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(Suissa)

Enelsdarrersarys,lesaplicacionsnultimediahanmillorat considerablement.
Els avan@s en sistemesle computacd, comunicacions teoriadel seryal, han
aportatun entornpropici pera deserolupari integrarsolucionsperpermetreala
gentcompartirinformac i comunicasse.

Elshumansriuenensocietatson unamenad’ésseralsqualselscalla comu-
nicacb, relacionasse els unsamb els altres.Des que hi ha gental Mon, sem-
pre han cercatuna manerad’expressarels seuspensamentsge compartirles
idees Els primerspassogorenl’establimentdel llenguatgeseguit del'escriptura.
Desde llavors, s’ha corregut un llarg cam. El Telegraf, el Telefon, les Radio-
comunicacionsles Comunicacion®igitals... Ara, la gentespot comunicarper
tot el Mon, immediatament ambvelocitat. Les distanciesno existeixenambel
cable lafibraol'aire.

Ladistanciaentredoslocutorshaestatredudaal limit mitjangantla videocon-
ferencia.Aquestapermetunaplenacomunicacd audiovisual, aportanta aquells
guel’'usen per parlarambel millor comfortpossible La videoconfeénciapossi-
bilita I'existenciad’un sol event, Gnic entemps,enrad, en group de gent, pero
diversenespaiAixi desapareifa necessitatle quela genthagidetrobarseenel
mateixlloc fisic per poderdur, perexemple,unareunio d’empresaCadast pot
restarala sevaoficinao sucursalj dur atermeun dialeg sensdimitacions.

Aquesttreball est desemolupaten el context d’'un sistemamultiusuaride
video-confeenciamulti-usuari,en el que en cadaterminalhi hamésd’'una per
sonaparticipantNormalmentcal un camera untecnicde soencadaextremdel



sistemadevideo-confeencia.Aquestss’encarrguend’enfocarla camerai local-
itzar la font de so enla personagueest parlanto necessitd’atencio de la cam-
era.Seriadesitjabledoncs dedisposad’un sistemanésindependentautonatic,
practici barat.

Algunssistemefiancomenataaparixer, sistemesapaosdefixal’enfoc de
la cameracapala direccb de so predominantAgquestésun boncomena-ment,
per detotamanergsencaramassaigid. Si el locutorparadeparlari esdesplaa
per mostraralgunacosaenun plafo, la camerarestaa aturadains queel locutor
torniaparlar A més,la precisb denfocdependaforcaenla precisioi complexitat
de I'array de receptorde so. Caldriatamté podertenir en compteel sistemade
zoomperaqueel sistemasigui unaeinaflexible.

Un sistemade video-confeenciaintel-ligent es pot entendrecomun sistema
capacd'utilitzar totala informacb de léntornpercontrolarsea si mateix.En un
sistemaaixi, éscert que el so donamoltainformacb, perd com algl digué una
vegada:Unaimatge val mésquemil paraules Pertant,esnormalpensaentreure
el maxim profit dela font devideo.

A lafigurapodenmveureunaideadelquepodriaserel sistemadevisio intel-ligent.
La ideano quedalimitadaa unaaplicacb devideo-confeencia.La idea,ésapli-
cableala roboticaengeneral la intel-ligénciaartificial enel marcdela Visio per
ordinador

El sistemade visio artificial hauriade podergaudir de totesaquellescarac-
teristiquesquebeneficienals humanspera poders’hi veure.Caldriaquetingués
unaaralisi de baix nivell (sensecomprensd de contingut)de la imatge,capacde
reaccionarapidamenenfront de carvis o situacionsTamle caldriaquetingués
unapartcapaad’aportarla partsuficientde comprensh dela imatgeperpoderne
assgurarunfuncionamentobust.

La primerapartde I'analisi correspondrial que sanomendF ocusof Atten-
tion Finding” (o Rececadel Cente d’'atencb). Aquestafariatisdela informacib
provinentdel so, de les regionsque son detectadesom a regionsque esmouen
i si hi hala preenciad’algun color important(entre d'altres caracteistiques).
Combinantaquestesnformacions podemsaberon de la imatgecal fer la major
emfasisperal’analisi. Un copsabenon?, enscaldriasaberque?pertal deperme-
tre al sistemadedecidirque cal fer. Aqui éson entrael conceptele segmentacd.
Calunadescomposidi o divisio pertal d’analitzarla imatge.El nostreintereses
centraenaquellesregionsquerepresentemmbjectesambsignificat, pertal de ser
capaosd’analitzarlosi tamke d’analitzarl’escenaengeneral.

Elssggmentgdelaimatgepodensertrobatsadiferentsnivellsi utilitzantdifer-
entscaracteistiquesperanalitzada imatge.El Sistemade Visié Huma (HVS) re-
alitza el mateix, utilitza moltescaracteistiquesper analitzarlos. Molts cientfics
pensergueel HVS realitzaun processamentaralisi dela imatgepas-baix pas-



bandaEl primertipusd’analisi s’utilitzariaperextreurela estructuralela imatge,
i el segonperanalitzarelsdetallsi complementael primer. Tenintencompteel
rendiment qualitatdel’HVS, no ésmalaideaprovar de prendrel coma model,
I mirar si espossibleassemblas’hi.
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Figurel: Sistemade Video-confeencialntel-ligent

En aquestreball,s’hafet emfasisprincipalmenten duesde les partsdel Sis-
temaMultimedialntel-ligent. Els principalspuntsson dosdelsqueafecteral Sis-
temaVisual.

En Cagtol 2, s’hatreballaten un “fr ont-end” no adaptatper a laralisi de
la imatge.Aquest“fr ont-end” est basaten unatéecnicade sggmentadd que es
recolzaenla descomposiéi de la imatgea travesde de I'escalai I'analisi dela
sevaestructura.

L’altre campde treball ha estaten |la part de “F ocusof Attention”. Aques-ta
pot sertrobadaal Cagtol 3. En aquests’ha estudiatles possibilitatsde dirigir
I'atencid de la camera.De fet, en podiiem dir els actesreflexos de la camera.
L'analisi del movimenta baix nivell de I'informaci6é de movimentde la imatge,
permetdedeterminaoncal pararatencod i oncalrealmensegmentaysimplificant
d’aquestananerda tascad’analisi querealitzala partde segmentaab.
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Resum

En els darrersarys, noussistemesnultimediahan estatdesermolupatsper a
videoconfeéncia.Aquestssistemesgcadadia millors, tenenencarael problema
d’estarcontrolatsmanualmenenparto enla sevatotalitat.

En aquesttreball, estractad’introduir el conceptede Sistemade Videocon-
ferenciaintel-ligent el qualhauriade sercapaadecercarautormaticamentl locu-
tor, enfocarlo i segguir-lo. Aquestaidearequereixun sistemantel-ligent devisio
artificial per ordinador capacde trobarles areeso regionsd’interés(aquelleson
algunacosao algh pot demanarde ser enfocat),entendreque hi ha en aquella
regid, i actuarenconsegencia.

El nostreestudiespot estructuraendospuntsprincipals.L’'un corresporala
partdecercadelaregié d’'interés(Recercalel Focusd’Atencio) i I'altre correspon
a unaanalisi de baix nivell del contingutde la imatge.En primerlloc, hemestu-
diat unatécnicaper detectaregionsen movimentbasadan un testestadistic x?
aplicata un fluxe optic dens obtingutmitjancanl’algoritme de“Lucas & Kanade
per Simoncelly”. Aquestpermeta de detectaron son lesregionson hi transcorre
I'acciod o hi hamoviment.En sggonlloc, I'analisi debaix nivell dela imatgeésun
front devisi6 no adaptatUnatécnicade seggmentach basadanel ques’anomena
Scale-Spaceun principi que esfonamentaen I'analisi de la descomposié de
la imatgeendiversesversionsd’ella mateixaa diferentescaladiferentsversions
pas-baixdelaimatge).D’acordambel queproposerbastangientfics,aixoés,en
certamaneraunapartdel querealitzael sistemavisualhuma (HVS) perpoderhi
veure.A més,s’haafegit informacb pas-bandal procespermirar de millorar la
sementaad.



Abstract

In the last years,mary multimediasystemshave beendevelopedfor video-
conferencing.Thesesystemsgevery day better have still the problemof being
manuallycontrolled,or atleastpartially.

In the presentwork, we try to introduce an approachto a Smart Video-
conferencingSystemwhich oneshouldbe capableto automaticallysearchwho
is speakingfocushim andtrack him. This idea,requiresanintelligentcomputer
visionsystemgcapableo find theareasor regionsof interest(wheresomethingor
somebodycouldbesuitableto focusin), understandvhatis in thatregion,andact
consequently

We have studiedtwo main subjectshere.One concerngo the partof finding
theregion of interest(Focusof attentionfinding) andthe othercorrespondingo
alow level imageanalysisIn thefirst one,a moving region detectionbasedon a
statisticaly? testdetectionon a denseopticalflow generatedy “Lucas& Kanade
by Simoncelly” hasbeenstudied.It will permitto detectwherearethe regions
whereis theaction,or themovementln secondlace thelow levelimageanalysis
is anuncommittedvisual front-end.A segmentationtechniquethatwill look for
meaningfulobjectregions.This sggmentatiortechniquds basedn Scale-Space,
aprinciplethatreliesin theanalysisof the decompositiorof theimagein several
versionsof theimageitself but at differentscales Accordingto mary scientists,
this is, in someway, a part of whatthe HumanVisual System(HVS) performs
to see.In addition,someband-passnformationwill be addedin the processto
improve the sggmentation.
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Chapter 1

Intr oduction

1.1 Situation

In the last years,multimediaapplicationshave improved considerably The
advancesn computerscommunicationg&ndinformationtheoryhave broughtan
excellentfield to develop complex andintegratedsolutionsto allow peopleshare
informationandcommunicate.

Humandivein society they areakind of beingsthatneedto dealwith others.
Sincepeoplearewanderingaroundthe world, they have alwayslookedfor away
to expresswvhatis in theirmind andto sharetheirideas First stepsn thiswerethe
languageandthenthewriting. Sincethat,along way hasbeenalreadyrun. Tele-
graph, Telephone Radio-communicationd)igital communications..Now, peo-
ple cancommunicatell overthe World, immediatelyandfast.Distancesarenon
existentinto the cable thefiber or theair.

Distancebetweentoo spealers has beenreducedto the limit with video-
conferencinglt permitsa full audiozisualcommunicationbringingto thosewho
arein communicatiorthebestpossiblecomfort.Video-conferencingllow the ex-
istenceof anonly event,uniquein time, in reasonjn groupof people but diverse
in spacelt is not necessarganymorefor peopleto meetin the sameplacefor an
enterprisaneeting. Everybodycanstayin their city office,andcarryoutathefull
discussiorwithout limitations.

1.2 Context

This work is developedin the context of a multiuservideo-conferencingys-
tem,wherein every video-conferencéerminalthereare mary peopleparticipat-
ing. Normally, in eachendof thevideo-conferencingystemthereis thenecessity
of acameramamnda soundtechnician.They musttake careto focusthe camera
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andthe soundsourceon the personwho is speakingor needghe attentionof the
cameraA moreindependenandautomaticsystemwould be desirable cheaper
andpractical.

Differentsystemdhave begunto appearSystemsapableof settingthe focus
of the camerao the soundsource This is a goodbeginning, but anyway still too
rigid. If the spealer stopstalking andmovesto shav somethingon a board,the
camerawill staystill until the spealer talks again.In addition, precisionon the
focusingwill dependnuchon the precisionandcomplexity of the soundrecever
array The zoomingof the system,shouldbe alsotaken into accountto have a
flexible tool.

A smartvideo-conferencingystencanbeconcevedasa systenusingall the
possibleinformationin the ervironmentto have control of itself. In asystemlike
that, of coursesoundgivesa lot of information,but assomebodysaidonce:An
image tells more thana thousandwvords. So, it is naturalto think in takingmuch
profit from thevideosource.

In Fig. 1.1 we cangetroughly anideaof what sucha SmartVision system
could be. The ideais not limited to the applicationof video-conferencinglt is
usefulandapplicableto the generalroboticsandartificial intelligencein the part
of ComputeVision.

The vision systemshouldbenefitfrom thosecharacteristicshat benefithu-
mansin their taskof visualizing.It shouldhave alow level (without contentun-
derstandinglanalysisof the image capableto reactfastin front of changesor
situations And anothermart capableto apportthe sufficient understandingf the
imageto ensurearobustoperation.

Thefirst partof analysiswould correspondo the Focusof AttentionFinding.
This shouldtake profit from the informationaboutthe directionof theincoming
sound,where moving regions are detectedand if thereis the presenceof ary
importantcolor (amongthe mainfeatures) Combiningthis information,we can
know wherethemajoremphasiss neededor thecontentunderstandingOncewe
know whee?, we shouldknow what?in orderto beableto decidewhatthesystem
mustdo. Hereis whenwe cometo the segmentatiorconcept A decompositioror
divisionis necessaryo analyzetheimage.We areinterestedn thoseregionsthat
representneaningfulobjectsto beableto analyzethemandthe generakcene.

Imagesegments,can be found at mary differentlevels andusingmary dif-
ferentfeaturesto analyzethe image.Humanvisual system(HVS) performsthe
samejt usesnary featurego analyzehem.Many researcherghink thattheHVS
performslow-passandband-passnalysisof the image.Thefirst usedto extract
the structure andthe secondo analyzethe detailsandcomplementhefirst one.
Takinginto accountheperformancef theHVS, it is notabadideatrying to take
it asamodel,andlook if thesuppositionsgboutit arepossible.
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1.3 Organization

In the presentvork, we have focusedon two of the partsof the SmartMulti-
mediaSystem Themainsubjectdealtherearetwo of theonesconcerningo the

Visualsystem.

In Chapter 2, we have worked on anuncommittedront-endfor the analysis
of theimage.This uncommittedfront endis basedon a segmentationtechnique
that relies on decompositiorof the imagethroughscaleand the analysisof its

structure.

Theotherfield of work hasbeenin the Focusof attentionpart. It canbefound
at Chapter 3. In this, we have studiedthe possibilitiesto managethe attention
of the cameraln fact,we could call it thereflex actsof the cameraAn analysis
of the movementat a very low level of the motion information, permitsto de-
terminewherethe attentionis morerequiredandwherewe mustreally segment,
simplifying in this way the analysigaskof the segmentatiorpart.
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Chapter 2

Scale-Spacé&egmentation

2.1 Intr oduction

Oneof the mostimportantsubfieldsof ImageProcessings imagesegmenta-
tion. It is of crucialimportancein visual informationanalysisin orderto make
possiblethe work with imagesof differentnatures.The useof differentimage
sggmentationtechniquesanbe found in a large numberof applicationswhose
review couldtake alarge numberof dissertations.

Recently engineerdave begunto be interestedn certaintechniqueghattry
to resembleor imitate what they think Naturedoes.Many of thesetechniques
have demonstratetheir efficiencgy lik e, amongothers,geneticalgorithmsor neu-
ral networks. In theartificial vision systenpresentedh this work, we follow what
somepeoplethink might be anapproximationof the HumanVisual Systemand
proposeascale-spacbasedsegymentatiortechnique.

Scale-Spacpermitsa sggmentatiorschemébasedon a hierarchicakrepresen-
tation of the input data.Otherhierarchicalsegmentationalgorithmcanbe found
in theliterature lik e the onepresentedby Ziliani and Jenser{36] or the previous
works in the samefield by Burt et al. [5]. Theselast examples basicallymulti-
featuresegmentationalgorithms,try to combinedifferentfeaturesn a weighted
way in orderto correctlylink up in the hierarchicstructure.In contrastwhatis
proposedereis trying to rely only ontheimageintensitystructureg(is from which
the humanbrain extractsthe main amountof informationfor objectextraction).
Suchstructureis obtainedassaidbeforefrom the spreadn scaleof the original
imagein graylevels.

Many previous work basedon scale-spaceanbe found. Well known disser
tationson this subjectarefrom Lindebeg [20] [19], which presentscale-space
theoryandintroducesa segmentationalgorithmthat dealswith the propertiesof
extremapoints.Unfortunately this methodonly permitsa coarseblob-like object
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seggmentation He extendedthis work with an edgedetectionat differentscales
andthis led to an improved versionof the technique Other Extensionsdealing
with extremacanbefoundin thework of Lifshitz[18] andHenlel [13, 14].

In the presentwork, anotherway of dealingwith the scale-spaces used.In-
steadof relying only with extrema,all the pixels are usedto look for theimage
structure.Vincken proposedthis ideain [32], where he appliedthis methodto
medicalimagesandperformeda specialvariationandextensionfor 3D images.

2.2 Scale-Spacdé\pproach

Theideaof this segmentationrelieson the informationthat canbe extracted
from the Scale-Spaceepresentationf the originalimage.In therealworld, ob-
jectstake placein afinite setof scalesThis is becauseletailsof the sameobject
arevisible at someresolutiongnot necessarilyhe same dependingn their size)
andagenerarepresentationf theobjectis foundatotherresolutiongnecessarily
biggerthanthe oneswheredetailscanbefound). The Scale-Spaceepresentation
is composedyy the stackformed of successie versionsof the original image
at coarserscales.lt is supposedhen,the biggerthe scale,the lessinformation
referredto local characteristicsf the objectswill appearbut theinformationcor-
respondingo the generalobjectareawill remain.Taking thatinto account,t is
reasonablé¢o think thatthe local andhigh resolutiondescriptionof the imageat
low scalescan be relatedto the generaland low resolutioncontainedin upper
scales.This relationshouldpermitto link up pixelsat onelevel to the pixel that
representsll of themat theimmediatesuperiorscale.This relationshouldlead,
atacertaindepthof the scale to the corvergenceof all pixelsthatform anobject
into a singlepixel, whichis therepresentationf suchanobjectat thatscale.

Original Image Segments Image
Scale=S Image Structure Morphological
— Gca €~ SPaACE Analysis =>  Segmentation = Filter —
eneration Tree-link Generatiol Clean Small Region:

Figure2.1: SggmentatiorSchemme.

A scale-spacis anorderedsetof derivedsignals/imagemtendedo represent
theoriginal signal/imageat variouslevelsof scale.Thisis how Lindebeg defines
it in [19], wherea detailedexplanationof linearscale-spaceanbefound.

