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(Süıssa)

Enelsdarrersanys,lesaplicacionsmultimèdiahanmillorat considerablement.
Els avanços en sistemesde computacío, comunicacionsi teoriadel senyal, han
aportatunentornpropiciperadesenvolupari integrarsolucionsperpermetrea la
gentcompartirinformacío i comunicar-se.

Elshumansviuenensocietat,sónunamenad’éssersalsqualselscal la comu-
nicacío, relacionar-se els uns amb els altres.Des que hi ha gent al Món, sem-
pre han cercatuna manerad’expressarels seuspensaments,de compartir les
idees.Elsprimerspassosforenl’establimentdel llenguatge,seguit del’escriptura.
Des de llavors, s’ha corregut un llarg caḿı. El Telègraf,el Telèfon, les Radio-
comunicacions,les ComunicacionsDigitals...Ara, la gentespot comunicarper
tot el Món, immediatamenti ambvelocitat.Les distànciesno existeixenambel
cable,la fibra o l’aire.

La distànciaentredoslocutorshaestatredüıdaal lı́mit mitjançantla videocon-
ferència.Aquestapermetunaplenacomunicacío audiovisual,aportanta aquells
quel’usenperparlarambel millor comfortpossible.La videoconfer̀enciapossi-
bilita l’existènciad’un sol event, únic en temps,en raó, en groupde gent,pero
diversenespai.Aix ı́ desapareixla necessitatdequela genthagidetrobar-seenel
mateixlloc fı́sic perpoderdur, perexemple,unareunío d’empresa.Cadasću pot
restara la sevaoficinao sucursal,i dur a termeundiàleg senselimitacions.

Aquest treball est̀a desenvolupat en el context d’un sistemamultiusuaride
video-confer̀enciamulti-usuari,en el queen cadaterminalhi ha mésd’una per-
sonaparticipant.Normalment,cal un càmerai un tècnicdesoencadaextremdel
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sistemadevideo-confer̀encia.Aquestss’encarreguend’enfocarla càmerai local-
itzar la font desoen la personaqueest̀a parlanto necessital’atenció de la cam-
era.Seriadesitjable,doncs,dedisposard’un sistemamésindependent,autom̀atic,
pràctici barat.

Algunssistemeshancomenc¸ataapar̀eixer, sistemescapac¸osdefixa l’enfoc de
la càmeracapa la direccío desopredominant.Aquestésun boncomenc¸a-ment,
per̀o detotamaneráesencaramassarı́gid.Si el locutorparadeparlari esdesplac¸a
permostraralgunacosaenun plafó, la càmerarestar̀a aturadafins queel locutor
torni aparlar. A més,la precisío dénfocdependr̀aforçaenla precisioi complexitat
de l’array de receptorde so.Caldriatamb́e podertenir en compteel sistemade
zoomperaqueel sistemasigui unaeinaflexible.

Un sistemadevideo-confer̀enciaintel � ligent espot entendrecomun sistema
capac¸ d’utilitzar tota la informacío deléntornpercontrolar-sea si mateix.En un
sistemaaix́ı, éscert queel so dónamolta informacío, per̀o com algú digué una
vegada:Unaimatgeval mésquemil paraules. Pertant,ésnormalpensarentreure
el màximprofit dela font devideo.

A lafigurapodemveureunaideadelquepodriaserel sistemadevisió intel � ligent.
La ideano quedalimitadaa unaaplicacío devideo-confer̀encia.La idea,ésapli-
cablea la robòticaengenerali la intel � ligènciaartificial enel marcdela Visió per
ordinador.

El sistemade visió artificial hauriade podergaudirde totesaquellescarac-
teŕıstiquesquebeneficienalshumanspera poder-s’hi veure.Caldriaquetingués
unaaǹalisi debaix nivell (sensecomprensío decontingut)dela imatge,capac¸ de
reaccionarràpidamentenfront decanvis o situacions.Tamb́e caldriaquetingués
unapartcapac¸ d’aportarla partsuficientdecomprensío dela imatgeperpoder-ne
assegurarun funcionamentrobust.

La primerapartde l’anàlisi correspondriaal quesánomena“Focusof Atten-
tion Finding” (o RecercadelCentred’atencío). Aquestafariaúsdela informacío
provinentdel so,de les regionsquesón detectadescoma regionsqueesmouen
i si hi ha la pres̀enciad’algun color important(entred’altres caracteŕıstiques).
Combinantaquestesinformacions,podemsaberon de la imatgecal fer la major
èmfasisperal’anàlisi.Un copsabemon?, enscaldriasaberquè?pertal deperme-
tre al sistemadedecidirquè cal fer. Aquı́ éson entrael conceptedesegmentacío.
Cal unadescomposicío o divisió pertal d’analitzarla imatge.El nostreinteréses
centraenaquellesregionsquerepresentenobjectesambsignificat,per tal deser
capac¸osd’analitzar-los i tamb́ed’analitzarl’escenaengeneral.

Elssegmentsdela imatgepodensertrobatsadiferentsnivellsi utilitzantdifer-
entscaracteŕıstiquesperanalitzarla imatge.El SistemadeVisió Humà (HVS) re-
alitzael mateix,utilitza moltescaracteŕıstiquesperanalitzar-los. Molts cient́ıfics
pensenqueel HVS realitzaun processamenti aǹalisi dela imatgepas-baixi pas-
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banda.El primertipusd’anàlisi s’utilitzariaperextreurela estructuradela imatge,
i el segonperanalitzarelsdetallsi complementarel primer. Tenintencompteel
rendimenti qualitatdel’HVS, no ésmalaideaprovar deprendre’l coma model,
i mirar si espossibleassemblar-s’hi.
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Figure1: SistemadeVideo-confer̀enciaIntel � ligent

En aquesttreball,s’hafet èmfasisprincipalmentenduesdelespartsdel Sis-
temaMultimèdiaIntel � ligent.Elsprincipalspuntssóndosdelsqueafectenal Sis-
temaVisual.

En Caṕıtol 2, s’ha treballaten un “fr ont-end” no adaptatper a láǹalisi de
la imatge.Aquest“fr ont-end” est̀a basaten unatècnicade segmentacío quees
recolzaen la descomposicío de la imatgea travésde de l’escalai l’anàlisi de la
sevaestructura.

L’altre campde treball ha estaten la part de “Focusof Attention”. Aques-ta
pot ser trobadaal Caṕıtol 3. En aquest,s’ha estudiatles possibilitatsde dirigir
l’atenció de la càmera.De fet, en podŕıem dir els actesreflexos de la càmera.
L’anàlisi del movimenta baix nivell de l’informació de movimentde la imatge,
permetdedeterminaroncalpararatencío i oncalrealmentsegmentar, simplificant
d’aquestamanerala tascad’anàlisi querealitzala partdesegmentacío.



Acknowledgements

Abansderes,jo voldria agrairalsmeusparesla confiança quehantingut en
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Resum

En els darrersanys, noussistemesmultimèdiahanestatdesenvolupatsper a
videoconfer̀encia.Aquestssistemes,cadadia millors, tenenencarael problema
d’estarcontrolatsmanualmentenparto enla seva totalitat.

En aquesttreball, es tractad’introduir el conceptede Sistemade Videocon-
ferènciaintel � ligent, el qualhauriadesercapac¸ decercarautom̀aticamentel locu-
tor, enfocar-lo i seguir-lo. Aquestaidearequereixun sistemaintel � ligent devisió
artificial perordinador, capac¸ de trobarles àreeso regionsd’interés(aquelleson
algunacosao algú pot demanarde serenfocat),entendrequè hi ha en aquella
regió, i actuarenconseq̈uència.

El nostreestudiespotestructurarendospuntsprincipals.L’un correspona la
partdecercadela regió d’interés(RecercadelFocusd’Atenció) i l’altre correspon
a unaaǹalisi debaix nivell del contingutde la imatge.En primer lloc, hemestu-
diat unatècnicaperdetectarregionsenmovimentbasadaenun testestad́ıstic IKJ
aplicataunfluxe òpticdens,obtingutmitjançanl’algoritme de“Lucas& Kanade
perSimoncelly”.Aquestpermetr̀a dedetectaron són lesregionson hi transcorre
l’acció o hi hamoviment.Ensegonlloc, l’anàlisi debaixnivell dela imatgeésun
front devisió noadaptat.Unatècnicadesegmentacío basadaenel ques’anomena
Scale-Space, un principi que es fonamentaen l’anàlisi de la descomposicío de
la imatgeendiversesversionsd’ella mateixaa diferentescala(diferentsversions
pas-baixdela imatge).D’acordambel queproposenbastanscient́ıfics,aixoés,en
certamanera,unapartdelquerealitzael sistemavisualhumà(HVS) perpoder-hi
veure.A més,s’haafegit informacío pas-bandaal proćespermirar demillorar la
segmentacío.



Abstract

In the last years,many multimediasystemshave beendevelopedfor video-
conferencing.Thesesystems,every day better, have still the problemof being
manuallycontrolled,or at leastpartially.

In the presentwork, we try to introducean approachto a Smart Video-
conferencingSystem,which oneshouldbecapableto automaticallysearchwho
is speaking,focushim andtrackhim. This idea,requiresanintelligentcomputer
visionsystem,capableto find theareasor regionsof interest(wheresomethingor
somebodycouldbesuitableto focusin), understandwhatis in thatregion,andact
consequently.

We have studiedtwo mainsubjectshere.Oneconcernsto thepartof finding
theregion of interest(Focusof attentionfinding) andtheothercorrespondingto
a low level imageanalysis.In thefirst one,a moving region detectionbasedon a
statisticalIKJ testdetectiononadenseopticalflow generatedby “Lucas& Kanade
by Simoncelly” hasbeenstudied.It will permit to detectwherearethe regions
whereis theaction,or themovement.In secondplace,thelow level imageanalysis
is anuncommittedvisual front-end.A segmentationtechniquethatwill look for
meaningfulobjectregions.Thissegmentationtechniqueis basedonScale-Space,
a principlethatreliesin theanalysisof thedecompositionof theimagein several
versionsof the imageitself but at differentscales.Accordingto many scientists,
this is, in someway, a part of what the HumanVisual System(HVS) performs
to see.In addition,someband-passinformationwill be addedin the process,to
improvethesegmentation.
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Chapter 1

Intr oduction

1.1 Situation

In the last years,multimediaapplicationshave improved considerably. The
advancesin computers,communicationsandinformationtheoryhave broughtan
excellentfield to developcomplex andintegratedsolutionsto allow peopleshare
informationandcommunicate.

Humanslive in society, they areakind of beingsthatneedto dealwith others.
Sincepeoplearewanderingaroundtheworld, they havealwayslookedfor away
to expresswhatis in theirmindandto sharetheir ideas.Firststepsin thiswerethe
language,andthenthewriting. Sincethat,a longwayhasbeenalreadyrun.Tele-
graph,Telephone,Radio-communications,Digital communications...Now, peo-
ple cancommunicateall over theWorld, immediatelyandfast.Distancesarenon
existentinto thecable,thefiberor theair.

Distancebetweentoo speakers has beenreducedto the limit with video-
conferencing.It permitsa full audiovisualcommunication,bringingto thosewho
arein communicationthebestpossiblecomfort.Video-conferencingallow theex-
istenceof anonly event,uniquein time, in reason,in groupof people,but diverse
in space.It is not necessaryanymorefor peopleto meetin thesameplacefor an
enterprisemeeting.Everybodycanstayin theircity office,andcarryouta thefull
discussionwithout limitations.

1.2 Context

This work is developedin thecontext of a multiuservideo-conferencingsys-
tem,wherein every video-conferenceterminaltherearemany peopleparticipat-
ing.Normally, in eachendof thevideo-conferencingsystem,thereis thenecessity
of a cameramananda soundtechnician.They musttake careto focusthecamera
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andthesoundsourceon thepersonwho is speakingor needstheattentionof the
camera.A moreindependentandautomaticsystemwould be desirable,cheaper
andpractical.

Dif ferentsystemshave begunto appear. Systemscapableof settingthefocus
of thecamerato thesoundsource.This is a goodbeginning,but anyway still too
rigid. If thespeaker stopstalking andmovesto show somethingon a board,the
camerawill staystill until the speaker talks again.In addition,precisionon the
focusingwill dependmuchon theprecisionandcomplexity of thesoundreceiver
array. The zoomingof the system,shouldbe also taken into accountto have a
flexible tool.

A smartvideo-conferencingsystemcanbeconceivedasasystemusingall the
possibleinformationin theenvironmentto havecontrolof itself. In a systemlike
that,of coursesoundgivesa lot of information,but assomebodysaidonce:An
image tells more thana thousandwords. So,it is naturalto think in takingmuch
profit from thevideosource.

In Fig. 1.1 we canget roughly an ideaof what sucha SmartVision system
could be. The idea is not limited to the applicationof video-conferencing.It is
usefulandapplicableto thegeneralroboticsandartificial intelligencein thepart
of ComputerVision.

The vision systemshouldbenefitfrom thosecharacteristicsthat benefithu-
mansin their taskof visualizing.It shouldhave a low level (without contentun-
derstanding)analysisof the imagecapableto reactfast in front of changesor
situations.And anotherpartcapableto apportthesufficient understandingof the
imageto ensurea robustoperation.

Thefirst partof analysiswould correspondto theFocusof AttentionFinding.
This shouldtake profit from the informationaboutthedirectionof the incoming
sound,wheremoving regions are detectedand if there is the presenceof any
importantcolor (amongthe main features).Combiningthis information,we can
know wherethemajoremphasisis neededfor thecontentunderstanding.Oncewe
know where?, weshouldknow what?in orderto beableto decidewhatthesystem
mustdo.Hereis whenwecometo thesegmentationconcept.A decompositionor
division is necessaryto analyzetheimage.Weareinterestedin thoseregionsthat
representmeaningfulobjectsto beableto analyzethemandthegeneralscene.

Imagesegments,canbe found at many different levels andusingmany dif-
ferent featuresto analyzethe image.Humanvisual system(HVS) performsthe
same,it usesmany featuresto analyzethem.Many researchersthink thattheHVS
performslow-passandband-passanalysisof the image.Thefirst usedto extract
thestructure,andthesecondto analyzethedetailsandcomplementthefirst one.
Takinginto accounttheperformanceof theHVS, it is notabadideatrying to take
it asamodel,andlook if thesuppositionsaboutit arepossible.
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Figure1.1:SmartVideo-conferencingSystem

1.3 Organization

In thepresentwork, we have focusedon two of thepartsof theSmartMulti-
mediaSystem.Themainsubjectsdealtherearetwo of theonesconcerningto the
Visualsystem.

In Chapter 2, we have workedon anuncommittedfront-endfor theanalysis
of the image.This uncommittedfront endis basedon a segmentationtechnique
that relieson decompositionof the imagethroughscaleand the analysisof its
structure.

Theotherfield of work hasbeenin theFocusof attentionpart.It canbefound
at Chapter 3. In this, we have studiedthe possibilitiesto managethe attention
of thecamera.In fact,we couldcall it thereflex actsof thecamera.An analysis
of the movementat a very low level of the motion information,permitsto de-
terminewheretheattentionis morerequiredandwherewe mustreally segment,
simplifying in this way theanalysistaskof thesegmentationpart.
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Chapter 2

Scale-SpaceSegmentation

2.1 Intr oduction

Oneof themostimportantsubfieldsof ImageProcessingis imagesegmenta-
tion. It is of crucial importancein visual informationanalysisin order to make
possiblethe work with imagesof differentnatures.The useof different image
segmentationtechniquescanbe found in a large numberof applications,whose
review couldtakea largenumberof dissertations.

Recently, engineershave begunto be interestedin certaintechniquesthat try
to resembleor imitate what they think Naturedoes.Many of thesetechniques
have demonstratedtheir efficiency like,amongothers,geneticalgorithmsor neu-
ral networks.In theartificial visionsystempresentedin thiswork, wefollow what
somepeoplethink might beanapproximationof theHumanVisualSystem,and
proposeascale-spacebasedsegmentationtechnique.

Scale-Spacepermitsasegmentationschemebasedonahierarchicalrepresen-
tationof the input data.Otherhierarchicalsegmentationalgorithmcanbe found
in theliterature,like theonepresentedby Ziliani andJensen[36] or theprevious
works in the samefield by Burt et al. [5]. Theselast examples,basicallymulti-
featuresegmentationalgorithms,try to combinedifferentfeaturesin a weighted
way in orderto correctlylink up in the hierarchicstructure.In contrast,what is
proposedhereis trying to rely only ontheimageintensitystructure(is from which
the humanbrain extractsthe main amountof informationfor objectextraction).
Suchstructureis obtainedassaidbeforefrom thespreadin scaleof theoriginal
imagein graylevels.

Many previouswork basedon scale-spacecanbe found.Well known disser-
tationson this subjectarefrom Lindeberg [20] [19], which presentsscale-space
theoryandintroducesa segmentationalgorithmthatdealswith thepropertiesof
extremapoints.Unfortunately, this methodonly permitsa coarseblob-likeobject
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segmentation.He extendedthis work with an edgedetectionat differentscales
and this led to an improved versionof the technique.OtherExtensionsdealing
with extremacanbefoundin thework of Lifshitz[18] andHenkel [13, 14].

In thepresentwork, anotherway of dealingwith thescale-spaceis used.In-
steadof relying only with extrema,all the pixelsareusedto look for the image
structure.Vincken proposedthis idea in [32], wherehe appliedthis methodto
medicalimagesandperformeda specialvariationandextensionfor ?*P images.

2.2 Scale-SpaceApproach

The ideaof this segmentationrelieson the informationthatcanbe extracted
from theScale-Spacerepresentationof theoriginal image.In therealworld, ob-
jectstake placein a finite setof scales.This is becausedetailsof thesameobject
arevisibleatsomeresolutions(notnecessarilythesame,dependingon their size)
andageneralrepresentationof theobjectis foundatotherresolutions(necessarily
biggerthantheoneswheredetailscanbefound).TheScale-Spacerepresentation
is composedby the stackformed of successive versionsof the original image
at coarserscales.It is supposedthen, the bigger the scale,the lessinformation
referredto localcharacteristicsof theobjectswill appear, but theinformationcor-
respondingto the generalobjectareawill remain.Taking that into account,it is
reasonableto think that the local andhigh resolutiondescriptionof the imageat
low scalescan be relatedto the generaland low resolutioncontainedin upper
scales.This relationshouldpermit to link up pixelsat onelevel to thepixel that
representsall of themat the immediatesuperiorscale.This relationshouldlead,
at acertaindepthof thescale,to theconvergenceof all pixelsthatform anobject
into asinglepixel, which is therepresentationof suchanobjectat thatscale.

Tree−link Generation

Image Structure
Analysis Segmentation

Segments ImageOriginal Image

Scale−Space
Generation

Morphological
Filter

Clean Small Regions

Figure2.1:SegmentationSchemme.

A scale-spaceis anorderedsetof derivedsignals/imagesintendedto represent
theoriginal signal/imageatvariouslevelsof scale.This is how Lindeberg defines
it in [19], whereadetailedexplanationof linearscale-spacecanbefound.

Eachof the signals/imagesin the multi-resolutionstackis associatedwith a
given valuewhich describesthe scalelevel. This parameterin theory could be
consideredto bediscreteor continuous,leadingto thepossibilityof bothversions
in discretesignals,discretescale-spacesor continuousscale-spacesof discrete
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signals.But sincesucha thing hasto beimplementableandcomputable,we will
only dealwith thepartof thetheorythat focuseson LinearDiscreteScale-Space
of DiscreteSignals.Lindeberg did in bothcasesthefollowing assumptions:Q All scalerepresentationshouldbegeneratedby convolution of theoriginal

imagewith akernel.Q An increasingvalueof thescaleparameter(theonethatdescribesthescale
level) shouldcorrespondto coarserlevels of scaleand signalswith less
structure.Q All signalsshouldbe real-valuedfunctions: RTS U on thesamegrid size
(theoreticallyandin ideal conditionsa infinite grid), which meansthat no
decimationin coarserresolutionlevels will be usedto obtaina pyramidal
representation.

Figure2.2:Scale-Spacestack.

Themostinterestingcharacteristicis that thecoarserthescalethe lessstruc-
ture is present.In fact,no new structurecreationwould be desiredin the multi-
resolutionstackgeneration.To obtainthesecharacteristicsit hasbeenfoundthat
in thecontinuouscasea family of Gaussiankernelsis theonly solution.In order
to checkthepropertyof smoothnessincrementthroughscale(anothermannerto
saythatstructuredecrementsthroughscale),a goodway to measureis lookingat
the numberof local extremapresentin eachlevel. Theremustbe not increment
whengoingtowardsbiggerresolutions.
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2.2.1 Scale-SpaceGeneration

TechniquesClassification

A generalcomparisonandexplanationof differentscale-spacetechniquescan
be foundat [32] [12]. Hereis a generalview of themostrelevant techniques.A
genuineclassificationcouldbe:

Linear Scale-Spaceis a oneparameterfamily of imagesgeneratedby convolu-
tion of the input signalwith a Gaussiankernelof increasingwidth < . The
uniquekernelof thelinearScale-Spaceis theGaussian.Koenderinkderived
theGaussiankernel[17], from thelineardiffusionequation:VXW
Y[Z\K]:^:_V ^ !a` W
YbZ\c]4^:_�] (2.1)

where
W

is ascalarfunction(anImage)and ^ is thescaleparameter.

Non-Linear Scale-Spaceshas appearedin recentyears to bring solutions to
drawbacksfrom the linearapproach.Thesekind of Scale-Spacesrelax the
constraintof having to processall the information in the sameway, but
keepsthemainpropertiesof scale-space.We canfind:

1. Luminance conserving scale-spacesarethosewhichpreservethelu-
minancerelationsbetweenpointsover scale.In them,canbe estab-
lishedrelationsthroughlevelsbasedontheirgrey value.LinearScale-
Spaceis a conservingscale-space,but many others,like the present
onescanbefound.Amongthemthereare:Q Gradientdependentdiffusion[27].Q Tensordependentdiffusion[33].

2. Geometricflows areanapproachto nonlinearscale-spaceswherethe
evolution of curvesandsurfacesareconsideredasa functionof their
geometry. In images,curvesaretheisophotes,i.e. curvesof pointsof
equalluminance[26].

3. Mor phological scale-spacesIn mathematicalmorphologya scale-
spaceis representedby the stackof imageserodedor dilatedwith a
structuringelementof increasingsize.It hasbeenshown thatdilations
anderosionswith a convex structuringelementsatisfythedifferential
semi-groupproperty, andasaparticularcase,thatnormalmotionflow
is formally equivalentto erosionwith acircularelement[15].

Theuseof onetechniqueor anotherdependson theapplication.Eachof them
hasaparticularquality andin front of thenecessitiesis moreappropriatedor not.
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Non-linearScale-Spacesareaflexible framework to tunetheevolutionprocess
to the task.Whenusing them,the objective is to take profit from somespecial
characteristicfrom theoriginal image.Thatmeansthatwe know a priory which
kind of imagewearegoingto find (i. e.all kind of medicalimages).

Contrary, if we do not know whatkind of imageor situationwe aregoing to
find, we cannot imposeany constraint.We cannot selectany kind of aperture
to generateScale-Spacebecausewe are interestedin a particularadvantage.In
that situation,we shouldusea uncommittedvisual front-end,whoseaxiomsor
postulatesare:Q linearity (no knowledge,no model,nomemory)Q spatialshift invariance(nopreferredlocation)Q isotropy (nopreferredorientation)Q scaleinvariance(nopreferredsize,or scale)

Sinceno particularizationor emphasisin any feature(at themoment)canbe
done,Linear Scale-Spacewill beusedto simplify the imagethroughscale.Af-
terwards,on thebasisof somecriteria,relationswill beestablishedoverscale.

