovide a uniquediscriminationbetweenrthe objects,
userinteractionis necessaryThe characteristice®f sucha systemcanbe summarized
asfollows:

Absenceof domain knowledge The domainand the contentsof the video are con-
sideredunknownn. Therefore a high degreeof freedomin the propertiesof the
expectedobjectsshouldbeallowed.
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Satisfactory usableuserinterface Theuserinterfaceshouldbe easyto use,intuitive
andsimple.

Accurate object localization The level of accuragy dependon the specificapplica-
tion but, in general,in suchapplicationsthat involve userinteractionit is ex-
pectedo be quite high.

The methodthat we proposedn chapter5 falls in this category of methods. It
proposeghe modelingof the local statisticalpropertiesof the objectsandtheinitial-
izationof themodelsvia a userinteractionphase We do not utilize domainknowledge
but employ rathergeneraimodelsthatdo not make assumptiongboutthe contentsof
the scene.More specifically the local modelingthat we have proposedmplieslocal
smoothnesgassumptiongn color andmotion. We have clearly demonstratethatthe
proposedmethodis capableof trackingnon-rigid aswell asrigid motion andobjects
evenwhenmotion informationaloneis insufiicient to discernbetweenthem. On the
otherhand,the smoothnesassumptiorcauseshe meiging of smallandelongatedar-
eas. Thisis alsodueto the factthat the independentlhestimatedmotionfield in such
areass quiteunreliable.

As far asthe userinteractionis concernedwe proposeda simple and intuitive
scheme. The userspecifiedscribblesinitiate a procedurein which bordersbetween
objectsaredeclaredatthe pointsof highestcolor gradientbetweerthe users scribbles.
Suchan approachattemptso derive an object-basedeggmentationinitiated from the
users scribbleswithout estimatingfirst the parametersf the modelsthatdescribethe
objectproperties.Thelatteris not feasiblein our modelingwhich requiresthatthela-
belfield is known beforethe modelparametersanbe estimatedHowever, evenif the
modelingwould allow it, suchanapproachthasthe dravbackthatit requiresthe care-
ful initialization of the scribblessuchthatthe objectpropertiesalongthe scribbleare
sufficiently similar to the objectproperties.Sincewe choseto estimatethe labelfield
withoutfirst estimatingheparametersf themodelsthatdescribeheobjectproperties,
we have to utilize homogeneitycriteria.

Therearea numberof alternatie waysto utilize homogeneitycriteriain orderto
obtaintheinitial labelfield via userinteraction. An exampleof suchan alternatve is
to usea consenrative sgmentationbasedon color and/ormotion properties.Oncea
numberof seggmentsare extractedthe usercan specify the collectionthat comprises
theobjectheis interestedn. Suchaninteractionshouldincludethe potentialbreak-up
of theinitial segments. Evaluationand comparisorof our userinterfacewith similar
onesin termsof quality metrics(functionality, usability, performancestc)would bean
interestingissuefor furtherinvestigation.

In termsof the accurag of the label fields the local modelingthat we proposed
performedwell for a numberof image sequences.However, the generalityof the
adoptedmodelingin the presenceof complex scenegevealsa limitation on the pro-
posedmethod.More specifically in presencef complex objectswhosepartsenterand
leave thescendhe proposednodelingfailsto provide a correctlabeling. Thatis anin-
herentlimitation of methodghatadoptsogeneraimodelsand,to our opinion,indicate
the needfor a higherdegreeof userinteraction.In orderto facilitatethe latter, quality
measureshouldbe definedthatindicatefailuresor ambiguitiesin the tracking. Such
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measuresouldresultfrom the objective measurehatwe optimizeor alternatve from
modelson thetemporalevolution of the parametershatdescribethe objectproperties.
Issuesthat are relatedto the degreeand type of userinteractionin suchcasesneed
thereforefurtherinvestigation.Suchissuesareparticularlyimportantfor the designof
suchaninteractve system.