Eachof the signals/image the multi-resolutionstackis associatedvith a
given value which describeghe scalelevel. This parameteiin theory could be
consideredo bediscreteor continuous|eadingto the possibility of bothversions
in discretesignals,discretescale-spacesr continuousscale-spacesf discrete
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signals.But sincesucha thing hasto be implementableandcomputablewe will
only dealwith the partof the theorythatfocuseson Linear DiscreteScale-Space
of DiscreteSignals.Lindebeg did in bothcaseghefollowing assumptions:

e All scalerepresentatioshouldbe generatedby convolution of the original
imagewith akernel.

e An increasingvalueof the scaleparamete(the onethatdescribeshescale
level) should correspondo coarserlevels of scaleand signalswith less
structure.

e All signalsshouldbe real-valuedfunctions:Z — R on the samegrid size
(theoreticallyandin ideal conditionsa infinite grid), which meansthat no
decimationin coarserresolutionlevels will be usedto obtaina pyramidal
representation.

4

Coarser levels
of scale

: é‘_ Original

/ Image

Increasing t

\\ \\

Figure2.2: Scale-Spacstack.

The mostinterestingcharacteristigs thatthe coarsetthe scalethe lessstruc-
tureis presentln fact, no new structurecreationwould be desiredin the multi-
resolutionstackgenerationTo obtainthesecharacteristicé# hasbeenfound that
in the continuouscasea family of Gaussiarkernelsis the only solution.In order
to checkthe propertyof smoothnesscrementhroughscale(anothemannerto
saythatstructuredecrementshroughscale),a goodway to measureas looking at
the numberof local extremapresentn eachlevel. Theremustbe not increment
whengoingtowardsbiggerresolutions.



Chapter2. Scale-Spac&eymentation 19

2.2.1 Scale-Spacd&seneration
TechniquesClassification

A generakomparisorandexplanationof differentscale-spactechniquesan
be foundat [32] [12]. Hereis a generalview of the mostrelevanttechniquesA
genuineclassificatiorcould be:

Linear Scale-Spaceis a oneparametefamily of imagesgeneratedy corvolu-
tion of theinput signalwith a Gaussiarkernelof increasingwidth ¢. The
uniquekernelof thelinearScale-Spaces the GaussiankKoenderinkderived
the Gaussiarkernel[17], from thelineardiffusionequation:

oI (Z,1)
ot
wherel is ascalarfunction(animage)andt is the scaleparameter

= AI(Z,1), (2.1)

Non-Linear Scale-Spaceshas appearedn recentyearsto bring solutionsto
dravbacksfrom the linearapproachThesekind of Scale-Spaceselaxthe
constraintof having to processall the informationin the sameway, but
keepsthe mainpropertief scale-spacalVe canfind:

1. Luminance consewing scale-spacearethosewhich preserethelu-
minancerelationsbetweenpoints over scale.ln them, can be estab-
lishedrelationsthroughlevelsbasedntheirgrey value.LinearScale-
Spaceis a conservingscale-spacehut mary others,like the present
onescanbefound.Amongthemthereare:

e Gradientdependendiffusion[27].
e Tensordependendiffusion[33].

2. Geometricflows areanapproacho nonlinearscale-spacesherethe
evolution of curvesand surfacesareconsideredisa function of their
geometryIn imagescurvesaretheisophotesij.e. curvesof pointsof
equalluminance26].

3. Mor phological scale-spacesn mathematicaimorphologya scale-
spaceis representedby the stackof imageserodedor dilatedwith a
structuringelemenbf increasingsize.lt hasbeenshown thatdilations
anderosionswith a corvex structuringelementsatisfythe differential
semi-grouroperty andasa particularcase thatnormalmotionflow
is formally equivalentto erosionwith acircularelemenf15].

Theuseof onetechniqueor anotherdepend®n theapplication Eachof them
hasa particularquality andin front of the necessitiess moreappropriatedr not.
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Non-linearScale-Spaceareaflexible framewnork to tunetheevolution process
to the task. When using them, the objectve is to take profit from somespecial
characteristidrom the original image.That meangshatwe know a priory which
kind of imagewe aregoingto find (i. e.all kind of medicalimages).

Contrary if we do not know whatkind of imageor situationwe aregoingto
find, we cannot imposeary constraint.We cannot selectary kind of aperture
to generateScale-Spackecauseve areinterestedn a particularadvantage In
that situation,we shouldusea uncommittedvisual front-end,whoseaxiomsor
postulatesre:

e linearity (no knowledge,no model,no memory)
e spatialshift invariance(no preferredocation)

e isotropy (no preferredorientation)

e scaleinvariance(no preferredsize,or scale)

Sinceno particularizationor emphasisn ary feature(at the moment)canbe
done,Linear Scale-Spacewill be usedto simplify theimagethroughscale.Af-
terwards,on the basisof somecriteria,relationswill beestablisheaverscale.

2.2.2 Linear Scale-Space

Linear Scale-Spaceas said before, is the solutionto generateScale-Space
with no previousknowledgeabouttheimage.

Thebasicassumptionsf Lindebeg [19] askfor a kernelto corvolve with the
originalimage.Many approachebave beendoneto find anappropriatesolution.

It wasfirst realizedby Koenderin17] thatthegeneratingequationof alinear
scale-spaces thelineardiffusionequation

OEN — . VI (T,t) = AL (Z,t) =
t t), (2.2)

(for 2D, statingthat the scalederivative equalsthe divergenceof the gradient
of the luminancefunction,which is the Laplacian,the sumof the secondpartial
derwvatives.

TheGaussians the Greenfunctionof thediffusionequation(seeapp.A). For
aninfinite domain,thegenerakolutionto Eq. 2.2is:

I[(7,1) = /D G, Z,1) - I(Z,0), (2.3)
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whereG is the Greenfunctionof Eq.2.2(so,G is a Gaussian):

1 (-2
G(z,y,t) = —e( o ) (2.4)
27t
Notethatthet in the diffusionequationasin the Gaussiarhasthe dimension
of the squaed spatial dimension. The relation to the standarddeviation is:

o? = 2t.

Someinterestingpropertiesof this representatioare:

e Causality: coarserscalescan only be causedby what happenedat finer
scales.

e Maximumprinciple: atarny scalechangehe maximalluminanceat coarser
scaleis always lower then the maximumintensity at the finer scale,the
minimumis alwayslarger.

e No new extremaatlargerscalesthis holdsonly for one-dimensionaignals
[19].

e Physicsof luminancediffusion: the decayof the luminancewith scaleis
equalto thedivergenceof aflow.

All the previousformulations have the problemof beingdonein the continu-
ousdomain.Sincethe only way to work andcomputeis in the discretedomain,
it is surethatall theassumptionsvill notbenecessarilyrue.In addition,another
problemappearsin computervision theseideasare impossibleto apply to an
infinite image, which mayleadto finite sizeeffects.

Gaussianderivativesand regularization

The Gaussiarkernelis now establishedas the unique scale-spac@perator
to changescale.Thereis animportantadditionalresult: one of the mostuseful
resultsin linear scale-spacéheoryis thatthe spatialderivativesof the Gaussian
are solutionsof the diffusion equationtoo, and togetherwith the zerothorder
Gaussiarthey form acompletefamily of differentialoperators.

We cansee:

0 oG
This meanghatthe dervative is givenat a givenscale:this operatoris called

scaledderivativeoperator or Gaussianderivative operator. Differentiationand



Chapter2. Scale-Spac&eymentation 22

scalingareintrinsically connectedit is impossibleto differentiatediscretedata
without increasingthe inner scale,i.e. blurring a little. This is consequencef a
propertyof the family of differentialoperatordrom Eq. above: regularizationof
thedifferentiation.

Gaussianderiatives, are also a solution of Eq. (2.2). This introducesthat
derivative analysiscan be performedat differentscales,andif with the funda-
mentalsolution(Gaussianjve canestablisithe basisof theimagestructurewith
theremainingderiativeswe canobtaindescriptionof the originalimagehelping
to follow up the structure.

Discrete Scale-Spacé\pproximation

Tony Lindebeg wrote a completedissertationraboutScale-Spaceis funda-
mentalsandpossibilities[21]. As saidbefore he postulateshattheLinearScale-
Spaceshouldbegeneratedby corvolutionwith aone-parametdamily of kernels,
i.e. L(Z,0) = I(Z) andfor ¢t > 0.

LEt) = ) G@nHI(E-7). (2.6)
FezZN

He defineghe Scale-SpacEamily of KernelsG : Z¥ xR, — R assatisfying:
e G(-,0)=4(),

the semi-gouppropertyG(-, s) * G(-,t) = G(-, s + t),

the symmetrypropertiesand
e thecontinuityrequirrment|G(-,t) — 6(-)||1 — 0 whent | 0.

anda Scale-Spacespresentation:

Let] : ZY — R beadiscretesignalandlet G : Z" x R, — R bea scale-space
family of kernels.Then,the one-paameterfamily of signalsL : Z¥ x R — R
givenby Eq. 2.61s saidto bethe scale-spaceepresentatiorof I geneatedby G.

If wewantto approximatehediscreteScale-Spackernel,by adiscreteGaus-
siankernel,first of all we find two main problems.

1. Gaussiaris definedoveraninfinite domainwhichmeanghatfor apractical
implementatioratruncatedversionof it will benecessary

2. DiscreteGaussiarapproximationdiffers muchfrom the continuousGaus-
sianfunctionatlower scales.
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DiscreteGaussiarkernel,is thefundamentasolutionfor thediscretediffusion
equationUnfortunately it lacksof the propertyof the possibilityto generatene
level of the scale-spac&om the level below with aniterative kernel.Becauseof
that,the propertyof semi-goupis failing. Thatis oneof thereasonshatimpulsed
Lindebeg to work directly on a kernelapproximatinghe discreteversionof the
diffusionequation19].

In this work we will make useof a discreteGaussiarfor simplicity andwe
will tuneour kernelto introducethelesspossibledistortion.

2.3 Scale-Spacé\pplication

2.3.1 Scale-Spacé&seneration

Severalmannerf generatinghe multi-resolutionstackhave beentakeninto
account.This is becausef the greatimportanceof this stepinto the sggmenta-
tion processThe quality of the posteriorsegmentationwill be influencedby its
accurag

GaussianBlurring

As it hasbeensaidbefore,oneof themostcommonandusedway to generate
the Scale-Spaces the corvolution of the original imagewith a Gaussiarkernel,
whosewidth determineghe resolutionof theresultantevel in scale.In addition,
in [17, 10] it is shown thatthe only linearscale-spaceonstructoiis the Gaussian
function. It canbe formulatedin the continuousdomainasa vectorialisotropic
Gaussiarfunction:

2 5) — (=)
T,0) = ———e" 202/, 2.7
9(Z,0) V) 2.7)
whered denoteshedimensiorof theinputdomain(in ourcased = 2), ando will
determinetheblurringin theresultanimage.
Sincewe areworking in the discretedomain,the discreteversionof Eq. 2.7
is:

1
2mo?

g(n,m,o) = elm e ), (2.8)

The kernelcannot be infinite, andit hasto be oncemore approximatedoy
a truncatedversion. Defining the Gaussiammatrix asa NxN matrix, if we take
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N = 2K,0 (or equialently truncatingthe Gaussiarat radiusr, = Ky0), Kq4
definesthe accurag factorusedin the approximationln theimplementatiorthe
desiredfactorwill beto take atleastK,, = 3.

Performing convolution in the Spatial Domain has its adwantagesand
disadwantagesln one handthereis the possibility to easily set the width of
the Gaussiann orderto keepthe desiredaccurag of the Gaussiarkernel. In
additionit is possibleto control exactly the region which is goingto be affected
by the bordereffect (asit hasbeensaidin section2.2, ideally theimageshould
be unlimited, in fact the theoryis basedon this supposition).But in the other
hand,thereis the big problemof cornvolution in spatialdomain:computingtime.
Althoughsomefastcomputingcanbeimplementedhanksto theseparabl@ature
of the Gaussiar{seg[32]).

In theFourier Domain, convolutionturnsinto asimpleproductbetweerboth
transformedunctions,furthermorespeeds higherthanin spatialcornvolution for
big kernels andin someway boundaryproblems‘get solved” by theimplicit peri-
odizationof theimagein thediscreteFourierdomain.Unfortunatelyoneproblem
ariseslt is not sure,accordingto the literature[32, 18], that periodizationis the
bestsolutionto the boundaryproblem,in factit hasbeenqualified of including
“undesirableartifacts” at large scales Anothervariationwould be alsothe intro-
ductionof mirroring insteadof the simpleperiodizationandalthoughit hasalso
beenqualifiedof introducing‘undesirableartifacts”it would eliminatethediscon-
tinuity in theimageboundariesThe problemwith both solutionsis thata spatial
aliasingis introducedandit couldintroducedistortionin structureat large scales,
whenthe Gaussiarkernelgrows enough.

The expressionfor the Gaussiarkernelin the discreteFourier domain,ob-
tainedof applyingthe DFT to (2.8),is simply:

Gk, 1, 0) = (%) +(r) D2 (2.9)

whereN andM specifieghe Fouriertransformdimensions.

ScaleSampling

Ideally, in orderto beableto correctlyfollow the Scale-Spacap, it would be
greatto disposeof a continuousversionof it. But again,sinceit hasto be com-
putable only discretesetof scale-spacslideswill beavailable.Thefinal segmen-
tationresultwill bestronglydependenvnthequality of themulti-resolutionstack.
Thatquality refersto the selectedslidesdensityof the scale-spacen suchaway



Chapter2. Scale-Spac&egmentation 25

Dol D

(a)Level 0 (b) Level 1 (c) Level 2
-
(d) Level 3 (e) Level 4 (f) Level 5
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Figure 2.3: Scale-Spaceepresentatioiry Gaussiarblurring of image(a) with 1
sampleperoctavein scale.

that,if notenoughslidesaretaken,it will notbepossiblefor thelinking to follow
backcorrectlythescale-spacstructure Jeadingto wrongandundesireceffectsin
the segmentationasoversegmentationn someregionsandundersegmentation
in someothers.

An adequatesamplingrateshouldbe found. As in sec.2.2 the standardevi-
ation of the Gaussiarn,, is shavn to be the determiningparametefor the scale
level. Thisis, in consequencehevaluethatwill bediscreteto obtaintheselection
of scalelevels.

To obtaina uniform samplingin the scaledirection,andrelateit linearly with
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aparameteb,, thestd.deviation o,, of the Gaussiaimusthave theform:

oy, = eel0tmor) (2.10)

wheree is a parametemwhich specifiesthe initial scalefor n = 0, 7y is just a
possibleoffsetof thefirstlevel in Scale-Spacendd, specifieghescalesampling.
It is shawvn thatpyramidsaccomplicetherule:

Ny =27¢N, (2.11)
SO:
N, =27 ™ (2.12)

whereN specifieghe sidedimensionof a pyramidlevel.

To getapyramidfrom thevaluesof (2.10)onemustnecessarilgety, = dIn 2.
This yields §, = In 2 for the octare spacing,but this is too coarseto allow the
successfullycorvergenceof the pixelsin their regions.It hasbeenfound experi-
mentallythatd, = h‘TZ is agoodcompromisen the presentapplication,Vincken
in [32] appliesandrecommendsafactord, = 1“72 in 3D medicalapplicationsput
in this work imagesare not composedf suchuniform surfaces.Consequently
sinceeachobjectto segmentincludesmore heterogeneousurfacesmorelevels
in scalespaceare neededo follow betterthe structureof the image.Neverthe-
less,commonsenseecommend$o sampleasfine aspossible(in theendthatwill
be reflectedin the computingtime needed)et the linking procedurefollow the
adequatgathsin scale.

2.3.2 Linking Levels

Oncethe multi-resolutionstackis available,thelinking betweermixelsof dif-
ferentlevels mustbe carriedout. It is the mostcritical stepin the segmentation
processAn incorrectlinking will leadto a wrong segmentationmeiging areas
which shouldnot mege or split them. The decreasingnformationin the scale-
spacestackgivesriseto a graph-like structureof singularitiesand catastrophes.
The structureof this treemay be exploitedto link pixelsaccordingto certaincri-
teriato createsggments.

In thefollowing application theideafoundin [32] hasbeenapplied.It enables
the hierarchicalnalysisof imagestructurethe numberof requiredsegmentsde-
terminesatwhatlevel in scale-spacthe down projectionof thetreeshouldstart.

Themainideain thelinking is to follow theiso-intensitypathsthroughScale-
SpaceThelinking processs performedin a bottom-upway:. It createdinkages
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Figure 2.4: Hierarchicalanalysisof the image structurelinking pixels through
levels.

betweenpixelsin two adjacentevels (n andn + 1). Beginning from the lowest
levelin thestack(theonewith moreinformation),we searchin thefollowing level
for themostsuitablepixel parent(accordingto somecriteria). This searchfor the
mostsuitableparentfrom the next level above is realizedrecursvely from the 1st
level to thetop of the stack.

Only thosepixelsthathave atleasta child will belinkedupagain.In thisway,
andthanksto blurring,acornvergences ensurednthetop level in onepixel (only
if we have representetheimagedeepenoughinto scale).

The search area

Whenlooking for aparentpixel, it is surethatanexhaustve searchn thenext
level is not necessaryWe aretrying to follow the iso-intensitypaths.In theory
theseare continuousin a continuousScale-Spaceahat meanghatin the contin-
uouscaseit would be only a differentialdisplacemenaroundthe child pixel. In
our reality, we mustwork on a discreteScale-Spaceayith a scalesampling.That
meanghatthe continuationof the iso-intensitypathin the next level will befar-
therthanjust a differential. Anyway, sincewe know the distancebetweenscale
levels,we know which is the relative diffusion from onelevel to next one.Con-
sequentlythe searchcanbe reducedo a certainarea,the radiusr,, ,,+1 of which
(sincetheblurringis isotropic,a circular searchwindow mustbe consideredill
berelatedto therelative scaledifferences,, .1 betweerlevelsn andn + 1.

Radiusr,, 1 is definedas:
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Tnn+1 = ky, - Onmn+1, kn > kn,mz’n- (213)

where k,, (the value can dependon the level, but hereis taken constant)is a
constanwhich determineshe compromiseébetweenaccurag andcomputational
compleity.

Search Area fn+1)

N L n+1l

Figure2.5: Searchareafor a parentpixel.

k, mustbe at leastsuchthatr,, ,,+1 is asbig asthe inner scaleof the parent
pixelslevel:

kn,min *Onn+1 = Onp+1- (214)

An influencefactor~y (suchthatk, < 1/—2In(7),0 < 7 < Yme) Canbe
definedandarelationbetweeny andk,, is establishedFig. 2.6 shavstherelation
betweerthem.

I?epending)nthescalesamplingamaximumvaluefor yisnecessarya: =

o kn,min

el ).