2.2.2 Linear Scale-Space

Linear Scale-Space,as said before,is the solution to generateScale-Space
with no previousknowledgeabouttheimage.

Thebasicassumptionsof Lindeberg [19] askfor akernelto convolvewith the
original image.Many approacheshavebeendoneto find anappropriatesolution.

It wasfirst realizedby Koenderink[17] thatthegeneratingequationof a linear
scale-spaceis thelineardiffusionequation:dfehgjiB[k lnmd l ! Zo � Zo WpY[Z\K]4^:_ !a` WpY[Z\K]4^:_ !! d�qdsrtr WuYCZ\c]4^:_wv d�qdsxyx WpY[Z\K]4^:_z] (2.2)

(for {�P , statingthat the scalederivative equalsthe divergenceof the gradient
of the luminancefunction,which is theLaplacian,thesumof thesecondpartial
derivatives.

TheGaussianis theGreenfunctionof thediffusionequation(seeapp.A). For
aninfinite domain,thegeneralsolutionto Eq.2.2 is:W|YbZ\K]4^:_ ! }=~�� Y[Z\X��] Z\c]4^:_ � W|Y[Z\X��] " _�] (2.3)
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where
�

is theGreenfunctionof Eq.2.2(so,
�

is a Gaussian):� Y \K]h��]4^:_ ! 5{D� ^D����� r qy� x q����� $ (2.4)

Notethatthe ^ in thediffusionequationasin theGaussianhasthedimension
of the squared spatial dimension.The relation to the standarddeviation is:<�J�!#{ ^ .

Someinterestingpropertiesof this representationare:Q Causality:coarserscalescan only be causedby what happenedat finer
scales.Q Maximumprinciple:at any scalechangethemaximalluminanceat coarser
scaleis always lower then the maximumintensity at the finer scale,the
minimumis alwayslarger.Q No new extremaatlargerscales:thisholdsonly for one-dimensionalsignals
[19].Q Physicsof luminancediffusion: the decayof the luminancewith scaleis
equalto thedivergenceof aflow.

All thepreviousformulations,have theproblemof beingdonein thecontinu-
ousdomain.Sincetheonly way to work andcomputeis in thediscretedomain,
it is surethatall theassumptionswill not benecessarilytrue.In addition,another
problemappears:in computervision theseideasare impossibleto apply to an
infinite image,whichmayleadto finite sizeeffects.

Gaussianderivativesand regularization

The Gaussiankernel is now establishedas the uniquescale-spaceoperator
to changescale.Thereis an importantadditionalresult:oneof the mostuseful
resultsin linearscale-spacetheoryis that the spatialderivativesof the Gaussian
are solutionsof the diffusion equationtoo, and togetherwith the zerothorder
Gaussianthey form acompletefamily of differentialoperators.

Wecansee: VV \ Y�W�� � _ ! W�� V �V \ $ (2.5)

This meansthatthederivative is givenat a givenscale:this operatoris called
scaledderivativeoperator or Gaussianderivativeoperator. Dif ferentiationand



Chapter2. Scale-SpaceSegmentation 22

scalingare intrinsically connected:it is impossibleto differentiatediscretedata
without increasingthe inner scale,i.e. blurring a little. This is consequenceof a
propertyof thefamily of differentialoperatorsfrom Eq. above: regularizationof
thedifferentiation.

Gaussianderivatives,are also a solution of Eq. (2.2). This introducesthat
derivative analysiscan be performedat differentscales,and if with the funda-
mentalsolution(Gaussian)wecanestablishthebasisof theimagestructure,with
theremainingderivativeswe canobtaindescriptionof theoriginal imagehelping
to follow up thestructure.

DiscreteScale-SpaceApproximation

Tony Lindeberg wrote a completedissertationaboutScale-Space,its funda-
mentalsandpossibilities[21]. As saidbefore,hepostulatesthattheLinearScale-
Spaceshouldbegeneratedby convolutionwith aone-parameterfamily of kernels,
i.e. � Y[Z\c] " _ ! W|Y[Z\z_ andfor ^�� " .� Y[Z\K]4^:_ ! �iB����[��� � YbZ\ � ]:^:_ W|Y[Z\�� Z\ � _ $ (2.6)

HedefinestheScale-SpaceFamily of Kernels
��� R �¢¡�U�£¤S¥U assatisfying:Q � Y � ] " _ !@¦ Y � _ ,Q thesemi-groupproperty

� Y � ]f§C_ � � Y � ]:^:_ ! � Y � ]f§¨v©^:_ ,Q thesymmetrypropertiesandQ thecontinuityrequirement ª«ª � Y � ]4^:_¬� ¦ Y � _ ª�ª'­®S " when̂¬¯ " .
andaScale-Spacerepresentation:
Let

W � R � S°U bea discretesignalandlet
��� R � ¡±U²£³S U bea scale-space

family of kernels.Then,the one-parameterfamily of signals � � R �a¡³U6S U
givenbyEq.2.6 is saidto bethescale-spacerepresentationof

W
generatedby

�
.

If wewantto approximatethediscreteScale-Spacekernel,by adiscreteGaus-
siankernel,first of all wefind two mainproblems.

1. Gaussianis definedoveraninfinite domain,whichmeansthatfor apractical
implementationa truncatedversionof it will benecessary.

2. DiscreteGaussianapproximationdiffersmuchfrom thecontinuousGaus-
sianfunctionat lowerscales.
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DiscreteGaussiankernel,is thefundamentalsolutionfor thediscretediffusion
equation.Unfortunately, it lacksof thepropertyof thepossibility to generateone
level of thescale-spacefrom the level below with aniterative kernel.Becauseof
that,thepropertyof semi-groupis failing.Thatis oneof thereasonsthatimpulsed
Lindeberg to work directly on a kernelapproximatingthediscreteversionof the
diffusionequation[19].

In this work we will make useof a discreteGaussianfor simplicity andwe
will tuneourkernelto introducethelesspossibledistortion.

2.3 Scale-SpaceApplication

2.3.1 Scale-SpaceGeneration

Severalmannersof generatingthemulti-resolutionstackhavebeentakeninto
account.This is becauseof the greatimportanceof this stepinto the segmenta-
tion process.The quality of the posteriorsegmentationwill be influencedby its
accuracy

GaussianBlurring

As it hasbeensaidbefore,oneof themostcommonandusedway to generate
theScale-Spaceis theconvolution of theoriginal imagewith a Gaussiankernel,
whosewidth determinestheresolutionof theresultantlevel in scale.In addition,
in [17, 10] it is shown thattheonly linearscale-spaceconstructoris theGaussian
function. It canbe formulatedin the continuousdomainasa vectorial isotropic
Gaussianfunction:

´ Y[Z\w] < _ ! 5Y <¬µ {D� _s¶ � g �¸· ·'¹r · · qq�º q m ] (2.7)

where» denotesthedimensionof theinputdomain(in ourcase»¼!½{ ), and < will
determinetheblurring in theresultantimage.

Sincewe areworking in the discretedomain,the discreteversionof Eq. 2.7
is:

´ Y�¾ ]h¿À] < _ ! 5{D�w< J � g �cÁ q � 8 qq�º q m $ (2.8)

The kernelcannot be infinite, and it hasto be oncemoreapproximatedby
a truncatedversion.Defining the Gaussianmatrix asa NxN matrix, if we take
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definestheaccuracy factorusedin theapproximation.In the implementationthe
desiredfactorwill beto takeat least ÄÈ��!#? .

Performing convolution in the Spatial Domain has its advantagesand
disadvantages.In one hand there is the possibility to easily set the width of
the Gaussianin order to keepthe desiredaccuracy of the Gaussiankernel. In
additionit is possibleto controlexactly the region which is going to beaffected
by the bordereffect (asit hasbeensaidin section2.2, ideally the imageshould
be unlimited, in fact the theory is basedon this supposition).But in the other
hand,thereis thebig problemof convolution in spatialdomain:computingtime.
Althoughsomefastcomputingcanbeimplementedthanksto theseparablenature
of theGaussian(see[32]).

In theFourier Domain, convolutionturnsinto asimpleproductbetweenboth
transformedfunctions,furthermorespeedis higherthanin spatialconvolution for
big kernels,andin somewayboundaryproblems“get solved”by theimplicit peri-
odizationof theimagein thediscreteFourierdomain.Unfortunately, oneproblem
arises.It is not sure,accordingto the literature[32, 18], thatperiodizationis the
bestsolutionto the boundaryproblem,in fact it hasbeenqualifiedof including
“undesirableartifacts”at largescales.Anothervariationwould bealsothe intro-
ductionof mirroring insteadof thesimpleperiodization,andalthoughit hasalso
beenqualifiedof introducing“undesirableartifacts”it wouldeliminatethediscon-
tinuity in theimageboundaries.Theproblemwith bothsolutionsis thata spatial
aliasingis introducedandit couldintroducedistortionin structureat largescales,
whentheGaussiankernelgrowsenough.

The expressionfor the Gaussiankernel in the discreteFourier domain,ob-
tainedof applyingtheDFT to (2.8), is simply:� Y � ]�Ét] < _ ! � g � g Y%Ê� _ q £ Y¬ËÌ _ q m JyÍ qtÎ�q m (2.9)

where
Â

and Ï specifiestheFouriertransformdimensions.

ScaleSampling

Ideally, in orderto beableto correctlyfollow theScale-Spaceup, it wouldbe
greatto disposeof a continuousversionof it. But again,sinceit hasto becom-
putable,only discretesetof scale-spaceslideswill beavailable.Thefinal segmen-
tationresultwill bestronglydependentonthequalityof themulti-resolutionstack.
Thatquality refersto theselectedslidesdensityof thescale-space,in sucha way
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(a)Level 0 (b) Level 1 (c) Level 2

(d) Level 3 (e)Level 4 (f) Level 5

(g) Level 6 (h) Level 7 (i) Level 8

Figure2.3: Scale-Spacerepresentationby Gaussianblurring of image(a) with 1
sampleperoctave in scale.

that,if notenoughslidesaretaken,it will notbepossiblefor thelinking to follow
backcorrectlythescale-spacestructure,leadingto wrongandundesiredeffectsin
thesegmentation,asover-segmentationin someregionsandunder-segmentation
in someothers.

An adequatesamplingrateshouldbefound.As in sec.2.2 thestandarddevi-
ation of the Gaussian<=� is shown to be the determiningparameterfor the scale
level.This is, in consequence,thevaluethatwill bediscreteto obtaintheselection
of scalelevels.

To obtaina uniformsamplingin thescaledirection,andrelateit linearly with
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a parameter¦�Ð , thestd.deviation <=� of theGaussianmusthave theform:

<=�>!Ñ � g ÐjÒs£%�ÔÓ Õ�Öhm (2.10)

where  is a parameterwhich specifiesthe initial scalefor
¾ !×" , Ø�G is just a

possibleoffsetof thefirst level in Scale-Space,and ¦fÐ specifiesthescalesampling.
It is shown thatpyramidsaccomplicetherule:Â �b£|­Ù!½{ � ¶ Â � (2.11)

so: Â �Ú!½{ � � ¶ (2.12)

where
Â

specifiesthesidedimensionof apyramidlevel.
Togetapyramidfrom thevaluesof (2.10)onemustnecessarilyset ¦fÐp!a»�Û«ÜÝ{ .

This yields ¦fÐÀ!ÞÛ«ÜÝ{ for the octave spacing,but this is too coarseto allow the
successfullyconvergenceof thepixels in their regions.It hasbeenfoundexperi-
mentallythat ¦fÐ�!Þßáà Jâ is a goodcompromisein thepresentapplication,Vincken
in [32] appliesandrecommendsa factor ¦�Ðu! ßáà JJ in ?*P medicalapplications,but
in this work imagesarenot composedof suchuniform surfaces.Consequently,
sinceeachobjectto segmentincludesmoreheterogeneoussurfaces,morelevels
in scalespaceareneededto follow betterthe structureof the image.Neverthe-
less,commonsenserecommendsto sampleasfineaspossible(in theendthatwill
be reflectedin the computingtime needed)let the linking procedurefollow the
adequatepathsin scale.

2.3.2 Linking Levels

Oncethemulti-resolutionstackis available,thelinking betweenpixelsof dif-
ferent levels mustbe carriedout. It is the mostcritical stepin the segmentation
process.An incorrectlinking will leadto a wrong segmentation,merging areas
which shouldnot merge or split them.The decreasinginformationin the scale-
spacestackgivesrise to a graph-like structureof singularitiesandcatastrophes.
Thestructureof this treemaybeexploitedto link pixelsaccordingto certaincri-
teriato createsegments.

In thefollowing application,theideafoundin [32] hasbeenapplied.It enables
thehierarchicalanalysisof imagestructure:thenumberof requiredsegmentsde-
terminesat whatlevel in scale-spacethedown projectionof thetreeshouldstart.

Themainideain thelinking is to follow theiso-intensitypathsthroughScale-
Space.The linking processis performedin a bottom-upway. It createslinkages
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Figure 2.4: Hierarchicalanalysisof the imagestructurelinking pixels through
levels.

betweenpixels in two adjacentlevels (
¾

and
¾ v 5 ). Beginning from the lowest

level in thestack(theonewith moreinformation),wesearchin thefollowing level
for themostsuitablepixel parent(accordingto somecriteria).Thissearchfor the
mostsuitableparentfrom thenext level above is realizedrecursively from the1st
level to thetopof thestack.

Only thosepixelsthathaveat leastachild will belinkedupagain.In thisway,
andthanksto blurring,aconvergenceis ensuredonthetoplevel in onepixel (only
if wehave representedtheimagedeepenoughinto scale).

The search area

Whenlooking for aparentpixel, it is surethatanexhaustivesearchin thenext
level is not necessary. We aretrying to follow the iso-intensitypaths.In theory,
thesearecontinuousin a continuousScale-Space,thatmeansthat in thecontin-
uouscaseit would beonly a differentialdisplacementaroundthechild pixel. In
our reality, we mustwork on a discreteScale-Space,with a scalesampling.That
meansthat thecontinuationof the iso-intensitypathin thenext level will befar-
ther thanjust a differential.Anyway, sincewe know the distancebetweenscale
levels,we know which is the relative diffusion from onelevel to next one.Con-
sequently, thesearchcanbereducedto a certainarea,theradius Å��Dk �b£|­ of which
(sincetheblurring is isotropic,acircularsearchwindow mustbeconsidered)will
berelatedto therelativescaledifference<=�Ôk �[£|­ betweenlevels

¾
and

¾ v 5 .
RadiusÅ��Dk �b£|­ is definedas:
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Å��Ôk �b£|­®!½��� � <=�Ôk �b£|­ ] ����ýa���Ôk ,c/þ�ÿ$ (2.13)

where �*� (the value can dependon the level, but here is taken constant)is a
constantwhich determinesthecompromisebetweenaccuracy andcomputational
complexity.

���� ���������������������������������������
���������������������������������������

�����������������������������������������������������������������
�����������������������������������������������������������������������������������������������������������������������������

n

n+1

Search Area r(n,n+1)

Figure2.5:Searchareafor a parentpixel.��� mustbe at leastsuchthat Å��Ôk �[£|­ is asbig asthe inner scaleof the parent
pixelslevel:

���Ôk ,c/þ� � <=�Dk �b£|­®!@<=�[£|­f$ (2.14)

An influencefactor � (suchthat ���
	 � � {®Û«Ü Y � _f] "
	 ��	Þ�),�
 B ) canbe
definedandarelationbetween� and �*� is established.Fig. 2.6showstherelation
betweenthem.

Dependingonthescalesampling,amaximumvaluefor � is necessary:�ÿ,�
 B
!� g � Ê qÁ�� 8 3 Áq m .
Linkage criteria

In the taskof searchinga parent,the selectionhasto be doneaccordingto
somecriteria.Themainobjective is to find thenearestpixel with thenearestgray
level. Apart from that, and in order to help and increasethe robustnessof the
selection,someothercharacteristicscanbeadded.
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Figure2.6:Relationbetween� and ���
Gray Level Differ ence is the main componentand the most important. In an

ideal situationshouldbe the only onenecessaryto follow. The problems
arisewhenappearsthe distortiondueto approximations.The normalized
factoris: +���! 5 � ª W�� � W�� ª` W ,�
 B ] (2.15)

where
W��

and
W��

arethepixel intensityfrom theparentandthechild respec-
tively, ` W ,�� \ is themaximumintensityin theoriginal image.

Ground Surface is thenormalizednumberof pixelsfrom theoriginal imagethat
the parentrepresents.So a pixel will be more likely to be relatedwith a
parentwith many children than with anotherwith many few. The utility
of this factor is to avoid pixels that keeplinking with themselvesthrough
scaledueto scale-spaceapproximationimperfections.It actslike a kind of
gravity. Thenormalizedfactoris:+��¼! � � �� � ,�
 B ] (2.16)

where � � � is the parentGround Surface (or numberof pixel from the
groundlevel he represents)and � � ,�
sB is the max GroundSurfacefound
for aparentin thesameparent’s level.

Ground SurfaceMean intensity is thenormalizeddifferencebetweenthemean
intensityvalueof thepixelsfrom theoriginal imagerepresentedby thepar-
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entandtheonesrepresentedby thechild. Thenormalizedfactoris:+�� ! 5 � ª Ï � � Ï � ª` W ,�
 B ] (2.17)

where Ï � and Ï � arethe meanfor the parentandthe child respectively.
This is anotherauxiliarycharacteristicto helpthelinking up.If aparentand
achild haveaverysimilarmeanis naturalto merge.

The two last characteristicswill have to be includedin an iterative version
of the affinity computationbetweena parentand a children. In fact, the first
time we try to find the links betweentwo levels, no knowledgeaboutGround
Surfacesand Groundpixels representationis known for the parents’level. So,
aftera first initialization of links computedjust with thegray level difference,it
will becalculatedanarbitrarynumberof timeswith theadditionalparameterstill
stabilityof theresult.

To computethe generalaffinity value,a ponderedsummationof the param-
etersis done.In addition, the hole ponderedsummation,is alsoponderedby a
factor that dependson the distancebetweenpossibleparentand the child. The
further, thelessprobableto berelatedbothpixels. !"! � �� /$#|­�% / � +-/�� /$#|­�% / ] % & ^�' +-/�(*)'" ] 5�+ ] (2.18)

where! is thedistancefactor, and % / areponderingvalues.

SinceAffinity decreaseswith the distance,and Gaussianblurring is being
used,a basedGaussianshapedfunction is employed to ponderaffinity between
pixelsaccordingto theirdistance.

P Y » � k � _ ! � �b� , q- � .q0/ 1áº q. 2 º q-�3 � ] (2.19)

where » � k � !Þª«ª Z\ � � Z\ � ª�ª , and < � and < � arethescaleof theparentslevel andthe
childrenlevel respectively. And, becauseof in eachlevel thereis a certaininner
scale,into this, all thepixelsareequallypossiblecandidatesto beparent,so the
following modificationis done:!�! 4 5 if » � k � 	 "%$ (Ô< �~ g ¶ - � . m~ g G�5 6 Î . m if » � k � � "%$ (Ô< � (2.20)
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Object Contour SupervisedLinking

In additionto thepresentedcriteria,anotherfactorhasbeenaddedto reduce
incorrectlinking of pixels in regionscloseto edges.Sincehumanvisual system
is known to work aswell with band-passrepresentationof images,edgedetection
hasbeenaddedto helpinto thelinking upprocess.

Objectsaredelimitedby edges.Segmentationin scale-spacetries to find ob-
jects,or at leastmeaningfulregions.Becauseof that, linking of pixels from a
region to anothermustbeavoided,otherwiseit will leadto incorrectsegmenta-
tion. To avoid that in caseof failure of thecorrectfollowing of the iso-intensity
paththroughscale,a simply rule canbeused.If whencomputingtheaffinity be-
tweentwo pixels the link goesthroughanedge,it will benot takeninto account
whencomparingto find thebestparent.

window is out of the region
Part of the search

7879:8::8::8::8::8::8::8::8::8::8:
:8:
;8;;8;;8;;8;;8;;8;;8;;8;;8;;8;
;8; <8<= >8>?
@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@@8@8@
A8A8AA8A8AA8A8AA8A8AA8A8AA8A8AA8A8AA8A8AA8A8AA8A8AA8A8A

Link not allowed

Figure2.7:Wronglinkageproblem.

In parallelto thescale-spacerepresentationof theimage,anedgerepresenta-
tion throughscalecanalsobeperformed.In thescale-spacerepresentation,image
structureis kept throughscale.Edgescanalsobe detectedthroughscale,anda
relationbetweenlevelscouldbeestablished.In fact,only themostrepresentative
edgeswill bekeptwhenincreasingscale.With theedgeinformationin everyscale
level, we will find theedgesof theuniform areas.Thoseareasshouldcorrespond
to theinformationrelative to thecontainedimagedetailsat thatscalelevel.

Edgedetectionthroughscalerelieson theapplicationof Gaussianderivatives
(seesec.2.2.2).Two differentapproacheshave beenstudied.Theuseof thefirst
derivative(spatialgradient)andthesecondderivative(theLaplacianof theGaus-
sian).
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First derivative is thespatialgradientof thescale-spacelevelsextractedin sec.
2.3.1.All theexistentridgesin all thelevelsareextracted.Thereis noselec-
tion of themostimportantedges,sincethesewill persistthroughscale.The
moduleof thegradientis performedandanestimationof theridgesis done.
A morphologicalprocedureusinga directionaldilation with reconstruction
is used(seeapp.G).

ª Zo W|Y�ZÅ ]4^:_ ª�! B VXW|Y�ZÅ ]4^:_V \ C J v B VXWzY�ZÅ ]:^:_V � C J ] (2.21)

wherê representsthescale.

(a)Level 1 (b) Level 4 (c) Level 7

Figure2.8: Edgerepresentationthroughscaleusingthegradient.1 sampleper3
octaves(first sampleon thefirst octave)

Secondderivative is theLaplacianof thegaussianof thescale-spacelevels.In-
steadof usingdirectly thesecondderivative,anapproximationis used.We
usetheDifferenceof Gaussians(DOG) approximation,which hasbeenre-
cently proved to be the responseof the receptive field in the catsretina
[6]. To detectedgesin scale,the differencebetweentwo consecutive lev-
els of the scale-spaceis computedand then,a zero-crossingdetectionis
performed.

!EDGF Y \|_ !IH�­ ��J � r 2LKq�ºNM qPO � H J ��J � r 2QKq�º q qRO ] <z­ � < J $ (2.22)

I.e.,beingtwo GaussiansH and S of scaleT and ( octavesrespectively, the!EDGF will betheequivalentto thesecondderivative of a gaussianof scale(-$ ( octaves.
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Figure2.9: Comparisonbetweenthe Laplacianof a Gaussianandthe DOG ap-
proximation

(a)Level 1 (b) Level 4 (c) Level 7

Figure2.10:EdgerepresentationthroughscaleusingDOG.1 sampleper3 octaves
(first sampleon thefirst octave)

In the imagesfrom Fig. 2.10and2.8,we canseehow edgesof themostim-
portantstructurearekeptthroughscale.

If the contraryis not said,we will usethe Laplacian(DOG approximation)
to supervisethe linking process,insteadof the gradient.The obtainedaremuch
cleaner.

2.3.3 Segmentation

Oncethe linking is done,theestimationof imagestructureis readyto be in-
terpreted.All thepixelsin thegroundlevel arelinkedup in thetreestructure.The
only remainingstepis to obtaintheimagesegments.Thebasicideais thatto gen-
eratea segment,a pixel is taken in oneof thescalelevels,afterwardsthe treeof
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links is followeddown till thegroundlevel andall thepixelsareassignedto the
segment.