Appendix A

Proof of Lemma 1

Wewill provethatif (0, d) = arg (rgi(ril) C. (d,0) then® = arg min £(L, 0,1, L=,17,1%).
Clearlyif (©,d) = arg (rgigrll) C. (d, ©) thenthe optimumdir ection field d is given
by: ’

d, = { 1ot Yieaq, <f1+ (éls))2 < Yliea, (fi_ (éls))2 (A.1)

0 otherwise

Theneq.4.16andeq.A.1imply that:

c.(26) = Yuin (3 (5 (1)) 3 (% (0))

ieG, ieG,
+ Et(LaéalA;_)
- B, (I,L,G),I—,ﬁ) + E(L,0,1) (A.2)

Let usnow consideranarbitrary® anddenotewith d the directionfield givenby
eq.4.19.Theneq.4.16yields:

c, (J, @) = E,(I,L,0,1,I*) + By(L,0, 1) (A.3)

Thentheassumptiorthat (0, d) = arg fgi,?) C. (d,0) impliesthat:

A A

vo,vd  C.(d,0) > C. (d,@) =
ve  C. (J, @) > C, (J, é)) =
v C.(d,0)+E(L)>C. (d6)+E(L) =
Ve E(L,©,I,L~,I ,I")>E(L,0,I,L I ,I")
Thatis, ® = arg min B(L, 6,1, L=,17,17%)
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Appendix B

|Gs| =1

In this appendixwe will presentthe degeneratesituationof the methodproposedn
chapter4 thatresultswhenthe initial intensity segmentationalgorithm providesseg-
mentsthat consistof a singlepixel. We will shav thatin this specialcaseour method
reducego classicaMRF formulationsfor iterative motionestimatiory sggmentation.

More specificallylet usassumehatthe pixel setof eachsggments containsexactly
onepixel, thatis

G, = {i} (B.1)
In thatcaseeq.4.13becomes

E(L,0,I,L,I7,I*) = E4(I,L,0,L~,17,I*) + E.(L) + E;(L,0,L")

_ imin (( 6.)) . (57 61))°)

K K
+2 Y Velaa)+ 2 Ve (L7.56.) (®2)

s=1s'€N,

Sincethereis no longera distinctionbetweerseggmentsandpixels, in eq.B.2 the
indexess andi bearthesamemeaning.For consisteng in theterminologywe presere
the “segment”-like notation.

Thefirst termof eq.B.2 is theclassicalbbbsenationtermwhich correspondso the
modelingof the noisealongthe motion trajectories.Our model,wherebackwardand
forward motion-compensateidtensity differencesare consideredis similar to that of
DuboisandKonrad[32, wherevisibility setsaredefined.

The secondtermin eq. B.2 expresseghe spatialinteractionsbetweenthe pixels.
The region adjaceng graph has beenreducedto the regular image lattice and the
cliguesare definedas pairsof neighboringpixels. The length of the commonborder
b(s, s") of two neighborss obviously one,sotheclique potential(eq.4.12)becomes:

—2Zc if ls = lsl

Vi (s,s') = { 5 iy (B.3)
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Thisis aclassicalMarkovian potentialwhich favors smoothlabelfieldsandpenal-
izeslargefrontiers.Notethatthesmoothings independentf thelocalimagestructure.
Thatis becauseghe formulationof eqg.4.12assumeshatpixelswith low intensitygra-
dientarealreadygroupedin a singlesgment. However, one canthink of meaningful
definitionsof clique potentialsat segmentlevel thatintroduceanisotropicspatialcon-
straintsin thedegeneratease.

Finally the third termin eq.B.2 is term which favors temporalcontinuity of the
labelfield along motion trajectories. Stiller [104] definesa similar constraintbut he
favorstemporallyconsistentabelingof cliguesandnot 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 algorithmthat Changet al. [23] propose
alsoinvolvesa schemewnhereexternalandinternaliterationsareconsidered.
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Relation with the EM algorithm

In this appendixwe will prove thatthe methodproposedn chapter4 belongsto the
classof the ExpectationMaximizationalgorithmsthat employ harddecisions.Let us
formulatethe problemin the EM framawork. Adoptingthe EM terminology the mo-
tion parameter® arethe parameterso be estimatedthe imageintensitiesl, I, I~
andthe estimationof the labelfield L~ arethe observeddataandthe labelfield L is
thelatentdata.Then,the conditionalprobability of the completedatais:

P (I, I+,I—,ﬁ—,L|®) - P (I|L,@,i—,r,1+)
P (I+,I_|L,G),ff) P (ﬁ—|L, @) P(L|®) (C.1)

Notethateq.C.lis identicalto eq.4.3,exceptof thesecondermontheright-hand
side. Thattermexpresseshe dependencielsetweertheintensitiesof the previousand
the next frame, which are ignoredin our formulation. However, suchdependencies
arein generalmoresensitve to occlusionsandit is questionabléf theirincorporation
would have a significantpositive contribution.