Linkage criteria

In the task of searchinga parent,the selectionhasto be doneaccordingto
somecriteria. Themainobjectie s to find the nearespixel with the nearesgray
level. Apart from that, andin orderto help andincreasethe robustnessof the
selectionsomeothercharacteristiceanbeadded.
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Figure2.6: Relationbetweeny andk,,

Gray Level Difference is the main componentand the mostimportant.In an
ideal situationshouldbe the only one necessaryo follow. The problems
arisewhen appearghe distortion dueto approximationsThe normalized
factoris:

‘Ip — IC‘

=1
CI Almam ’

(2.15)

wherel, and/, arethepixel intensityfrom the parentandthe child respec-
tively, AI,,ax is the maximumintensityin theoriginalimage.

Ground Surface is thenormalizechumberof pixelsfrom theoriginalimagethat
the parentrepresentsSo a pixel will be morelikely to be relatedwith a
parentwith mary childrenthanwith anotherwith mary few. The utility
of this factoris to avoid pixels that keeplinking with themselesthrough
scaledueto scale-spacapproximationmperfectionslt actslike a kind of
gravity. Thenormalizedfactoris:

SG,

= G

(2.16)

where SG), is the parentGround Surface (or numberof pixel from the
groundlevel he representsand SG, ., IS the max GroundSurfacefound
for aparentin thesameparentslevel.

Ground Surface Mean intensity is thenormalizeddifferencebetweerthemean
intensityvalueof the pixelsfrom the originalimagerepresentedly the par
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entandthe onesrepresentedly the child. Thenormalizedfactoris:
‘Mp — MC|
Almaac ’

where M, and M, arethe meanfor the parentandthe child respectiely.
Thisis anotherauxiliary characteristi¢o helpthelinking up. If aparentand
achild have avery similar meanis naturalto memge.

Crp=1- (2.17)

The two last characteristicsvill 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 knowledge about Ground
Surfacesand Ground pixels representatioms known for the parents’level. So,
after a first initialization of links computedust with the gray level difference,it
will becalculatedanarbitrarynumberof timeswith the additionalparametersll
stability of theresult.

To computethe generalaffinity value,a ponderedsummationof the param-
etersis done.In addition, the hole ponderedsummation,is also ponderedby a
factor that dependson the distancebetweenpossibleparentand the child. The
further, thelessprobableto berelatedboth pixels.

N

A=D-E—— withC; €[0,1], (2.18)
> wi
i=1
whereD is thedistancdactor andw; areponderingvalues.

Since Affinity decreasesvith the distance,and Gaussiarblurring is being
used,a basedGaussiarshapedunction is employedto ponderaffinity between
pixelsaccordingo their distance.

__dep
D(dyy) = 7). (2.19)

whered, , = ||, — Z.||, ando, ando, arethe scaleof the parentdevel andthe
childrenlevel respectrely. And, becausef in eachlevel thereis a certaininner
scale,into this, all the pixels areequally possiblecandidatedo be parent,sothe
following modificationis done:

oo { 1 if d., < 0.50,

D(dep)
D(0.50) if dey > 0.507

(2.20)
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Object Contour Supelrvised Linking

In additionto the presentedriteria,an otherfactorhasbeenaddedto reduce
incorrectlinking of pixelsin regionscloseto edges Sincehumanvisual system
is known to work aswell with band-passepresentationf imagesgdgedetection
hasbeenaddedo helpinto thelinking up process.

Objectsaredelimitedby edges Segmentationn scale-spactriesto find ob-
jects, or at leastmeaningfulregions. Becauseof that, linking of pixels from a
region to an othermustbe avoided,otherwiseit will leadto incorrectseggmenta-
tion. To avoid thatin caseof failure of the correctfollowing of the iso-intensity
paththroughscale,a simply rule canbe used.If whencomputingthe affinity be-
tweentwo pixelsthelink goesthroughanedge,it will be nottakeninto account
whencomparingo find the bestparent.

Part of the search
window is out of the region

1

’

/

\ 7

\ 1
v
Q

Link not allowed

\

_>

Figure2.7: Wronglinkageproblem.

In parallelto the scale-spaceepresentationf theimage,anedgerepresenta-
tion throughscalecanalsobeperformedIn thescale-spaceepresentationmage
structureis keptthroughscale.Edgescanalsobe detectedhroughscale,anda
relationbetweerlevelscouldbe establishedin fact,only the mostrepresentatie
edgeswill bekeptwhenincreasingscale With theedgeinformationin everyscale
level, we will find the edgesof the uniform areasThoseareasshouldcorrespond
to theinformationrelative to the containedmagedetailsat thatscalelevel.

Edgedetectionthroughscalerelieson the applicationof Gaussiarderiatives
(seesec.2.2.2).Two differentapproachesave beenstudied.The useof thefirst
derivative (spatialgradient)andthe secondlerivative (the Laplacianof the Gaus-
sian).
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First derivative is the spatialgradientof the scale-spacéevels extractedin sec.
2.3.1.All theexistentridgesin all thelevelsareextracted.Thereis noselec-
tion of the mostimportantedgessincethesewill persistthroughscale.The
moduleof thegradientis performedandanestimationof theridgesis done.
A morphologicalproceduraisinga directionaldilation with reconstruction
is used(seeapp.G).

IVI(7 )| = (L(F,t)) + (—aIéZ’t)> : (2.21)

oz

wheret representshescale.

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

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

Secondderivative is the Laplacianof the gaussiarof the scale-spacéevels. In-
steadof usingdirectly the secondderivative, anapproximations used.We
usethe Differenceof Gaussian$DOG) approximationwhich hasbeenre-
cently proved to be the responseof the receptve field in the catsretina
[6]. To detectedgesin scale,the differencebetweentwo consecutre lev-

els of the scale-spacés computedand then, a zero-crossingletectionis
performed.

_z—p

DOg(.’II) = Ale( 201 2) — A26(_ 202 ), o1 > 09. (222)

l.e.,beingtwo Gaussians! and B of scale6 and5 octavesrespectiely, the
DOG will bethe equialentto the secondderivative of a gaussiarof scale
5.5 octaves.
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Figure 2.9: Comparisorbetweenthe Laplacianof a Gaussiarandthe DOG ap-
proximation

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

Figure2.10:EdgerepresentatiothroughscaleusingDOG. 1 sampleper3 octaves
(first sampleonthefirst octare)

In theimagesfrom Fig. 2.10and2.8, we canseehow edgesof the mostim-
portantstructurearekeptthroughscale.

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

2.3.3 Segmentation

Oncethelinking is done,the estimationof imagestructureis readyto bein-
terpretedAll the pixelsin thegroundlevel arelinkedupin thetreestructureThe
only remainingstepis to obtaintheimagesegmentsThebasicideais thatto gen-
eratea sggment,a pixel is takenin oneof the scalelevels, afterwardsthe tree of
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links is followed down till the groundlevel andall the pixels areassignedo the
segment.

Thesggmentatiorpartis mainly composedy two steps:

Root Labelling isthepartwherethepixelsin thescalelevelsarechoserto repre-
sentthesgymentslin theideal casethesesggmentsshouldrepresenimean-
ingful objects.To selectthe pixels,two criteriacanbetakeninto account:

1. Theselectionof the desiredbiggestscalelevel, impliesautomatically
thatall the parentpixelscomprisednto thatlevel arelabelledasRoot
pixels. Thesepixelsaresupposedo representhesegmentf acertain
sizerelatedto theinnerscaleof the selectedevel.

Theselectiorof ascalelevel asa beginningfor the DownwardProjec-
tion is necessaryf we areinterestedn finding objectsof determinate
size,a higherlevel selectionwill meigethemanda lower level selec-
tion will giveanoversegmentedepresentation.

2. Normally, in segmentationa wide rageof region sizesis desiredto
recognizeSoin additionto theexposedn thelastpoint, somekind of
SeedingRule shouldbe used.It would determinewhich pixels from
thelevelsbelow theselectedouldbealsolabelledasRootpixels.And
in this way permitthedistinctionof the smallersignificantobjects.

To carryoutthistaskin asimpleway, athresholdcouldbeimposedo
theresultof Eq.(2.18).Then,if thenearesparenis overthethreshold,
donotlink it andlabelit asRoot.

In thepresentvork, we have notincludeda Seedingule, sincewe areonly
interestedn generabn anarrov rangeof objectsizes.Only theinitial level
will beselected.

Downward Projection Thisisthelaststep.lt remaingto follow theimagestruc-
turedown from theselectedrootpixelsatthedifferentlevelsof scale Each
Rootpixel will represenasegment,andall the pixelsfrom thegroundlevel
connectedo it will bemarkedasbelongingto thatsegment.

2.4 Results

2.4.1 Scale-Spacé&eneration Details

The stepof Generationjs determinanin the quality of the segmentationWe
are approximatinga principle, valid for the continuousdomain,in the Discrete
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Figure2.11:Scanningof theimagestructureto obtainthe segments

domain.Themainproblemghatwe have foundarein termsof theapproximation
of the Gaussiarthatgenerateshe Scale-Space.

(a) DiscreteGaussiarkernelto (b) DiscreteGaussiarkernelto
generatdhe 1 octave distance generatethe 7.25 octave dis-
image. tanceimage.

Figure2.12:The problemof the approximatiorof the continuumwith discrete.

In the spatialdomain,as we seein Fig. 2.12 (a), for small scales,we find
thatthe approximatiorof the Gaussiardiffers muchfrom a continuousone.The
samplingrateis too slow comparedo the kernelsize,which impliesaliasingand
kerneldistortion.

In Fig. 2.12it is seenthatfor biggerscalesthe approximationis muchmore
good.

In prevision of theboundaryeffect,andin orderto speed-ughefiltering step,
we have choseno performit in the Fourierdomain.In the literaturewe find the
possibilitiesof mirroring the image,or simply theimplicitly periodizationof the
DiscreteFourier domain.We find aswell the ideaof just paddingall aroundthe
imagewith themeanvalueof this. Sinceatlarge scalefwhenthe kernelgoesout
from theimage)the valuesof theimagetentto the mean.
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The real problemwe have found, is the frequeng resolution.Sincewe are
usingthediscretetransform we areapplyingthe samevalueto a whole band.In
addition, in high scalefiltering, we find the approximationproblemof the con-
tinuouskernelby the discretekernel.Again, the samplingof the Gaussiarkernel
is too low andlosessimilarity with the continuous.That is reflectedas spatial
aliasingof the Gaussianalsoknown asthe boundaryproblem.

To obtainan accurateresult,sincewe have beenworking with smallimages
(115x153) we hadto usebiggersizesfor the FFT. We foundin the512x512trans-
form to be adequateo performthetests.Therestof the squareoutsidetheimage
hasbeenpaddedwith the meanof theimage(asinterpolation)or a mirroring of
theimage.In the caseof mirroring the FFT hasbeenperformedon the sizeof the
mirroredimage.

Figure2.13: Gaussiarkernelin the FourierDomainfor ac = 0.455 in the scale
factor Firstusedkernelin every Scale-Spac&eneration.

Accordingto Eq. 2.10,we defines = 0.455. Thisis to getthefirst kernelfor
the spacingof 1 sampleperoctave with a o, aroundthevalueof 2. The Gaussian
that correspondso this characteristicss seenin Fig. 2.13. Notice, the kernelis
very nearfrom theborder To avoid distortionin the kernel,we forceall theother
samplingratesin scale(1,2,4, .) to have their first samplein this scale.For that,

we definery asty = & , Whered is thenumberof slicesperscale.

2.4.2 Scale-Spacé\nalysis Details

Oncethe Scale-Spacés generatedthe structureof the image mustbe ana-
lyzed. To ensurethe analysis,from one level to another a corvergenceof the
pixelsmustbe present.
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In Fig. 2.14,we canseethe evolution of the numberof parentpixelsin every
level of the scale.This graphandthe followings have beendoneusingtheimage
Rosas HAND (seebelow).

oooooo

uuuuuu
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g

(a) Numberof nodes(parentpix- (b) Rosas HAND
els)in every level for the analysis

of theimagestructureonly with C;

component.

Figure2.14:Numberof nodegparentpixels)in every level andtheimageusedto
generate¢hevalues.

First of all, noticethatfor the first four levels, thereare he samenumberof
nodesThisis dueto thefactthatall the pixelsfrom theimagelink up with them-
seles.Non of themcorverge yet. This is dueto theimage,is alsospatiallynon
continuousandpixelsdo not corveretill diffusiontakesa biggerrange.In this
casethey donotbegin to cornveretill o, is around4.

In thegraphwe canalsoseethefastcorvergenceatthebeginning. Thisis due
to the fact that all the small detailsdisappeafastly at the beginning and pixels
cornverge. After, cornvergencegoesslower becausaegions with componentsat
higherscalesdisappeamoreslowly.

In Fig. 2.15we can seethe behaior of the corvergencerate, on the same
imageasFig. 2.14, applying the modifying factorsto help. This help is needed
sincewe have not a continuousscale-spacdn fact, if we could work on really
highresolutionimagestheapproximatiorto thecontinuousscale-spaceould be
better andalsotheresultsusingonly theC; componentsNotice that, sinceit is a
discretescale mary pixelscangetlost whentrying to follow up theiso-intensity
curvesthroughscale.

In (a),component,, shavsthatit doesnotchangemuchtheconvergenceate.
It helpsin meging uniform gray level areas andsplitting thosewhich ar not so
uniform. This factorhelpsto refinesomedetailson the contoursof the segmented
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ence). ference).

Figure2.15:Numberof nodeg(parentpixels)in every level for C,, andC,

regions. It helpsalsoto meige thosepixels which are very similar, but do not
meige dueto the problemof the spatialandscaledistanceof the sampling.It has
alsosomedrawbacks,t cansplit someregionswhich should.This componentin

someway, canbreakthetrackingof theiso-intensitypath,andconsequentlyead
to anundesiredver-seggmentation.

In (b), componenE, show thatit really changeshecornvemgencerate. It forces
pixelsto getmegedto someparentinsteadof anotherif the differencebetween
both componentg’; is not very low, andthe importancein areaof one parentis
muchmorethanthe other This factoris muchhelpingin thosecasesvheredue
to imperfectionsof the scale-spacethere are pixels that get lost from the iso-
intensitycurve andkeepon linking with themselesthroughscalesyeachingthe
toplevel alone,into aregion of 1 or 2 pixels.If ato highvalueis set,it mayforce
thebuilding up of the structureto collapsein onesegmenttoo early.

In Fig. 2.16if comparedwith 2.14,we seethatit doesnot modify the con-
vergencerate.lt is normalif we considerthatboth characteristic¢edgesandC;)
have the samescaleevolution. Any way, it helpsin correctingsomemistalesin-
troducedby the component,, or C,, whenit meigestwo unconnectedegions
thatshouldnot dueto they areon two differentobjects.
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Figure2.16:Numberof nodegparentpixels)in every level for theanalysisof the
imagestructurewith C; andthe applicationof the edgedetectioncriteria. In this
testtheedgesvherecomputedusingthe Laplacianof the Gaussian.

2.4.3 SegmentationResults
Influence of the secondaryfeatures

In the following, we illustrate the effect of the applicationof the secondary
featuredn thelinking procesof the structureof theimage.

In Fig. 2.17 canbe seenthe resultof the sggmentationa) with usingthe dif-
ferencegray level betweenparentand children only to link. The level to start
the downward projectionat o,, = 50 pixelswasselectedijn orderto notto have
regions correspondingo smallerdetailsthan the most prominentobjectin the
image,the hand.In fact, aswe canseein the right imageof the figure (b), we
successn obtainingthe region correspondingo the hand.Anyway, it is not so
accuratgseethe region of the fingers),a partof the backgrounds memgedwith
the generalareaof the hand.In addition,in Fig. 2.17 (a) we seea clearexample
of the problemdueto discretenesm the scale-spaceMany pixelsgetlostin their
following of the iso-intensitypath,andconsequentlyhey reachthe lastselected
level of scale Leadingto appeamary smallregionsthatshouldnt beatthislevel.

In Fig. 2.18, we apply now the influenceof the two additionalfeaturesde-
scribedin sec.2.3.2.The selectionof valid parentdan every scalelevel continues
being exclusive of the gray difference but in the following iterationsof the al-
gorithm, the children get reassignedn basisto the three componentweighted
addition. The main components still the gray level difference,and the others
try to helpin thosepixelswherethe differenceis not clearly determining.In the
figure, we can appreciatehe improvementin both details:the precisionof the
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(a) Sgmentatiorof theimageRosas (b) Extractionof a meaningfulobject
hand, using only the C; component from the segmentationin (a).

and filtered with the morphological

filter. Level of sggmentations,, = 50

pixels

Figure2.17:Segmentatiorof Rosas handusingonly C;.

contourandthedisappearancef thelittle regionareasin (b) theextractionof the
handfrom the segmentatiorcanbe seen.

(a) Segmentatiorof theimageRosas (b) Extractionof a meaningfulobject
hand, using the three components from the segmentationn (a).

with weightsiWe, = 1.0, W¢,, = 0.4,

We, = 0.4 andfilteredwith the mor-

phologicalfilter. Level of segmenta-

tion: o, = 50 pixels

Figure2.18: Segmentatiorof Rosas handusingthethreecomponents.

From that one questionarises,which mustbe the weight of the valuesNe
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have foundto give goodresultsfor valuesbetween0.1-0.4,without muchvaria-
tion. Normally, we have tried to keepequalthe valuefor the GroundMeancom-
ponentasfor the GroundSurfacecomponentSincethefirst tentsto split andthe
secondneto memge,in someway strengthgetcompensated.

If increasingvery muchthe weight value of Ground Surfacewe obtainthat
theregionscollapseon a singleone,if increasingvery muchthe weightvalueof
the GroundMeancomponentheresultof Fig. 2.19is obtained Theresultis very
satishctory dueto the fact that whenusingthis high weight value, it performs
very well on uniform gray-level surfaces.lt canbe very usefulfor exampleon
medicalimages,wherethe taskthereis to sggmentmore or lessuniform gray
level surfaces.The parentsselectioncontinuesbeingbasedon the C; component,
but therefinemenis completelybasedonthecomponent,,,.

w
\ ol

Figure2.19: Segmentatiorof theimageRosas hand,usingtwo of thethreecom-
ponentsC; andC,,, with 1.0and1000asweightvaluesrespectiely.

The Contrast Problem

In this segmentationtechnique we have beenworking relying only on the
informationavailableon theintensityimage.The main anduniquefeatureis the
graylevel, with theadditionalfeatureof theedgedetectionTheproblemthathere
arisesis thatin neighborregions,althoughbeingof differentcolor, they canhave
the sameor similar intensity That brings the problemof two neighborregions
badlycontrastedanmeigeif only ameaningfulobjectwas.lt is clearthatsooner
or later regions memge in the structure,but bad contrastbetweenregions make
themmemge beforethey should.