Thesegmentationpartis mainly composedby two steps:

Root Labelling is thepartwherethepixelsin thescalelevelsarechosento repre-
sentthesegments.In theidealcase,thesesegmentsshouldrepresentmean-
ingful objects.To selectthepixels,two criteriacanbetakeninto account:

1. Theselectionof thedesiredbiggestscalelevel, impliesautomatically
thatall theparentpixelscomprisedinto thatlevel arelabelledasRoot
pixels.Thesepixelsaresupposedto representthesegmentsof acertain
sizerelatedto theinnerscaleof theselectedlevel.

Theselectionof ascalelevel asabeginningfor theDownwardProjec-
tion is necessary. If weareinterestedin findingobjectsof determinate
size,a higherlevel selectionwill mergethemanda lower level selec-
tion will giveanover-segmentedrepresentation.

2. Normally, in segmentation,a wide rageof region sizesis desiredto
recognize.Soin additionto theexposedin thelastpoint,somekind of
SeedingRule shouldbe used.It would determinewhich pixels from
thelevelsbelow theselectedcouldbealsolabelledasRootpixels.And
in this waypermitthedistinctionof thesmallersignificantobjects.

To carryout this taskin asimpleway, a thresholdcouldbeimposedto
theresultof Eq.(2.18).Then,if thenearestparentis overthethreshold,
donot link it andlabelit asRoot.

In thepresentwork, wehavenot includedaSeedingrule,sinceweareonly
interestedin generalonanarrow rangeof objectsizes.Only theinitial level
will beselected.

Downward Projection This is thelaststep.It remainstto follow theimagestruc-
turedown from theselectedRootpixelsat thedifferentlevelsof scale.Each
Rootpixel will representasegment,andall thepixelsfrom thegroundlevel
connectedto it will bemarkedasbelongingto thatsegment.

2.4 Results

2.4.1 Scale-SpaceGenerationDetails

Thestepof Generation,is determinantin thequality of thesegmentation.We
areapproximatinga principle, valid for the continuousdomain,in the Discrete
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Selected
Level

Downward
Projection

Figure2.11:Scanningof theimagestructureto obtainthesegments

domain.Themainproblemsthatwehavefoundarein termsof theapproximation
of theGaussianthatgeneratestheScale-Space.
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Figure2.12:Theproblemof theapproximationof thecontinuumwith discrete.

In the spatialdomain,as we seein Fig. 2.12 (a), for small scales,we find
that theapproximationof theGaussiandiffersmuchfrom a continuousone.The
samplingrateis too slow comparedto thekernelsize,which impliesaliasingand
kerneldistortion.

In Fig. 2.12 it is seenthat for biggerscalestheapproximationis muchmore
good.

In previsionof theboundaryeffect,andin orderto speed-upthefiltering step,
we have chosento performit in theFourierdomain.In the literaturewe find the
possibilitiesof mirroring the image,or simply the implicitly periodizationof the
DiscreteFourierdomain.We find aswell the ideaof just paddingall aroundthe
imagewith themeanvalueof this.Sinceat largescales(whenthekernelgoesout
from theimage)thevaluesof theimagetentto themean.
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The real problemwe have found, is the frequency resolution.Sincewe are
usingthediscretetransform,we areapplyingthesamevalueto a wholeband.In
addition, in high scalefiltering, we find the approximationproblemof the con-
tinuouskernelby thediscretekernel.Again, thesamplingof theGaussiankernel
is too low and losessimilarity with the continuous.That is reflectedasspatial
aliasingof theGaussian,alsoknown astheboundaryproblem.

To obtainanaccurateresult,sincewe have beenworking with small images
(115x153),wehadto usebiggersizesfor theFFT. Wefoundin the512x512trans-
form to beadequateto performthetests.Therestof thesquareoutsidetheimage
hasbeenpaddedwith themeanof the image(asinterpolation)or a mirroring of
theimage.In thecaseof mirroring theFFThasbeenperformedon thesizeof the
mirroredimage.
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Figure2.13:Gaussiankernelin theFourierDomainfor a UWVYX[Z]\_^`^ in thescale
factor. First usedkernelin everyScale-SpaceGeneration.

Accordingto Eq.2.10,we define UaVbXcZd\_^e^ . This is to get thefirst kernelfor
thespacingof 1 sampleperoctavewith a f�g aroundthevalueof 2. TheGaussian
that correspondsto this characteristicsis seenin Fig. 2.13.Notice, the kernel is
verynearfrom theborder. To avoid distortionin thekernel,we forceall theother
samplingratesin scale(1, hi , hj ,...) to have their first samplein this scale.For that,

wedefinek�l as k�lmVonqpsr h0tNuwv n i tp , where x is thenumberof slicesperscale.

2.4.2 Scale-SpaceAnalysis Details

Oncethe Scale-Spaceis generated,the structureof the imagemustbe ana-
lyzed. To ensurethe analysis,from one level to another, a convergenceof the
pixelsmustbepresent.
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In Fig. 2.14,we canseetheevolution of thenumberof parentpixelsin every
level of thescale.This graphandthefollowingshave beendoneusingtheimage
Rosa’sHAND (seebelow).
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(a) Numberof nodes(parentpix-
els) in every level for theanalysis
of theimagestructureonly with y{z
component.

(b) Rosa’sHAND

Figure2.14:Numberof nodes(parentpixels)in every level andtheimageusedto
generatethevalues.

First of all, noticethat for the first four levels, therearehe samenumberof
nodes.This is dueto thefactthatall thepixelsfrom theimagelink upwith them-
selves.Non of themconvergeyet. This is dueto the image,is alsospatiallynon
continuous,andpixelsdo not convergetill diffusiontakesa biggerrange.In this
case,they donotbegin to convergetill f�g is around4.

In thegraphwecanalsoseethefastconvergenceat thebeginning.This is due
to the fact that all the small detailsdisappearfastly at the beginning andpixels
converge. After, convergencegoesslower becauseregions with componentsat
higherscalesdisappearmoreslowly.

In Fig. 2.15 we can seethe behavior of the convergencerate,on the same
imageasFig. 2.14,applyingthe modifying factorsto help.This help is needed
sincewe have not a continuousscale-space.In fact, if we could work on really
highresolutionimages,theapproximationto thecontinuousscale-spacewouldbe
better, andalsotheresultsusingonly the |[} components.Noticethat,sinceit is a
discretescale,many pixelscangetlost whentrying to follow up theiso-intensity
curvesthroughscale.

In (a),component|[~ showsthatit doesnotchangemuchtheconvergencerate.
It helpsin merging uniform gray level areas,andsplitting thosewhich ar not so
uniform.This factorhelpsto refinesomedetailson thecontoursof thesegmented
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(a)Numberof nodes(parentpixels)in
every level for theanalysisof the im-
agestructurewith y z andsome% of
the y{� component(gray level differ-
ence).
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Figure2.15:Numberof nodes(parentpixels)in every level for |[~ and |c�
regions. It helpsalso to merge thosepixels which are very similar, but do not
mergedueto theproblemof thespatialandscaledistanceof thesampling.It has
alsosomedrawbacks,it cansplit someregionswhichshould.Thiscomponent,in
someway, canbreakthetrackingof theiso-intensitypath,andconsequentlylead
to anundesiredover-segmentation.

In (b), component|[� show thatit reallychangestheconvergencerate.It forces
pixels to getmergedto someparentinsteadof anotherif thedifferencebetween
both components|[} is not very low, andthe importancein areaof oneparentis
muchmorethantheother. This factoris muchhelpingin thosecaseswheredue
to imperfectionsof the scale-space,thereare pixels that get lost from the iso-
intensitycurve andkeepon linking with themselvesthroughscales,reachingthe
top level alone,into a regionof 1 or 2 pixels.If a to highvalueis set,it mayforce
thebuilding up of thestructureto collapsein onesegmenttooearly.

In Fig. 2.16 if comparedwith 2.14,we seethat it doesnot modify the con-
vergencerate.It is normalif we considerthatbothcharacteristics(edgesand |c} )
have thesamescaleevolution.Any way, it helpsin correctingsomemistakesin-
troducedby the component|[~ or |[� , whenit mergestwo unconnectedregions
thatshouldnot dueto they areon two differentobjects.
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Figure2.16:Numberof nodes(parentpixels)in every level for theanalysisof the
imagestructurewith |c} andtheapplicationof theedgedetectioncriteria.In this
testtheedgeswherecomputedusingtheLaplacianof theGaussian.

2.4.3 SegmentationResults

Influenceof the secondaryfeatures

In the following, we illustrate the effect of the applicationof the secondary
featuresin thelinking processof thestructureof theimage.

In Fig. 2.17canbeseentheresultof thesegmentation(a) with usingthedif-
ferencegray level betweenparentand children only to link. The level to start
thedownwardprojectionat f�g�VY^`X pixelswasselected,in orderto not to have
regions correspondingto smallerdetailsthan the most prominentobject in the
image,the hand.In fact, aswe canseein the right imageof the figure (b), we
successin obtainingthe region correspondingto the hand.Anyway, it is not so
accurate(seethe region of thefingers),a partof thebackgroundis mergedwith
thegeneralareaof thehand.In addition,in Fig. 2.17(a) we seea clearexample
of theproblemdueto discretenessin thescale-space.Many pixelsgetlost in their
following of the iso-intensitypath,andconsequentlythey reachthe lastselected
level of scale.Leadingto appearmany smallregionsthatshouldn’t beatthis level.

In Fig. 2.18,we apply now the influenceof the two additionalfeaturesde-
scribedin sec.2.3.2.Theselectionof valid parentsin every scalelevel continues
beingexclusive of the gray difference,but in the following iterationsof the al-
gorithm, the children get reassignedon basisto the threecomponentweighted
addition.The main componentis still the gray level difference,and the others
try to help in thosepixelswherethedifferenceis not clearlydetermining.In the
figure, we canappreciatethe improvementin both details:the precisionof the
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(a) Segmentationof theimageRosa’s
hand, using only the y z component
and filtered with the morphological
filter. Level of segmentation:���m�����
pixels

(b) Extractionof a meaningfulobject
from thesegmentationin (a).

Figure2.17:Segmentationof Rosa’s handusingonly |[} .
contourandthedisappearanceof thelittle regionareas.In (b) theextractionof the
handfrom thesegmentationcanbeseen.

(a) Segmentationof theimageRosa’s
hand, using the three components
with weights����������� � , �����E����� � ,����������� � andfilteredwith themor-
phologicalfilter. Level of segmenta-
tion: � � ����� pixels

(b) Extractionof a meaningfulobject
from thesegmentationin (a).

Figure2.18:Segmentationof Rosa’s handusingthethreecomponents.

From that onequestionarises,which mustbe the weight of the values?We
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have found to give goodresultsfor valuesbetween0.1-0.4,without muchvaria-
tion. Normally, we have tried to keepequalthevaluefor theGroundMeancom-
ponentasfor theGroundSurfacecomponent.Sincethefirst tentsto split andthe
secondoneto merge,in somewaystrengthsgetcompensated.

If increasingvery muchthe weight valueof GroundSurfacewe obtain that
theregionscollapseon a singleone,if increasingvery muchtheweightvalueof
theGroundMeancomponenttheresultof Fig. 2.19is obtained.Theresultis very
satisfactory, dueto the fact that whenusing this high weight value,it performs
very well on uniform gray-level surfaces.It canbe very useful for exampleon
medical images,wherethe task thereis to segmentmore or lessuniform gray
level surfaces.Theparentsselectioncontinuesbeingbasedon the |[} component,
but therefinementis completelybasedon thecomponent|[~ .

Figure2.19:Segmentationof theimageRosa’shand,usingtwo of thethreecom-
ponents:|[} and |[~ , with 1.0and1000asweightvaluesrespectively.

The Contrast Problem

In this segmentationtechnique,we have beenworking relying only on the
informationavailableon the intensityimage.Themainanduniquefeatureis the
graylevel,with theadditionalfeatureof theedgedetection.Theproblemthathere
arisesis thatin neighborregions,althoughbeingof differentcolor, they canhave
the sameor similar intensity. That brings the problemof two neighborregions
badlycontrastedcanmergeif only ameaningfulobjectwas.It is clearthatsooner
or later regions merge in the structure,but bad contrastbetweenregionsmake
themmergebeforethey should.

This is the examplethat canbe seenin Fig. 2.20.We canobserve, how the
algorithmsuccessin segmentingthebody, andtheheadof thesubject.Anyway,
a part of the wall mergeswith the body dueto the relative low contrast.This is
becausewhenbuilding thestructure,themostsuitablelink connectsbothregions
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Figure 2.20: Segmentation(a) of the imageOscar(b) with parameterweights�¡ �¢ V¤£eZ]X , �� �¥ V¦XcZd\ , �¡ �§ V¨XcZd\ with edgesupervisionusingthe Laplacian
versionandfilteredwith themorphologicalfilter. Level of segmentationf�g©VIª�^
andtheedgeestimationcandonothingsinceit is alsoaffectedby thelow contrast
andtheedgeat thecorrespondingscaleis alsonot found.

The edgeseffect

The edgedetectionis intendedto avoid incorrectlinking betweendifferent
regionsseparatedby anedge.In Fig. 2.21it canbeseentheeffectof theuseor no
useof edges.Both segmentationsarecomputedusingthe sameparameters,and
aresegmentedon thebasisof thesamescalelevel. Theonly differenceis in the
useof edgesto supervisethecorrectlinking.

It is easyto seethe improvementin the quality of the segmentation.In the
imagesthe most relevant detailsare signaledwherethe useof edgesare more
influent. In the figure (b) we seehow part of the headis merged to the body,
andnext to the pictureon the wall, thereis a little box on the wall, which does
not appeardefinedin theversionwithout edges.In (c), sincewe usetheedgesat
eachscale,we keepfrom linking throughthem,andwe successin avoiding the
incorrectlinking of the head,improving the definition of the contours.We can
alsoobservethatheretheregion thatdefinestheboxon theworld is kept,andnot
wronglymerged.
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(a) ImageSergi.

(b) Segmentationof theimageSergi with
parameterweights �����«�¬��� � , �8���"���� � , �8�������{� � withoutedgesupervision
andfilteredwith themorphologicalfilter.
Level of segmentation:���­��®¯� pixels.

(c) Segmentationof theimageSergi with
parameterweights �����«�°�¯� � , �8���±���� � , �������²�{� � with edgesupervision
using the Laplacianversionand filtered
with the morphologicalfilter. Level of
segmentation:���³��®�� pixels.

Figure2.21:Comparisonof theeffectof edgedetectionon thesegmentation.
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(a) ImageRosa. (b) Segmentationof theimageRosa

(c) Extraction of a meaningful object
from thesegmentationin (b)

(d) Extraction of a meaningful object
from thesegmentationin (b)

Figure2.22:Segmentationof theimageRosawith parameterweights
�� �¢ V�£eZ]X ,�¡  ¥ V´XcZ]\ , �¡  § VµXcZd\ with edgeusingtheLaplacianversionandfiltered with

themorphologicalfilter. Level of segmentation:f�g©V¶ªeX pixels.
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Mor e Results

In the Fig. 2.22we canseehow it is segmentedthe whole head.Notice the
detail of the hair, it is well included,all together, with the facein the sameob-
ject. It is well contrastedwith thesurroundingregions,andthatallows thecorrect
segmentation.The blouseis alsocorrectlysegmented.As we cansee,the arms
arenot very well contrastedwith their surroundingarea.Thatmakesthemto be
alreadymergedat this scalewith the regionsof the wall. The supervisionsame
happenswith thetable.In theFig. 2.23,anexampleof thebehavior of scale-space
segmentation,andtheselectionof thescalelevel to performthesegmentationis
seen.Dependingof theselectedscalelevel,weobtainbiggerorsmallersegmented
objects.In thefigure,weseehow selectingthescalef�g·V¸ª`X pixels,thesegmen-
tationof thewholeSergi is obtained.In theselectionof scalef�g·Vb¹`^ pixels,we
hopeto find segmentsof smallerregionscorrespondingto detailsof smallerscale.
Indeedwe find thesegmentscorrespondingto theheadandthebodyof Sergi. In
addition,theboundariesof thesegmentsarequitewell defined,thanksto theedge
supervision.

2.5 Conclusions

In this chapter, we have applied the scale-spacesegmentationto natural
images,obtainedwith acamerafrom apossiblevideo-conferencingenvironment.
Fromtheobtainedresults,weseethatmeaningfulobjectscanbesegmentedfrom
thescene.

In scale-spacesegmentation,wehaveseen,thatwecannotobtainall thepos-
siblesegmentsin animageat thesametime.Wehave to chosebetweenbiggeror
smallerdetails.Then,accordingto thechoice,wewill obtainthesegmentsof ob-
jectsthatareapproximatelybelongingatthatscale.Dependingontheapplication,
this canbe a problem,or an advantage.In the presentone,this canhelp in dis-
criminateimplicitly smalldetails.In this way, thetaskreservedfor thefollowing
stepin thesystem(segmentsanalysisfor imageunderstanding)will beeasier.

The techniqueproposed,hasshown to bevery sensitive to thequality of the
generatedscale-space.Much caremust be taken in its generation,avoiding as
much as possiblecoarseapproximations.One of the most importantfactorsin
thequality of scale-spacehasshown to bethefrequency resolutionof theFourier
transform.The otherlimitations arethe spatialresolution(which limits alsothe
useof finer scalesamplingrates),theboundaryproblems(which aremoreor less
solved with the imagemirroring or the imagemeanpaddingaround),and the
scalesamplingrate.
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(a) ImageSergi.

(b) Segmentationof theimageSergi with
parameterweights �����«�¬��� � , �8���"���� � , � � ���²��� � with edgesupervision
using the Laplacianversionand filtered
with the morphologicalfilter. Level of
segmentation:� � ��º¯� pixels.

(c) Segmentationof theimageSergi with
parameterweights �����«�°�¯� � , �8���±���� � , � � ���²�{� � with edgesupervision
using the Laplacianversionand filtered
with the morphologicalfilter. Level of
segmentation:� � ��®�� pixels.

(d) Extraction of a meaningful object
from thesegmentationin (b).

(e) Extraction of a meaningful object
from thesegmentationin (c)

Figure2.23:Obtentionof meaningfulobjectsusingtheScale-Spacesegmentation.



Chapter2. Scale-SpaceSegmentation 47

Differentaspectshavebeendealedin thereferingto theanalysisof theimage
structure.In whatrefersto thelinking criteria,thedifferenceof graylevelbetween
scalelevels is usedto createthe links and find the parentsat the upper level.
Parentsarefoundrelyingonly in thiscriteria.Thelinks of childrenwith thefound
parents,is refinedafterchangingsomechildrento oneor otherfatherdepending
on thecriteria.This doesnot affect theselectionof theparentsat thelevel, but it
will affect theconvergencethroughscale.If theparametersarewell selected,the
helpin theconvergence.Thevaluesof theparametersseemedto beindependentof
theimage.Any way, no testshave beenperformedin differentspatialresolutions
of thesameimageto seeif theparametersarerelatedwith thespatialresolution.

The inclusionof edgedetectionis the band-passpart of the imageanalysis
in theprocedure.As thehumaneye, we want to integratein thesameprocedure
low-passandband-passprocessingof the image.Using the low-passasa basis
to extract the structureand the band-passas correctingfeature,hasshown to
improvetheperformance.

The testshave shown that the segmentationtechniquehas someproblems
whentwo objectsor regionsnot very well contrastedareneighbors.If the seg-
mentationscaleis not very well chosen,then the regions can merge. Another
problemcanbewhentheoptimalscaleto begin thesegmentationis betweentwo
scalesamples,andit is notavailable.

Very complicatedscenes,canhave segmentationproblems.If they arevery
complicated,then it meansthat thereare many details.Small detailsare more
difficult to segmentdueto they have lessscalelevels to converge.In addition,is
possiblethatsomeotherband-passanalysisshouldbenecessaryfor their correct
analysis,or somenon-linearscale-spaceanalysis.

Wecanconcludethatit is aninterestingsegmentationtechniquefor automatic
computervision systems.If we acceptthe suppositionthat oncethe secondary
criteria is tunedfor a certainimageresolutionandsize,theonly parameterto set
is thescalelevel from whichwe will begin thesegmentation.Thisscalelevel can
berelatedwith thecamerazoomandsomecomputedor assumeddistanceof the
objectin front.
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Chapter 3

Focusof Attention Finding

3.1 Intr oduction

Humanvisualsystem,apartfrom performinganexcellentsegmentationof im-
agesandobjectselection,is alsoimprovedin suchaway thatit selectswhereand
at whichscaletheimageanalysismustbeperformed.This improvementis dueto
differentfeaturesthatallow thevisualsystemto focusits attentiononwhatit is re-
ally interestedin. Consequentlyit spendsall theeffort analyzingtheselectedarea.
An analysisof this phenomenoncanbe found in ActiveVision in [4, 30]. There
aremany differentstimuli andfactorsthatdrive the focusof attentionin human
beings.Thesestimuli arefrom very differentnatures,they cancomefrom all the
possiblestimuli thatcanattracttheattentionof a Subject.Attentionattractionof
someonecanbedueto severalreasons,andfor severalobjectives.In themostba-
sic levelsof survival, animalscancenterthey attentiondueto a stimulusbecause
it canrepresentsomethinggoodfor their developmentlike food, themaleor fe-
male(for reproductionpurposes)or somethingthatputsin dangertheirexistence,
like the presenceof their predator. In all thesesituations,the paymentof atten-
tion couldbe inducedbecauseof someflavor, sound,touchor a visual stimulus
(notadetailedanalysisof thescene,in factthepurposeof focusingattentionis to
performa posterioria detailedexamination).Thefirst threekind of stimuluscan
containa lot of information,dueto the fact that thebrainhasothermechanisms
to analyzethepossiblesourceindependentlyof thevisualsystem,relying on the
kind of flavor, aknown soundor acharacteristictextureonasurface.Ontheother
hand,visual systemstimuli areat a lower level, they take effect beforeany fur-
theranalysisof thescene.Theheadturnstowardsthepoint or regionwheresome
kind of phenomenathat inducesa stimulushasbeenobserved . Any way, sound
canalsobeconsidereda low level focusattractorif weonly take into accountthe
capabilityto detectthedirectionof asound.
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Fromthepoint of view of a multimediasystemor applicationlike thepresent
one, the most interestinginformation sourcesto set andfind the right focus of
attentionmaybe:SoundandVisualinformation.

Soundcancarryalot of informationaboutwhoor whathasemittedit, in order
to warnthebrainof what is themostlikely thing that is goingto befoundby the
detailedimageanalysis.It canbeusedalsoat a lower level. In facta very useful
characteristicof thehumanhearingsystemis that in reality it is anarrayof two
sensorswhichcanlocatewith certainprecisiontheorigin of asoundsource.

Visual informationis oneof themostrelieddataby thebrainto keepknowl-
edgeof thesurroundingworld. It is themaintool usedto realizea fine anprecise
observationof theenvironment,but beforesucha taskis performed,otherinfor-
mationcanbe extractedfrom the imagewithout a detailedexamination.Visual
systemis sensitiveto stimuli andin consequencefocusof attentionis attractedby
the presenceof determinatecolors(colorswith specialmeaninglike red,black,
yellow...or colorsthatthebrainis lookingfor), light intensityor motion.All these
informationsaretreatedfastestby thevisualsystem,andmaycontroldirectly ac-
tionsevenbeforeany high level understandingof thescenehasbeenperformed.