In the Expectationstepof the EM algorithmthe goal is to find the Expectation
of the negative log likelihood of the completedata Under our assumptiondor the
conditionalprobabilities thatis equalto:

K N

QO10m) =" gun (Vas + Vas) + E{Ec} — Z1 — Zo — Zs (C.2)

s=1n=1

whereg,, = P (ls =nll, It I~ L, @) andZ;, Z, andZ3 arenormalizationcon-
stantdn the Gibbsdistributions. In orderto proceedo the Maximizationstepwe only
needto estimateg,,, sinceonly the termsV;; andV;s; are dependenbn ©. How-
ever, thisis not trivial sincethe MRF modelingof the labelfield generateslependen-
cieson the conditionalprobabilitiesof the differentseggments. In orderto overcome
this, a commonstrategy [11][120] is to approximateP(l; = n) by consideringas
known estimateof the labelsof the neighboringsegments. Theseestimatesienoted



112 Relation with the EM algorithm

by Iy :s' € N, areprovidedattheintermediatestepsof aniterative schemeThatis:
P(ly =n) ~ P(ly =n|ly : s' € N,) (C.3)
Thenwe caneasilyderive g,,, as:

o~ (VastVeet X, Vels,s)lla=n,l,1)
(C.4)

gsn = Zﬁ_l e*(Vds'f'Vts'f‘ZsleNs Vc(s,s’)|ls:n’,is/)
andby this the Expectatiorstepis complete.

In the EM framework with harddecisionsthelabeln with the higherconditional
probabilityg,,, is chosenThisis exactlythesameasthestep3 in theiterative Labeling
phasethatwe employ (Table4.1).

Finally, it is straightforvardto shav thatthe Maximization stepwherethe maxi-
mizationof Q(©|0,,) with respecto © takesplace,is equivalentto our Motion Esti-
mationphasel et usnoteherethatwith theabove formulationthe differentg,,, could
be usedin the motion estimationphase. This would resultin an EM algorithmwith
softdecisions.
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Synthetic Image Sequences

This appendixcontainsa shortdescriptionof the syntheticimage sequencethatare
usedin chapter3. Eachsequenceonsistf threeframes.Sincethe model-generated
motionfieldsarereal-valued abicubicalinterpolatorontheimageintensitiesvasused.

D.1 “Cl” imagesequence

Translational Motion of the Background An imagesequencés generatedin which
the whole imageis displacedby (5,1) pixels per frame. The secondframe of the
sequencés depictedn fig. D.1(a)andthemodel-generatemhotionfield (magnifiedby
afactorof 2) in fig. D.1(b).

e —

e ——

(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 imagesequencés generatedin which
the whole imageis displacedby (1,1) pixels per frame. The secondframe of the
sequencés depictedn fig. D.2. The maincharacteristiof the sequencés the lack of
texturein largeareas.

FigureD.2: Frame2 of “R1” imagesequence

D.3 “Y1" imagesequence

Affine Motion of the Background An imagesequencés generatedéh whichtheback-
groundis displacedaccordingto an affine parametrianodel(TableD.1). The second
frameis depictedin fig. D.3(a) andthe model-generatethotionfield (magnifiedby a
factorof 2) in fig. D.3(b).