This is the examplethat canbe seenin Fig. 2.20. We canobsenre, how the
algorithmsuccessn segmentingthe body, andthe headof the subject.Anyway,
a partof the wall melgeswith the body dueto the relative low contrast.This is
becausevhenbuilding the structure the mostsuitablelink connectdothregions
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(@) (b)

Figure 2.20: Sggmentation(a) of the image Oscar(b) with parametemweights
We, = 1.0, We,, = 0.4, W, = 0.4 with edgesupervisionusingthe Laplacian
versionandfilteredwith the morphologicafilter. Level of sggmentations,, = 35

andthe edgeestimationcando nothingsinceit is alsoaffectedby thelow contrast
andthe edgeatthe correspondingcaleis alsonot found.

The edgeseffect

The edgedetectionis intendedto avoid incorrectlinking betweendifferent
regionsseparatethy anedgeIn Fig. 2.21it canbeseertheeffectof theuseor no
useof edgesBoth sggmentationsare computedusingthe sameparametersand
aresggmentedon the basisof the samescalelevel. The only differenceis in the
useof edgedo supervisehe correctlinking.

It is easyto seethe improvementin the quality of the segmentation.n the
imagesthe mostrelevant detailsare signaledwherethe use of edgesare more
influent. In the figure (b) we seehow part of the headis meigedto the body,
and next to the picture on the wall, thereis a little box on the wall, which does
not appeardefinedin the versionwithout edgesin (c), sincewe usethe edgesat
eachscale,we keepfrom linking throughthem,andwe successn avoiding the
incorrectlinking of the head,improving the definition of the contours.We can
alsoobsenrethatheretheregion thatdefineshebox ontheworld is kept,andnot
wrongly memged.
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(b) Segmentatiorof theimageSegi with (c) Segmentatiorof theimageSeugi with
parametemweightsWe, = 1.0, We,, = parameteweightsWe, = 1.0, W, =
0.4, W, = 0.4 withoutedgesupervision 0.4, We, = 0.4 with edgesupervision
andfilteredwith the morphologicafilter. using the Laplacianversionand filtered
Level of sggmentationo,, = 25 pixels. with the morphologicalfilter. Level of

segmentationo,, = 25 pixels.

Figure2.21:Comparisorof the effect of edgedetectiononthe segmentation.
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(a) ImageRosa. (b) Segmentatiorof theimageRosa

(c) Extraction of a meaningful object (d) Extraction of a meaningful object
from the sgmentationn (b) from thesegmentationin (b)

Figure2.22:Sggmentatiorof theimageRosawith parameteweightsiW;, = 1.0,
We,, = 0.4, We, = 0.4 with edgeusingthe Laplacianversionandfiltered with
themorphologicafilter. Level of segmentations,, = 30 pixels.
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Mor e Results

In the Fig. 2.22 we canseehow it is sggmentedthe whole head.Notice the
detail of the hair, it is well included,all togetherwith the facein the sameob-
ject. It is well contrastedvith the surroundingegions,andthatallows the correct
sggmentation.The blouseis also correctly segmented As we cansee,the arms
arenot very well contrastedwvith their surroundingarea.That makesthemto be
alreadymeiged at this scalewith the regionsof the wall. The supervisionsame
happensvith thetable.In theFig. 2.23,anexampleof thebehaior of scale-space
segmentationandthe selectionof the scalelevel to performthe segmentationis
seenDependingf theselectedcaldevel, we obtainbiggeror smallersegmented
objects.In thefigure,we seehow selectingthe scales,, = 30 pixels,thesggmen-
tationof thewhole Seqi is obtainedIn the selectionof scales,, = 25 pixels,we
hopeto find segmentsof smallerregionscorrespondingo detailsof smallerscale.
Indeedwe find the segmentscorrespondingo the headandthe body of Segi. In
addition,theboundarie®f the sggmentsarequitewell defined thanksto theedge
supervision.

2.5 Conclusions

In this chapter we have applied the scale-spacesegmentationto natural
imagespbtainedwith acamerdrom a possiblevideo-conferencingrvironment.
Fromthe obtainedresults,we seethatmeaningfulobjectscanbe segmentedrom
thescene.

In scale-spaceggmentationye have seenthatwe cannot obtainall the pos-
sible sggmentsn animageat the sametime. We have to chosebetweerbiggeror
smallerdetails.Then,accordingo the choice,we will obtainthe segmentsof ob-
jectsthatareapproximatelybelongingatthatscale Dependingontheapplication,
this canbe a problem,or an advantageIn the presentone, this canhelpin dis-
criminateimplicitly smalldetails.In this way, thetaskresenedfor thefollowing
stepin the system(segmentsanalysisfor imageunderstandingyill beeasier

Thetechniqueproposedhasshavn to be very sensitie to the quality of the
generatedscale-spaceMuch care must be taken in its generationavoiding as
much as possiblecoarseapproximationsOne of the mostimportantfactorsin
the quality of scale-spachasshavn to bethe frequeng resolutionof the Fourier
transform.The otherlimitations are the spatialresolution(which limits alsothe
useof finer scalesamplingrates) the boundaryproblems(which aremoreor less
solved with the image mirroring or the image meanpaddingaround),and the
scalesamplingrate.
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(a) ImageSeqgi.
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(b) Segmentatiorof theimageSewgi with (c) Sgmentatiorof theimageSegi with
parametemweightsWe, = 1.0, We,, = parameteweightsW,, = 1.0, W¢, =
0.4, We, = 0.4 with edgesupervision 0.4, We, = 0.4 with edgesupervision
using the Laplacianversionand filtered using the Laplacianversionand filtered
with the morphologicalfilter. Level of with the morphologicalfilter. Level of
segmentationo,, = 30 pixels. segmentationo,, = 25 pixels.

(d) Extraction of a meaningful object (e) Extraction of a meaningful object
from the sggmentatiorin (b). from the segmentatiorin (c)

Figure2.23:0btentionof meaningfulbbbjectsusingthe Scale-Spacsegmentation.
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Differentaspecthiave beendealedn thereferingto the analysisof theimage
structureln whatrefersto thelinking criteria,thedifferenceof graylevel between
scalelevels is usedto createthe links and find the parentsat the upperlevel.
Parentsarefoundrelyingonly in this criteria. Thelinks of childrenwith thefound
parentsjs refinedafter changingsomechildrento oneor otherfatherdepending
on the criteria. This doesnot affect the selectionof the parentsat the level, but it
will affectthe corvergencethroughscale.lf the parametergarewell selectedihe
helpin thecorvergenceThevaluesof theparameterseemedo beindependentf
theimage.Any way, no testshave beenperformedn differentspatialresolutions
of the sameimageto seeif the parametersrerelatedwith the spatialresolution.

The inclusion of edgedetectionis the band-pasgart of the imageanalysis
in the procedureAs the humaneye, we wantto integratein the sameprocedure
low-passand band-pasprocessingf the image.Using the low-passas a basis
to extract the structureand the band-passas correctingfeature,has shovn to
improve the performance.

The testshave shovn that the segmentationtechniquehas someproblems
whentwo objectsor regions not very well contrastedare neighborslf the seg-
mentationscaleis not very well chosenthen the regions can meige. Another
problemcanbewhenthe optimal scaleto begin the segmentations betweernwo
scalesamplesandit is notavailable.

Very complicatedscenesgcan have segmentationproblems.If they arevery
complicated thenit meansthat thereare mary details.Small detailsare more
difficult to segmentdueto they have lessscalelevelsto corverge. In addition,is
possiblethatsomeotherband-passnalysisshouldbe necessaryor their correct
analysis,or somenon-linearscale-spacanalysis.

We canconcludehatit is aninterestingsegmentatiortechniquefor automatic
computervision systemslIf we acceptthe suppositionthat oncethe secondary
criteriais tunedfor a certainimageresolutionandsize,the only parameteto set
is the scalelevel from which we will begin the segmentationThis scalelevel can
be relatedwith the camerazoomandsomecomputedor assumedlistanceof the
objectin front.
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Chapter 3

Focusof Attention Finding

3.1 Intr oduction

Humanvisualsystemapartfrom performinganexcellentsegmentatiorof im-
agesandobjectselectionjs alsoimprovedin suchaway thatit selectsvhereand
atwhich scaletheimageanalysismustbe performed.Thisimprovements dueto
differentfeatureghatallow thevisualsystento focusits attentionon whatit is re-
ally interestedn. Consequentlyt spendsll theeffort analyzingtheselectedarea.
An analysisof this phenomenoranbe foundin ActiveVisionin [4, 30]. There
aremary differentstimuli andfactorsthat drive the focusof attentionin human
beings.Thesestimuli arefrom very differentnaturesthey cancomefrom all the
possiblestimuli that canattractthe attentionof a Subject.Attention attractionof
someon&anbedueto severalreasonsandfor severalobjectives.In the mostba-
sic levelsof survival, animalscancenterthey attentiondueto a stimulusbecause
it canrepresensomethinggoodfor their developmentlik e food, the maleor fe-
male(for reproductiorpurposespr somethinghatputsin dangettheir existence,
like the presenceof their predator In all thesesituations,the paymentof atten-
tion could be inducedbecausef someflavor, sound,touchor a visual stimulus
(notadetailedanalysisof the scenejn factthe purposeof focusingattentionis to
performa posterioria detailedexamination).Thefirst threekind of stimuluscan
containa lot of information,dueto the factthatthe brainhasothermechanisms
to analyzethe possiblesourceindependentlyof the visual systemrelying onthe
kind of flavor, aknown soundor a characteristi¢extureon asurface.Ontheother
hand,visual systemstimuli are at a lower level, they take effect beforeary fur-
theranalysisof the sceneThe headturnstowardsthe point or regionwheresome
kind of phenomenahatinducesa stimulushasbeenobsened. Any way, sound
canalsobeconsideredilow level focusattractorif we only take into accountthe
capabilityto detectthedirectionof a sound.
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Fromthe point of view of a multimediasystemor applicationlik e the present
one, the mostinterestinginformation sourceso setandfind the right focus of
attentionmay be: SoundandVisualinformation.

Soundcancarryalot of informationaboutwho or whathasemittedit, in order
to warnthebrain of whatis the mostlik ely thing thatis goingto be found by the
detailedimageanalysis.It canbe usedalsoat a lower level. In facta very useful
characteristiof the humanhearingsystemis thatin reality it is anarray of two
sensorsvhich canlocatewith certainprecisionthe origin of a soundsource.

Visualinformationis oneof the mostrelied databy the brainto keepknowl-
edgeof the surroundingworld. It is themaintool usedto realizea fine anprecise
obsenation of the ervironment,but beforesucha taskis performedotherinfor-
mation can be extractedfrom the imagewithout a detailedexamination.Visual
systemis sensitve to stimuli andin consequencicusof attentionis attractedoy
the presenceof determinatecolors (colorswith specialmeaninglike red, black,
yellow... or colorsthatthebrainis lookingfor), light intensityor motion.All these
informationsaretreatedfastesby thevisual systemandmay controldirectly ac-
tionsevenbeforeary high level understandingf the scenehasbeenperformed.

In theframework of computewision, a simulationof this biologicalbehaior
is very usefulin termsof giving the capacityof Active Vision to an automatic
system.The applicationof that would bring the possibility of a camerarotating
and zoomingin orderto concentratats attentionon somespecificareaof the
outsideworld.

Sound Direction
Detection

Y

Moving Areas

Detection Focus

Attention
Special / Detection
Colour Areas
Detection

Camera
Images

Figure 3.1: Representatioof the differentfactorsand possibleinformationthatcanbe
usedto find the Focusof Attention.
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3.2 Motion Source

3.2.1 Motion Estimation

Motion Estimationis a very well known conceptin ImageProcessingSince
imagesarea 2D representationf the 3D reality, it is not alwayspossibleto get
from a sequenc®f images(a 3D representationfhe real motionfield of anob-
jectinto ascengthe4D reality). Motion Fieldis a purelygeometriaconceptthis
meangthat the motionfield is the real movementof the structureof the body or
object.In sequencemdeedwhatit is seenjs the OpticalFlow, whichis thedistri-
bution of apparenvelocitiesthatcanbeassociatewith thevariationof brightness
in theimage.Let usremarkthe previous expression‘apparentvelocities”. Since
they arecomputedrom the variationof grayintensity they reflectvariationsdue
to (amongothers):

e Variationdueto movementof pixelsin theimagethatbelongto objects.

e Variationbecausef changesn theillumination distribution (eitherin po-
sition or intensity).

e Variationbecaus®f cameranoise.
e Variationdueto objectsshape.

Althoughit would be desirableto obtainthe motionfield, from theimagesit
is only possibleto obtainthe Optical Flow andhopeit to bein goodrelationwith
themotionfield.

(XI,YIJZ,) - (xl7yl)|t—At (XJKZ) — (.T,y)|t
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I(.T,y,t) = I(J,‘I,y,,t - At) = I(iC - daf:7y - dyat_ At)v (31)

I(Fyt) = I(F— D(7), t — At), (3.2)

Hypothesisintensitychangesare only dueto movement.

In the equations X, Y, Z arethe spatialcoordinatef anobjectin a scene,
z, y thespatialcoordinate®f the2 D representatiom theimage,andasnormally
t indicatestime. I in this caseis the image function, and D(7) representshe
estimateddisplacementector In fact D(7) = #(7) - At. Where ¢(7) is the
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Optical Flow.

In a controlledenvironment,it is possibleto take over theillumination, fixing
it andsettinga properly(ideally uniform) distribution. In this way, the changeof
illumination problemcould be avoidedin an applicationthat concernsan auto-
matic video-conferencingystemin a suitableroom. Oncethis is fixed, another
problemarisesfrom the fact of proposingan automaticsystento track peoplein
video-conferencingThinking of trackingpeopleimplies cameramovement,and
consequentlyheadditionof sucha variationonthe Optical Flow estimationThe
influenceof thismovementgxternalto thescenewill addacomponenof velocity
to thewholeimage.This componentvill correspondo a modelof movementor
aparametrizablenovementin theimage,sinceit is dueto a known displacement
of the camerafocus. The basiceffectsthat canbe modeledwill bethe possible
movementof thecamera:

e Addition onthe opticalflow of the effect of a Zoom (In/Out).
e Addition ontheopticalflow of the effect of verticalaxisrotation.
e Addition on the opticalflow of the effect of horizontalaxisrotation.

e Addition of aneffectscompositionof the previousones.

Fromtheideaof the possibility of easymodelinghow the cameramovement
affectsthe calculusof Optical Flow in a sequenceit follows thatit a compen-
sationof its influenceshouldbe realizable.In fact,if (i. e.) two framesareused
to computethe optical flow, andin that preciseinstantthe cameras turning, the
known motionof thecameracouldbeassociatetb amodelandthesecondmage
only be predicted.Comparingbothimages(the expectedone, without ary other
motionin it but thecameraandtherealrecordednein secondlace)themotion
of the camerawould be compensateth the secondone.In this way, whatwould
remainshouldmostly be the motion correspondingo the objectsin the scene.

In motion estimation otherproblemsappearit is anintrinsic problemof the
Optical Flow calculationwhenpixels disappeanf theimageor appeaiin it. The
reasonof suchan effect, is dueto the appearancer disappearancef objects
in the scenethis is known asthe Occlusionproblem.In thesecasesno reliable
informationaboutdirectionor velocity will be available.

Optical Flow computation techniques:

Despiteits simplicity, Eq. (3.2) is a non-linearequation,andit is not evident
how it mustbe solved. Therearemary linear approacheandseveraltechniques
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that give an estimationof the optical flow. The classificationis not unique,and
mary reviews andsurweysarewritten[2, 3, 28]. A synthesi®f motionestimation
canbefoundin [8, 23] aswell.

Among the diversity of classificationsa generaldifferentiationcanbe done.
We canclassifymethodsn:

e Parametric Methods: In this, Optical Flow is parametrizedbver an ho-
mogeneousnovementarea.lt meanghatOptical Flow is approximatedy
a parametrianodel,and consequentlythe possiblemovementsor Optical
Flow distributionsareconstrainedo the onesthatcanberepresentety the
parametridunction.

e Non-Parametric Methods: In this, Optical Flow is not constrainedy ary
parametridunctionover asurface.An independendisplacementvectoron
every pixel is thus obtained. Suchtechniquegprovide of a densemotion
field.

The choicebetweenboth dependsasicallyon the necessitiesn eachcase.
In somecasestheinitial constraintof a parametrizatiorover a determinatearea
is interesting(mostly, becausehe imagehasbeenpreviously dividedin regions,
andtheinterestis aboutthe generalbehaior of the whole region, not the pixel)
[23]. In someothercaseswhatis interestingjs not having ary kind of constraint,
becausé¢hereis no previousregion or becausavhatis neededs theindependent
approximatiorof the Optical Flow in every pixel [8].

In thetext above,adifferentiationin termsof utilization of parameterss done.
Any way, it is notsufficientin itself sinceit tells nothingaboutthe processessed
to calculatethe Optical Flow. Fromthe scopeof the usedtechniqueBarron et al.
did thefollowing classification:

o Differential techniquesarealsoreferredto asgradient-basedtechniques
andarebasedn theassumptiorof conservatiorof image intensity

e Correlation (or Region)-basedechniquesusuallywork ontwo successie
imagesof thesequencefor eachpixel in thesecondmagea matchingpixel
in thefirst frameis searchedtypically by analyzingthe correlationof their
neighborhoods.

e Energy-basedtechniques are basedon the Spatio-temporalffrequeng
characteristicef amoving visualstimulus.

e Phase-basednethods definevelocity in termsof the phasebehaior of
band-paséilter outputs.
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3.2.2 Motion Estimation Application
(Lucas & Kanade Algorithm)

Application of motion information,to Focusof Attention detection,needsa
sourceof motion datawhich relieson no other previous informationbut the se-
guenceof images.The desiredeffect would be the simulationof visual stimuli
in front of sporadicmovement,that meansthat this stimuli will happenbefore
ary otherkind of imageinterpretatior(like segmentation)A methodindependent
of pre-setareasand capableto give a denseOptical Flow field is thenrequired.
This methodmust be unconstrainedo ary region, being able to give ary evi-
denceof displacemenbf ary kind of areain the visual field. It follows that a
non-parametrialgorithmmustbe used.

The mostusedapproacheto the Optical Flow calculation,arethe Gradient-
Basedandthe Region-BasednethodsBoth methodsarewidely used but mostly
on differentscopesThe useof Gradient-Basednethodsallows to obtainthe de-
sireddenseDptical Flow with pixel resolutionjn contrastRegion-Basednethods
like Block Matching maygive betterprecisionin Optical Flow directioncomputa-
tion. Region-Basednethodshave the dravbackof having lessspatialresolution,
andthey alsotendto be computationallycomplex (any way, to reduceit, fastsub-
optimalnon-echaustve searchcanbe carriedout).