In theframework of computervision,a simulationof this biologicalbehavior
is very useful in termsof giving the capacityof Active Vision to an automatic
system.The applicationof that would bring the possibility of a camerarotating
and zoomingin order to concentrateits attentionon somespecificareaof the
outsideworld.

of
Attention
Detection

Focus

»¼»»¼»½¼½½¼½¾¼¾¾¼¾¿¼¿¿¼¿
Detection

Sound Direction

Detection
Colour Areas

Special

Camera
Images

Detection
Moving Areas

Figure3.1: Representationof thedifferentfactorsandpossibleinformationthatcanbe
usedto find theFocusof Attention.
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3.2 Motion Source

3.2.1 Motion Estimation

Motion Estimationis a very well known conceptin ImageProcessing.Since
imagesarea ¹`À representationof the ªeÀ reality, it is not alwayspossibleto get
from a sequenceof images(a ªeÀ representation)the realmotion field of anob-
ject into ascene(the \�À reality).Motion Field is apurelygeometricconcept,this
meansthat the motionfield is the real movementof thestructureof the bodyor
object.In sequencesindeed,whatit is seen,is theOpticalFlow, whichis thedistri-
butionof apparentvelocitiesthatcanbeassociatedwith thevariationof brightness
in the image.Let us remarkthepreviousexpression“apparentvelocities”.Since
they arecomputedfrom thevariationof grayintensity, they reflectvariationsdue
to (amongothers):Á Variationdueto movementof pixelsin theimagethatbelongto objects.Á Variationbecauseof changesin the illumination distribution (eitherin po-

sition or intensity).Á Variationbecauseof cameranoise.Á Variationdueto objectsshape.

Although it would bedesirableto obtainthemotionfield, from the imagesit
is only possibleto obtaintheOpticalFlow andhopeit to bein goodrelationwith
themotionfield.ÂÄÃ¡ÅÇÆNÈ�ÅÇÆ�É«Å$Ê�Ë ÂÄÌÍÅÎÆ�Ï�ÅÐÊ{Ñ Ò

r�Ó
Ò ÂÄÃ�ÆNÈ�Æ�ÉÔÊÕË ÂÄÌÖÆsÏcÊ{Ñ Ò× Ø�Ù ÚÛÛÜÝ ÂÄÌÖÆsÏÞÆ�ß�Ê V Ý ÂÎÌ Å ÆsÏ Å Æ�ß�à*á·ß�Ê V Ý ÂÄÌâà xeã ÆsÏäà x�å Æ�ß�àæá·ß�Ê�Æ (3.1)Ý Â�çè Æ�ß�Ê V Ý Â�çè à À Â�çè Ê�Æ�ß�à*á·ß�Ê�Æ (3.2)

Hypothesis:Intensitychangesareonly dueto movement.

In the equations,

Ã�ÆNÈ�Æ�É
arethe spatialcoordinatesof an object in a scene,

ÌÖÆsÏ
thespatialcoordinatesof the ¹�À representationin theimage,andasnormally

ß
indicatestime.

Ý
in this caseis the imagefunction, and À Â�çè Ê representsthe

estimateddisplacementvector. In fact À Â�çè Ê V çé Â�çè Ê�ê¼á·ß . Where

çé Â�çè Ê is the
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OpticalFlow.

In a controlledenvironment,it is possibleto take over theillumination,fixing
it andsettinga properly(ideally uniform) distribution. In this way, thechangeof
illumination problemcould be avoided in an applicationthat concernsan auto-
matic video-conferencingsystemin a suitableroom.Oncethis is fixed,another
problemarisesfrom thefactof proposinganautomaticsystemto trackpeoplein
video-conferencing.Thinking of trackingpeopleimpliescameramovement,and
consequentlytheadditionof suchavariationon theOpticalFlow estimation.The
influenceof thismovement,externalto thescene,will addacomponentof velocity
to thewhole image.This componentwill correspondto a modelof movementor
a parametrizablemovementin theimage,sinceit is dueto aknown displacement
of the camerafocus.The basiceffectsthat canbe modeled,will be the possible
movementsof thecamera:Á Addition on theopticalflow of theeffectof aZoom(In/Out).Á Addition on theopticalflow of theeffectof verticalaxisrotation.Á Addition on theopticalflow of theeffectof horizontalaxisrotation.Á Addition of aneffectscompositionof thepreviousones.

Fromtheideaof thepossibilityof easymodelinghow thecameramovement
affects the calculusof Optical Flow in a sequence,it follows that it a compen-
sationof its influenceshouldbe realizable.In fact, if (i. e.) two framesareused
to computetheopticalflow, andin thatpreciseinstantthecamerais turning,the
known motionof thecameracouldbeassociatedto amodelandthesecondimage
only be predicted.Comparingboth images(theexpectedone,without any other
motionin it but thecamera,andtherealrecordedonein secondplace)themotion
of thecamerawould becompensatedin thesecondone.In this way, whatwould
remainshouldmostlybethemotioncorrespondingto theobjectsin thescene.

In motionestimation,otherproblemsappear. It is an intrinsic problemof the
OpticalFlow calculationwhenpixelsdisappearof theimageor appearin it. The
reasonof suchan effect, is due to the appearanceor disappearanceof objects
in the scene,this is known astheOcclusionproblem.In thesecases,no reliable
informationaboutdirectionor velocitywill beavailable.

Optical Flow computation techniques:

Despiteits simplicity, Eq. (3.2) is a non-linearequation,andit is not evident
how it mustbesolved.Therearemany linearapproachesandseveral techniques
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that give an estimationof the optical flow. The classificationis not unique,and
many reviewsandsurveysarewritten [2, 3, 28]. A synthesisof motionestimation
canbefoundin [8, 23] aswell.

Among thediversityof classifications,a generaldifferentiationcanbe done.
We canclassifymethodsin:Á Parametric Methods: In this, Optical Flow is parametrizedover an ho-

mogeneousmovementarea.It meansthatOpticalFlow is approximatedby
a parametricmodel,andconsequently, the possiblemovementsor Optical
Flow distributionsareconstrainedto theonesthatcanberepresentedby the
parametricfunction.Á Non-Parametric Methods: In this,OpticalFlow is not constrainedby any
parametricfunctionoverasurface.An independentdisplacementvectoron
every pixel is thusobtained. Suchtechniquesprovide of a densemotion
field.

The choicebetweenboth dependsbasicallyon the necessitiesin eachcase.
In somecases,the initial constraintof a parametrizationover a determinatearea
is interesting(mostly, becausethe imagehasbeenpreviously dividedin regions,
andthe interestis aboutthegeneralbehavior of thewhole region, not thepixel)
[23]. In someothercases,whatis interesting,is nothaving any kind of constraint,
becausethereis no previousregion or becausewhatis neededis theindependent
approximationof theOpticalFlow in everypixel [8].

In thetext above,adifferentiationin termsof utilizationof parametersis done.
Any way, it is notsufficient in itself sinceit tellsnothingabouttheprocessesused
to calculatetheOpticalFlow. Fromthescopeof theusedtechniqueBarron et al.
did thefollowing classification:Á Differ ential techniquesarealsoreferredto asgradient-basedtechniques

andarebasedon theassumptionof conservationof image intensity.Á Corr elation (or Region)-basedtechniquesusuallyworkontwosuccessive
imagesof thesequence:for eachpixel in thesecondimageamatchingpixel
in thefirst frameis searched,typically by analyzingthecorrelationof their
neighborhoods.Á Energy-based techniques are basedon the Spatio-temporalfrequency
characteristicsof amoving visualstimulus.Á Phase-basedmethods definevelocity in termsof the phasebehavior of
band-passfilter outputs.



Chapter3. Focusof AttentionFinding 53

3.2.2 Motion Estimation Application
(Lucas & Kanade Algorithm)

Application of motion information,to Focusof Attention detection,needsa
sourceof motion datawhich relieson no otherprevious informationbut the se-
quenceof images.The desiredeffect would be the simulationof visual stimuli
in front of sporadicmovement,that meansthat this stimuli will happenbefore
any otherkind of imageinterpretation(likesegmentation).A methodindependent
of pre-setareasandcapableto give a denseOptical Flow field is thenrequired.
This methodmust be unconstrainedto any region, being able to give any evi-
denceof displacementof any kind of areain the visual field. It follows that a
non-parametricalgorithmmustbeused.

Themostusedapproachesto theOptical Flow calculation,aretheGradient-
BasedandtheRegion-Basedmethods.Both methodsarewidely used,but mostly
on differentscopes.Theuseof Gradient-Basedmethodsallows to obtainthede-
sireddenseOpticalFlow with pixel resolution,in contrast,Region-Basedmethods
likeBlock Matchingmaygivebetterprecisionin OpticalFlow directioncomputa-
tion. Region-Basedmethodshave thedrawbackof having lessspatialresolution,
andthey alsotendto becomputationallycomplex (any way, to reduceit, fastsub-
optimalnon-exhaustivesearchcanbecarriedout).

In our application,theprecisionin thecomputationof thespeedvectoris not
soimportant.We will beinterestedin theexistenceor nonexistence(with a nec-
essaryminimumcoherenceon thedirectionover a neighborhood)of movement.
Taking into accountall the previous assumptions,it seemsreasonableto think
aboutusinga Gradient-Basedtechnique.

The algorithm proposedby Lucas& Kanade[22] is a Gradient-Basedal-
gorithm. We chooseto work on a variationproposedby Simoncelliet al. [29].
That algorithmintroducesprobabilisticextensionsof gradienttechniqueswhich
computetwo-dimensionalopticalflow distributions.It includesanautomaticgain
control mechanismand provides (two-dimensional)flow vector confidencein-
formation,allowing later stagesof processingto weight their useof the vectors
accordingly.

Lucas & Kanade gradient algorithm

Eq.(3.2)beingnon-linear, a linearapproximationwould beusefulfor obtain-
ing an analyticalsolutionof the motion estimationproblem.To that end,a first
order-Taylor seriesexpansionof theright-handtermin (3.2)canbederived.This
is known as“Optical Flow constraint equation”:
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where

çë
is thespatialgradientoperator, and

çé is theOpticalFlow. This approxi-
mationis not valid for highvelocities.

In this formula, it is assumedthatchangesin the imageintensity(hypothesis
of intensityconservation) aredueonly to translationof the local imageintensity
(motionis uniformandtranslationalin asmallregion)andnot to changesin light-
ing, reflectance,etc.Furthermore,by formulatingtheconstraintonly in termsof
first derivative,it is implicitly approximatingtheimageintensityasaplanarfunc-
tion (it assumesthehypothesisof motionspatialcontinuity).

Onecouldwrite a squarederrorfunctionasfollows:ñ Â¯çé Ê Vóò çé Â�çè Ê�ê çëìÝ Â�çè Æ�ß�Êîí ï Ý Â�çè Æ�ß�Êï ß ô i Z (3.4)

But sinceit hasto beminimized,thegradient(with respectto

çé ) equalszero:ëGõ¯ñ Â¯çé Ê V çX àöË ëâñ Â¯çé Ê V¶÷ êÍçé í çø V çX Æ (3.5)

where

÷ V çëìÝ Â�çè Æ�ß�Ê�ê çëaÝ Â�çè Æ�ß�Êúù V ûüý þ�ÿþ ã i þ�ÿþ ã þ�ÿþ åþ�ÿþ å þ�ÿþ ã þ�ÿþ å i����� Æ çø V ûý þ�ÿþ ã þ�ÿþ
Ò

þ�ÿþ å þ�ÿþ
Ò �� Z (3.6)

Matrix ÷ in Eq.(3.6)is singular, dueto thefactthatthesolutionis basedona
planarapproximationto theimagesurfaceatonly onepoint(theregionof analysis
for every computationis one pixel), and suffers from the aperture problem(it
is only possibleto identify the motion componentparallel to

çëìÝ
in the region

of analysis).To avoid this probleman “intersectionof constraints”rule is used.
Insteadof relyingon just thederivativesin onepoint, themostconsistentvelocity
in somesmall region will be computed.Theaperture problem, is then in some
waysolved,sinceabigger“window” is usedto find theOpticalFlow. In theother
hand,sinceit is assumedthat the velocity vectoris constantin the region, some
smoothnessin the computationis introduced.This meanssomelose of spatial
resolution,but thepossibilityto solve theEq. (3.5).

It follows from thelastparagraphandfrom (3.4) that
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ñ Â¯çé Ê V�� } ò � } ò çé ê çëìÝ Â�çè } Æ�ß�Êîí ï Ý Â�çè } Æ�ß�Êï ß ô ô i Æ
(3.7)

where � is theweightingwindow, and �
	��_£ Æ ¹ Æ Z�ZQZ�
�� indexesthe 
 elements
of theregionpatch.

Joining(3.5)and(3.7),

çé canbesolved:çé V à�� � } � } ê ÷���� r h ê�� � } � }
ê çø }��±Z (3.8)

In Eq. (3.8) althoughit is much more likely to be solved, ÷ may still be
singular(despitetheblurring).

The Bayesianperspective of Simoncelli et al.

On the basisof the work of Lucas& Kanade, a probabilisticscopeof the
Optical Flow computationproblemwastaken.This point of view wasqualified
of beingadvantageousbecauseit would take into accounttheinherentuncertainty
dueto imagenoise,lighting changes,low contrastregions,theapertureproblem,
andmultiplemotionsin asinglelocalizedregion.

Consideringthetotal derivativeconstraintin equation(3.3), in practice,there
will beerrorsin thederivativecomputationsdueto:Á Noise.Á Aliasing.Á Imprecisionin thederivativefilters.

all themdueto thecameraandthequantizationprocess.Sucherrors,canbecon-
sideredasanoiseaffectingtheOpticalFlow vector, andin thefollowing they will
bedescribedby aGaussiannoiseterm

ç
 i .
In the casewherethosemeasurementsareerror-free, the constraintin (3.3)

mayfail to besatisfiedbecauseof:Á Changesin lighting.Á Reflectance.Á Presenceof multiplemotions.
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andin consequencetheconstraintof theequalityto

çX is broken.As it wasmodeled
before,theseerrorswill beconsideredagainasaGaussiannoise,describedby the
term

ç
 h .
We thusobtainanew versionof (3.3):Â�çé Â�çè Ê�àbç
 h Ê�ê

çëaÝ Â�çè Æ�ß�Êîí ï Ý Â�çè Æ�ß�Êï ß V�
 i Æ 
ö}���� Â X Æ�� } Ê Z (3.9)

In the beginning of this sectionwe pointedout that a probabilisticscopeis
taken.Theideais to look for theprobabilityfunctionof

çé , andsinceit is a linear
functionof independentadditiveGaussiannoiseterms,its probabilitydistribution
will be Gaussianaswell. The Maximum LikelihoodEstimate(MLE) is simply
themeanof theGaussian,andconsequentlytheprobabilitydistributionmeanwill
bethemostreliablevelocity value.

The probability distribution is a conditionalprobability basedon the image
gradient,

çëaÝ
:  "! çé Ñ çëaÝ$# Z (3.10)

DecomposingthelastexpressionusingBayes’rule,andfollowing a develop-
mentsimilar to thatof (3.8) (seein AppendixC) weobtain:� õ V %&'� } � } ê ÷��! f h)(

çëìÝ Â�çè } Æ�ß�Ê ( i í f i #
í*�,+ r h.-/ r h Æ

0 õ V à1� õ ê � } � } ê çø }! f h2(
çëaÝ Â�çè } Æ�ß�Ê ( i í f i #

Æ
(3.11)

where f h and f i are,respectively, thestandarddeviation of

ç
 h and

ç
 i , and

�3+
is

thecovariancefor theGaussiandistribution

 Â�çé Ê .
In Eq. (3.11)inversionis not anymorea problem,since

�,+
ensurestheinvert-

ibility of thematrix.In addition,the ÷ and

çø
matricesarescaledby acompressive

non-linearity, which actsasanadaptative gaincontrolmechanism.It will tendto
normalizethemagnitudeof thequadraticterms.Fromtheseexpressions,we see
that,for low contrastregions,themainsourceof errorswill benoiseof derivative
measurements(

ç
 i ). In contrast,failures(

ç
 h ) of theconstraintequation(Eq. 3.3)
will bethedominantsourceof errorsin highcontrastregions.
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Implementation Details

Eq. (3.11)is theoneselectedto generatethedenseOpticalFlow field for our
application.Thevalueof 0 õ is theonethatwill determinethemostsuitableveloc-
ity vectorover theneighborhood.Thetrial hasbeenimplementedin MATLAB R

4
(seein appendixD). Thecommentedsourcecodeis foundin theappendixaswell
astheexplanationof theapproximationusedfor thespatialandtemporaldiffer-
entiation.

In theimplementation,theclassicalschemefor OpticalFlow computationhas
beenfollowed.It is typically composedby:

1. Previoussmoothingto increasethesignalto noiseratio.

2. Computationof the imagemeasurements.In this case,computationof the
imagederivatives,basisof theselectedalgorithm.

3. Integrationof the imagemeasurementsto computetheOpticalFlow using
thealgorithm.

A neighborhoodof 5x5 pixels hasbeenusedto imposethe “intersectionof
constraints”of the Lucas& Kanadealgorithm.In orderto make emphasizethe
pixel over which thevelocity vectoris computed,a Gaussianweightdistribution
is usedto performthesummationin Eq. (3.11).

In thefollowing, someresultsof theOpticalFlow computationcanbeseen.

3.2.3 Statistical Motion Detection

Oncewehavetheestimatedmotionflow, weareinterestedin findingthemov-
ing regionsin the image.A sequenceof motionestimationframesis a sequence
of matriceswhereeachelementin thematrix is a ¹`À element.Theelementsare
vectorsindicatingdirectionandmagnitude.Sincewe areonly interestedin the
existenceor not of motion,therelativemotionmagnitudeis important.

Examplesof motiondetectionandthebasisof thepresentwork canbefound
in [1, 35],whereacomparisonof eachframewith areferenceis workedout.Here,
wewill applythestatisticaltestusedtherebut thistimeonestimatedOpticalFlow.
This is donein order to be independentof a referenceframe,sincea moving
camerawill be usedandwe will not work on a staticplane(contraryto classic
surveillanceapplications).
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(a)Subjectmoving thehead. (b) OpticalFlow module.

(c) DownsampledOpticalFlow

Figure3.2:Motion Estimation

Motion Data Thresholding

One idea could be to computethe motion moduleall over the image,and
consideras moving region all the pixels whosemotion vector is larger than a
giventhreshold.It is averysimplewayto discriminatebetweenmoving andstatic
areas,but it hassomedrawbacks:Á The thresholdhasto besetempiricallyat a certainvalue,which implies a

certainloseof automationandin somewayanincrementof thesupervision
necessity.Á Weaknesswith respectto noise,sinceit is not takeninto accountits distri-
bution.Á Low magnitudemotion,but uniform andwell definedcouldbemisseddue
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to ahigh threshold.

In awell controlledenvironment,it is acheapandeasytechniqueof extracting
motion areas.This approachperformssufficiently well if we analyzesequences
wheremoving objectshave a well contrastedmotion vectorin relationto noise.
In addition, filtering can be usedto cleanout noiseand allow a better region
discrimination.Median filtering is well known to cleanout impulsionalnoise,
furthermoreit doesnot provokeblurringon thedataandconsequentlyarealimits
are not smoothed.Any way, a determinedpixel canpropagateits valueon the
neighborhood,which is anareaasbig asthefiltering kernelis. Examplesof the
useof medianfiltering in motion estimationandin other imagefeaturescanbe
foundin [8].

Fig. 3.3 shows an exampleof motion moduledatathresholding.Threshold
selectionis arbitraryandif it is notcorrectlyadjustedfor thesequence,a little dif-
ferencefrom theoptimalcanleadto abiaseddetection.In addition,if theselected
thresholdis too high,holesin theregionsandnon-detectionswill appear.

Motion Data Statistical Detection

In orderto performamuchmoreflexible detection,akind of adaptativethresh-
old accordingto the cameranoisewould be quite useful.Thepresentprocedure
basedontheAach ideafor changedetection[1], andusedin [35], modelsthenoise
anddeterminea thresholdfor eachpixel of theimage.This is doneby takinginto
accountthestatisticalbehavior of eachpixel’sneighborhood.

In the following, the statistical test will not be applied anymore on the
differenceof two imagesasAach did. Sincea moreflexible tool is desired,we
will applyit to estimatedOpticalFlow.

In orderto discriminatemovementmagnitudesthataredueto noisefrom those
thatarecausedby amoving objectit is necessaryto definetwo hypothesis:Á65 l : therearenomoving objectsat imageposition 78� Æ:9<; .Á65 h : complementaryof 5 l .

The indexes 78� Æ.9=; representthe pixel coordinatesin an image.We take

çé the
Optical Flow vectordefinedin sec.3.2.2,andwe define é ã2> }@? A:B and é åC> }@? ADB asthe
horizontalandvertical componentsof it at the coordinates78� Æ:9<; . é ã and é å will
betwo images.Eachonecontainingthesignandmagnitudeof thevelocity in the
correspondingdirection.In theapplication,we will work separatelyin the é ã and
in é å components.Theresultingareasdetectedwill betheunionof thedetectedin
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(a) Subject talking and mov-
ing.

(b) MedianFiltered(5x5) Op-
tical Flow Module.

(c) Moving area mask per-
formedover a medianfiltered
(5x5) version of the mod-
ule(thresholdedat 0.04).

(d) Moving area mask per-
formedover a medianfiltered
(5x5) version of the mod-
ule(thresholdedat0.02).

Figure3.3:Motion Regiondetectionusingthresholding.

eachcase.It couldbealsopossibleto work directly with thespeedvector, using
thetwo componentsjoint distributionto modelnoise.Likethis,directioncouldbe
alsotaken into accountto discriminenoise.Sincethe literature,usedasa basis,
takesinto accountonly onevariablein thedistribution, for thefirst trial we have
workedon eachcomponentonly with aonedimensiondistribution.

In the following, the explanationwill be only performedwith notation é ã ,
sincebothcomponentshave thesamebehavior.E Â é ã2> }@? ADB Ñ 5 l Ê is definedasthe probability that é ã2> }@? ADB is different from zero,
given the hypothesis5 l . In sec.3.2.2or [29], error distribution in motion esti-
mationis assumedto be Gaussian.This is true if the input imagesequencesare
affectedby Gaussiannoise,sinceit is a linearapproximationof theOpticalFlow,
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andlinearoperationson a Gaussiangive a Gaussian.If we supposethis noiseto
beuncorrelated,then

E Â é ã2> }F? ADB Ñ 5 l Ê canbemodeledas:E Â é ã2> }@? ADB Ñ 5 l Ê V £G ¹IHîf i<JLK rNMO<PCQSR'T ¢VU WYXZ\[ O^] Æ
(3.12)

which is the Gaussiandistribution with 0 meanand f is the noisestd.affecting
motioninformation.

Theobjective is to find regions,andnotonly pixels.This is why thestatisticis
performedover a neighborhoodandnot on a singlepixel. The testshoulddetect
thoseareaswith a moreor lessuniform motion contribution over the area.This
decisionincreasesthereliability of thestatisticaldescription.E Â é ã2> }@? ADB Ñ 5 l Ê is a function of _ õ R'T ¢VU WYX`ba i . If we normalize é ã by f , Eq. (3.12)
turnsinto a normal( � Â X Æ £ Ê ) distribution. Sincewe areinterestedin computing
the statisticaltestover a neighborhood,for a Gaussiannoisedistribution on the
velocity vectorweobtainthatfrom:cá i > }@? A:B V �dfe T ¢VU WSX

! é ã2> }@? ADBf # i Æ
(3.13)

where g g > }F? ADB is a window of width 
 centeredat pixel coordinates 78� Æ.9=; .E Â cá i > }F? ADB Ñ 5 l Ê obeys a h i à x=�:i ß è � økj ß �.l)
 (seeapp.E) with asmany degreesof
freedomaspixelsinsidethewindow. Noticedthatthisevaluationoveraneighbor-
hoodis equivalentto theapplicationof a low-passfilter to thesquareddifference
image.On one handthis choicereducesthe noiseeffect, on the other handit
causesablurringeffector binarydilationon theresultedmask.