0(1) | 6(2) | 8(3) | 8(4) | 8(5) | 6(6)
Background| 0.1 0 10 0 0.1 3

TableD.1: Motion parameterfor “Y1” imagesequence

D.4 “S5” imagesequence

Two objects, largeaffine motions An imagesequencés generatedh whichtheback-
groundandanobjectaredisplacedaccordingo two differentaffine parametrianodels
(TableD.2). The affine parametersre chosensuchthat the magnitudeof motionis
quite large, thuslarge occlusionsare present.Due to occlusionphenomenaareason
the left and on the right of the boatare visible only in the secondframe of the se-
guence.The secondrameis depictedin fig. D.4(a) andthe model-generatechotion
field in fig. D.4(c). Theobject's maskin thesecondrameis depictedn fig. D.4(b).
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(a) Frame2 (b) Model-generated motion
field

FigureD.3: “Y1” imagesequence

Background| 0.01 | —0.005 | 25 | 0.05 1
Object 0 0.03 -2 ] 0.1 —13

901 | 8(2) 16(3)16(d) 605 606
0
0

TableD.2: Motion parameterfor “S5” imagesequence

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

FigureD.4: “S5” imagesequence
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Appendix E

Terminology

E{y}

B

0 ={61,...,0n}

0,:n€el...N]

pa ()

Tisn
O B;
Oc

bs

Cs

DC(i, j)

The expectedvalueof arandomvariabley
Parametercontrolling the degree of locality of the
colormotionmodel

Thecoeficientthatis assumedo relateA g, ando s,
(ie. Ap, = 72-)

The setof thelparametemf the motion modelsfor
all of the NV objects

Parameter®f the motionmodelfor objectn

The parametersf the Gaussiardistribution around
segments for the objectwith labeln

Deviation of the Laplacianwhich modelsthe distri-
bution of the motion-compensatethtensity differ-
encesn block B;

The(scalarymeanof the d-th componenbf themul-
tivariateGaussiamwith parameterg

Thelocala priori probability of the objectn
Standardeviation of theintensitywithin block B;
Scale parameterof the GemanMcClure that was
usedfor motionclustering

The parametergmeanandcovariance)of the multi-
variate Gaussiarthat modelsthe distribution of the
featurevectorsfor the pixelsin color sggments

The setof pixelsthatbelongto the ancestoit level
h of theblock centeredat pixel i
Rectangularsupport region defined around color
segments

Colordifferenceébetweerpixeli in currentframeand
jinthepreviousframe
Mean-absolutalisplacedblock differencefor block
Bl
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i (6) Backward motion-compensateithtensity difference
underthe motionhypothesi¢ at pixel i

IARO) Forward motion-compensatedhtensity difference
underthe motionhypothesid® at pixel i

G, Setof pixelsof intensity(color)segments

H Heightof the multiscalepyramid

h A level in themultiscalescheme

I(i), I~ (i) andI™*(i) Imageintensity at pixel i at current, previous and
next frame,respectrely

i= (i iy) A pixel asthepair of its coordinates

Labelfield

Labelof pixeli. Whereappropriatel; = I, : i € G,
Labelof intensity(color)segments

Thenumberof intensity(color)sggments
Thenumberof objects

Thesetof the neighborsof sggments

Theindex of anobject

The setof segmentsthat intersectwith the support
region C, of color sgments
Intensity(color)segmentindex
Estimatedmotionvectorattheblock B;
Model-generatedhotionvectorat pixel i

Thesetof the featurevectors

The estimatedneanvalueof arandomvariabley
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Samervatting

In dit proefschriftwordendrie methodernvoor objectgebaseerdsgmentatievan
beeldsequentiegoorgesteld. In alle drie methodernwordt voor iederbeelduit de tij-
dreekseenintensiteit-of kleurensgmentatieuitgevoerd,die eenverzamelingzanfijne
segmentenoplevert. Deze sgmentenwordenverwlgensgelabeldop basisvan hun
bewegings-,enkleureigenschappenVe tonende voordelenaanvanzo eenaanpakn
termenvan robuustheid nauwleurigheidvan lokalisatieen computationele&omple-
iteit.

In de eersteaweemethoderwordt er vanuit gegaandateenbekendaantalobjecten
in de scnegedentificeerckan worden op basisvan hun bevegingspatroon. Boven-
dienwordtaangenomedatdit patroonbeschrgenkanwordendoorgeparametriseerde
modellenvaneenlageorde.