In our application,the precisionin the computatiorof the speedvectoris not
soimportant.We will beinterestedn the existenceor nonexistence(with a nec-
essaryminimum coherencen the directionover a neighborhoodpf movement.
Taking into accountall the previous assumptionsit seemsreasonabldo think
aboutusinga Gradient-Basetechnique.

The algorithm proposedby Lucas & Kanade[22] is a Gradient-Basedl-
gorithm. We chooseto work on a variation proposedby Simoncelliet al. [29].
That algorithmintroducesprobabilisticextensionsof gradienttechniquesvhich
computetwo-dimensionabpticalflow distributions.It includesanautomatiogain
control mechanismand provides (two-dimensional)flow vector confidencein-
formation, allowing later stagesof processingo weighttheir useof the vectors
accordingly

Lucas & Kanade gradient algorithm

Eq.(3.2) beingnon-linear alinearapproximatiorwould be usefulfor obtain-
ing an analyticalsolution of the motion estimationproblem.To that end, a first
orderTaylor seriesexpansionof theright-handtermin (3.2) canbederived.This
is known as“Optical Flow constaint equation”
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- (T
o(7) - VI(7,t) + 0 g?;’ 2 =0, (3.3)

whereV is the spatialgradientoperatorand is the Optical Flow. This approxi-
mationis notvalid for high velocities.

In this formula, it is assumedhatchangesn the imageintensity (hypothesis
of intensityconservatioh aredueonly to translationof the local imageintensity
(motionis uniformandtranslationaln asmallregion) andnotto changesn light-
ing, reflectanceetc. Furthermorepy formulatingthe constraintonly in termsof
first derivative, it is implicitly approximatingheimageintensityasaplanarfunc-
tion (it assumeshe hypothesiof motionspatial continuity).

Onecouldwrite a squarecerrorfunctionasfollows:

E(@) = (ﬁ(m VI(7 1) + %T) . (3.4)

But sinceit hasto be minimized,thegradient(with respecto %) equalszero:

V,E(@) =0 — VE(@) =M-0+b=0, (3.5)
where
ar?  arar a1 91
. . T oz oz Oy . Oz Ot
M =VI(7t)-VI(Ft) = , b= (3.6)
oI 81  oI2 o1 o1
dydr dy Oy ot

Matrix M in EqQ.(3.6)is singular dueto thefactthatthe solutionis basedna
planarapproximatiorto theimagesurfaceatonly onepoint(theregion of analysis
for every computationis one pixel), and suffers from the aperture problem (it
is only possibleto identify the motion componentparallelto VI in the region
of analysis).To avoid this probleman “intersectionof constraintsrule is used.
Insteadof relying onjustthederivativesin onepoint,the mostconsistentelocity
in somesmall region will be computed.The apertue problem is thenin some
way solved,sincea bigger‘window” is usedto find the Optical Flow. In theother
hand,sinceit is assumedhatthe velocity vectoris constantin the region, some
smoothnessn the computationis introduced.This meanssomelose of spatial
resolution but the possibilityto solve the Eq. (3.5).

It follows from thelastparagraptandfrom (3.4) that



Chapter3. Focusof AttentionFinding 55

E@)=>_ <m <17 VI(7,t) + %))2, (3.7)

i

whereW is theweightingwindow, andi € {1,2,...n} indexesthen elements
of theregion patch.

Joining(3.5)and(3.7),v canbe solved:

ﬁz—(ZWi-Mi) (ZWE) (3.8)

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

The Bayesianperspectve of Simoncelli et al.

On the basisof the work of Lucas& Kanade a probabilisticscopeof the
Optical Flow computationproblemwastaken. This point of view was qualified
of beingadvantageoubecausdé would take into accountheinherentuncertainty
dueto imagenoise,lighting changeslow contrastregions,the aperturegproblem,
andmultiple motionsin a singlelocalizedregion.

Consideringhetotal derivative constrainin equation(3.3),in practice there
will beerrorsin thedervative computationslueto:

e Noise.
e Aliasing.
e Imprecisionin thederwativefilters.

all themdueto the cameraandthe quantizatiorprocessSucherrors,canbe con-
sideredasanoiseaffectingthe Optical Flow vector andin thefollowing they will
be describedy a Gaussiamoisetermii,.

In the casewherethosemeasurementare errorfree, the constraintin (3.3)
may fail to be satisfiedbecausef:

e Changesn lighting.
e Reflectance.

e Presencef multiple motions.
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andin consequenceheconstrainof theequalityto 0 is broken.As it wasmodeled
before theseerrorswill be consideredgainasa Gaussiamoise,describedy the
termii;.

We thusobtaina new versionof (3.3):

(55 — ) - 917 1) + 210

In the beginning of this sectionwe pointedout that a probabilisticscopeis
taken.Theideais to look for the probability function of #, andsinceit is alinear
functionof independenadditve Gaussiamoiseterms,its probability distribution
will be Gaussiaraswell. The Maximum Lik elihood Estimate(MLE) is simply
themeanof the Gaussianandconsequentlyhe probability distribution meanwill
bethe mostreliablevelocity value.

The probability distribution is a conditional probability basedon the image
gradientVI:

=ny,  n;~ N(0,A). (3.9)

3 (17| 61) . (3.10)

DecomposindhelastexpressiorusingBayes’rule, andfollowing a develop-
mentsimilar to thatof (3.8) (seein AppendixC) we obtain:

l

Wi - b
v _Av : N . ’ (311)
' 2 (IO =)

whereo; ando, are,respectrely, the standarddeviation of 7i; andii,, and A, is
the covariancefor the Gaussiardistribution P (7).

In Eq. (3.11)inversionis notarymorea problem,sinceA, ensuresheinvert-
ibility of thematrix.In addition,theM andb matricesarescaledoy acompressie
non-linearity which actsasan adaptatie gain control mechanismit will tendto
normalizethe magnitudeof the quadraticterms.From theseexpressionsyve see
that,for low contrastregions,the mainsourceof errorswill benoiseof derivative
measurement&i,). In contrastfailures(i;) of the constraintequation(Eg. 3.3)
will bethedominantsourceof errorsin high contrastregions.



Chapter3. Focusof AttentionFinding 57

Implementation Details

Eq.(3.11)is theoneselectedo generatehe denseOptical Flow field for our
application.Thevalueof p, is theonethatwill determinghe mostsuitableveloc-
ity vectorovertheneighborhoodThetrial hasbeenimplementedn MATLAB®
(seein appendixD). Thecommentedourcecodeis foundin theappendixaswell
asthe explanationof the approximationusedfor the spatialandtemporaldiffer-
entiation.

In theimplementationthe classicaschemdor Optical Flow computatiorhas
beenfollowed. It is typically composedy:

1. Previoussmoothingto increasehe signalto noiseratio.

2. Computationof theimagemeasurementdn this case,computationof the
imagederivatives,basisof the selectedalgorithm.

3. Integrationof theimagemeasurement® computethe Optical Flow using
thealgorithm.

A neighborhoodf 5x5 pixels hasbeenusedto imposethe “intersectionof
constraints’of the Lucas& Kanadealgorithm.In orderto make emphasizehe
pixel over which the velocity vectoris computeda Gaussiarweight distribution
is usedto performthe summationn Eq. (3.11).

In thefollowing, someresultsof the Optical Flow computatiorcanbe seen.

3.2.3 Statistical Motion Detection

Oncewe have theestimatednotionflow, we areinterestedn finding themov-
ing regionsin theimage.A sequenc®f motion estimationframesis a sequence
of matriceswhereeachelementin the matrix is a2D element.The elementsare
vectorsindicating direction and magnitude . Sincewe are only interestedn the
existenceor not of motion, therelative motionmagnitudds important.

Examplesof motiondetectionandthe basisof the presentwvork canbe found
in [1, 35], whereacomparisorof eachframewith areferencas workedout. Here,
wewill applythestatisticakestusedtherebut thistime on estimatedpticalFlow.
This is donein orderto be independenbf a referenceframe, sincea moving
camerawill be usedandwe will not work on a static plane(contraryto classic
surwillanceapplications).
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(a) Subjectmoving thehead. (b) Optical Flow module.
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(c) DownsampledDptical Flow

Figure3.2: Motion Estimation

Motion Data Thresholding

Oneidea could be to computethe motion module all over the image,and
consideras moving region all the pixels whosemotion vectoris larger than a
giventhresholdlt is avery simplewayto discriminatebetweermoving andstatic
areasput it hassomedrawvbacks:

e Thethresholdhasto be setempirically at a certainvalue,which implies a
certainloseof automatiorandin someway anincrementof the supervision
necessity

e Weaknessvith respecto noise,sinceit is not takeninto accountts distri-
bution.

e Low magnitudemotion, but uniform andwell definedcould be misseddue
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to ahighthreshold.

In awell controlledenvironment,it is acheapandeasytechniqueof extracting
motion areas.This approachperformssufiiciently well if we analyzesequences
wheremoving objectshave a well contrastednotion vectorin relationto noise.
In addition, filtering can be usedto cleanout noiseand allow a betterregion
discrimination.Median filtering is well known to cleanout impulsionalnoise,
furthermoreit doesnot provoke blurring on the dataandconsequentharealimits
are not smoothed Any way, a determinedpixel can propagatets value on the
neighborhoodwhich is an areaasbig asthefiltering kernelis. Examplesof the
useof medianfiltering in motion estimationandin otherimagefeaturescanbe
foundin [8].

Fig. 3.3 shavs an example of motion module datathresholding.Threshold
selections arbitraryandif it is not correctlyadjustedor thesequencealittle dif-
ferencefrom theoptimalcanleadto a biaseddetectionIn addition,if theselected
thresholds too high, holesin the regionsandnon-detectionsvill appear

Motion Data Statistical Detection

In orderto performamuchmoreflexible detectionakind of adaptatre thresh-
old accordingto the cameranoisewould be quite useful. The presentprocedure
basednthe Aad ideafor changedetectior1], andusedn [35], modelsthenoise
anddetermineathresholdfor eachpixel of theimage.This is doneby takinginto
accounthe statisticalbehaior of eachpixel’s neighborhood.

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

In orderto discriminatanovementmagnitudeshataredueto noisefromthose
thatarecausedy a moving objectit is necessaryo definetwo hypothesis:

e Hj: thereareno moving objectsatimageposition([i, j].
e H,: complementarpf H,.

Theindexes|i, j| representhe pixel coordinatesn animage.We take 7' the
Optical Flow vectordefinedin sec.3.2.2,and we definewv,; j andv,; ;; asthe
horizontaland vertical componentsf it at the coordinategy, j]. v, andv, will
betwo images Eachonecontainingthe signandmagnitudeof the velocityin the
correspondinglirection.In the application,we will work separatelyn thev, and
in v, componentsTheresultingareasietectedvill betheunionof thedetectedn
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(a) Subjecttalking and mov- (b) MedianFiltered (5x5) Op-
ing. tical Flow Module.

(c) Moving area mask per (d) Moving area mask per
formed over a medianfiltered formed over a medianfiltered
(5x5) version of the mod- (5x5) version of the mod-
ule(thresholde@t 0.04). ule(thresholdeat0.02).

Figure3.3: Motion Region detectionusingthresholding.

eachcase It couldbe alsopossibleto work directly with the speedvector, using
thetwo componentgoint distributionto modelnoise Lik e this, directioncouldbe
alsotakeninto accountto discriminenoise.Sincethe literature,usedasa basis,
takesinto accountonly onevariablein the distribution, for thefirst trial we have
worked on eachcomponenbnly with a onedimensiondistribution.

In the following, the explanationwill be only performedwith notationwv,,
sincebothcomponentfiave the samebehaior.

P(vg;.51 | Ho) is definedasthe probability that v,; ;; is differentfrom zero,
giventhe hypothesisH,. In sec.3.2.2or [29], error distribution in motion esti-
mationis assumedo be GaussianThis is trueif the input imagesequenceare
affectedby Gaussiamoise,sinceit is alinearapproximatiorof the Optical Flow,
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andlinear operationson a Gaussiargive a Gaussianlf we supposehis noiseto
beuncorrelatedthen P (v,; ; | Ho) canbemodeledas:

L (3’

P (a5 | Ho) = W€< (=) >, (3.12)
which is the Gaussiardistribution with 0 meanando is the noisestd. affecting
motioninformation.

Theobjectiveis to find regions,andnot only pixels. Thisis why the statisticis
performedover a neighborhoodcandnot on a singlepixel. The testshoulddetect
thoseareaswith a more or lessuniform motion contribution over the area.This
decisionincreaseshereliability of the statisticaldescription.

P(vgi,5) | Ho) is afunction of (%)2 If we normalizev, by o, Eq. (3.12)
turnsinto a normal (N (0, 1)) distribution. Sincewe areinterestedn computing
the statisticaltestover a neighborhoodfor a Gaussiamoisedistribution on the
velocity vectorwe obtainthatfrom:

- 3 (9, 619

W41

where w"j; ; is a window of width n centeredat pixel coordinates]i, j].
P(A[Qz.’j] | Hy) obeys a x? — distribution (seeapp.E) with asmary degreesof
freedomaspixelsinsidethewindow. Noticedthatthis evaluationoveraneighbor
hoodis equivalentto the applicationof a low-pasdfilter to the squaredifference
image.On one handthis choicereducesthe noise effect, on the other handit
causes blurring effect or binarydilation ontheresultedmask.

With the known distribution of Eqg. 3.13,the decisionbetweernmoving’ and
'still’ canbeachievedby a significancdest.For this purposewe specifya signif-
icancelevel oo andcomputea correspondinghreshold, accordingto

a = P(Af ;> ta | Ho). (3.14)

For each pixel position [7, j] in the differenceimage, we compute&f’i,ﬂ,
andwheneer it is over the thresholdt,, we mark the pixel at position i, j] as
moving. Thesignificancdevel « is alsoanimportantparameterit representshe
probability of rejecting Hy, althoughit is true. In the presentapplicationwe will

setthe parametery to setthe probability of rejection.

Experiencéhasshovn thatGaussiamistributionis notagoodmodelfor cam-
eranoise.In sec.3.2.2(seealso[29]) Gaussiamoisedistribution is assumedhut
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experimentalresultshave shovn thatin factit is closerto a Laplacedistribution.
We canshaw this behaior with our measurementsn thefollowing figure,exper
imentalresultsareshovn from a sequencef motionestimationof a staticscene.

x 10"
7

6L

L L L L
-0.15 -0.1 -0.05 0 0.05 01 0.15

Figure3.4: Noisehistogramobtainedempiricallyfrom 211 motionframeson the
v, component.

In orderto usethe sametest,anotherevaluationmustbe usedover the neigh-
borhoodto keepthe x? — distribution. Thisis:

. V2
Agigp = D~ |valig
g1

: (3.15)

wherein this, if v,y ; is a Laplacedistribution, Ay; ; is ax?* — distribution with
twice asmary degreesof freedomasthereare samplesnsidethe local window
w.

FromEqg. 3.15it turnsoutthatnow the evaluationis:

To performthetest,theparametet is setin orderto definethe probabilitythat
thepixelin [z, j| haschangedjiventhehypothesisd,. In this casetheevaluation
will be performedovertheresultof I, (a, z) wherel',(a, z) =1 — [,(a, 2).

So,everyvalueof A[; ; is evaluatedn thefollowing way:

siglevel =1 -1, (g, g) , (3.17)
wherer is thenumberof degreesof freedom andto allow theevaluation,afactor

2 mustbe addedto A; ;; in the Laplaciancase,x = 2 - Ay 51, in orderto belike
x? function(in App. E).
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Thesig_level valueis thresholdedandall pixelsbelov thethresholdarecon-
sideredasmoving pixels. The sig_level valuedetermineghe probability of that
pixel to be noisegiven the hypothesisH,. It follows thatfor low valuesof the
threshold pnly thosepixelsthatarevery probableto be moving will be marked.

3.2.4 Implementation
General Procedure

The practicalimplementation(seeFig. 3.5), follows a classicalschemeof a
first off-line parametecalibrationphaseanda secondohasewherethe detection
of moving areass performed.

Noise Parameter
Estimation &
Model Matching

Modei Parameters

Detected Mask

Input Images

Motion Estimation

V Statistical Motion
— Lucas & Kanade J — : —
by Simoncelli Detection

Moving Detected
Region

Figure3.5: Moving Region DetectionAlgorithm Scheme.

FromFig. 3.5is describedheprocedure:

1. The Simoncellis versionof the Lucas& Kanadealgorithmis performed.
As explainedin sec.3.2.2and3.2.2(seecodein App. D), we obtainfrom
this stepa denseregularisedandnormalizedoptical flow.

2. Whenthe systemis started the outputsequencef the motion estimation
of a staticscends supposedo be noise,sincein reality it shouldbe zero.
From this sequencethe noisedistribution is estimated From the realized
tests(seesec.3.2.5),it hasbeenfoundto benearlya Laplaciandistribution.
Consequentlythe o andmeanfor the bestmatchingLaplaciandistribution
arecomputed.

3. Oncethe noisedistribution of the motion hasbeenestimatedoff-line, the
statisticaltestis appliedto the sequenc®f Optical Flow Estimationusing
the computedlistribution parameteré theinitialization of the system.
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Distrib ution model Estimation

To correctly performthe posteriortest,we mustfind the bestmodelfor the
empiricaldistribution.

Ontical Flow Parameter Best Matching NEW
P Estimation | M€aN g | | aplace func. | — g MeaN
Frames (mean, std.) std. Retrieval std.

Figure3.6: StatisticalNoiseParameterfetrieval.

Fig. 3.2.4 shaws the proceduresteps.To estimatethe bestmodel,the ¢ and
the meanfrom the incoming sequenceare estimated.The computedparameters
areusedto initialize a Laplaciandistribution model,this parameterarevariated
in orderto find the bestmatchdistribution accordingto a Minimum SquareError
(MSE) or aMinimum AbsoluteError (MAE).

SE =Y (H(i) ~ fmoaa(i))® O AE = |H(i) = fmos(i)|. (3.18)

In the presentwork, ary implementatiorof a smartcorvergenttechniquehas
beendoneto find the distribution model, sinceit was not the objectwve. For the
test,anexhaustve searchalgorithmwasused,andthe searchwasperformedon a
determinatelomainaroundthe estimatedr from the data.SeeApp. F for details.

Statistical Detection

In the statistical Detectionstep, mainly is being carried out the statistical
test exposedin sec. 3.2.3. Any away, in addition some other featureshave
beenadded,in orderto ensurethe robustness.Some post-processindeatures
have beenincludedto cleanout any non-relerant detectedooint, andalsoit has
beenincludedthepartto find theisolateddetectedaireasandcomputets centroid.