With theknown distribution of Eq. 3.13,thedecisionbetween’moving’ and
’still’ canbeachievedby asignificancetest.For thispurpose,wespecifyasignif-
icancelevel m andcomputeacorrespondingthreshold

ßDn
accordingtom V E Â cá i > }@? ADBpo ßDnâÑ 5 l Ê Z (3.14)

For each pixel position 7q� Æ:9<; in the differenceimage, we compute
cá i > }@? ADB ,

andwhenever it is over the threshold

ßDn
, we mark the pixel at position 78� Æ:9<; as

moving. Thesignificancelevel m is alsoanimportantparameter. It representsthe
probabilityof rejecting 5 l , althoughit is true.In thepresentapplicationwe will
settheparameterm to settheprobabilityof rejection.

Experiencehasshown thatGaussiandistribution is notagoodmodelfor cam-
eranoise.In sec.3.2.2(seealso[29]) Gaussiannoisedistribution is assumed,but
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experimentalresultshave shown that in fact it is closerto a Laplacedistribution.
Wecanshow thisbehavior with ourmeasurements.In thefollowing figure,exper-
imentalresultsareshown from asequenceof motionestimationof astaticscene.
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Figure3.4:Noisehistogramobtainedempiricallyfrom 211motionframeson theé ã component.

In orderto usethesametest,anotherevaluationmustbeusedover theneigh-
borhoodto keepthe h i à x=�.i ß è � økj ß �.l)
 . This is:cá > }F? ADBcVr�d eT ¢VU WSX G ¹f ss é ã2> }F? ADB ss

Æ
(3.15)

wherein this, if é ã2> }@? ADB is a Laplacedistribution,
cá > }@? ADB is a h i à x=�:i ß è � økj ß �^lI
 with

twice asmany degreesof freedomastherearesamplesinsidethe local windowg .
FromEq.3.15it turnsout thatnow theevaluationis:m V E Â cá > }@? ADB o ßDnâÑ 5 l Ê Z (3.16)

To performthetest,theparameterm is setin orderto definetheprobabilitythat
thepixel in 7q� Æ:9<; haschangedgiventhehypothesis5 l . In thiscase,theevaluation
will beperformedover theresultof tvu ÂxwÍÆkyeÊ where tvu ÂYwÍÆky�Ê Vb£ à t +�ÂxwÍÆky�Ê .

So,everyvalueof
cá > }F? ADB is evaluatedin thefollowing way:iz�x{ | J é J |îVð£ à t + ! è ¹

Æ Ì
¹ #

Æ
(3.17)

whereè is thenumberof degreesof freedom,andto allow theevaluation,a factor¹ mustbeaddedto
cá > }@? A:B in theLaplaciancase,

Ì V ¹ ê cá > }F? ADB , in orderto be likeh i function(in App. E).
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The i2�Y{ | J é J | valueis thresholded,andall pixelsbelow thethresholdarecon-
sideredasmoving pixels.The iz�x{ | J é J | valuedeterminestheprobability of that
pixel to be noisegiven the hypothesis5 l . It follows that for low valuesof the
threshold,only thosepixelsthatareveryprobableto bemoving will bemarked.

3.2.4 Implementation

GeneralProcedure

The practicalimplementation(seeFig. 3.5), follows a classicalschemeof a
first off-line parametercalibrationphaseanda secondphasewherethedetection
of moving areasis performed.

Lucas & Kanade
by Simoncelli
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Figure3.5:Moving RegionDetectionAlgorithm Scheme.

FromFig. 3.5 is describedtheprocedure:

1. The Simoncelli’s versionof the Lucas& Kanadealgorithmis performed.
As explainedin sec.3.2.2and3.2.2(seecodein App. D), we obtainfrom
this stepadense,regularisedandnormalizedopticalflow.

2. Whenthe systemis started,the outputsequenceof the motion estimation
of a staticsceneis supposedto benoise,sincein reality it shouldbezero.
From this sequence,the noisedistribution is estimated.From the realized
tests(seesec.3.2.5),it hasbeenfoundto benearlyaLaplaciandistribution.
Consequently, the � andmeanfor thebestmatchingLaplaciandistribution
arecomputed.

3. Oncethe noisedistribution of the motion hasbeenestimatedoff-line, the
statisticaltestis appliedto thesequenceof OpticalFlow Estimationusing
thecomputeddistributionparametersin theinitialization of thesystem.
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Distrib ution modelEstimation

To correctlyperformthe posteriortest,we mustfind the bestmodel for the
empiricaldistribution.

Parameter
Estimation
(mean, std.)

Best Matching
Laplace func.
Retrieval

mean
std.

mean
std.

NEW
Optical Flow

Frames

Figure3.6:StatisticalNoiseParametersRetrieval.

Fig. 3.2.4shows the proceduresteps.To estimatethe bestmodel,the � and
the meanfrom the incomingsequenceareestimated.The computedparameters
areusedto initialize a Laplaciandistribution model,this parametersarevariated
in orderto find thebestmatchdistribution accordingto a Minimum SquareError
(MSE)or aMinimum AbsoluteError (MAE).� ñ�� � }

Â 5 Â � Ê�à6� ~3�.�D�^� Â � Ê�Ê�� or � ñ�� � }
Ñ 5 Â � Ê�à*� ~,�.�D�x� Â � Ê{Ñ�� (3.18)

In thepresentwork, any implementationof a smartconvergenttechniquehas
beendoneto find the distribution model,sinceit wasnot the objective. For the
test,anexhaustivesearchalgorithmwasused,andthesearchwasperformedon a
determinatedomainaroundtheestimated� from thedata.SeeApp. F for details.

Statistical Detection

In the statisticalDetectionstep,mainly is being carried out the statistical
test exposed in sec. 3.2.3. Any away, in addition some other featureshave
beenadded,in order to ensurethe robustness.Somepost-processingfeatures
have beenincludedto cleanout any non-relevant detectedpoint, andalsoit has
beenincludedthepartto find theisolateddetectedareas,andcomputeits centroid.

In Fig. 3.7, we seethe followed algorithm.It is composedby several steps,
which canbedescribedas:

1. Statisticalteston thehorizontalanverticalcomponentof theOpticalFlow
separately. Thatgivesasoutputtwo masksof detectedmovement.

2. Logical ��� of thepreviousresults.

3. Morphological improvementcleaningout possibleHoles in regions,and
eliminatingnon-relevantsmallspotson themask.Theusedtechniquesare
Hole Filling andErosion-ReconstructionFiltering . SeeApp. F andApp.
G.
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4. Retrieval of all the8 connectedregions.

5. Computationof thecentroidof theregions.

ExtractionRegion

Centroid Finding

&

Region
Labeling

Cleaning
little spot

V_x V_y

Cleaning

Statistical Detection Statistical Detection

Holes

Statistical
sNoise Parameter

Figure3.7:StatisticalMotion DetectionScheme.

3.2.5 Results

Thefollowing resultshave beenobtainedfrom theMATLAB R
�

codein App.
F.
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Noiseestimationand modeling.

In Fig. 3.8 shows the matchbetweenthe noisehistogramand the Laplace
distribution model. In this, 0 meanis assumedand the noise computed � is
usedfor eachvelocity direction.Notice thatmaynot necessarybeequalin both
directions.This canbedueto differentmechanicalstability of thecamerain both
directions,or dueto someinternalfeaturein theelectroniccircuitry.
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(a) Noise Histogramfor �����*� I¡  ¢ C£C¤¦¥ �¨§ ¡ §  z©kª¬«®­ in blue.
Laplacemodelwith �¯�  )¡  C ¢£C¤¥ �   in red.

−0.06 −0.04 −0.02 0 0.02 0.04 0.06

1

2

3

4

5

6

7

8

x 10
4

(b) Noise Histogramfor ��°1�±� )¡  C C¤¢²p¥ � « § ¡8­�  § ²Cª³«´­ in blue.
Laplacemodelwith �¯�  I¡  ¢ C¤C²¥ �   in red.

Figure3.8:Experimentalresultson µ)¶ and µ)· noisedistribution.

Despitethe similarity betweenempirical observation and Laplacemodel,a
more generalmodel hasbeenchecked in order to seethe most likely statisti-
cal modelthatmatches.Sinceit is very similar to theLaplaciandistribution, we
have checked the General GaussianDistribution (GGD) [31], which comprises
theLaplaceDistribution (parameterp=1)andtheGaussianDistribution (parame-
terp=2).

¸¹¸¹º¼»S½¿¾^ÀÁ¾ � ¾�ÂvÃNÄ ÅÆÈÇ¯É ÅËÊÍÌÎ$ÏÑÐ �ÁÒ<Ó »)ÔÕ ÃÓ »¢ÖÕ Ãp×
ØÙÙÙÙÙÙÚ~Û ØÙÙÙÙÙÙÚ Ü Ý'ÞzßCÜàáááâ ã�äzå » ÔÕ Ãå » ÖÕ Ã

æèççççççé Õ æèççççççé ¾
(3.19)

where
À

is theGGDparameter,
Â

themeanand � thestandarddeviation.
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Figure3.9:ComparisonamongEmpirical,LaplaceandGGDfor µ)· velocitycom-
ponent.

The result gives that the closestdistribution is a GGD with parameter
À�ÄÅ<êFÅzë<ì for theverticalcomponent,it is very closeto Laplacian,but it is not a pure

Laplacian.In the horizontalcomponentµI¶ a closerto Laplacianparameterhas
beenfound,

À*Ä ÅÈê�í<ìÈí . Sinceit is not exactly a Laplacian,andwe areapproxi-
matingit by a Laplacian,we checkwhich would bethevariancethatmakesboth
distributions(theempiricalandthemodel)bestmatchaccordingto MSE. In our
testsequencewehaveobtainedaslightly increasein thevariance(notmuchsince
bothareverysimilar).�fî Ý Ä íïê�í³Å2í=ð »

before íïêñí<í<ì<ò Ã�fî:ó Ä íïê�íÈí<ì=ð »
before íïêñí<í<ò<ô Ã

DetectionResults

We have appliedthis testwith thecomputedparametersto thesequenceused
to estimatethe noise.The observed resultshasshown that althougha general
statisticonthesequenceturnsout to beaGGD(verycloseto aLaplacian),locally
it canhaveadifferentbehavior thanthegeneral.Sincetheenvironmentis not ideal
andillumination is notuniform.

In thefigureabove (b) (c) canbeobserved thenonuniform distribution of �
for eachpixel over the sequence.The mostaffectedareasarethe shadow areas
anddarkobjects.This couldbedueto theperformanceof thecamera,or dueto
illumination drifts. In fact, during the sequence,somechangessuddenlyappear
reflectedin thetemporalderivative,whenmotion is computed.This is a proof of
theexistenceof illuminationdrifts.
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(a) Static Scene to measure
noise.

(b) Noise � for eachpixel onthe õ
componentthroughtime.

(c) Noise � for eachpixel onthe ö
componentthroughtime.

Figure3.10:Standarddeviationof thepixelsthroughtime.

In Fig. 3.11,in (a) and(b) onecanseetheevolution throughtime of thevari-
anceof pixel motioninto theframe.Botharegraphicsthatrepresents� againstthe
framenumber. Notice the high incrementof thestd.deviation in the18th frame
andseeFig. 3.12.
In this frame,somethingis changing.

In Fig. 3.12we show theresultsof applyingthetestto thetrainingsequence.
We canseethatit performswell sinceis correctlydetectedasnonmoving. Some
little white spotscan be seendue inhomogeneitiesof � all over the frame.A
specialcaseis the 18th frame.As it hasbeenseenin Fig. 3.11 in the thereis
a really high incrementin the � (somethinghasa displacement)meanover the
frame.It is clearlyreflectedin (l) from Fig.3.12.

Fig. 3.12 alsoshows that with the incrementof the window size, it is more
sensitive to very low motionbut with uniformmagnitude.
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(b) Noise � for eachframeon theö componentthroughtime.

Figure3.11:Standarddeviationof theframesthroughtime.÷ In a1x1window test,nodetectionis observed.It is theidealsituation,since
thereis nomoving objectin thescene,it doesnotdetectif thereis any other
variation,but it will notbesosensitiveto low motionareas.÷ In a 3x3 window test, the detectionis almostthe desired.A little few of
spotscanbeseenthroughthesequence,but it canbeeasilycleanedwith a
morphologicalbinaryfilter. Theadvantage,is that it will bemoresensitive
to low motion, but the drawback will be major sensitivity to changesin
illumination like in the18thframeof thesequencetest(h) from Fig. 3.12.÷ In a 5x5 window test,the sensitivity to slow uniform motion is increased
at the expenseof larger sensitivity to slight motion (seeframe (l) in the
following figure).

Anothereffect of increasingthewindow sizewill bea relativeblurring of the
area’scontours.Anyway, sincetheobjectiveis only to detecttheorigin of motion,
a few pixelsof blurringon theboundariesof motionareasarenot important.

Theresultsapplyingthealgorithmtest(seeapp.F) with differentwindow test
sizescanbeseenin Fig. 3.13and3.14.

As it is seenonthesefigures,thealgorithmperformswell anddetectsthemov-
ing regions.In thefirst one(SequenceA in Fig. 3.13),only theheadis moving. In
thesecond(SequenceB in Fig. 3.14)themainmotionis in theface(thesubjectis
talking),but thebodyis also(thoughslower).

The effect of the window sizeis clear. The biggerit is the moresensitive to
slow motion. If we increasethe size, the blurring effect will increaseand the
sensitivity to illumination drifts and otherswill increase,correspondingly. The
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(a)1st (b) 2nd (c) 3rd (d) 18th

(e)1st (f) 2nd (g) 3rd (h) 18th

(i) 1st (j) 2nd (k) 3rd (l) 18th

Figure 3.12: Resultson the applicationof the test on the noise training se-
quence.(a)(b) (c) (d) aredetectedusinga 1 elementwindow. (e) (f) (g) (h) are
detectedusinga 3x3 elementswindow. (i) (j) (k) (l) aredetectedusinga 5x5 ele-
mentswindow.

selectionof a3x3 or 5x5window is agoodcompromise.

3.2.6 Conclusions

We have seenthat from denseOptical Flow information,we candetermine
whicharethemoving areasin asequenceof images.Consequently, wecanobtain
anorientationof whatcanbeinterestingto look at in ascene.

The presentapplication,performsa previous studyof the noisedistribution.
Noise is modeledsearchingthe most similar distribution. In our casewe have
proved that the best way to match the distribution is using the GGD model.
Anyway, a statistical test basedon the Laplacian is used becausethe GGD
model found wasreally very closeto the the Laplaciandistribution, andthe ø Ò
test for a Laplacianwas well known. We concludethat it is a good approxi-
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(a)SequenceA

(b) 1x1window (c) 3x3window (d) 5x5window

Figure3.13:Resultsobtainedon realsequenceswith differentwindow sizes.All
themareobtainedusingtheestimated� above,andwith afixedprobabilityof ùûú
rejection(althoughit is true)of 1e-12

mation,sincetheresultsobtainedhaveshownto detectcorrectlythemovingareas.

Thepresentsolution,comparedwith othersthatusethecomparisonbetween
the instantaneousframeanda referenceone,shows to be moreadequatein the
context of anActiveVision system.This means,in a systemwherethecamerais
not static,andwhereit actsasa dynamicelementin thesystem,focusing,zoom-
ing, rotating...In a situationlike this, thereis not a fixed view, the environment
changesdynamically. Othersolutionslike panoramicreferenceframes(Sprites)
have thesameproblem,sincethey needalsorefreshof the referenceframe,and
they detectpresenceandnot movement.

In movementdetectionapplicationthe contoursmay not coincidewith the
contoursof themoving object,this is sinceit is evidentthatnot thewholeobject
maybemoving (seeFig. 3.13whereonly theheadis moving andthebodyis not
detected).But the objective is not to segmentwith this tool, this tool is mainly
to guidewhereit mustbesegmented.In fact, is anadvantageonly detectingthe
moving regions,in thisway, all theattentionwill beconcentratedwheretheaction
takesplace.An otheradvantageof thepresent,is thepossibilityto compensatethe
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(a)SequenceB

(b) 1x1 window (c) 3x3 window (d) 5x5window

Figure3.14:Resultsobtainedon realsequenceswith differentwindow sizes.All
themareobtainedusingtheestimated� above,andwith afixedprobabilityof ùûú
rejection(althoughit is true)of 1e-12

motion inducedin theOpticalFlow estimationwhenthecamerais moving. The
computerthatcontrolsthecamera,knowsperfectlywhich is themovementof the
cameraall thetime,sinceit is thecomputerwhoordersit to move,andwhichcan
be the motion inducedon the estimation.With that, the motion inducedby the
camerashouldbecompensated.
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Chapter 4

Conclusions

4.1 Achievements

In this work we have studied two approachesfor the Smart Video-
ConferencingSystempartof Motion DetectionandSegmentation.Theapplication
of both in a sequenceof imagescanbe seenin Fig. 4.1. In it, we look for the a
focusof attentionandin it we performa segmentationin a certainareaaround
thefocusof attentionpoint.

It is possibleto implementa motiondetectionbasedon a StatisticalTestof a
denseOpticalFlow. An uncommittedvisualfront-endcanbeaswell implemented
for a meaningfulobject retrieval. In a posteriorstep,eachof the found regions
canbeanalyzedin a higherlevel fashion.In sec.2.5 and3.2.6conbefound the
conclusionsin eachpartof study.

Both approacheshave shown to be promisingtechniques,andto have many
possibilitiesof application.Their useis not limited to a video-conferencingsys-
tem,they have many possibilitiesin everythingrelatedwith Computer-vision. In
example,theuseof themin surveillance,couldbeasusefulto locatetheplaceof
theaction,aswell to performthesegmentationin theright place.

4.2 PossibleExtensionsand Futur eWork

Fromthis work muchfurtherwork canbedonein thefuture.

Focusof attention÷ Theothersfeatureslikesoundandcolors,canbeimplemented.
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(a) ImageOscartalking. (b) Segmentedframe.

(c) Segmentedframe. (d) Segmentedframe.

Figure4.1:SegmentationonthesequenceOscartalking.Thefocusof attentionis
searched(thespeakingsubject)andasegmentationis performedin asquaredarea
centeredin it.÷ Sometechniquecanbeusedto combinethe threeor morefeaturesto find

thefocusof attentionmorereliably, like theuseof akalmanfilter.

Motion Finding÷ TheOpticalFlow velocitydueto decameramotionshouldbecompensated,
sincethedisplacementof thecamerais known by thesystem,andit could
bemodeledandsubstractedfrom theestimation.÷ Dynamicnoiseestimation.Usingasinitialization thetechniquestudied,an
estimationof the noiseevolution in real time could be implementedper-
forming thenoiseestimationon theareasdetectedasnonmoving.
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bution (GGD), to use the beststatisticalmodel insteadof the Laplacian
approximation.

Scale-SpaceSegmentation÷ Study of a possibleextensionof the scale-spacein RGB. Now, only the
luminanceinformationis used.It is clearthatcolorsbring muchusefulin-
formationto differentiatebetweentwo regions.So,theuseof colorsshould
beincluded.÷ Studyof moreband-passfeatures.Studieson theHVS indicatethat it uses
WaveletGaborFunctionAnalysis.It couldbeapoint to start.÷ Implementationof a post-processingtechniquerelying on the gray level
to cleanout verysmallregions(1-2-3pixel size),very commonin thefinal
segmentationafterthetreereconstruction.(Now, amorphologicaltechnique
is beingused).
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Appendix A

GreensFunction

A Greensfunction is an integratingkernelwhich canbeusedto solve an in-
homogeneousdifferentialequationwith boundaryconditions.It servesroughlyan
ananalogousrole in partialdifferentialequationsasdoesFourieranalysisin the
solutionof ordinarydifferentialequations.

Considerthe Å º case.
Lets üý bea differentialoperatorsuchthatüý Ä üºÿþ Ê�� þ Û Ì » ß Ã üºÿþ à ÅËÊ�ê�êFê)Ê�� Ì » ß Ã üº Ê�� ú » ß ÃC¾ (A.1)

with ��� » ß Ã continuousfor
� Ä í ¾ Å ¾ êFê�ê�� à Å on theinterval

Ý
, andassumewe wish

to find thesolution � » ß Ã to theequationüý � » ß ÃNÄ
	¿» ß ÃC¾
(A.2)

where
	¿» ß Ã

is agivencontinuouson
Ý
. To solveEq.above,we look for a function�
��� þ » Ý Ã��� � » Ý Ã suchthat üý » � »�	LÃ'ÃNÄ
	

where� » ß ÃNÄ � »�	¿» ß Ã'Ã ê (A.3)

This is aconvolutionequationof theform� Ä ��� 	Á¾ (A.4)

sothesolutionis � » ß ÃNÄ � �
ß ���� � » ß à ½ Ã�	¿»S½ Ã��³½¿¾ (A.5)

andthefunction � » ß Ã is calledtheGreensfunction for üý on
Ý
. Now, notethat if

we take
	¿» ß Ã¬Ä��ï» ß Ã

, thenGreensfunction � » ß Ã canbedefinedby:üý � » ß ÃNÄ��³» ß Ã ê (A.6)
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For an arbitrary linear differential operator üý in
Æ º

, the Greensfunction¸Ñ»�� ¾!� #" Ã is definedby analogywith the Å º casebyüý ¸ »�� ¾!� " Ã�Ä$�³»�� à � " Ã ê (A.7)
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Appendix B

Implementation Details in
Scale-SpaceSegmentation

program.m

function [tot_masc,new_r egi ons] =pro gra m(im ,i ni ,cl eani ng,s _pe r_ oc t, sl ice s)
%
% This program performs the segmentation of the im-
age im using scale-space.
%
% im: image
% ini: level from the computed stack from where to be-
gin the segmentation
% (the downward projection).
% cleaning: 0 no morphological cleaning / 1 yes.
% s_per_oct: number of samples per octave.
% slices: number of levels till the top of the stack.
%
% tot_masc: regions mask. The segments in gray level.
% new_regions: cell array as long as there are seg-
ments in the image. In
% each cell there is a matrix with the pixel positions.
%
%

disp(’Building Tree...’);
[family,dimim]=b ui ld tr ee(im ,s _per _oct, sl ic es );

[x level]=size(fam il y) ;
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%figure(1);
%colormap(gray);
%imagesc(im);

leveln=level-ini +1;
%dimim=size(im);
disp(’Segmenting .. .’ );
regions=segment( fa mi ly ,l eve ln ,d im im );
disp(’Ordering.. .’ );
[new_regions,tot _mas c] =orde r_ re gi ons(r egio ns ,d imi m);

clear regions;

%morphologic alternate sequential filter

if(cleaning)
disp(’Cleaning.. .’ );
tot_masc=clean_s mall _r eg(to t_ masc ,1 );
itera=2;

change=0;
old_tot_masc=tot _mas c;
while(change==0)

disp(’Cleaning .. .’ );
tot_masc=clean _s mall _re g( to t_ masc, it er a) ;
if(old_tot_mas c==t ot _masc )

change=1;
else

itera=itera+1;
old_tot_masc=t ot _masc ;

end
end

%Reordering of the regions and regrouping.

disp(’Regroupi ng.. .’ );
r=1;
for l=1:length(new _r egi ons)

[a,b]=find(tot _mas c== l) ;
dima=size(a);
if(dima(2)==1)

a=a.’;
b=b.’;
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end
if(length(a)>0 )

[Labeled,NUM]= bwlab el (f ul l( spa rs e( a. ’, b.’ ,1 ,d im im (1) ,
dimim(2))),8);

if(NUM>1)
for ind=1:NUM

[a,b]=find(Labe le d==i nd);
dima=size(a);

if(dima(2)==1)
a=a.’;
b=b.’;

end
regions{r}=[a; b];
r=r+1;

end
else

regions{r}=[a; b];
r=r+1;

end
end

end

disp(’Ordering .. .’ );
[new_regions,t ot _mas c]= or der_ re gio ns (r egio ns, di mi m);
clear regions;

end

number_of_found_ re gi ons=len gt h( new_reg io ns )
%figure(f+1);
%colormap(gray);
%imagesc(totmasc );

function out=clean_small _re g( se gmented _i m,st eps)

if(steps<=0)
error(’steps: bad steps number’);

end

dilated=segmente d_im ;

for r=1:steps
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dilated=dilate_g ra y4 (d il ate d) ;
end

out=erec_gray4(s egment ed_im ,d il at ed,1) ;

buildtr ee.m

function [family,dim]=buildtree(im,s_per _oct, slic es)
%
%
% Function that performs the analysis of the im-
age structure
% im: images
% s_per_oct: number of samples per octave.
% slices: number of levels till the top of the scale-
space
%
% family: cell array, in each cell there is the rela-
tion of
% parent and children.
% dim: is the dimensions of scale.

disp(’ Building Scale-Space’);
[pre_scale,edges_scale]=scalspc _lh(i m,sl ices, 1,0. 90,s _per_ oct) ;

scale=pre_scale;
dim=size(scale)

noson=[];
volumes=[];
%exspc1=ones(dim(1),dim(2));
%exspc2=ones(dim(1),dim(2));
diff=double(max(max(scale(:,:,1 ))))-
double(min(min(scale(:,:,1))));

disp(’ Linking Process’);
for n=2:dim(3)

disp(’Remaining...’);disp(dim (3)-n +1);
[family_full,noson,volumes]=t ree_l evel (ones (dim (1), dim(2 )),o nes(d im(1 ),dim (2)) ,

noson,n-1,dim,double(scale(:,:, n-
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1)),double(scale(:,:,n)),diff,v olume s,
edges_scale(:,:,n),s_per_oct);

disp(’ fathers_number:’);disp(length (fami ly_f ull) );

% compressing data to store it.
family_half{1}=sparse(family_ full( :,:, 1));
family_half{2}=sparse(family_ full( :,:, 2));
clear family_full;

family{n-1}=family_half;
clear family_half;

end
clear noson;

scalspclh.m

function [bigout_l,bigout_h]=scalspc_lh( im,N, mode,sig ma,s_ per_ oct)
%
%
% function that generates the scale-space of the orig-
inal image
% (the low-pass and the band pass.
%
% im: image
% N: number of levels till the top of the stack.
% mode: indicates if generating N stack lev-
els (mode=1) or
% generating till a certain width of the trans-
form (mode=0).
% sigma: width of the transform
% s_per_oct: number of levels per octave.
%
% bigout_l: low-pass stack. basis of the struc-
ture of the image.
% bigout_h: stack of the detected edges through scale.