De eerstemethode(hoofdstuk3) stelt eenbenaderingvoor waarbij het schatten
van beweging enhetlabellenin achtereemolgendestappenvordenuitgevoerd. In de
eerstestapwordt eenbewnegingsweld geschamet behulpvan eenhirarchischeblock-
matchingalgoritme. Dit bewegingsweld wordt verwlgensgeclusterdonderde aan-
namedat het bewegings\eld van elk clusterbeschrgen kan wordendoor eenaffine
model. De affine modellendienenals bewegingshypothesesOm te kunnenomgaan
met onnauwleurighederin het bewvegings\eld, is eenclusteringmethodentwikkeld
die gebruikmaaktvanbewegings-specifiekbetrouwbaarheidsmatemtechnielendie
genspireerazijn door methoderuit de robuustestatistiek. In de tweedestapwordt
aanelk sgment,dathetresultaats vande initile intensiteitssgmentatie eenobject-
label toegewezenop basisvan twee criteria: a) de bewegingshypothesedie hetbest
overeenlbmenmet het bewegingspatroorvan dat segmentb) de waardernvan hetla-
belveld in de omgeving van datsegment. Dezecriteria zijn geformuleerddoor a) het
modellerenvan de distributie van de beweging-gecompenseerdietensiteitwerschillen
door eenGaussischelistributie en b) door het modellerenvan het labeleld als een
Markov RandomField. De verbindingen('cliques’) in hetMarkov RandomField zijn
gedefinieerdussenintensiteitsgmenten.Eendrie-framebenaderingvordt toegepast
ommetocclusieom te kunnengaan.

De tweedemethode(hoofdstuk4) drukt de ruimtelijke entemporelevoorwaarden
vanhetprobleemvanlabelenuit binneneenzelfdekaderenmaaktbovendieneengeli-
jktijdige schattingvan hetlabelweld ende parametersande bewegingsmodellenDit
gebeurdoorhetmaximaliseretvandea posteriorikansvanhetlabelheld. Ruimtelijke
entemporelevoorwaarderaanhetlabelveld wordenuitgedruktin hetMarkov Random
Field kaderwaarinverbindinngerzijn gedefinieerdussenintensiteitsgmenten.Voor
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deoptimalisatiestellenwij eenmethodevoor die de a posteriorikansvergrootop een
iteratieve maniemmetbetrekkingtot debewegingsparameteenhetlabeleld. Ookhier
wordt eendrie-framebenaderinggebruiktom metocclusieom te kunnengaan.We to-
nenaandateenaantalop pixels gebaseerdmethoderuit gedruktkunnenwordenals
eenbijzonderegeval van onzemethode.Tevenstonenwij aanhoe onzemethodeuit-
gebreidkan wordenom aanelk intensiteitsgmenteenobjectlabeltoe te wijzen met
eenzekerheiddatgelijk staataande overeenlomstigea-posteriorikans(soft labeling
decisions).

De derdemethode(hoofdstukb) stelteensemi-automatischeenaderingzoor om
meercomplexe objectenaante kunnenpakkendie niet altijd of volledig te karakteris-
erenzijn door hun bewegingspatroon.Voor het eersteframe van de beeldsequentie
wordt eenbeschrijvinggemaakivan de lokale statistischeeigenschappewan het ob-
ject. Dit gebeurtop basisvan eenlabeleld datis genitieerddoor krabbelsdie door
de gebruiler zijn gespecificeerdVerwlgenswordt hetlabeleld getraceerdn derest
van de beeldsequentieHet labelenwordt uitgevoerddoor eenop kansengebaseerde
classificatievan de segmentendie hetresultaatzijn vandeinitile kleurensgmentatie
stap. Aangenomemwordt dat de datavan puntenbinneneenbepaaldkleurensgmen-
tatie gegenereeravordt door hetzelfdeprocesdatgemodelleerds alseenmultivariate
Gaussischdistributie. De voorwaardelijlke kansvan bewveging en kleur, gegeven het
labeheld, wordt gemodelleerdbinneneenbepaaldomgering rond hetmiddelpuntvan
iedersegmentals eenmix van multivariateGaussischélistributies,waarbijelk Gaus-
sischedistributie correspondeerneteenbepaaldobject. Het classificatiecriteriumis
de maximalisatievan de gecombineerd&ansvan hetlabeleld en de obsenatiesmet
betrekkingtot hetlabeleld. Voor de maximalisatievande gecombineerdkansis een
deterministischéeratieve lokale zoekalgoritmeontwikkeld.
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