In Fig. 3.7, we seethe followed algorithm. It is composedyy several steps,
which canbedescribeds:

1. Statisticalteston the horizontalanverticalcomponenbf the Optical Flow
separatelyThatgivesasoutputtwo masksof detectednovement.

2. Logical OR of thepreviousresults.

3. Morphologicalimprovementcleaningout possibleHoles in regions, and
eliminatingnon-releyantsmall spotson the mask.The usedtechniquesre
Hole Filling andErosion-ReconstructionFiltering . SeeApp. F andApp.
G.
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4. Retrieval of all the8 connectedegions.

5. Computatiorof the centroidof theregions.
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— Noise Parameter  V_Y
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Statistical Detection

Statistical Detectio
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Holes
Cleaning
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little spot
Cleaning

i

Region
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Region Extraction
&
Centroid Finding

Figure3.7: StatisticalMotion DetectionScheme.

3.2.5 Results
Thefollowing resultshave beenobtainedfrom the MATLAB ® codein App.

F.
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Noiseestimation and modeling.

In Fig. 3.8 shaws the match betweenthe noise histogramand the Laplace
distribution model. In this, 0 meanis assumedand the noise computedo is
usedfor eachvelocity direction.Notice that may not necessarype equalin both
directions.This canbedueto differentmechanicastability of the cameran both
directions,or dueto someinternalfeaturein theelectroniccircuitry.

(a) Noise Histogramfor v, o0 = (b) Noise Histogramfor v, o =
0.0098 p = 1.107e — 5 in blue. 0.0086 1 = —1.5016e — 5 in blue.
Laplacemodelwith ¢ = 0.0098 Laplacemodelwith ¢ = 0.0086
pw=_0inred. p=0inred.

Figure3.8: Experimentatesultson v, andv, noisedistribution.

Despitethe similarity betweenempirical obsenation and Laplacemodel, a
more generalmodel hasbeenchecled in orderto seethe mostlikely statisti-
cal modelthat matchesSinceit is very similar to the Laplaciandistribution, we
have checled the Generl GaussianDistribution (GGD) [31], which comprises
the LaplaceDistribution (parametep=1) andthe GaussiarDistribution (parame-
terp=2).

P

_ 1 " (3)
GGD(z,p,o,u) = —e
or (1+1) ,/a?rgg;

p

(3.19)

wherep is the GGD parameteru themeanando the standardieviation.
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Figure3.9: ComparisoramongEmpirical,LaplaceandGGD for v, velocity com-
ponent.

The resultgivesthat the closestdistribution is a GGD with parametep =
1.139 for theverticalcomponentit is very closeto Laplacian,but it is nota pure
Laplacian.In the horizontalcomponenty,, a closerto Laplacianparametethas
beenfound,p = 1.090. Sinceit is not exactly a Laplacian,andwe are approxi-
matingit by a Laplacian,we checkwhich would be the variancethatmakesboth
distributions(the empiricalandthe model) bestmatchaccordingto MSE. In our
testsequenceave have obtaineda slightly increasen thevariance(notmuchsince
botharevery similar).

oy, = 0.0105 (before0.0098)
oy, = 0.0095 (before0.0086)

Detection Results

We have appliedthis testwith the computedoarameterso the sequenceised
to estimatethe noise. The obsened resultshas shovn that althougha general
statisticonthesequenceéurnsoutto bea GGD (very closeto aLaplacian)jocally
it canhave adifferentbehaior thanthegeneral Sincetheernvironmentis notideal
andilluminationis notuniform.

In the figure above (b) (c) canbe obsenred the non uniform distribution of
for eachpixel over the sequenceThe mostaffectedareasare the shadav areas
anddark objects.This could be dueto the performanceof the cameraor dueto
illumination drifts. In fact, during the sequencesomechangesuddenlyappear
reflectedin thetemporalderivative, whenmotionis computedThis is a proof of
the existenceof illumination drifts.
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(a) Static Sceneto measure
noise.

(b) Noiseo for eachpixelonthex (c) Noiseo for eachpixel onthey
componenthroughtime. componenthroughtime.

Figure3.10: Standardieviation of the pixelsthroughtime.

In Fig. 3.11,in (a) and(b) onecanseethe evolution throughtime of the vari-
anceof pixel motioninto theframe.Botharegraphicghatrepresents againsthe
framenumber Notice the high incrementof the std. deviation in the 18th frame
andseeFig. 3.12.

In this frame,somethings changing.

In Fig. 3.12we shaw theresultsof applyingthetestto thetrainingsequence.
We canseethatit performswell sinceis correctlydetectedasnon moving. Some
little white spotscan be seendue inhomogeneitieof o all over the frame. A
specialcaseis the 18th frame. As it hasbeenseenin Fig. 3.11in the thereis
areally high incrementin the o (somethinghasa displacementjneanover the
frame.lt is clearlyreflectedn (I) from Fig.3.12.

Fig. 3.12 alsoshaws that with the incrementof the window size, it is more
sensitve to very low motionbut with uniform magnitude.
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(a) Noiseo for eachframeonthe (b) Noises for eachframeon the
2 componenthroughtime. y componenthroughtime.

Figure3.11:Standarddeviation of theframesthroughtime.

e In alxlwindow test,nodetections obsened.lt is theidealsituation since
thereis no moving objectin thescenejt doesnotdetectif thereis arny other
variation,but it will notbesosensitveto low motionareas.

¢ In a 3x3 window test, the detectionis almostthe desired.A little few of
spotscanbe seenthroughthe sequencehut it canbe easilycleanedwith a
morphologicabinaryfilter. The advantagejs thatit will be moresensitve
to low motion, but the dravback will be major sensitvity to changesn
illuminationlikein the 18thframeof the sequencéeest(h) from Fig. 3.12.

¢ In a 5x5 window test,the sensitvity to slow uniform motionis increased
at the expenseof larger sensitvity to slight motion (seeframe (I) in the
following figure).

Anothereffect of increasinghewindow sizewill bearelative blurring of the
areas contours Anyway, sincetheobjectiveis only to detecttheorigin of motion,
afew pixelsof blurring ontheboundarie®f motionareasarenotimportant.

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

Asit is seeronthesefigures thealgorithmperformswell anddetectghemov-
ing regions.In thefirst one(Sequencé in Fig. 3.13),only theheadis moving. In
thesecond Sequenc® in Fig. 3.14)themainmotionis in theface(the subjectis
talking), but thebodyis also(thoughslower).

The effect of the window sizeis clear The biggerit is the more sensitve to
slow motion. If we increasethe size, the blurring effect will increaseand the
sensitvity to illumination drifts and otherswill increasecorrespondinglyThe
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(a) 1st (b) 2nd (c) 3rd (d) 18th
(e) 1st (fH 2nd (9) 3rd (h) 18th

(i) Lst () 2nd (k) 3rd (I) 18th

Figure 3.12: Resultson the application of the test on the noise training se-
guence.(a)b) (c) (d) aredetectedusinga 1 elementwindow. (e) (f) (g) (h) are
detectedusinga 3x3 elementswindow. (i) (j) (k) (I) aredetectedusinga5x5 ele-
mentswindow.

selectionof a 3x3 or 5x5window is agoodcompromise.

3.2.6 Conclusions

We have seenthat from denseOptical Flow information, we candetermine
which arethemoving areasn asequencefimagesConsequentlywe canobtain
anorientationof whatcanbeinterestingto look atin ascene.

The presentapplication,performsa previous study of the noisedistribution.
Noise is modeledsearchingthe most similar distribution. In our casewe have
proved that the bestway to matchthe distribution is using the GGD model.
Anyway, a statisticaltest basedon the Laplacianis usedbecausethe GGD
modelfound was really very closeto the the Laplaciandistribution, andthe x?
test for a Laplacianwas well known. We concludethat it is a good approxi-
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(a) Sequenc@

(b) 1x1 window (c) 3x3window (d) 5x5window

Figure3.13: Resultsobtainedon real sequencewith differentwindow sizes.All
themareobtainedusingthe estimated above, andwith afixedprobability of H,
rejection(althoughit is true) of 1e-12

mation,sincetheresultsobtainechave shovn to detectcorrectlythemoving areas.

The presentsolution,comparedwith othersthat usethe comparisorbetween
the instantaneouframe and a referenceone, shows to be more adequaten the
contet of anActive Vision system.This meansjn a systemwherethe cameras
not static,andwhereit actsasa dynamicelementn the systemfocusing,zoom-
ing, rotating...In a situationlik e this, thereis not a fixed view, the environment
changegdynamically Other solutionslik e panoramicreferenceframes(Spriteg
have the sameproblem,sincethey needalsorefreshof the referencedrame,and
they detectpresencandnot movement.

In movementdetectionapplicationthe contoursmay not coincide with the
contoursof the moving object,thisis sinceit is evidentthatnot the whole object
may be moving (seeFig. 3.13whereonly the headis moving andthe bodyis not
detected)But the objectve is not to segmentwith this tool, this tool is mainly
to guidewhereit mustbe sggmentedln fact,is an adwantageonly detectingthe
moving regions,in thisway, all theattentionwill beconcentrate@vheretheaction
takesplace.An otheradvantageof the presentis the possibilityto compensatée
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\

(a) Sequenc®

(b) 1x1 window (c) 3x3window (d) 5x5window

Figure3.14:Resultsobtainedon real sequencewith differentwindow sizes.All
themareobtainedusingthe estimated above, andwith afixedprobability of H,
rejection(althoughit is true) of 1e-12

motioninducedin the Optical Flow estimationwhenthe cameras moving. The
computerthatcontrolsthe cameraknows perfectlywhich is the movementof the
cameraall thetime, sinceit is thecomputemwho ordersit to move,andwhich can
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-
ConfeencingSystenpartof Motion DetectionandSegmentationTheapplication
of bothin a sequencef 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 motion detectionbasedon a StatisticalTestof a
denseOpticalFlow. An uncommittedvisualfront-endcanbeaswell implemented
for a meaningfulobjectretrieval. In a posteriorstep,eachof the found regions
canbeanalyzedn ahigherlevel fashion.In sec.2.5and3.2.6conbefoundthe
conclusionsn eachpartof study

Both approache$iave shovn to be promisingtechniquesandto have mary
possibilitiesof application.Their useis not limited to a video-conferencingys-
tem, they have mary possibilitiesin everythingrelatedwith Computesvision In
example,theuseof themin surwillance,could be asusefulto locatethe placeof
theaction,aswell to performthe segmentatiorin theright place.

4.2 PossibleExtensionsand Futur e Work

Fromthis work muchfurtherwork canbedonein thefuture.

Focusof attention

e Theothersfeaturedik e soundandcolors,canbeimplemented.
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(a) ImageOscartalking. (b) Segmentedrame.

T

"!"F_"' .t |

(c) Sgmentedrame. (d) Segmentedrame.

Figure4.1: Sggmentatioron the sequenc®scartalking. Thefocusof attentionis
searchedthespeakingubjectlanda segmentatioris performedn asquaredirea
centeredn it.

e Sometechniquecanbe usedto combinethe threeor morefeatureso find
thefocusof attentionmorereliably, lik e theuseof a kalmanfilter.

Motion Finding

e TheOpticalFlow velocity dueto decameramotionshouldbecompensated,
sincethe displacemenbf the cameras known by the system,andit could
be modeledandsubstractedrom the estimation.

e Dynamicnoiseestimation.Using asinitialization thetechniquestudied,an
estimationof the noiseevolution in real time could be implementedper
forming the noiseestimationon theareasdetectecasnonmoving.
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e Study of the applicationof the “ x* Test” on the GeneralGaussiarDistri-
bution (GGD), to usethe beststatisticalmodel insteadof the Laplacian
approximation.

Scale-Spacé&egmentation

e Study of a possibleextensionof the scale-spacén RGB. Now, only the
luminanceinformationis used.lt is clearthatcolorsbring muchusefulin-
formationto differentiatebetweertwo regions.So,the useof colorsshould
beincluded.

e Studyof moreband-pas$eaturesStudieson the HVS indicatethatit uses
WaveletGaborFunctionAnalysis.It couldbea pointto start.

e Implementationof a post-processingechniquerelying on the gray level
to cleanoutvery smallregions(1-2-3pixel size),very commonin thefinal
sggmentatiorafterthetreereconstruction(Now, amorphologicatechnique
is beingused).
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Appendix A

GreensFunction

A Greendunctionis anintegratingkernelwhich canbe usedto solve anin-
homogeneoudifferentialequationwith boundaryconditions It senesroughlyan
ananalogousole in partial differentialequationsasdoesFourier analysisin the
solutionof ordinarydifferentialequations.

Considertthe1D case.

Lets L beadifferentialoperatorsuchthat

I/ = f)"—!—an_l(t)[)" -1+ ...—|—a1(t)l~)—|—a0(t), (Al)

with a;(t) continuoudor i = 0, 1,...n — 1 ontheinterval I, andassumeve wish
to find the solutiony(t) to the equation

I/y(t) = h(?), (A.2)

whereh(t) is agivencontinuouson /. To solve Eq. above, we look for afunction
g:C™"(I)— C(I)suchthatL (g(h)) = h where

y(t) =g (h(t)). (A.3)
Thisis a convolution equationof the form
y=gx*h, (A.4)
sothesolutionis
y(t) = int) g(t — z)h(z)dz, (A.5)

andthe function g(t) is calledthe Greensfunction for L on I. Now, notethatif
wetake h(t) = 6(t), thenGreensfunction ¢(t) canbedefinedby:

Lg(t) = 6(t). (A.6)
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For an arbitrary linear differential operatorL in 2D, the Greensfunction
G(7, ) is definedby analogywith the 1D caseby

LG(F,7) = 6(7 — 7). (A7)
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Appendix B

Implementation Details In
Scale-Spacé&egmentation

program.m

function [tot_masc,new_r  egi ons] =pro gra m(im,i ni ,cl eani ng,s _per_oct, 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 Id tr ee(im ,s _per _oct, sl ic es);

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

leveln=level-ini +1;

%dimim=size(im);

disp('Segmenting )

regions=segment( fa mily ,| eveln ,d imim);

disp('Ordering.. D)

[new_regions,tot _masc] =orde r_re gi ons(r egio ns,d imi m);

clear regions;

%morphologic  alternate sequential filter

if(cleaning)
disp('Cleaning.. D)
tot_masc=clean_s mdl _reg(to t_ masc,l);
itera=2;
change=0;
old_tot_masc=tot _nasc;

while(change==0)

disp('Cleaning L)
tot masc=clean _smdl _re g(tot masc, it era);
if(old_tot_mas c==t ot _masc)
change=1;
else
itera=itera+1;
old_tot masc=t ot _nmsc;
end
end

%Reordering of the regions and regrouping.

disp('Regroupi ng.. ." )

r=1;
for I|=1:length(new _regi ons)
[a,b]=find(tot _masc==I) ;
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 I( sparse(a.’, b’ ,1,dimim(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 L)
[new_regions,t ot _masc]= or der_re gio ns(r egio ns, di mim);
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( segnented _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 rayd(dil ate d);
end

out=erec_gray4(s egment ed_im.,dil ated,l) ;

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 _Ih(i  m,sl ices, 1,0. 90,s per_oct) ;

scale=pre_scale;
dim=size(scale)

noson=[];

volumes=[];

%exspcl=ones(dim(1),dim(2));
%exspc2=ones(dim(1),dim(2));
diff=double(max(max(scale(:,:,1 N))-
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_| evel (ones (dim (1), dim(2 )),0 nes(d im(1

noson,n-1,dim,double(scale(:,:, n-
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1)),double(scale(:,:,n)),diff,v
edges_scale(:,:,n),s_per_oct);
disp(’ fathers_number:’);disp(length

olume s,

% compressing data to store it
family _half{1}=sparse(family_
family _half{2}=sparse(family_
clear family_full;

full( .,
full(

family{n-1}=family_half;

clear family_half;
end
clear noson;
scalspclh.m
function [bigout_I,bigout_h]=scalspc_Ih(
%
%
% function that generates the scale-space
inal  image
% (the low-pass and the band pass.
%
% im: image
% N: number of levels till the
% mode: indicates if generating N stack
els (mode=1) or
% generating till a certain width of the
form (mode=0).
% sigma: width of the transform
% s_per_oct: number of levels per octave.
%
% bigout_I: low-pass stack. basis
ture of the image.
% bigout_h: stack of the detected
%figure(1);

%imshow(im);

edges through

(fami ly_f ull) ),

1));
2));

im,N, mode,sig ma,s_per_ oct)

of the orig-

top of the stack.
lev-

trans-

of the struc-

scale.
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dim=size(im);

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

bigout_I=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;
outl=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 iite red2) );

%old_filtered=filtered;
old_filtered=filtered2;

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

%imshow(out,[min(min(out)) max(max(out))]);
bigout_I(:,:,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;
rmr = 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 & Db(rr,cc+l) >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) + coxX*m) = 1;
[rx,cx] = find(  b(rr,cc) < 0 & Db(rr+1,cc) >0 ..
& abs( b(rr,cc)-b(rr+1,cc) ) > thresh); % [-
+
masc((rx+1) + coxX*m) = 1;
[rx,cx] = find(  b(rr-1,cc) > 0 & Db(rr,cc) <0 ..
& abs( b(rr-1,cc)-b(rr,cc) ) > thresh); % [+ -
]l
masc((rx+1) + cx*m) = 1;
% Most likely this covers all of the cases. Just check to
% 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+l) + cz*m; % Linear in-
dex for zero points
zz = find(b(zero-1) < 0 & b(zero+tl) > 0 ..
& abs( b(zero-1)-b(zero+1) ) > 2*thresh); % [-

see
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0 +]
masc(zero(zz)) = 1
zz = find(b(zero-1) > 0 & b(zerot+l) < 0 ..
& abs( b(zero-1)-b(zero+1) ) > 2*thresh); %[+ 0 -
]l
masc(zero(zz)) = 1
zz = find(b(zero-m) < 0 & b(zerotm) > 0 ..
& abs( b(zero-m)-b(zero+m) ) > 2*thresh); % [-
0 +]
masc(zero(zz)) = 1
zz = find(b(zero-m) > 0 & b(zerotm) < 0 ..
& abs( b(zero-m)-b(zero+m) ) > 2*thresh); %[+ 0 -
]
masc(zero(zz)) = 1
end

treelevel.cpp

T /T VIl /R Tl T /]
I

I

I

/l The following C/C++ Code performs the tasc corre-

sponding to the

Il linking. It builds the struc-

ture which will be used to perform

Il the segmentation after.