%figure(1);
%imshow(im);
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dim=size(im);

%image padding.
im2=ones(512,512).*mean2(im) ;
im2(1:dim(1),1:dim(2))=im;
bigout_l=im;

bigout_h=im;

%generation of the levels
tim=fft2(im2);
%old_filtered=tim;
old_filtered=tim.*fftshift(t gauss ian( 0.5,[ 512 512],s_per_oct));
k=1;
while ((k<=N & mode) | (k>1 & tgauss(1,2)>=sigma & ˜mode) | k==1)

tgauss=fftshift(tgaussian(k,[5 12 512],s_per_oct));
filtered=tim.*tgauss;
out1=abs(ifft2(filtered));
%out2=real(ifft2(old_filtered- filt ered) );
filtered2=tim.*fftshift(tgauss ian( k+0.5 ,[51 2 512],s_per_oct));
out2=real(ifft2(old_filtered-f ilte red2) );
%old_filtered=filtered;
old_filtered=filtered2;

k=k+1;
%figure(k);

%imshow(out,[min(min(out)) max(max(out))]);
bigout_l(:,:,k)=out1(1:dim(1), 1:di m(2)) ;
bigout_h(:,:,k)=find_zero_cros (out 2(1:d im(1 ),1: dim(2 )));

end

function masc=find_zero_cros(im)
%
%this function returns a binary mask of the esti-
mated edges
%having used the Laplacian (DOG approx.).
%

m=size(im,1);
n=size(im,2);
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b=im;

rr = 2:m-1; cc=2:n-1;

thresh=0;

masc=logical(zeros(size(im)) );

% Look for the zero crossings: +-, -
+ and their transposes

% We arbitrarily choose the edge to be the nega-
tive point

[rx,cx] = find( b(rr,cc) < 0 & b(rr,cc+1) > 0 ...
& abs( b(rr,cc)-b(rr,cc+1) ) > thresh ); % [-

+]
masc((rx+1) + cx*m) = 1;
[rx,cx] = find( b(rr,cc-1) > 0 & b(rr,cc) < 0 ...

& abs( b(rr,cc-1)-b(rr,cc) ) > thresh ); % [+ -
]

masc((rx+1) + cx*m) = 1;
[rx,cx] = find( b(rr,cc) < 0 & b(rr+1,cc) > 0 ...

& abs( b(rr,cc)-b(rr+1,cc) ) > thresh); % [-
+]’

masc((rx+1) + cx*m) = 1;
[rx,cx] = find( b(rr-1,cc) > 0 & b(rr,cc) < 0 ...

& abs( b(rr-1,cc)-b(rr,cc) ) > thresh); % [+ -
]’

masc((rx+1) + cx*m) = 1;

% Most likely this covers all of the cases. Just check to see
% if there are any points where the LoG was pre-

cisely zero:
[rz,cz] = find( b(rr,cc)==0 );
if ˜isempty(rz)

% Look for the zero crossings: +0-, -
0+ and their transposes

% The edge lies on the Zero point
zero = (rz+1) + cz*m; % Linear in-

dex for zero points
zz = find(b(zero-1) < 0 & b(zero+1) > 0 ...

& abs( b(zero-1)-b(zero+1) ) > 2*thresh); % [-
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0 +]’
masc(zero(zz)) = 1;

zz = find(b(zero-1) > 0 & b(zero+1) < 0 ...
& abs( b(zero-1)-b(zero+1) ) > 2*thresh); % [+ 0 -

]’
masc(zero(zz)) = 1;

zz = find(b(zero-m) < 0 & b(zero+m) > 0 ...
& abs( b(zero-m)-b(zero+m) ) > 2*thresh); % [-

0 +]
masc(zero(zz)) = 1;

zz = find(b(zero-m) > 0 & b(zero+m) < 0 ...
& abs( b(zero-m)-b(zero+m) ) > 2*thresh); % [+ 0 -

]
masc(zero(zz)) = 1;

end

tr ee level.cpp

/////////////////////////////// ///// //// ///// //// //// ///// //// /////
//
//
//
// The following C/C++ Code performs the tasc corre-
sponding to the
// linking. It builds the struc-
ture which will be used to perform
// the segmentation after.
//
// This code is embeded into a matlab pro-
gram. So, it uses the
// C/C++ matlab interface. It has been done like that to allow
// to continue working in matlab, the Mat-
lab code equivalent to
// this function was extremelly memory consumming.
//
//
//
/////////////////////////////// ///// //// ///// //// //// ///// //// ////
#include <stdio.h>
#include <stdlib.h>
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#include <math.h>
#include "mex.h"
#include "matrix.h"
#include "mat.h"
#include <ctype.h>
#include <vector>
#include "tree_level.h"

#define MAX_ITER 20 //Max number of itera-
tion to check criteria
#define WG0.4
#define WI 1.0 //Weight values of the criteria
#define WM0.4
#define NO_EDGE_DETECT1

//1 do not use edge detec-
tion, 0 use edge detection.
//#define OCTAVE_DIV 4.0

void mexFunction(int nlhs, mxArray *plhs[], int nrhs,
const mxArray *prhs[])

{
double *o_family,*o_newnoson,*o_newvol umes, diff =0.0 ,OCTAVE_DIV=0;
Image i_chl,i_fath,i_scale1,i_scal e2,i _edge ;
Container i_noson,i_volumes;
int level=0,dimens_fam[3],sum_fath ers= 0;
double *dimens,width,heigth;
vector<int> *family[2];
vector<int> newnoson[2];
vector<double> newvolumes[4];

//MATFile *arxiu;

if(nrhs!=11){
mexErrMsgTxt("Bad number of input arguments");

}
if(nlhs!=3){

mexErrMsgTxt("Bad number of output arguments");
}

//mexPrintf("Loading Data...\n");
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// Data reading

i_chl.image=mxGetPr(prhs[0]) ;
i_chl.width=mxGetN(prhs[0]);
i_chl.heigth=mxGetM(prhs[0]) ;
//mexPrintf("i_chl Heigth: %d, Width: %d\n",

i_chl.heigth,i_chl.width);

i_fath.image=mxGetPr(prhs[1] );
i_fath.width=mxGetN(prhs[1]) ;
i_fath.heigth=mxGetM(prhs[1] );
//mexPrintf("i_fath Heigth: %d, Width: %d\n",

i_fath.heigth,i_fath.width);

i_noson.position=mxGetPr(prh s[2]) ;
i_noson.length=mxGetN(prhs[2 ]);
i_noson.heigth=mxGetM(prhs[2 ]);
//mexPrintf("i_noson Heigth: %d, Width: %d\n",

i_noson.heigth,i_noson.length);

if(i_noson.heigth!=0 && i_noson.heigth!=2){
mexPrintf("Heigth: %d, Width: %d\n",i_noson.heigth,

i_noson.length);
mexErrMsgTxt("Bad dimensions in noson");

}

level=(int)(*(mxGetPr(prhs[3 ])));
//mexPrintf("Level: %d\n",level);

dimens=mxGetPr(prhs[4]);

i_scale1.image=mxGetPr(prhs[ 5]);
i_scale1.width=mxGetN(prhs[5 ]);
i_scale1.heigth=mxGetM(prhs[ 5]);
//mexPrintf("i_scale1 Heigth: %d, Width: %d\n",

i_scale1.heigth,i_scale1.width) ;

i_scale2.image=mxGetPr(prhs[ 6]);
i_scale2.width=mxGetN(prhs[6 ]);
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i_scale2.heigth=mxGetM(prhs[ 6]);
//mexPrintf("i_scale2 Heigth: %d, Width: %d\n",

i_scale2.heigth,i_scale2.width) ;
diff=(*(mxGetPr(prhs[7])));

i_volumes.position=mxGetPr(p rhs[8 ]);
i_volumes.length=mxGetN(prhs [8]);
i_volumes.heigth=mxGetM(prhs [8]);

i_edge.image=mxGetPr(prhs[9] );
i_edge.width=mxGetN(prhs[9]) ;
i_edge.heigth=mxGetM(prhs[9] );

OCTAVE_DIV=(* (mxGetPr(prhs[10])));

//mexPrintf("done\n");

//mexPrintf("Computing Parent-
Children relationships...\n");

//function****************** ***** **** ***** *
sum_fathers=tree_level(&i_ch l,&i_ fath ,&i_n oson ,&i_ volum es,

level,newnoson,family,dimens_fa m,&i_ scal e1,&i _sca le2, diff,
newvolumes,&i_edge,OCTAVE_DIV);

//function****************** ***** **** ***** *
//mexPrintf("done\n");

//mexPrintf("Creating matlab variables...\n");
if(newvolumes[0].size()>0){

plhs[2]=mxCreateDoubleMatrix(4, newvolume s[0] .siz e(),m xREAL);
}
else{

plhs[2]=mxCreateDoubleMatrix(0, 0,mx REAL);
}

if(newnoson[0].size()>0){
plhs[1]=mxCreateDoubleMatrix(2, newnoson[ 0].s ize( ),mxR EAL) ;

}
else{

plhs[1]=mxCreateDoubleMatrix(0, 0,mx REAL);
}
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plhs[0]=mxCreateNumericArray (3,di mens_fam, mxDOUBLE_CLASS,mxREAL);

o_newvolumes=mxGetPr(plhs[2] );
o_newnoson=mxGetPr(plhs[1]);
o_family=mxGetPr(plhs[0]);

int k=0;
for(int i=0;i<sum_fathers;i++){

if(family[0][i][0]!=-1 && family[0][i][0]!=0){

for(int j=0;j<dimens_fam[0];j++){
o_family[j+k*dimens_fam[0]]=(do uble) (fam ily[ 0][i] [j]) ;
o_family[k*dimens_fam[0]+j+dime ns_fa m[0] *dim ens_f am[1 ]]=

(double)(family[1][i][j]);
}
k++;

}
}

// if((k*dimens_fam[0])!=(dimens_ fam[ 0]*di mens_fam [1])) {
// mexPrintf("he fet: %d, hau-
ria d’haver fet: %d\n",
k*dimens_fam[0],dimens_fam[0]*d imens _fam [1]);
// mexErrMsgTxt("error ja saps on");
// }

// arxiu=matOpen("dades.mat","w") ;
// mxSetName(plhs[0],"fam");
// matPutArray(arxiu,plhs[0]);
// matClose(arxiu);

if(newnoson[0].size()>0){
for(int i=0;i<newnoson[0].size();i++){

o_newnoson[2*i]=(double)newno son[ 0][i] ;
o_newnoson[2*i+1]=(double)new noso n[1][ i];

}
}
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if(newvolumes[0].size()>0){
for(int i=0;i<newvolumes[0].size();i++){

o_newvolumes[4*i]=newvolumes[ 0][i ];
o_newvolumes[4*i+1]=newvolume s[1] [i];
o_newvolumes[4*i+2]=newvolume s[2] [i];
o_newvolumes[4*i+3]=newvolume s[3] [i];

}

}

//mexPrintf("done\n");

delete[] family[0];
delete[] family[1];

}

int tree_level(Image *chl,Image *fath,Container *no-
son,Container
*i_volumes,int level,vector<int> newno-
son[],vector<int> *family[],
int dimens_fam[],Image *scale1,Image *scale2,double diff,
vector<double> newvolumes[],Image *edge,double OCTAVE_DIV){

int sum_fathers=0,k=0,father=0,max _son =0,fa ther s_wo_son= 0;
int *fathers[2], *number_son;
double limwindow=0,norma=0,color=0,dif _meassure =0,o ld_ma x_di f=0,

oldsim=0,distance=0,d=0,sim=0,s igmap =0,s igmac =0,s earc hrad= 0,
volume_max=0;

double ci=0,cg=0,cm=0,wi=0,wg=0,wm=0,n o_see n_ed ge=0 ;
vol **vol_mat, **new_vol_mat;

//Recovering information from noson.

if(noson->length>0){
for(int i=0;i<noson->length;i++){

if(noson->position[2*i]>chl->w idth ||
noson->position[2*i+1]>chl->wid th || noson-
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>position[2*i+1]<=0
|| noson->position[2*i]<=0)

mexErrMsgTxt("Error in noson index");

chl->image[(int)(noson->positi on[2 *i]-1 )+
(int)(noson->position[2*i+1]-1) *chl- >hei gth]= 0;

}
}
//mexPrintf("Hi ha %d nofills\n",noson->length);

//Recovering information from i_volumes

if(i_volumes->length>0){

vol_mat=new (vol *) [chl->heigth];

for(int i=0;i<chl->heigth;i++){
vol_mat[i]=new vol [chl->width];

}

for(int i=0;i<i_volumes->length;i++) {
(vol_mat[(int)(i_volumes->posi tion [i*4] )-

1][(int)
(i_volumes->position[i*4+1])-1] ).vol ume=
(i_volumes->position[i*4+2]);

(vol_mat[(int)(i_volumes->posi tion [i*4] )-
1][(int)
(i_volumes->position[i*4+1])-1] ).ave rage =
(i_volumes->position[i*4+3]);

if(i_volumes->position[i*4+3]> 257 ||
i_volumes->position[i*4+3]<0)

mexErrMsgTxt("Average value error");
}

}
else{

vol_mat=new (vol *) [chl->heigth];

for(int i=0;i<chl->heigth;i++){
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vol_mat[i]=new vol [chl->width];
}

for(int i=0;i<chl->heigth;i++){
for(int j=0;j<chl->width;j++){

(vol_mat[i][j]).volume=1;
(vol_mat[i][j]).average=scal e1-

>image[i+j*scale1->heigth];
if(vol_mat[i][j].average>257 )

mexErrMsgTxt("Average value error");
}

}
}

//Building new volumes

new_vol_mat=new (vol *) [fath->heigth];

for(int i=0;i<chl->heigth;i++){
new_vol_mat[i]=new vol [fath->width];

}

//Counting parents

for(int i=0;i<fath->heigth;i++){
for(int j=0;j<fath->width;j++){

if((int)fath->image[i+j*fath-> heig th]== 0)
mexErrMsgTxt("Pares xungos");

if((int)fath->image[i+j*fath-> heig th]!= 1 &&
(int)fath->image[i+j*fath->heig th]!= 0)

mexErrMsgTxt("Matriu Pares no binaria");
sum_fathers=sum_fathers+(int)f ath-

>image[i+j*fath->heigth];
}

}
//mexPrintf("Hi ha %d Pares\n",sum_fathers);

if(sum_fathers>(fath->heigth* fath- >wid th)){
mexPrintf("Hi ha %d Pares\n",sum_fathers);
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mexErrMsgTxt("Error massa pares");
}

//creatin the new structure for parents and filling

fathers[0]=new int [sum_fathers];
fathers[1]=new int [sum_fathers];

for(int i=0;i<fath->heigth;i++){
for(int j=0;j<fath->width;j++){

if(fath->image[i+j*fath->heigt h]== 1){
if(k>=sum_fathers) mexErrMsgTxt("Error fa-

thers out of range");
fathers[0][k]=i;
fathers[1][k]=j;
k++;

}
}

}

family[0]=new vector<int> [sum_fathers];
family[1]=new vector<int> [sum_fathers];

number_son=new int [sum_fathers];

for(int i=0;i<sum_fathers;i++){
family[0][i].push_back(fathers[0 ][i] +1);
family[1][i].push_back(fathers[1 ][i] +1);
number_son[i]=0;

}

sigmap=0.455*exp(double((leve l+1)) *log (2)/O CTAVE_DI V+
(OCTAVE_DIV-1.0)*log(2)/OCTAVE_ DIV);

sigmac=0.455*exp(double(level )*log (2)/ OCTAVE_DI V+
(OCTAVE_DIV-1.0)*log(2)/OCTAVE_ DIV);

limwindow=0.5*sigmap;
searchrad=3*sqrt(sigmap*sigma p-sig mac*sigma c);
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norma=exp(-(limwindow*limwind ow)/( 2*(s igmap *sig map-
sigmac*sigmac)));

if(old_max_dif>255){
mexPrintf("old_max_dif = %d\n",old_max_dif);
mexErrMsgTxt("Error: old_max_dif out of range");

}

for(int iter=0;iter<MAX_ITER;iter++){

max_son=0;
father=0;
k=0;
//mexPrintf("Family size: %d %d %d\n",

2,sum_fathers,family[0][0].size ());
//mexPrintf("Iter %d\n",iter);

for(int i=0;i<chl->heigth;i++){
for(int j=0;j<chl->width;j++){

if(chl->image[i+j*chl->heigt h]== 1){

color=scale1->image[i+j*chl->h eigth ];
oldsim=0;

//j_min=(((int)(j-searchrad))> 0) ? ((int)(j-
searchrad)) : 0;

//j_max=(((int)(j+searchrad))< fath- >wid th) ?
((int)(j+searchrad)) : fath->width;

int i_min=(((int)(i-searchrad))>0) ?
((int)(i-searchrad)) : 0;

int i_max=(((int)(i+searchrad))<(fa th-
>heigth-1)) ?
((int)(i+searchrad)) : (fath->heigth-1);

for(int n=i_min; n<=i_max; n++){
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int m_min=(int)(j-sqrt(searchrad* sear chra d-
(n-i)*(n-i)));

int m_max=(int)(j+sqrt(searchrad* sear chra d-
(n-i)*(n-i)));

int j_min=(m_min>0) ? m_min : 0;
int j_max=(m_max<(fath->width-

1)) ? m_max : (fath->width-1);

for(int m=j_min; m<=j_max; m++){

k=n*fath->width+m;

//Checking if the father has chil-
dren or not

if((new_vol_mat[fathers[0][k]][ fath ers[ 1][k] ].av erage !=0
&& iter>0) || iter==0){

//Checking if there are edges
if(NO_EDGE_DETECT){

no_seen_edge=1;
}
else{

if(Is_there_an_edge(i,j,n,m,edg e)== 0){
no_seen_edge=1;

}
else{

no_seen_edge=0;
}

}

if(no_seen_edge){

//computation of crieria

distance=(i-fathers[0][k])*(i-
fathers[0][k])+
(j-fathers[1][k])*(j-fathers[1] [k]);
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if(sqrt(distance)<=limwindow){
d=1.0;

}
else{

d=exp(-distance/(2*(sigmap*si gmap-
sigmac*sigmac)))/norma;

}

ci=1.0-fabs(color-scale2-
>image[fathers[0][k]+
fathers[1][k]*scale2->heigth])/ diff;

wi=WI;
if(ci<0 || ci>1){

mexPrintf("ci=%f\n",ci);
mexErrMsgTxt("ci out of range");

}

if(iter>0){
cg=new_vol_mat[fathers[0][k]] [fat hers[ 1][k ]].

volume/volume_max;
wg=WG;
wm=WM;
cm=1.0-fabs(new_vol_mat[fathe rs[0 ][k]]

[fathers[1][k]].average-vol_mat [i][j ].av erage )/di ff;
if(cg<0 || cg>1){

mexPrintf("cg=%f\n",cg);
mexErrMsgTxt("cg out of range");

}
if(cm<0 || cm>1){

mexPrintf("cm=%f par-
ent_average=%f son_average=%f
diff=%d\n",cm,new_vol_mat[fathe rs[0] [k]] [fath ers[ 1][k ]].av erag e,
vol_mat[i][j].average,diff);

mexErrMsgTxt("cm out of range");
}

}
else{

cg=0;
cm=0;
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wg=0;
wm=0;

}

//mexPrintf("wg: %f wm: %f cg: %f cm: %f\n"
,wg,wm,cg,cm);

sim=d*((wi*ci+wg*cg+wm*cm)/(wi+ wg+wm));

//if(sim!=(d*ci)) mex-
Printf("wg: %f wm: %f
cg: %f cm: %f sim: %f d*ci: %f \n",wg,wm,cg,cm,sim,d*ci);

if(d<0 || d>1) mexErrMs-
gTxt("d out of range");

if(ci<0 || ci>1) mexErrMs-
gTxt("ci out of range");

//mexPrintf("sim: %f d*ci: %f \n",sim,d*ci);

//Search for the best one
if(oldsim<sim){

oldsim=sim;
father=k;

}

}
}

}
}

// for(k=0;k<sum_fathers;k++){ //canviar***********
// distance=(i-fathers[0][k])*(i-

fathers[0][k])+
(j-fathers[1][k])*(j-fathers[1] [k]);

// if(sqrt(distance)<=limwindow){
// d=1.0;
// }
// else{
// d=exp(-distance/(2*(sigmap*si gmap-

sigmac*sigmac)))/norma;
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// }

// sim=(d*(1.0-fabs(color-scale2->
image[fathers[0][k]+fathers[1][ k]*sc ale2 -
>heigth])/diff));

// if(oldsim<sim){
// oldsim=sim;
// father=k;
// }

// }//for(k=0;k<sum_fathers;k++)

if(father>=sum_fathers)
mexErrMsgTxt("Error: father out of range");

//building of the data base.
if(number_son[father]==max_son ){

max_son++;
for(int t=0;t<sum_fathers;t++){

family[0][t].push_back(0);
family[1][t].push_back(0);

}
}

family[0][father][number_son[f ather ]+1] =i+1 ;
family[1][father][number_son[f ather ]+1] =j+1 ;
number_son[father]++;

}
}//for j

}//for i

//mexPrintf("Old Part is OK!!!\n");

//Generation of new values volume and average
//mexPrintf("Family size: %d %d %d\n\n",2,sum_fathers,

family[0][0].size());
volume_max=0;
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for(int i=0;i<sum_fathers;i++){

//mexPrintf("Peto al pare %d\n",i);

double volume_tot=0;
double average_tot=0;

if(number_son[i]!=0){
int j=1;
while(j<=number_son[i]){

volume_tot+=(vol_mat[(family[0 ][i][ j]-1 )]
[(family[1][i][j]-1)]).volume;

average_tot+=(vol_mat[(family[ 0][i] [j]- 1)]
[(family[1][i][j]-1)]).average* (vol_ mat[ (fami ly[0 ][i] [j]-
1)]
[(family[1][i][j]-1)]).volume;

//mexPrintf("he fet fins a la %d\n",j);
j++;

}

average_tot=average_tot/volu me_t ot;
if(volume_tot>volume_max){

volume_max=volume_tot;
}
//mexPrintf("Pero puc fer els volums\n");

(new_vol_mat[fathers[0][i]][ fath ers[1 ][i] ]).v olume =vol ume_t ot;
(new_vol_mat[fathers[0][i]][ fath ers[1 ][i] ]).a verag e=av erage _tot ;
//mexPrintf("Pero puc escriure els volums\n");
if(iter==(MAX_ITER-1)){

newvolumes[0].push_back((doubl e)fat hers [0][ i]+1. 0);
newvolumes[1].push_back((doubl e)fat hers [1][ i]+1. 0);
newvolumes[2].push_back(volume _tot) ;
newvolumes[3].push_back(averag e_tot );

}
}
else{

(new_vol_mat[fathers[0][i]][ fath ers[1 ][i] ]).v olume =0;
(new_vol_mat[fathers[0][i]][ fath ers[1 ][i] ]).a verag e=0;
//mexPrintf("Pero puc es-
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criure els volums nuls\n");
}

if(iter<(MAX_ITER-1)){
number_son[i]=0;
(family[0][i]).clear();
(family[1][i]).clear();
family[0][i].push_back(fathe rs[0 ][i]+ 1);
family[1][i].push_back(fathe rs[1 ][i]+ 1);

}

}

//mexPrintf("He pogut fer la part nova");

}
//mexPrintf("Family size out: %d %d %d\n\n",2,

sum_fathers,family[0][0].size() );
for(int i=0;i<sum_fathers;i++){

if(number_son[i]==0){
newnoson[0].push_back(fathers[ 0][i ]+1);
newnoson[1].push_back(fathers[ 1][i ]+1);
fathers_wo_son++;
family[0][i][0]=-1;
family[1][i][0]=-1;

}
else{

if(family[0][i][1]==0 || family[1][i][1]==0)
mexErrMsgTxt("Error in updating number_son");

}
}

dimens_fam[0]=max_son+1;
dimens_fam[1]=sum_fathers-fat hers_ wo_son;
dimens_fam[2]=2;

for(int i=0;i<fath->heigth;i++){
delete[] new_vol_mat[i];

}
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delete[] new_vol_mat;

for(int i=0;i<chl->heigth;i++){
delete[] vol_mat[i];

}
delete[] vol_mat;

delete[] fathers[0];
delete[] fathers[1];
delete[] number_son;

return(sum_fathers);

}

double Is_there_an_edge(int child_i,int child_j,int fath_n,
int fath_m,Image *edge){

int search_m=0,search_n=0,k=0,ksid e1=0 ,ksid e2=0 ;
double grav[2],p_grav[2],mg=1,found=0;

search_n=child_i;
search_m=child_j;

if(search_n!=fath_n || search_m!=fath_m){

//computation of the search vector (desplace-
ment vector)

grav[0]=(double)(fath_n-search_n );
grav[1]=(double)(fath_m-search_m );

mg=sqrt(grav[0]*grav[0]+grav[1]* grav [1]);

com

//computation of the normal vector to the de-
splacement,

//to look for edges in the immediate neighbors.
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grav[0]=grav[0]/mg;
grav[1]=grav[1]/mg;

p_grav[0]=grav[1];
p_grav[1]=-grav[0];

search_n+=(int)(rint(grav[0]));
search_m+=(int)(rint(grav[1]));

//mexPrintf("search_n=%d search_m=%d\n",search_n,searc h_m) ;

if(search_n>=edge->heigth || search_n<0 || search_m>=edge-
>width
|| search_m<0){

mexPrintf("search_n=%d search_m=%d",search_n,search_ m);
mexErrMsgTxt("Out of edges matrix range");

}

if(fabs(grav[0])==fabs(grav[1])) {
if(fabs(rint(grav[1]))!=1){

mexErrMsgTxt("Rounding Error in grav");
}

}

while(search_n!=fath_n && search_m!=fath_m){

k=edge->heigth*search_m+search _n;

if(((search_m+(int)(rint(p_gra v[1] )))>= 0 && (search_m+
(int)(rint(p_grav[1])))<edge->w idth) && ((search_n+
(int)(rint(p_grav[0])))>=0 && (search_n+(int)(rint(p_grav[ 0])) )
<edge->heigth)){

kside1=edge->heigth*(search_ m+(i nt)(r int( p_gr av[1] )))+
(search_n+(int)(rint(p_grav[0]) ));

}
else{

kside1=k;
}
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if(((search_m-(int)(rint(p_gra v[1] )))>= 0 && (search_m-

(int)(rint(p_grav[1])))<edge->w idth) && ((search_n-
(int)(rint(p_grav[0])))>=0 && (search_n-
(int)(rint(p_grav[0])))<edge->h eigth )){

kside2=edge->heigth*(search_ m-
(int)(rint(p_grav[1])))
+(search_n-(int)(rint(p_grav[0] )));

}
else{

kside2=k;
}

if(edge->image[k]!=0 || edge-
>image[kside1]!=0 ||
edge->image[kside2]!=0){

found=1;
break;

}

grav[0]=fath_n-search_n;
grav[1]=fath_m-search_m;

mg=sqrt(grav[0]*grav[0]+grav[1 ]*gr av[1] );

grav[0]=grav[0]/mg;
grav[1]=grav[1]/mg;

p_grav[0]=grav[1];
p_grav[1]=-grav[0];

search_n+=(int)rint(grav[0]);
search_m+=(int)rint(grav[1]);

if(search_n>=edge->heigth || search_n<0 || search_m>=
edge->width || search_m<0){

mexPrintf("search_n=%d search_m=%d",search_n,search_m) ;
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mexErrMsgTxt("Out of edges matrix range");
}

if(fabs(grav[0])==fabs(grav[1] )){
if(fabs(rint(grav[1]))!=1){

mexErrMsgTxt("Rounding Error in grav");
}

}

}
}
else{

found=0;
}

return(found);

}

segment.m

function regions=segment(family,level,di mim)
%
% function that follows back the structure of im-
age stored in
% the cell array family.
%
% level: indicates from which level it must be-
gin te segmentation.
% dimim: indicates the dimensions of the image.
%
% regions: this function returns a cell ar-
ray were each cell is a
% matrix with the pixel positions of the segment.
%

%reconstruction of the image
for n=level:-1:1
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family_half=family{n};

temp1(:,:,1)=full(family_half {1});
temp1(:,:,2)=full(family_half {2});
clear family_half;

dim=size(temp1);

if(n==level)
regions{dim(2)}=[];
disp(’ Total regions number:’);
nregions=dim(2)

end

for m=1:nregions
if (n==level)

tempa=shiftdim(temp1(2:dim(1),m ,:),2 );
[nox,noy,a]=find(tempa(1,:));
[nox,noy,b]=find(tempa(2,:));
regions{m}=[a; b];
clear tempa;

else
tempb=(regions{m}).’;
if(m==1)

tempa=(shiftdim(temp1(1,:,:) ,1));
end
[nox,tempinter,noy]=intersect(t empa, temp b,’r ows’) ;
tempaa=temp1(2:dim(1),tempinter ,:);
[nox,noy,a]=find(tempaa(:,:,1)) ;
[nox,noy,b]=find(tempaa(:,:,2)) ;
dima=size(a);
if(dima(2)==1)

a=a.’;
b=b.’;

end
regions{m}=[a; b];

end
end
clear temp1;

end
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%Separing unconnected areas.
extra_r=1;
for r=1:nregions

tempr(:,:)=regions{r};
[Labeled,NUM]=bwlabel(full(sp arse( temp r(1,: ).’, temp r(2,: )’,1

,dimim(1),dimim(2))),8);
clear tempr;

if(NUM>1)
for l=1:NUM

[a,b]=find(Labeled==l);
dima=size(a);
if(dima(2)==1)

a=a.’;
b=b.’;

end
if(l==1)

regions{r}=[a; b];
else

regions{nregions+extra_r}=[a ; b];
extra_r=extra_r+1;

end
end

end
end

disp(’ Total regions after spliting unconnected:’);
disp(length(regions));
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Appendix C

Probability Distrib utions of Optical
Flow

Following thestatementof section(3.2.2),from Eq.(3.10):% É �µ
& �')( Ï ¾ (C.1)

andthemodel:�µ »�� Ã+* �',( »�� ¾�-�Ã Ê . ( »�� ¾�-�Ã. - Ä � Ò Ê �� Ì * �')( »�� ¾�-�Ã�¾ (C.2)

theEq. (3.11)canbederived.

Eq.(C.2)describestheconditionalprobability
% »0/214365798 �;:/ � & �µ ¾ �',( Ã .

FromBayes:% »0�µ
& ¾ �',( ¾ . ( »�� ¾9-�Ã. - ÃNÄ % »0/2143657<8 �;:/ � & �µ ¾ �')( Ã+* % »=�µ Ã% » /214365798 �;:/ � Ã ¾
(C.3)

For thedistribution
% »0�µ Ã azero-meanGaussianwith covariance> Î is chosen.

Theresultingdistributionof theprovability in Eq.(C.1) is Gaussianandthemean
andcovariancecanbeextractedas:>Ëî Ä ? �',( *+@ É �')( ÏBA * > Ì * �')(DC * É �')( ÏBA Ê > Û ÌÎ�E Û Ì ¾Â î Ä à

> * �',( * @ É �')( ÏFA * > Ì * �')( Ê > Ò C Û Ì * . ( »�� ¾�-�Ã. - ¾
(C.4)
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where > Ì is chosenasa diagonalmatrix, with diagonalentry � Ì and > Ò Ä � Ò .
Then:

>¬î Ä GH IÉ � Ì#J �',( »�� ¾9-�Ã J Ò Ê � Ò Ï Ê > Î Û ÌLKM Û Ì ¾Â î Ä à
>Ëî * �NÉ � Ì#J �')( »�� ¾�-�Ã J Ò Ê � Ò Ï ê (C.5)

Applying theformulaover a neighborhoodresultsin thefollowing smoothed
version:

>Ëî Ä GH�O � P � * IRQÉ � Ì#J �')( »�� � ¾�-�Ã J Ò Ê � Ò Ï Ê > Î Û ÌLKM Û Ì ¾Â î Ä à
>¬î *SO � P � * �N �É � ÌTJ �',( »�� � ¾�-�Ã J Ò Ê � Ò Ï ê (C.6)
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Appendix D

Implementation Details in Motion
Estimation

D.1 Algorithm Description and Numerical Approx-
imations

DerivativeFilter

In thefunction,all thederivativeshave beenapproximatedin thediscretedo-
main by a smoothedversionof the classicaldiscretedifferential linear operant
(diff U �BV Ä U Å ¾ à ÅWV ).

Wecanapproximatecontinuousderivation X »S½ Ã :X " »S½ Ã�Ä . X »è½ Ã. ½ ¾
(D.1)

by X " U �BV Ä XYU �FV � diff U �FVxê (D.2)

Before performingdifferentiationit is desiredto apply a low-passfiltering
(or smoothing)in orderto increasethe Z[ andobtaina cleanerandmorereliable
Optical Flow. Linear filtering is performedthroughthe convolution of XYU �BV (the
input datafunction)andthefilter

	 U �FV :� U �FV Ä
	 U �FV � XYU �FVxê (D.3)

If � " U �BV Ä diff U �BV � »\	 U �BV � X+U �BV Ã�¾ (D.4)
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andtheconvolution is associative, �D" U �BV canberecalculated:� " U �FV Ä"»
diff U �BV � 	 U �FV Ã � XYU �FVxê (D.5)

It follows that the final result can be calculateddirectly with the smoothed
versionof thedifferentialkernel.

In Images,the computationof the gradientis independentin eachdirection
(x andy). To performthesmoothedkernelin bothdirections,thefiltering kernel
mustbeseparable.If thekernelis separable,thereis no differencebetweenfilter-
ing with thecompletefilter function(

Æ º
function)andfiltering in eachdirection

with therespectivecomponent.Then,if thekernelis separable,we cantake each
directionalcomponent,convolve it with its correspondentdifferentialkerneland
wegetthesmootheddifferentialkernels.

The kernel U
à ÌÌ Ò ¾^]Ì Ò ¾ í ¾

à ]Ì Ò ¾ ÌÌ Ò V , which is the implementedone, is the re-
sult of the convolution of the differentialfilter U Å ¾ à Å_V and the GaussianfilterU ÌÌ Ò ¾^`Ì Ò ¾^`Ì Ò ¾ ÌÌ Ò V .
“Intersection of Constraints”

In section(3.2.2),we applieda smoothnessconstraintin orderto reducethe
singularity problemof the matrix inversion.An “intersectionof constraints”is
performedthroughthecombinationof motion informationover a neighborhood.
Theresultof thatis asmootherevolutionof theOpticalFlow over theimage.

In Simoncelli’svariation(section3.2.2),theinvertibility problemdoesnotex-
ist. The assumptionerrorsaccordingto the reality aremodeledstatistically, and
invertibility is ensured.Anyway, anotherproblemstill remains.Theapertureprob-
lem arisesif thecomputationsareperformedover a singlepixel. Theproblemis
thatonly thegradientinformationis considered,andconsequentlyperpendicular
motion to the gradientdirection is missed.So,a neighborhoodscopeis needed
again,in order to increasethe aperture.As in the caseof Lucas& Kanade, a
constraintof uniformity over the neighborhoodis introduced.The effect, aswe
saidmany timesbefore,is datasmoothing.To applythisconstraintany weighting
function canbe taken, and in our casea Gaussianfunction hasbeenused.The
effect is to performanemphasison thepixel (centerof theevaluationwindow).
Theusedweightingfunctionis thefollowing:

P � Ä GaaaaH íïêñí<í<ë<ì íïêñíïÅ)ð~ô í³ê�í Æ ëcb íïê�í³Å)ðÈô íïêñí<í<ë<ìíïêñíïÅ)ðÈô íïêñí<ô Æ ð í³ê�í<ìÈë<ò íïê�íÈô Æ ð íïêñíïÅ)ðÈôíïêñí Æ ëcb íïêñí<ì<ëÈò í³êFÅdb<í<ô íïê�íÈì<ë<ò íïêñí Æ ëcbíïêñíïÅ)ðÈô íïêñí<ô Æ ð í³ê�í<ìÈë<ò íïê�íÈô Æ ð íïêñíïÅ)ðÈôíïêñí<í<ë<ì íïêñíïÅ)ð~ô í³ê�í Æ ëcb íïê�í³Å)ðÈô íïêñí<í<ë<ì KfeeeeM (D.6)
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Finally, Simoncellisaidthatchangingthe � parametersdoesnot affect much
thefinal result.Wehave takenthesameheused:� Ì Ä í³ê�í<ò ¾ � Ò Ä Å<êñí ¾ � Î Ä Æ êñí .
D.2 Algorithm Code

function [V,V_no_filt]=m oti onbi g( fr ames, a, si gma1, si gma2,s igm ap)
%
% [V,V_no_filt]=mo ti onbi g(f ra mes, a, sig ma1, si gma2, si gmap)
%
% Computes an Optical Flow estimation using the Simoncelli
% variation of the Lucas and Kanade algorithm.
%
% V: is the optical flow of the image frames(:,:,3) cleaned of
% points (points turned to 0) where the eigenvalues of ma-
trix z
% are lower than a.
%
% V_no_filt: the same as V but without cleaning
%
% frames: 3D variable composed by the 5 im-
ages of the sequence
% that are used in the computation of the O.F.
%
% a: min. value for the eigenvalues of z.
%
% sigma1, sigma2, sigmap: std. deviation of the Simon-
celli’s
% statistical model.
%

%Approximation for the derivative function.
kernel=[-1/12 8/12 0 -8/12 1/12];
dim=size(frames );

frames=double(f ra mes) ;

%Spatial derivative in the x direction.
dxframe_3_1=8.* [z er os (di m(1) ,1 ) frames(:,1:dim(2 )- 1, 3) ];
dxframe_3_2=-1. *[ ze ro s(d im (1 ), 2) frames(:,1:dim( 2) -

2,3)];
dxframe_3_3=-8. *[ fr ames( :, 2: di m(2), 3) zeros(dim(1),1 )] ;
dxframe_3_4=1.* [f ra mes(: ,3 :d im (2 ),3 ) zeros(dim(1),2) ];
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dx=(dxframe_3_1 +dxf ra me_3_2+dx fr ame_3_3+dxf rame_3_4) /1 2;

%Spatial derivative in the y direction.
dyframe_3_1=8.* [z er os (1, di m(2) ) ;frames(1:dim(1) -

1,:,3)];
dyframe_3_2=-1. *[ ze ro s(2 ,d im (2 )) ;frames(1:dim(1 )-

2,:,3)];
dyframe_3_3=-8. *[ fr ames( 2: di m(1) ,:, 3) ; zeros(1,dim(2)) ];
dyframe_3_4=1.* [f ra mes(3 :d im (1 ), :,3 ); zeros(2,dim(2) )] ;

dy=(dyframe_3_1 +dyf ra me_3_2+dy fr ame_3_3+dyf rame_3_4) /1 2;

%Temporal derivative.
dt=(1.*frames(: ,: ,1 )- 8.* fr ames (: ,:, 2) +8.* fr ames( :, :, 4) ...

-1.*frames(:,: ,5 ))/ 12;

%weight window to impose the "intersec-
tion of constraints"

w2=[0.0039 0.0156 0.0234 0.0156 0.0039
0.0156 0.0625 0.0938 0.0625 0.0156
0.0234 0.0938 0.1406 0.0938 0.0234
0.0156 0.0625 0.0938 0.0625 0.0156
0.0039 0.0156 0.0234 0.0156 0.0039];

V=zeros(dim(1), di m(2) ,2) ;
V_no_filt=zeros (d im (1 ),d im (2 ), 2) ;

for n=3:dim(1)-3
for m=3:dim(2)-3

z=[sum(sum(w2.* dx (n- 2: n+2, m-2:m+2). ˆ2 ./ (si gma1*( ...
dx(n-2:n+2,m-2 :m+2) .ˆ 2+dy (n -2: n+2, m-2: m+2). ˆ2 )+ ...
sigma2)+1/sigm ap)) sum(sum(w2.* dx(n-2:n+2,m-

2:m+2) ...
.*dy(n-2:n+2,m -2 :m+2) ./ (s ig ma1*( dx (n -2 :n+ 2, m-

2:m+2) ...
.ˆ2+dy(n-2:n+2 ,m-2: m+2) .ˆ 2) +si gma2)) ); sum(s um(w 2. * ...
dx(n-2:n+2,m-2 :m+2) .* dy (n -2 :n+ 2, m-

2:m+2)./(sigma1* ( ...
dx(n-2:n+2,m-2 :m+2) .ˆ 2+dy (n -2: n+2, m-

2:m+2).ˆ2)+sigma 2) )) ...
sum(sum(w2.*dy (n -2: n+2, m-2: m+2). ˆ2 ./ (s igm a1*( ...
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dx(n-2:n+2,m-2 :m+2) .ˆ 2+dy (n -2: n+2, m-
2:m+2).ˆ2)+sigma 2) ...

+1/sigmap))];

B=[sum(sum(w2.* dx (n- 2: n+2, m-2:m+2). *d t( n-2 :n +2,m-
2:m+2) ...

./(sigma1*(dx( n- 2:n +2,m-2 :m+2) .ˆ 2+dy (n -2: n+2, m-
2:m+2).ˆ2) ...

+sigma2))); sum(sum(w2.*dy( n-2 :n +2,m-2 :m+2) .* ...
dt(n-2:n+2,m-2 :m+2) ./ (s ig ma1*( dx (n -2 :n +2, m-

2:m+2).ˆ2+ ...
dy(n-2:n+2,m-2 :m+2) .ˆ 2) +s ig ma2)) )] ;

vals=sort(eig(z )) ;

%Optical Flow computation
pre_v=-inv(z)*B ;

%checking of the reliability of the esti-
mates according

%to the threshold a.
if(abs(det(z))> 0 & vals(1)>=a & vals(2)>=a)

v=pre_v;
else

v=zeros(2,1);
end

V(n,m,1)=v(1);
V(n,m,2)=v(2);

V_no_filt(n,m,1 )= pre _v (1 );
V_no_filt(n,m,2 )= pre _v (2 );

end
end
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Appendix Ex y z {}|�~�����|���� ��|����
Thefollowing distributionis the ø Ò à
� ��� -  � N�� - �L� � with  degreesof freedom:

X 7 »è½ Ã�Ä�� ¶ 3L� ä Þ Ô :6� 3 Þ Ý ä :Ó » � ä Ã Ò � ä X �  í�� ½����í X �  ½�� íïê (E.1)

Thecumulativedistribution is theintegrationof theEq.above:

� 7�� ø Ò�� Ä���� äú ½ » � ä Û Ì Ã × » Û Ý ä ÃÇ � 7 Ò � Æ � ä �³½�Ä�¸ �!� �¡� À @  Æ ¾ ø ÒÆ C ¾ (E.2)

wherȩ �!� �¡� À¿» � ¾�¢=Ã is aregularisedgammafunction.
¸ ��� �¡� À�» � ¾�¢=Ã is alsoan

incompleteGammafunction,which oneis definedas:¸ �!� �¡� À�» � ¾�¢=ÃËÄ ÅÇ » � Ã ��£ú ½ 3¥¤ Û Ì : × 3 Û ¶ : �ï½ ê (E.3)

Someimportantdetailsare:÷ Independentlydistributed ø Ò¦ thenif§O ¦�¨ Ì ø Ò¦ ¾ (E.4)

theresultis anotherø Ò¦ distributionbut with asmany degreesof freedomas
theadditionof all thedegreesof freedomof all the ø Ò¦ .
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½

is a Gaussiandistribution, � ¶ Û�©ª � Ò is a ø Ò distribution with  Ä Å (de-
greesof freedom)[1].÷ If
½

is a Laplacedistribution, « Òª ä & ½ à Â & is a ø Ò distribution with  Ä Æ
(degreesof freedom)[1].
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Appendix F

Implementation Details in Statistical
Motion Detection

F.1 Algorithm Description

In thefollowing therearedescribedthedifferedfunctionsusedto performthe
tests.Thedescribedfunctionscanbefoundin sec.F.2.

estima motion.m

This functionperformsthemotionestimationof theinputsequence.Fromthe
outputOpticalFlow data,somestatisticalparametersareestimated:÷ Generalmean.÷ Generalstandarddeviation÷ Standarddeviation for every frameandvelocitycomponent÷ Meanfor every frameandvelocity component.

dist find.m

This functiongivestheparameterthatmakesthebestmatchbetweenthedata
histogram,andtheGGD[31]. Two choicesareavailable.Theexponentparameter
canbevariatedor the � , letting oneor theotherfixed.