I

Il This code is embeded into a matlab pro-

gram. So, it uses the

Il C/C++ matlab interface. It has been done like that to allow
Il to continue working in matlab, the Mat-

lab code equivalent to

Il this  function was extremelly memory consumming.

I

I

I

i /T /]

#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 WGO0.4
#define WI 1.0 //Weight  values of the criteria
#define WMO0.4
#define NO_EDGE_DETECT
/[1 do not use edge detec-
tion, 0 use edge detection.
I#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_DV=0;
Image i_chl,i_fath,i_scalel,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> newvolumesl[4];

[IMATFile *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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/l  Data reading

i_chl.image=mxGetPr(prhs[0])
i_chl.width=mxGetN(prhs[0]);
i_chl.heigth=mxGetM(prhs|[0])
//mexPrintf("i_chl Heigth:
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:
i_fath.heigth,i_fath.width);

i_noson.position=mxGetPr(prh
i_noson.length=mxGetN(prhs[2
i_noson.heigth=mxGetM(prhs[2
//mexPrintf("i_noson Heigth:
i_noson.heigth,i_noson.length);

if(i_noson.heigth!=0

%d, Width:

%d\n",

)
)

%d, Width:  %d\n",

s[2])
)k
D;

%d, Width: %d\n",

&& 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 m);

/ImexPrintf("Level: %d\n",level);

dimens=mxGetPr(prhs[4]);

i_scalel.image=mxGetPr(prhs[ 5));

i_scalel.width=mxGetN(prhs[5 D;

i_scalel.heigth=mxGetM(prhs[ 5));

//ImexPrintf("i_scalel Heigth:  %d, Width: %d\n",
i_scalel.heigth,i_scalel.width) ;

I_scale2.image=mxGetPr(prhs[ 6]);

i_scale2.width=mxGetN(prhs[6

D;
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i_scale2.heigth=mxGetM(prhs[

//mexPrintf("i_scale2 Heigth:
I_scale2.heigth,i_scale2.width)

diff=*(mxGetPr(prhs[7])));

i_volumes.position=mxGetPr(p
i_volumes.length=mxGetN(prhs
I_volumes.heigth=mxGetM(prhs

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");

//ImexPrintf("Computing
Children  relationships...\n");

//fu n Ctl on kkkkkkkkkkkkkkkkkk

sum_fathers=tree_level(&i_ch
level,newnoson,family,dimens_fa
newvolumes,&i_edge,OCTAVE_DIV);

//fu n Ctl on kkkkkkkkkkkkkkkkkk

//mexPrintf("done\n");

//ImexPrintf("Creating matlab

if(newvolumes]0].size()>0){
plhs[2]=mxCreateDoubleMatrix(4,

}

else{
plhs[2]=mxCreateDoubleMatrix(0,

}

if(newnoson[0].size()>0){
plhs[1]=mxCreateDoubleMatrix(2,

}

else{
plhs[1]=mxCreateDoubleMatrix(0,

}

Parent-

88
6]);
%d, Width: %d\n",
rhs[8 ]);
[8);
[8]);
);
)i
L&  fath ,& n oson,& volum es,
m,&i_ scal el,& _scale2, diff,
variables...\n");
newvolume s[0] .siz e(),m XREAL);
0,mx REAL);
newnoson[ 0].s ize( ),mxR EAL);

0,mx REAL);
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plhs[0]=mxCreateNumericArray (3,di mens_fam, mxDQBLE CLASS,mxREAL);

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

int  k=0;
for(int i=0;i<sum_fathers;i++){
if(family[O][i][0]!=-1 && family[O][i][0]'=0){
for(int j=0;j<dimens_fam[0];j++){
o_family[j+k*dimens_fam[0]]=(do uble) (family[ O]Jli] [ ;
o_family[k*dimens_fam[0]+j+dime ns_fa m[0] *dim ens_f am[1]]=
(double)(family[1][i][]]);
}
k++;
}
}
Il if((k*dimens_fam[0])!=(dimens_ fam[ 0]*di mens_fam[1])) {
Il mexPrintf("he fet:  %d, hau-
ria d’haver fet: %d\n",
k*dimens_fam[0],dimens_fam[0]*d imens _fam[1]);
/l meXErrMsgTxt("error ja saps on");
Il }
/[ arxiu=matOpen("dades.mat","w") ;
/l mxSetName(plhs[0],"fam");
Il matPutArray(arxiu,plhs[0]);
Il matClose(arxiu);

if(newnoson[0].size()>0){

for(int i=0;i<newnoson([0].size();i++)1{
0_newnoson[2*i]=(double)newno son[ O] ;
0_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++){
0_newvolumes[4*i]=newvolumes| ol 1;
0_newvolumes[4*i+1]=newvolume s[1] [i];
0_newvolumes[4*i+2]=newvolume s[2] [i];
0_newvolumes[4*i+3]=newvolume s[3] [i];
}

}

//mexPrintf("done\n");

delete]] family[Q],
delete]] family[1],

}

int tree_level(Image *chl,Image *fath,Container *no-
son,Container

*_volumes,int level,vector<int> newno-

son[],vector<int> *family[],

int  dimens_fam[],Image *scalel,Image *scale2,double diff,

vector<double> newvolumesl],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 =0,0 Id_ma x_di =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 0_see n_edge=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 *]-1 )+
(int)(noson->position[2*i+1]-1) *chl- >hei gth]= 0;
}
}
[ImexPrintf("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_matl[i][j]).average=scal el-
>image[i+j*scale1l->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->heigthl];
}
}
IImexPrintf("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");
}
/lcreatin the new structure for parents and filling
fathers[O]=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 hl== 1)1
if(k>=sum_fathers) meXxErrMsgTxt("Error fa-
thers out of range");
fathers[O][K]=i;
fathers[1][K]=j;
K++;
}
}
}
family[O]=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[O][i].push_back(fathers[0 1l +21);
family[1][i].push_back(fathers[1 1l +21);
number_son[i]=0;

}

sigmap=0.455*exp(double((leve [+1)) *log (2)/O CTAME_DIV+

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

(OCTAVE_DIV-1.0)*l0og(2)/OCTAVE_  DIV);

limwindow=0.5*sigmap;
searchrad=3*sqgrt(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;

[ImexPrintf("Family size:  %d %d %d\n",
2,sum_fathers,family[0][0].size 0);

[ImexPrintf("lter %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=scalel->image[i+j*chl->h eigth ];
oldsim=0;

Ili_min=(((int)(j-searchrad))> 0) ? ((int)(j-

. 0;
Ilj_max=(((int)(j+searchrad))< fath- >wid th) ?
((int)(j+searchrad)) . fath->width;

searchrad))

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-)*(n-i)));
(n-)*(n-i)));

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

int  j_min=(m_min>0) ? m_min : O;
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[O][K]][ fath ers[ 1][K]
&& iter>0) || iter==0)

/IChecking if there are edges
if(NO_EDGE_DETECT){
no_seen_edge=1,;
}
else{
if(Is_there_an_edge(i,j,n,m,edg e)== 01
no_seen_edge=1,;
}
else{
no_seen_edge=0;
}
}

if(no_seen_edge){
//computation of crieria
distance=(i-fathers[0][K])*(i-

fathers[O][K])+
(-fathers[1][K])*(j-fathers[1] [KD;

].av erage '=0



ChapterB. ImplementatiorDetailsin Scale-Spac&egmentation 96

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

}

ci=1.0-fabs(color-scale2-
>image[fathers[O0][k]+

fathers[1][k]*scale2->heigth])/ diff;
wi=WI;
if(ci<O [| 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 T]].
volume/volume_max;
wg=WG;
wm=WM;
cm=1.0-fabs(new_vol_mat[fathe rs[0 ][K]]
[fathers[1][k]].average-vol_mat [(Ij lav erage )/di ff;
if(cg<0 | cg>1){

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

}
ifcm<0 || cm>1){
meXxPrintf("cm=%f par-
ent_average=%f son_average=%f
diff=%d\n",cm,new_vol_mat[fathe rs[0] [K]] [fath ers[ 1]k ]l.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;
}
IImexPrintf("wg: %f  wm: %f cg: %f cm:
,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*cii  %f \n",wg,wm,cg,cm,sim,d*ci);
if(d<0 || d>1) mexErrMs-
gTxt("d out of range");
if(ci<O [| ci>1) mexErrMs-
gTxt("ci out of range");
//mexPrintf("sim: %f d*ci:  %f \n",sim,d*ci);

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

oldsim=sim;
father=k;
}
}
}
}
}
/I for(k=0;k<sum_fathers;k++){ [[canvigrrr*xrskkiek
Il distance=(i-fathers[0][K])*(i-
fathers[O][K])+
(-fathers[1][K])*(j-fathers[1] [KD);
/l if(sgrt(distance)<=limwindow){
I d=1.0;
I }
Il else{
/l d=exp(-distance/(2*(sigmap*si gmap-

sigmac*sigmac)))/norma;

%f\n"
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Il }

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

Il if(oldsim<sim){

Il oldsim=sim;

Il father=k;

Il }

Il Hifor(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]J==max_son )
max_son++;
for(int t=0;t<sum_fathers;t++){

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

}
}
family[O][father][number_son|f ather ]+1] =i+l ;
family[1][father][number_son|f ather ]+1] =j+1 ;
number_son[father]++;
}
Hifor j
Hifor [
[ImexPrintf("Old Part is OKIN\n");
/IGeneration of new values volume and average
[ImexPrintf("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++){
[ImexPrintf("Peto al pare %d\n",);

double volume_tot=0;
double average_tot=0;

if(number_son[i]'=0){

int  j=1;

while(j<=number_sonli]){

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

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

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

j+H+;

}

average_tot=average_tot/volu me_tot;

if(volume_tot>volume_max){
volume_max=volume_tot;

}
[ImexPrintf("Pero puc fer els volums\n");
(new_vol_mat[fathers[O][i]][ fath ers[1 ][] ]).v olume =vol ume_tot;
(new_vol_mat[fathers[O][i]][ fath ers[1 ][] ]).a verag e=average _tot
[ImexPrintf("Pero puc escriure els volums\n®);
if(iter==(MAX_ITER-1)){
newvolumes[0].push_back((doubl e)fat hers [O][ i]+1. O);
newvolumes[1].push_back((doubl e)fat hers [1][ i]+1. O0);
newvolumes[2].push_back(volume _tot) ;
newvolumes[3].push_back(averag e tot );
}
}
else{
(new_vol_mat[fathers[O][i]][ fath ers[1 ][] ].v olume =0;
(new_vol_mat[fathers[O][i]][ fath ers[1 ][] ]).a verag e=0;

[ImexPrintf("Pero puc es-
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criure  els volums nuls\n");

}

if(iter<(MAX_ITER-1)1{
number_sonli]=0;
(family[O][i]).clear();
(family[1][i]).clear();

family[O][i].push_back(fathe rs[0 i+ 1);
family[1][i].push_back(fathe rs[1 i+ 1);
}
}
[ImexPrintf("He pogut fer la part nova");,
}
IImexPrintf("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[ oli J+1);
newnoson[1].push_back(fathers[ 1 ]+1);
fathers_wo_son++;
family[O][i][0]=-1;
family[1][i][0]=-1;
}
else{
if(family[O][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 el=0ksid 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[1l]=(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,

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

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

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

/ImexPrintf("search_n=%d search_m=%d\n",search_n,searc h_m);
if(search_n>=edge->heigth || search_n<O0 || search_m>=edge-
>width

|| search_m<O0){

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]))!=11
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[ o)) )
<edge->heigth)){
ksidel=edge->heigth*(search_ m+(i nt)(r int( p_gr av[l] ))+
(search_n+(int)(rint(p_grav[0]) ));
}
else{
ksidel=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] N);
}
else{
kside2=k;
}
if(edge->image[k]'=0 || edge-

>image[ksidel]!'=0 I

edge->image[kside2]!'=0){
found=1;
break;

}

grav|[O]=fath_n-search_n;
grav[l]=fath_m-search_m;

mg=sqrt(grav[0]*grav[0]+grav[1l I*ar av[1l] );

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

p_grav[O]=grav[1];
p_grav[1l]=-grav[O];

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

if(search_n>=edge->heigth || search_ n<O || 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] A
if(fabs(rint(grav[1]))!'=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};

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

dim=size(templ);

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, tempb,’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 templ;
end
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%Separing unconnected areas.

extra_r=1,

for r=1:nregions

tempr(:,:)=regions{r};

[Labeled,NUM]=bwlabel(full(sp arse( tempr(1,: )., tempr(2,; ),1
,dimim(1),dimim(2))),8);

clear tempr;

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

a=a.’;
b=b.’;
end
if(I==1)
regions{r}=[a; b];
else
regions{nregions+extra_r}=[a o]
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 the statemenbf section(3.2.2),from Eq. (3.10):

P (m W) : (C.1)
andthemodel:
3(7) - VI(F,t) + 61(87;’ D oy 4 ity - VI, (C.2)

theEqg. (3.11)canbederived.

Eq. (C.2) describeshe conditionalprobability P (272 | 7, V).
FromBayes:

oI(F,t),  P(XED |5 VI) . P(9)

ot )= P(2) ’

For thedistribution P (%)) azero-mearGaussiarwith covarianceh,, is chosen.
Theresultingdistribution of the provability in Eq. (C.1)is Gaussiarandthemean
andcovariancecanbe extractedas:

A, = {61- ((W)T Ay 61) : (W)T + Az?l] —1’

P(7|,VI, (C.3)

G
ot

- - \T -
Ly = —A-v1-<(v1) -Al-v1+A2> (C.4)
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whereA; is chosenasa diagonalmatrix, with diagonalentry o, andA, = o5.
Then:

A, = M + A7,

(ol||61(f, HI° + 02)

b
My = _Av' - 2 . (CS)
(91D + o)

Applying the formula over a neighborhoodesultsin the following smoothed
version:

(C.6)

Mo = _A'u .
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Appendix D

Implementation Details in Motion
Estimation

D.1 Algorithm Description and Numerical Approx-
imations

Derivative Filter

In the function, all the dervativeshave beenapproximatedn the discretedo-
main by a smoothedversionof the classicaldiscretedifferential linear operant
(diff[n] = [1,-1]).

We canapproximatecontinuousderiation f(x):

firy =29, ©.)
by
F'[n] = fn] * diff[n]. (D.2)

Before performingdifferentiationit is desiredto apply a low-passfiltering
(or smoothing)in orderto increase:he% andobtaina cleanerandmorereliable
Optical Flow. Linear filtering is performedthroughthe convolution of f[n] (the
input datafunction) andthefilter A[n]:

gln] = hin] x fln]. (D.3)

g'ln] = diff[n] x (h[n] x f[n]), (D.4)
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andthe corvolutionis associatie, ¢'[n] canberecalculated:
g'[n] = (diff[n] x h[n]) * f[n]. (D.5)

It follows that the final resultcan be calculateddirectly with the smoothed
versionof the differentialkernel.

In Images,the computationof the gradientis independentn eachdirection
(x andy). To performthe smoothedkernelin bothdirections,thefiltering kernel
mustbe separablelf thekernelis separablethereis no differencebetweerfilter-
ing with the completefilter function (2D function) andfiltering in eachdirection
with therespectre componentThen,if thekernelis separableywe cantake each
directionalcomponentconvolve it with its correspondendifferentialkerneland
we getthe smoothedlifferentialkernels.

Thekernel[ —%,2,0,—2, & ], which is the implementedone, is the re-
sult of the corvolution of the differentialfilter [ 1, —1 ] andthe Gaussiarfilter

(1,2 9 1]
127 127 127 12 1°
“Intersection of Constraints”

In section(3.2.2),we applieda smoothnessonstraintin orderto reducethe
singularity problemof the matrix inversion.An “intersectionof constraints”is
performedthroughthe combinationof motioninformationover a neighborhood.
Theresultof thatis a smootherevolution of the Optical Flow overtheimage.

In Simoncellis variation(section3.2.2),theinvertibility problemdoesnot ex-
ist. The assumptiorerrorsaccordingto the reality are modeledstatistically and
invertibility is ensuredAnyway, anotheproblemstill remainsTheaperturgrob-
lem arisesif the computationsare performedover a singlepixel. The problemis
thatonly the gradientinformationis consideredandconsequentlyperpendicular
motion to the gradientdirectionis missed.So, a neighborhoodscopeis needed
again,in orderto increasethe aperture.As in the caseof Lucas& Kanade a
constraintof uniformity over the neighborhoods introduced.The effect, aswe
saidmary timesbefore,is datasmoothing.To applythis constraintary weighting
function canbe taken, andin our casea Gaussiarfunction hasbeenused.The
effect is to performan emphasion the pixel (centerof the evaluationwindow).
Theusedweightingfunctionis thefollowing:

[ 0.0039 0.0156 0.0234 0.0156 0.0039 -|

0.0156 0.0625 0.0938 0.0625 0.0156

W; = 0.0234 0.0938 0.1406 0.0938 0.0234 (D.6)
0.0156 0.0625 0.0938 0.0625 0.0156
0.0039 0.0156 0.0234 0.0156 0.0039
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Finally, Simoncellisaidthat changingthe o parametersioesnot affect much
thefinal result.We have takenthesameheused.o; = 0.08, 02 = 1.0, 0, = 2.0.

D.2 Algorithm Code

function [V,V_no_filt]=m oti onbi g( fr ames, a, si gmal, si gma2,s igmap)
%

% [V,V_no_filt]=mo ti onbi g(f ra mes, a, sig mal, si gna2, si gnmap)
%

% 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.

%

% sigmal, 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 eros(di m(1),1) frames(:,1:dim(2 )-1,3)];

dxframe_3 2=-1. * zeros(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 )N

dxframe_3_4=1* [f rames(: ,3:dim(2),3 ) zeros(dim(1),2) I;



ChapteD. ImplementatiorDetailsin Motion Estimation 112

dx=(dxframe_3_1 +dxf ra me_3_2+dxfr ame _3_3+dxf rame_3_4) /1 2;

%Spatial derivative in the 'y direction.

dyframe_3_1=8* [z eros(1, di m(2)) ;frames(1:dim(1) -
1,5,3)];

dyframe_3_2=-1. *[ zeros(2 ,dim(2)) ;frames(1:dim(1 )-
2,.,3)];

dyframe_3_3=-8. *[ fr ames( 2: di m(1) ,:;, 3); zeros(1,dim(2)) I;
dyframe_3 4=1* [f rames(3 :dim(1), :,3 ); zeros(2,dim(2) )N

dy=(dyframe_3 1 +dyf rame_3 2+dyfr ame 3_3+dyf rame_3 4)/1 2;

%Temporal derivative.
dt=(1.*frames(: o ,1)- 8* fr ames(c ,;, 2)+8.* fr ames(:, :, 4)
-1.*frames(:,: S )N 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 (dim(1)d im(2),

N

)

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

z=[sum(sum(w2.* dx(n- 2: n+2, m-22m+2). "2 ./ (si gmal*(

dx(n-2:n+2,m-2  :m+2).” 2+dy(n-2: n+2, m-2: m+2. "2 )+

sigma2)+1l/sigm ap)) sum(sum(w2.* dx(n-2:n+2,m-
2:m+2)

Zdy(n-2:n+2,m -2:m+2) ./ (sig mal*( dx(n -2 :n+ 2, m-
2:m+2)

J2+dy(n-2:n+2 ,m-2: m+2).” 2) +si gma2)) ); sum(s umw?2. * ...