Sinceit is not necessarya very precisesearch,any efficient searchalgorithm
hasnotbeenused.It is performedanexhaustivesearchwith adeterminateresolu-
tion steep.
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tr oba.m

In thissectiontwo functionsarepresented,troba() andstatist() .

troba() carriesoutwith thegeneralstructureof thealgorithm.It callsthefunc-
tion statist() thatperformsthetestin eachmotiondirection,andthen
it cleansandclassifiesthefoundregions.In thefollowing figureis described
theprocess.

Sometechniqueshave beenincludedin orderto improve thequality of the
results.After theunionof bothresultsof thestatisticaldetection,it is per-
formeda Holescleaninganda Little spot Cleaning. Theseprocessesare
performedusingmorphologicaltools,thecodecanbefoundatapp.G.÷ Holes cleaning is performedusing reconstructionby erosion ( ¬ 7 �\­ )

[7], using a planewhite mask(white except the imageboundaries,
which arein black)asa marker, andtheoriginal motionregion mask
asa reconstructionmodel.÷ Little Spot Cleaning is performedusingerosion followed of recon-
structionby dilation ( ® 7 ��­ »°¯²±�³µ´�»6¯ Ã'Ã where

¯
is theimageto filter)

[7]. The techniqueis basedon a erosionfirst by somestructuralele-
mentof theoriginal image,anda posteriorreconstructionby dilation
usingtheerodedimageasa marker andtheoriginal oneastherecon-
structionmodel.The usedelementto erodeis a 5x5 binary simetric
element.In theimplementation,accordingto theiterationpropertyof
theerosion,we have realisedthe5x5 elementfiltering by two 3x3 el-
ementconsecutivefiltering. SeeApp. G for detailsin morphology.

Thefollowing stepsRegionLabelling andRegionExtraction & Centroid
Finding, arebasedin an scanningof the imageto look for the isolated8-
connectedregions,their extractionandthe computationof the centroidof
eachregion. This centroidis theaverageof the

½
and � componentsof all

thepixelsforming theregion.

statist() performsthe ø Ò statisticaltest.The theoreticalbasiscanbefound
in sec.3.2.3

F.2 Algorithm Code

estima motion.m

function [out,out_no_pad ,si gma, m,sa ,sb ,ma, mb]= est im a_moti on( mm)
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%
% [out,out_no_pad, si gma, m,s a, sb ,ma, mb]=est im a_mot io n( mm)
%
% Function that performs the motion estima-
tion of a sequence
% and give some statistical values.
%
% out: motion estimation sequence output.
%
% out_no_pad: motion estimation sequence out-
put with no zero
% padding around.
%
% sigma: general av. std computed.
%
% m: general mean computed.
%
% sa: vector composed by all the std values of v_x of the
% sequence.
%
% sb: vector composed by all the std values of v_y of the
% sequence.
%
% ma: vector composed by all the mean values of v_x of the
% sequence.
%
% mb: vector composed by all the mean values of v_y of the
% sequence.
%

dim=size(mm);
sigma=0;
m=0;

for n=3:dim(3)-2

%Optical Flow Computation
[v,v_no_filt]=mo ti onbi g(mm(:, :, n- 2:n +2), 1, 0. 08, 1. 0, 2. 0) ;

a=v(5:dim(1)-4,5 :d im (2 )-4 ,1 );
b=v(5:dim(1)-4,5 :d im (2 )-4 ,2 );

%Statistical Parameter computation
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sa(n-2)=std2(a);
sb(n-2)=std2(b);
ma(n-2)=mean2(a) ;
mb(n-2)=mean2(b) ;

sigma=std2(a).ˆ2 /2 +std 2(b ). ˆ2 /2 +s igm a;
m=mean2(a)/2+mea n2(b )/ 2+m;

out(:,:,:,n-2)=v ;
out_no_pad(:,:,1 ,n -2 )= a;
out_no_pad(:,:,2 ,n -2 )= b;

end

sigma=sqrt(sigma /( di m(3) -4) );
m=m/(dim(3)-4);

dist find.m

function out=dist_find(c oun t, mu,s ig ma,x, mode,e xpo n)
%
% out=dist_find(co unt, mu,si gma, x, mode, ex pon)
%
% Function that gives the parameter that makes best match count
% (empirical distribution) with the GGDfunc-
tion or the Laplacian.
%
% out: depending on variable ’mode’ gives the parame-
ter p of the
% GGDor the sigma.
%
% count: empirical noise distribution.
%
% mu: mean of the model distribution.
%
% sigma: std. of the model distribution.
%
% mode: 1 if it is desired to match ’count’ with the GGDwith
% a fixed sigma (in that case expon does not matter.
% 0 if it is with ’expon’ fixed (in that case sigma does
% not matter).
%
% expon: Parameter that determines the exponent in the GGD.
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%

dims=size(count) ;

if(dims(1)>dims( 2) )
count=count.’;

end

dimsx=size(x);

if(dimsx(1)>dims x( 2) )
x=x.’;

end

par=1.5;

errlist=[];
parlist=[];

count=count/sum( co unt) ;

if(mode==1)

%search of the best parameter p with resolution 1/1000

for p=par:-0.001:0 .5

ggd=exp(-(abs( x- mu)/ sqr t( si gma. ˆ2* gamma( 1/ p)/ gamma( 3/ p)) ) ...
.ˆp)/(2*gamma(1+ 1/ p) *s qr t(s ig ma.ˆ 2* gamma(1 /p )/ gamma(3 /p )) );

ggd=ggd/sum(gg d) ;

err=sum((ggd-c ount ). ˆ2) ;
%err=sum(abs(g gd-c ount) );

errlist=[errli st err];
parlist=[parli st p];

end
else

%search of the best parameter sigma with resolu-
tion 1/10000
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p=expon;
ex_sigma=sigma;

for sigma=ex_sigma* 2: -0. 0001:e x_ sig ma/2

ggd=exp(-(abs( x- mu)/ sqr t( si gma. ˆ2* gamma( 1/ p)/ gamma( 3/ p)) ) ...
.ˆp)/(2*gamma(1+ 1/ p) *s qr t(s ig ma.ˆ 2* gamma(1 /p )/ gamma(3 /p )) );

ggd=ggd/sum(gg d) ;

err=sum((ggd-c ount ). ˆ2) ;
%err=sum(abs(g gd-c ount) );

errlist=[errli st err];
parlist=[parli st sigma];

end

end

[y,I]=min(errlis t) ;

out=parlist(I);

%displaying graphs

if(mode==1)
p=out;

else
sigma=out

end

ggd=exp(-(abs(x- mu)/ sq rt (si gma. ˆ2 *g amma( 1/ p) /g amma( 3/ p) )) ...
.ˆp)/(2*gamma(1+ 1/ p) *s qr t(s ig ma.ˆ 2* gamma(1 /p )/ gamma(3 /p )) );

ggd=ggd/sum(ggd) *l engt h( ggd );

p=1;

lap=exp(-(abs(x- mu)/ sq rt (si gma. ˆ2 *g amma( 1/ p) /g amma( 3/ p) )) ...
.ˆp)/(2*gamma(1+ 1/ p) *s qr t(s ig ma.ˆ 2* gamma(1 /p )/ gamma(3 /p )) );

lap=lap/sum(lap) *l engt h( lap );
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figure(1);
plot(x,count*len gt h( co unt)) ;
hold on;
plot(x,ggd,’r’);
plot(x,lap,’g’);
drawnow;
hold off

tr oba.m

function [area,centroids ,to ta ls peed]=t ro ba(s peedx ,s peedy,
square,sigma,t hr es, av )

%
% [area,centroids, to ta ls peed] =t ro ba(sp eedx ,s peedy ,s quar e,
% sigma,thres)
%
% Computes the centroids of the motion areas in the image.
%
% area: Is a cell array containing the pixels that belong
% to certain area.
%
% centroids: Matrix containing the centre of the main
% motion areas in the image.
%
% totalspeed: Binary image containing the detected motion
% areas.
%
% speedx: Matrix containing the x component of the Opti-
cal Flow.
% speedy: Matrix containing the y component of the Opti-
cal Flow.
%
% square: The test window is square window of (2*square+1)
% side length.
%
% sigma: The std. deviation of the estimated noise in the
% motion estimation (it has two components sigma(1) -
vertical
% sigma-, sigma(2) -horizontal sigma-.
%
% Noise distribution is assumed to be Gaussian.
%
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% thres: Test threshold.
%

%Statistical test to find the motion areas
speedx=statist(s peedx, sq uar e, si gma( 1), th re s, av );
speedy=statist(s peedy, sq uar e, si gma( 2), th re s, av );

totalspeed=speed x | speedy;

dims=size(totals peed);

b=zeros(dims(1), di ms(2 )) ;
b(2:dims(1)-1,2: di ms(2 )- 1)= ones (d im s(1 )- 2, di ms(2) -2 );

%Cleanning of holes
totalspeed=erec_ gr ay (t ot als peed,b ,1 );

totalspeed_old=t ot al sp eed;

%Little spot cleaning
totalspeed=erode _gra y( to tal sp eed) ;
totalspeed=erode _gra y( to tal sp eed) ;
totalspeed=drec_ gr ay (t ot als peed_old ,to ta ls peed,1) ;

%Labelling of the separated areas
[L,NUM]=bwlabel( to ta ls peed, 8) ;

count=1;
entra=0;

%Computation of the area centroids
if(NUM)

for i=1:NUM
[a(:,1),a(:,2) ]= fi nd(L == i);
llarg(i)=lengt h( a) ;
if(length(a)>= (0 .5 /1 00* di ms(1 )* dim s( 2) ))

entra=1;
area{count}=a;
centroids(coun t, :) =ro und( su m(a)/ le ngth (a ));
count=count+1;

end
clear a;

end
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if(entra==0)
[fil,col]=max( ll ar g) ;
[a(:,1),a(:,2) ]= fi nd(L == col);
area{1}=a;
centroids(1,:) =r ound(su m(a) /l ength (a )) ;

end
else

area={};
centroids=[];

end

function out=statist(spe ed, wi n, si gma,t hr es hold ,av )
%
% out=statist(spee d, wi n, sig ma,t hr es hol d, av )
%
% Function that returns a binary mask with the esti-
mated motion
% areas.
%
% out: Binary Mask
%
% speed: v_x component matrix.
%
% win: The test window is a square win-
dow of (2*win+1) side
% length.
%
% sigma: std. of the Laplacian distribution noise.
%
% threshold: Determines which is the maximum probabil-
ity accepted
% that a pixel is not changed due to noise given Ho. 1-
threshold
% is the probability to be a moving object.
%
% av: mean of the Laplacian distribution noise.

dim=size(speed);

delta=zeros(dim( 1) ,d im (2 ));
sig_level=delta;
out=delta;
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for n=win+1:dim(1) -w in
for m=win+1:dim(2) -w in

delta(n,m)=sum (s um(a bs( sp eed( n- win :n +win ,m-wi n: m+wi n) -
av))) ...

*sqrt(2)/sigma ;

sig_level=1.0- gammai nc( delt a( n, m), (2 *win +1).ˆ 2) ;

if(sig_level<= th re sh old )
out(n,m)=1;

end
end

end



ChapterG. MorphologicalTools 126

Appendix G

Mor phological Tools

SomeMorphologicalTools have beenusedto differentpurposes.This mor-
phologicalTools have beenusedon

Æ º
, on gray-scaleimages,and on binary

images.A generalgray-scaleversionhasbeenimplementedfor both purposes.
Much theorycanbefoundin [7] [16].

G.1 Main operators: Dilation, Erosion,Reconstruc-
tion by Dilation & Reconstructionby Erosion

Dilation

TakingDilation asdefinedlike:�³»6¯ ÃNÄ¶¯¸· ¹�Ä ºÎd»=¼�½�¾\» ´ À Ê �N
(G.1)

where
¹

is thestructuralelement,̄ is the image,
À

representsa pixel and
�N

is a
structuralflat elementin acertaindirection.

Thestructuralelementsusedare:

(a) (b) (c) (d)
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dilate gray.m Dilation with the3x3 element.

function dilated=dilate_ gra y( im age)
%
% dilated=dilate_g ra y( im age )
%
% This function returns the dilated version of ’image’.
% It performs the dilation with a 3x3 simetric structurant
% Element.
%

dim=size(image);

im(:,:,1)=image;
im(:,:,2)=[zeros (1 ,d im (2 )); image(1:dim(1) -1 ,: )];
im(:,:,3)=[zeros (1 ,d im (2 )); [image(1:dim(1 )- 1, 2:d im (2 )) ...
zeros(dim(1)-1,1 )] ];
im(:,:,4)=[zeros (1 ,d im (2 )); [zeros(dim(1)- 1, 1) ...
image(1:dim(1)-1 ,1 :d im (2 )-1 )] ];
im(:,:,5)=[zeros (d im (1 ), 1) image(:,1:dim(2 )- 1) ];
im(:,:,6)=[image (: ,2 :d im (2) ) zeros(dim(1),1) ];
im(:,:,7)=[[imag e( 2: di m(1), 2: di m(2) ) zeros(dim(1)-
1,1)]; ...
zeros(1,dim(2))] ;
im(:,:,8)=[[zero s( di m(1) -1, 1) image(2:dim(1) ,1 :di m(2) -
1)]; ...
zeros(1,dim(2))] ;
im(:,:,9)=[image (2 :d im (1 ),: ); zeros(1,dim(2) )] ;

dilated=max(im,[ ], 3) ;

dilate gray4.m Dilation with the’cross’ element.

function dilated=dilate_ gra y4 (i ma)
%
% dilated=dilate_g ra y4 (i ma)
%
% This function returns the dilated version of ’ima’.
% It performs the dilation with a simet-
ric ’cross’ structurant
% Element.
%
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dim=size(ima);

im(:,:,1)=ima;
im(:,:,2)=[zeros (1 ,d im (2 )); ima(1:dim(1)-1 ,: )] ;
im(:,:,3)=[zeros (d im (1 ), 1) ima(:,1:dim(2)- 1) ];
im(:,:,4)=[ima(: ,2 :d im (2 )) zeros(dim(1),1) ];
im(:,:,5)=[ima(2 :d im (1 ), :); zeros(1,dim(2) )] ;

dilated=max(im,[ ], 3) ;

dilate gray2(ima,dir)

function dilated=dilate_ gra y2 (i ma,d ir)
%
% dilated=dilate_g ra y2 (i ma,di r)
%
% This function returns the dilated version of ’ima’.
% It performs the dilation with a simetric lin-
ear structurant
% Element 1x3 or 3x1.
%
% ima: image.
% dir: 1 if vertical direction.
% dir: 2 if horizontal direction.

dim=size(ima);

im(:,:,1)=ima;
if(dir==1)

im(:,:,2)=[zeros (1 ,d im (2) ); ima(1:dim(1)-1 ,: )];
im(:,:,3)=[ima(2 :d im (1 ),: ); zeros(1,dim(2) )] ;

else
im(:,:,2)=[zeros (d im (1 ),1 ) ima(:,1:dim(2)- 1) ];
im(:,:,3)=[ima(: ,2 :d im (2) ) zeros(dim(1),1) ];

end

dilated=max(im,[ ], 3) ;

Erosion

TakingErosionasdefinedlike:³À¿°¯ÂÁYÃ¶¯ÅÄÆ¹ÇÃ ºÈd»=¼�½�¾\» ´WÉ
à �N

(G.2)
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where
¹

is thestructuralelement,̄ is the image,É representsa pixel and ÊN is a
structuralflat elementin acertaindirection.

The structuralelementsusedarethe samethantheusedfor thedilation, see
sectionabove.

erode gray(image)

function eroded=erode_gr ay( im age)
%
% eroded=erode_gra y( im age)
%
% This function returns the eroded version of ’image’.
% It performs the erosion with a 3x3 simetric structurant
% Element.
%

dim=size(image);

im(:,:,1)=image;
im(:,:,2)=[255.* ones (1 ,d im( 2) ); image(1:dim(1) -1, :) ];
im(:,:,3)=[255.* ones (1 ,d im( 2) ); [image(1:dim(1 )-1 , ...
2:dim(2)) 255.*ones(dim( 1)- 1, 1) ]] ;
im(:,:,4)=[255.* ones (1 ,d im( 2) ); [255.*ones(dim (1) -1 , ...
1) image(1:dim(1)- 1, 1: di m(2)- 1) ]] ;
im(:,:,5)=[255.* ones (d im (1) ,1 ) image(:,1:dim(2 )-1 )] ;
im(:,:,6)=[image (: ,2 :d im (2) ) 255.*ones(dim(1 ), 1)] ;
im(:,:,7)=[[imag e( 2: di m(1), 2: di m(2) ) 255.*ones(dim( 1) -
1, ...
1)]; 255.*ones(1,dim (2 )) ];
im(:,:,8)=[[255. *o nes( di m(1)- 1, 1) image(2:dim(1), 1: di m(2) -
1)]; ...

255.*ones(1,dim (2 )) ];
im(:,:,9)=[image (2 :d im (1 ),: ); 255.*ones(1,di m(2)) ];

eroded=min(im,[] ,3 );

erode gray4(ima)

function eroded=erode_gr ay4 (i ma)
%
% eroded=erode_gra y4 (i ma)
%
% This function returns the eroded version of ’image’.
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% It performs the erosion with a simet-
ric ’cross’ structurant
% Element.
%

dim=size(ima);

im(:,:,1)=ima;
im(:,:,2)=[255.* ones (1 ,d im( 2) ); ima(1:dim(1)-1 ,:) ];
im(:,:,3)=[255.* ones (d im (1) ,1 ) ima(:,1:dim(2)- 1)] ;
im(:,:,4)=[ima(: ,2 :d im (2 )) 255.*ones(dim(1 ), 1) ];
im(:,:,5)=[ima(2 :d im (1 ), :); 255.*ones(1,di m(2) )];

eroded=min(im,[] ,3 );

Reconstructionby Dilation

Thisoperationis basedonthemarkingof acertainimageË , with acertainÌµÍ
marker Î , anddilate Î asmany timesasis necessarytill it is reconstructedwith Ë
asa model.This meansthat Î will besimilar to Ë but someinformationwill be
missing,accordingto how wastheinitial mark Î .

Wecannotatethis as,accordingto thepreviousnotation:ÏSÐÑ ¿ Î Á�Ã Ï ¿ Î ÁoÒ Ë
Ó Ï#ÐÔ ¿ Î Á�ÃÖÕ Ï#ÐÑ ¿ Î Á<× Ô�Ø (G.3)

where
Ï

indicatesthe dilation operation,Î is the mark, Ë the model image.
Ï ÐÑ

meansdilation with reconstruction1 iteration,andin the secondterm, Ù means
thenumberof times.

drec gray.m

function rec_out=drec_gr ay( im age, re c_o ut ,s te ps )
%
% function rec_out=drec_gra y( im age, rec _out ,s te ps)
%
% rec_out: reconstructed image.
% image: model image for the reconstruction.
% rec_out: (the input one) image to reconstruct.
% steps: nothing, not used, put any value.

if(steps<=0)
error(’steps: bad number of steps’);
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end

change=1;
dim=size(image);
temp = zeros(dim(1),di m(2)) ;

while(change)
rec_out_old=rec _out ;
dcue=rec_out;
dcue=dilate_gra y( dc ue) ;
temp = (image <= dcue);
rec_out(temp) = image(temp);
rec_out(˜temp) = dcue(˜temp);
dif=double(rec_ out) -do uble (r ec _ou t_ ol d) ;
change=max(max( di f) );

end

Reconstructionby Erosion

In Reconstructionby Erosion,wefind thehomologueoperationto theRecon-
structionby Dilation, but with Erosion.Ú Ð Ñ ¿ Î Á�ÃRÛ Ï�ÜDÐÑ ¿ÝÛ Î Á Ó Ú ÐÔ ¿ Î Á�Ã Õ Ú Ð Ñ ¿ Î Á × Ô (G.4)

erec gray.m

function rec_out=erec_gr ay( im a, re c_ out ,s te ps )
%
% function rec_out=erec_gra y( im age, rec _out ,s te ps)
%
% rec_out: reconstructed image.
% image: model image for the reconstruction.
% rec_out: (the input one) image to reconstruct.
% steps: nothing, not used, put any value.

if(steps<=0)
error(’steps: bad number of steps’);

end

change=1;
dim=size(ima);
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temp = zeros(dim(1),di m(2)) ;
while change

rec_out_old=rec _out ;
dcue=rec_out;
dcue=erode_gray (d cu e) ;
temp = (ima>= dcue);
rec_out(temp) = ima(temp);
rec_out(˜temp) = dcue(˜temp);
dif=double(rec_ out_ ol d)- double (r ec_ out) ;
change=max(max( di f) );

end

G.2 ToolsBasedon Mor phological Operators

Finding Maxima in an image.

function max_image=max_f ind (i m)
%
% This function returns a binary mask with the max-
ima of the image.
%
%
%

im=im/(max(max(i m))- mi n( min (i m))) *2 ˆ32 ;

imcue=double(im) -1 ;
rec_out=drec_gra y( im ,i mcue, 1) ;
max_image=logica l( double (im )- double (re c_ out) );

Finding Minima in an image.

function min_image=min_f ind (i m)
%
% This fucntion returns a binary mask with the min-
ima of the image
%
%
%
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im=im/(max(max(i m))- mi n( min (i m))) *2 ˆ32 ;

imcue=double(im) +1;
rec_out=erec_gra y( im ,i mcue) ;
min_image=logica l( double (re c_ out) -d oub le (i m));

Finding Ridgesin an image(Finding edgesin the Gradient image).

function max_image=edge_ fin d( im ,d ir )
%
% The function returns a mask with the ridges of
% the image (the masc is zero
% where there is no ridge, and the amplitude of
% the ridge where it is).
%
% im: image
% dir: direction: 0 vertical gradient ridges, 1
% horizontal gradient ridges,
% 2 both direction ridges.

max_image=zeros( si ze (i m));

if((max(max(im)) -min (min (im )) )> 0)
im=(im/(max(max( im )) -min( mi n( im )) ))* 2ˆ 32;
imcue=double(im) -1 ;

else
imcue=im;

end

if(dir==0 | dir==2)
rec_out1=drec_gr ay 2( im ,im cu e, 1, 0) ;
max_image=logica l( double( im )- double( re c_ out1 ));

end

if(dir==1 | dir==2)
rec_out2=drec_gr ay 2( im ,im cu e, 1, 1) ;
max_image=max_im age | logical(double(i m)-

double(rec_out2) );
end
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Filtering Mor phologically an image.

It hasbeenusedin the cleaningof the segmentedregionsmasca alternated
sequentialfilter [7] of apperturesandclosingswith reconstruction.To eliminate
thesmallregionslikealonepixelsthatlastin theendof thesegmentationprocess.

Seeapp.B thecodeis includedin theprogram.m.

if(cleaning)
disp(’Cleaning.. .’ );
tot_masc=clean_s mall _r eg(to t_ masc ,1 );
itera=2;

change=0;
old_tot_masc=tot _mas c;
while(change==0)

disp(’Cleaning .. .’ );
tot_masc=clean _s mall _re g( to t_ masc, it er a) ;
if(old_tot_mas c==t ot _masc )

change=1;
else

itera=itera+1;
old_tot_masc=t ot _masc ;

end
end

Filling Holes.

Filling holesis a classicaplicationof themorphologicalfilters [7]. In thefol-
lowing thereis a little pieceof codethatperformssucha tasc.

Let totalspeedbeabinarymaskthatwewantto clean,so:

dims=size(totals peed);

b=zeros(dims(1), di ms(2 )) ;
b(2:dims(1)-1,2: di ms(2 )- 1)= ones (d im s(1 )- 2, di ms(2) -2 );

%Cleanning of holes
totalspeed=erec_ gr ay (t ot als peed,b ,1 );
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