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

dx(n-2:n+2,m-2 :m+2).” 2+dy(n -2: n+2, m-
2:m+2)."2)+sigma  2))) ...

sum(sum(w2.*dy (n-2: n+2, m-2: m+2. "2 ./ (s igmal*(
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dx(n-2:n+2,m-2 :m+2).” 2+dy(n -2: n+2, m-
2:m+2)."2)+sigma  2)
+1/sigmap))];

B=[sum(sum(w2.* dx(n- 2: n+2, m-22m+2). *dt( n-2 :n +2,m-

2:m+2)

J(sigmal*(dx( n-2:n +2,m-2 :m+2) . 2+dy(n-2: n+2, m-
2:m+2)."2)

+sigmaz2))); sum(sum(w2.*dy( n-2 :n +2,m-2 :m+2) .*

dt(n-2:n+2,m-2 'm+2) ./ (sig mal*( dx(n-2:n +2, m-
2:m+2)."2+

dy(n-2:n+2,m-2 :m+2).” 2) +sig 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(1l)>=a & vals(2)>=a)
v=pre_yv;

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(h,m,2 )=pre _v(2),

end
end
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Appendix E

x? — distribution

Thefollowing distributionis the x% — distribution with r degreesof freedom:

w(%il)e(ig)
{ﬁ for0 <z < o0 (E.1)

0 forx <O0.

Thecumulatve distributionis theintegrationof the Eq. above:
x? x(%fl)e(fg) r X2

F. (x%) = ————dz = — =, E.2

(X ) /0 T (%) E x = Gammap <2 5 > (E.2)

whereGammap(a, z) is aregularisedgammafunction. Gammap(a, z) is alsoan
incompleteGammafunction,which oneis definedas:

1 z
Gammap(a, z) = —/ 20 Ve(=2) dg. (E.3)
I'(a) Jo

Someimportantdetailsare:

e Independentlylistributedy? thenif

k
ppe (E.4)
j=1

theresultis anotherx? distribution but with asmary degreesof freedomas
theadditionof all thedegreesof freedomof all thexg.
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o If 2 is a Gaussiardistribution, (22#)” is a x? distribution with 7 = 1 (de-
greesof freedom)[1].

e If z is a Laplacedistribution, |/ % |z — | is ax? distribution with r = 2
(degreesof freedom)[1].
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Appendix F

Implementation Details in Statistical
Motion Detection

F.1 Algorithm Description

In thefollowing therearedescribedhedifferedfunctionsusedto performthe
tests.Thedescribedunctionscanbefoundin sec.F.2.
estimamotion.m

This function performsthe motion estimationof theinput sequence-romthe
outputOptical Flow data,somestatisticalparameterareestimated:

e Generaimean.
e Generaktandarddeviation
e Standardieviation for every frameandvelocity component

e Meanfor every frameandvelocity component.

dist_find.m

This functiongivesthe parametethatmakesthe bestmatchbetweerthe data
histogramandthe GGD[31]. Two choicesareavailable. Theexponentparameter
canbevariatedor the o, letting oneor the otherfixed.

Sinceit is not necessary very precisesearchary efficient searchalgorithm
hasnotbeenused.t is performedanexhaustve searchwith adeterminateesolu-
tion steep.
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troba.m

In this sectiontwo functionsarepresentediroba()  andstatist()

t roba() -carriesoutwith thegenerabtructureof thealgorithm.It callsthefunc-

tion statist() thatperformsthetestin eachmotiondirection,andthen
it cleansandclassifiegshefoundregions.In thefollowing figureis described
theprocess.

Sometechniquesave beenincludedin orderto improve the quality of the
results.After the union of both resultsof the statisticaldetection|t is per
formeda Holes cleaninganda Little spot Cleaning. Theseprocessesre
performedusingmorphologicakools,the codecanbefoundatapp.G.

e Holes cleaning is performedusing reconstructionby erosion (¢"¢¢)
[7], using a plane white mask (white exceptthe image boundaries,
which arein black) asa marker, andthe original motion region mask
asareconstructiormodel.

e Little Spot Cleaning is performedusing erosionfollowed of recon-
structionby dilation (y"*¢ (X; e5(X)) whereX is theimageto filter)
[7]. Thetechniques basedon a erosionfirst by somestructuralele-
mentof the original image,anda posteriorreconstructiorby dilation
usingthe erodedmageasa marker andthe original oneastherecon-
structionmodel. The usedelementto erodeis a 5x5 binary simetric
elementlIn theimplementationaccordingto theiterationpropertyof
the erosion,we have realisedthe 5x5 elementffiltering by two 3x3 el-
ementconsecutiefiltering. SeeApp. G for detailsin morphology

Thefollowing stepsRegionLabelling andRegionExtraction & Centroid
Finding, arebasedn an scanningof the imageto look for the isolated8-
connectedegions,their extractionandthe computationof the centroidof
eachregion. This centroidis the averageof the z andy component®f all
the pixelsforming theregion.

stati st () performsthey? statisticaltest. The theoreticabasiscanbe found
in sec.3.2.3

F.2 Algorithm Code

estimamotion.m

function [out,out_no_pad ,Si gma, m,sa,sb ,ma, mb= est ima_mai on( mm
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%

% [out,out_no_pad, si gma, m,sa, sh,ma, mb]=est ima_motio 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 vy 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 dim2)-4 1);
b=v(5:dim(1)-4,5 dim(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)."2 12 +std 2(b ). "2 /2 +sigm 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)=Db;

end

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

dist_find.m

function out=dist_find(c ount, muys ig ma,x, male,e xpon)
%

% out=dist_find(co unt, musi gma, X, male, expon)

%

% 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.

% O 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(  count) ;

if(mode==1)

%search of the best parameter p with resolution 1/2000
for p=par:-0.001:0 5

ggd=exp(-(abs(  x- mu/ sqr t( si gma. "2* gamm( 1/ p)/ gamm( 3/ p)) )
Jp)/(2*gamma(1+ 1/ p) *s grt(s ig ma” 2*ganmal /p )/ gamma3/p)) );

ggd=ggd/sum(gg d) ;

err=sum((ggd-c  ount). "2) ;
%err=sum(abs(g gd-c ount) );

errlist=[errli st err];
parlist=[parli st pl;
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/ sqgr t( si gma. "2* gamm( 1/ p)/ gamm( 3/ p)) )
Jp)/(2*gamma(1+ 1/ p) *s grt(s ig ma” 2*ganmal /p )/ gamma3/p)) );

ggd=ggd/sum(gg d) ;

err=sum((ggd-c  ount). "2) ;
%err=sum(abs(g gd-c ount) );

errlist=[errli st err];
parlist=[parli st sigma];
end
end
[y,l]=min(errlis t) ;

out=parlist(l);
%displaying graphs
if(mode==1)

p=out;
else

sigma=out
end

ggd=exp(-(abs(x- mu)/ sqrt (si gma. "2 *g amna( 1/ p) /g amna( 3/ p) ))
p)/(2*gamma(1+ 1/ p) *s grt(s ig ma” 2*ganmal/p )/ gamma3/p)) );

ggd=ggd/sum(ggd) *l engt h( ggd);
p=1;

lap=exp(-(abs(x- mu)/ sqrt (si gma. "2 *g amna( 1/ p) /g amna( 3/ p) ))
p)/(2*gamma(1+ 1/ p) *s grt(s ig ma” 2*ganmal/p )/ gamma3/p)) );

lap=lap/sum(lap) *| engt h( lap );



Chapter. ImplementatiorDetailsin StatisticalMotion Detection 122

figure(1);

plot(x,count*len gt h( count)) ;
hold on;

plot(x,ggd,r’);

plot(x,lap,’9");

drawnow;

hold off

troba.m

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

%

% [area,centroids, to ta Is 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+l)

% side length.

%

% sigma: The std. deviation of the estimated noise in the

% motion estimation (it has two components sigma(l) -

vertical

% sigma-, sigma(2) -horizontal sigma-.

%

% Noise distribution is assumed to be Gaussian.

%



Chapter. ImplementatiorDetailsin StatisticalMotion Detection 123

% thres: Test threshold.
%

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

totalspeed=speed x | speedy;
dims=size(totals peed);

b=zeros(dims(1), di mg2)) ;

b(2:dims(1)-1,2: di ms(2 )- 1)=ones(d ims(1 )- 2, di mg(2) -2);
%Cleanning of holes

totalspeed=erec__ gray(t ot als peed,b ,1);

totalspeed_old=t ot al speed,;

%Little  spot cleaning

totalspeed=erode _gray(total speed);
totalspeed=erode _gray(total speed);
totalspeed=drec__ gray(t ot als peed_old ,to tals peed,l) ;

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

count=1;
entra=0;

%Computation of the area centroids

if(NUM)
for i=1:NUM
[a(:,1),a(:,2) I=fi nd(L == i);
llarg(i)=lengt h(a) ;
if(length(a)>= (0.5/1 00* di mg(1)* dims( 2)))
entra=1;

area{count}=a;
centroids(coun t, ;) =round( sum(a)/ le ngth (a));
count=count+1;
end
clear a;
end
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if(entra==0)
[fil,col]l=max( Il arqg);
[a(:,1),a(:,2) ]I=fi nd(L == coal);
area{l}=a;
centroids(1,:) =round(su m(a) /l ength (a)) ;
end
else
area={};
centroids=[];
end

function out=statist(spe ed, win, si gma,t hreshold ,av )
%

% out=statist(spee d, win, sig mat hreshol d, av)

%

% Function that returns a binary mask with the esti-
mated motion

% areas.

%

% out: Binary Mask

%

% speed: v_Xx component matrix.

%

% win: The test window is a square win-

dow of (2*win+l) 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) ,dim(2));

sig_level=delta;
out=delta;
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for n=win+l.dim(1) -win
for m=win+1:dim(2) -win

delta(n,m)=sum (s um(a bs( speed( n- win :n +win ,m-wi n: m+win) -

av)))

*sgrt(2)/sigma
sig_level=1.0- gammai nc( delt a( n, m), (2 *win +1).” 2);
if(sig_level<= th re shold )
out(n,m)=1;
end
end

end
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Appendix G

Mor phological Tools

SomeMorphological Tools have beenusedto differentpurposesThis mor
phological Tools have beenusedon 2D, 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 asdefinedlik e:

i(X)=x@B= |J p+b (G.1)

peEX & bEB

whereB is the structuralelement, X is theimage,p representsa pixel andb is a
structuralflat elemenin a certaindirection.
Thestructuralelementsusedare:

(@) (b) (©) (d)
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dilate_gray.m Dilation with the 3x3 element.

function dilated=dilate_ gra y( image)

%

% dilated=dilate_g ray(image)

%

% 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 (2,dim(2)); image(l:.dim(1) -1, )]
im(:,:,3)=[zeros (1.,dim(2)); [image(l:dim(1 )- 1, 2:dim(2))
zeros(dim(1)-1,1 N1

im(:,:,4)=[zeros (1,dim(2)); [zeros(dim(1)- 1,1)
image(1:dim(1)-1 Ad:dim2)-1)] 1,

im(:,:,5)=[zeros (dim(1), 1) image(:,1:dim(2 - 1)1

im(:,;,6)=[image
im(:,:,7)=[[imag
1,15
zeros(1,dim(2))]
im(:,:,8)=[[zero
;..
zeros(1,dim(2))]
im(:,;,9)=[image

dilated=max(im,[

(G ,2:dim(2) ) zeros(dim(1),1) 1;
e(2: di m(1), 2:di m(2)) zeros(dim(1)-

’s( di m(1) -1, 1) image(2:.dim(1) ,1:di m(2) -

’(2 :«dim(),. ); zeros(1,dim(2) I

1 3);

dilate_gray4.m Dilation with the’cross’ element.

function dilated=dilate_ gray4d(i ma

%

% dilated=dilate_g ray4(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,dim(2)); ima(l:dim(1)-1 D |
im(:,:,3)=[zeros (dim(1), 1) ima(;,1:dim(2)- 1,
im(:,:,4)=[ima(: ,2:dim(2)) zeros(dim(1),1) I;
im(:,:,5)=[ima(2 «dim(), ); zeros(1,dim(2) N

dilated=max(im,[ 1, 3);
dilate_gray2(ima,dir)

function dilated=dilate__ gray2(i mad ir)

%

% dilated=dilate_g ray2(i ma,dir)

%

% 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,dim(2) ); ima(l.dim(1)-1 BN
im(:,:,3)=[ima(2 :dim(1),: ); zeros(l,dim(2) )N
else
im(:,:,2)=[zeros (dim(1),1 ) ima(,1:dim(2)- 1,
im(:,:,3)=[ima(: ,2:dim(2) ) zeros(dim(1),1) I
end

dilated=max(im,[ 1, 3);

Erosion
TakingErosionasdefinediike:
e(X)y=xeB= |J p-b (G.2)
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whereB is the structuralelement,X is theimage,p represents pixel andb is a
structuralflat elementin a certaindirection.

The structuralelementausedarethe samethanthe usedfor the dilation, see
sectionabove.
erode.gray(image)

function eroded=erode_gr ay( image)

%

% eroded=erode_gra y( image)

%

% 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(1l.,d im( 2)); image(l.dim(1) -1, :) [
im(:,:,3)=[255.* ones(1l.,d im( 2)); [image(l:dim(1 )-1,
2:dim(2)) 255.*ones(dim( 1)- 1,1)1]] ;

im(:,:,4)=[255.* ones(1l.,d im( 2)); [255.*ones(dim Q -1,

1) image(1:dim(1)- 1,1:dim2)- 1)]] ;

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

1)]; 255.*ones(1,dim @2) 1

im(:,:,8)=[[255. *ones( di m(1)- 1, 1) image(2:dim(1), 1: di m(2) -
1)J;

255.*6ﬁes(1,dim 2) 1
im(:,:,9)=[image (2:dim(1),: ); 255.*ones(1,di m(2)) 1;

eroded=min(im,[] 3);
erode gray4(ima)

function eroded=erode_gr ay4(i mg

%

% 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.,dim( 2)); ima(l:dim(1)-1 S
im(:,:,3)=[255.* ones(dim(1) ,1) ima(;,1.dim(2)- ] ;
im(:,:,4)=[ima(: ,2:dim(2)) 255.*ones(dim(1 ), 1)];
im(:,:,5)=[ima(2 «dim(), :); 255.*ones(1,di m(2) )];
eroded=min(im,[] 3);

Reconstructionby Dilation

Thisoperations basednthemarkingof acertainimageF’, with acertain2 D
marker g, anddilate ¢ asmary timesasis necessartill it is reconstructeavith '
asa model. This meanghat g will besimilarto F' but someinformationwill be
missing,accordingto how wastheinitial markg.

We cannotatethis as,accordingto the previousnotation:

67 (9) = 6(g) A F — 8% (g9) = (67 (9))", (G.3)

whered indicatesthe dilation operation,g is the mark, F' the modelimage. &
meansdilation with reconstructiorll iteration,andin the secondterm, A means
the numberof times.

drecgray.m

function rec_out=drec_gr ay( image, rec_out,s te ps)
%

% function rec_out=drec_gra  y(image, 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( dcue) ;
temp = (image <= dcue);

rec_out(temp) = image(temp);
rec_out(‘temp) = dcue("temp);
dif=double(rec_ out) -do uble (r ec_out_ol d);

change=max(max( di f) );
end

Reconstructionby Erosion

In Reconstructiomy Erosion,we find the homologueoperationto the Recon-
structionby Dilation, but with Erosion.

ef(g) = —6."(—g) = ek (9) = (' (9))" (G.4)

erecgray.m

function rec_out=erec_gr ay( ima, re c_out ,s te ps)

%

% function rec_out=erec_gra y(image, 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);



ChapterG. MorphologicalTools 132

temp = zeros(dim(1),di m(2)) ;
while  change
rec_out_old=rec _out;
dcue=rec_out;
dcue=erode_gray (dcue);
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 animage.

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))- min( min (i m))) *27°32 ;

imcue=double(im)  -1;
rec_out=drec_gra  y(im,i mae, 1);
max_image=logica I( double (im )- double (re c_out) );

Finding Minima in animage.

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))- min( min(i m))) *2°32 ;

imcue=double(im)  +1;
rec_out=erec_gra y(im,i maue) ;
min_image=logica  I( double (re c_out) -d ouble (i m));

Finding Ridgesin animage (Finding edgesn 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( min(im)) ))* 2"~ 32;
imcue=double(im)  -1;

else
imcue=im;
end
if(dir==0 | dir==2)

rec_outl=drec_gr ay2(im,im cue, 1, 0);
max_image=logica I( double( im)- double( re c_outl));
end

if(dir==1 | dir==2)
rec_out2=drec_gr  ay2(im,im cue, 1, 1);
max_image=max_im age | logical(double(i m)-

double(rec_out2) )
end
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Filtering Mor phologically animage.

It hasbeenusedin the cleaningof the segmentedregions masca alternated
sequentiafilter [7] of apperturesnd closingswith reconstructionTo eliminate
thesmallregionslik e alonepixelsthatlastin theendof the segmentatiorprocess.

Seeapp.B thecodeis includedin the program.m.

if(cleaning)
disp('Cleaning.. D)
tot_masc=clean_s mdl _reg(to t_ masc,l);
itera=2;
change=0;
old_tot_masc=tot _nMasc;

while(change==0)

disp('Cleaning N
tot_masc=clean _smdl _re g(tot_ masc, it era);
if(old_tot_mas c==t ot _masc)
change=1;
else
itera=itera+1;
old_tot masc=t ot _nmsc;
end
end

Filling Holes.

Filling holesis a classicaplicationof the morphologicaffilters [7]. In thefol-
lowing thereis alittle pieceof codethatperformssuchatasc.
Let totalspeedbe a binary maskthatwe wantto clean,so:

dims=size(totals peed);

b=zeros(dims(1), di mg2)) ;
b(2:dims(1)-1,2: di mg2)- 1)=ones(d ims(1 )- 2, di mg2) -2);

%Cleanning of holes
totalspeed=erec__ gray(t ot als peed,b,1);
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