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ABSTRACT

In this work, we study the extraction of semanticobjects
from still images. We combinedifferentideasto extract
themin astructurednannettogethemwith a perceptuaimet-
ric thatranksthemaccordingwith its perceptuatelevance.

The algorithm hasfour steps,the regularizationof the
initial segmentatiorusingprobability diffusion[1], simpli-
fication of the segmentationvia region meiging, computa-
tion of the perceptuametricbasedon [2] andconstruction
of the structurethat representshe image(the binary parti-
tion tree[3]).

1. INTRODUCTION

Theextractionof semantiobjectsfrom imagesor sequences
is oneof the mostchallengingproblemsin imageanalysis.
Thesesystemsare of key importancefor the new content-
basedapplicationdik e: object-base@mageandvideocom-
pression(standardsIPEG2000and MPEG-4), multimedia
applicationsthat permit somekind of objectmanipulation
(videoindexing in the context of MPEG-7),andvideo seg-
mentationfor trackingandsurweillance.

The main difficulty of this problemresidesin the fact
thatsimplefeaturesdo notuniquelydeterminesemantiob-
jects.For instance sggmentatiorinto homogeneousegions
doesnot leadto semanticobject extraction. Humanscor-
rectly detectsemanticobjectsin awide rangeof conditions;
lightning conditionsocclusionchangen colourwithin the
sameentity, etc. For analgorithm,this taskis moredifficult
andit hasbeenone of the moststudiedproblemsin image
analysis.For this reasonseveralworks assumedhatsome
kind of userinteractionmustbe addedto extract semantic
objects.This hasraisedthe classificatiorof algorithmsinto
automaticor semi-automatic.Although the latter’s do not
automaticallyaccomplistitheobjectve,they provideagood
initial condition. For instancejn severalworks on extrac-
tion of semanticvideo objects thefirstimageis segmented
in asemi-automatievay andthenthe objectsaretrackedin
thesequence.
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Now, we briefly review someof the works on semantic
objectextractionfrom still images. Themostclassicalap-
proachesare basedon region meming [4], region growing
algorithmsand spatial sgmentationwith multiple thresh-
olds[5]. In [6, 7] the basictools for the extractionof re-
gionsareconnectedperatorsvhich filter theimagemerg-
ing the flat zones. In this way, they do not introducenew
contoursandthereforecontoursare presered. Also other
morphologicaktransformationsuchasregion-groving wa-
tershedgeodesickeletonandpropagatiorof markershave
beenused[8, 6, 9]. The previous approachesise simple
features:colour, edgeinformation, texture, and motion for
video segmentation.

For severalregion-basedpplicationswe not only need
the sgmentation but also a good datastructureto repre-
sentit. In [3] Salembieretal. introducethe ideaof binary
partitiontrees(BPT) asa suitabledatastructure.

Regardingthe perceptuametric, we cite [2]. For every
region in the segmentedimage, simple featuresare com-
putedand combinedto obtaina map of perceptuaimpor-
tance. Although, thereare mary works dealingwith this
problem,this approachs simpleandis the onewe arego-
ing to use.

1.1. Our Approach

In thiswork, we combinedifferentideasto extractsemantic
objectsfrom imagesin a structuredmanner

Fromafine initial segmentationwe first apply a regu-
larizationstepusingour previouswork on probability diffu-
sionappliedto classificatiorproblemd1]. Ononehandthe
numberof regionsdecreasewhenregularizingthe segmen-
tation (smallnoisyregionsaremeiged). On the otherhand,
in this stepnew regionscanbe added We mustsaythatthe
first oneis the maingoal sinceit reduceshe compleity of
thesucceedingteps.

With the resultingsegmentatiorafter the regularization
step,we constructheregionadjacenyg graph(RAG), where
eachnoderepresents region andlinks connectneighbour
ing regions. We model eachregion with its meanand a
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region-meging algorithmis appliedto obtain the desired
numberof regions. At this point, the usershouldinteract
with the algorithmto stopit whenthe resultingsegmenta-
tion is thedesiredone.

The sggmentationresultof the meming algorithmcon-
tains regions nearly matchingthe semanticobjectsin the
image. With this segmentation,we computea perceptual
metric(PM) thatranksobjectsaccordingwith its perceptual
importance We improvedOsbeger'swork [2].

Oncewe have the semanticsegmentationwe construct
aBPT with it [3]. We againapply a merging algorithmus-
ing the PM. Eachtime two regionsarememgeda new node
of the treeis added. This procedures applieduntil there
is only oneregion. Thus,in the leavesof thetreewe have
theinitial regionsandin the remainingnodestheir unions.
After computingthe BPT, theusercanimprovethesggmen-
tationmanually(BPT malke it very simpleandfast[3]).

Although ary initial segmentationcanbe used,we use
the sggmentationobtainedwith algorithmswe presentedn
[10]. Theadwantageof it is thatregionsalreadymatchthe
objectsof interest.

2. SEGMENTATION REGULARIZA TION

In the first stepof the algorithmwe add coherencdo the
initial segmentationusing the vector probability diffusion
schemdgVPD) [1] by addingspatialcoherencéo the poste-
riors probabilitiesof classepresenin theimage.

We saythata givenregionfrom theinitial segmentation
{Ri,...,R,}, is avalid classif its areais biggerthana
giventhreshold.Eachclassc; € C = {¢; : i = 1,...,m}
is representegvith the meanof its membersy;. For every
pixel z we have a probability vectorp(z) € P = {p €
IR™ : ||p|ls = 1,p; > 0} wherep;(z) equalsheprobability

of pixel z to belongto theclasse;:
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To addspatialcoherencento the classificationprocess
VPD diffusesthe distancebetweerpointsin P with thefol-
lowing diffusionequations:

ot i1 IVpill

For furtherdetailsandimplementatiorsee[1].

3. REGION MERGING ALGORITHM

To apply the memging algorithmwe needto definethe re-
gion modelandthe meming criterion, which dependon a
distancebetweerregions. Theregion modely; is definedas

the meanof the pixelsin theregion R;. Whentwo regions
aremeiged,thenew modelmustbe computed.To make the
model estimationrobust, the nev model equalsthe one of
thebiggerregion[11, 3].

Thememing criterionminimizesthe costof eachmerg-
ing. Thatis, eneachstepwe minimize the costfunction(2)
meiging the pair of nodeswith minimum cost.

c RI;R2) = (2)

P Rl)D(Rl, R, U Rz) + P(RQ)D(RQ, Ry U Rz)
D is the distancebetweenregions: D(R;, R;) = |u; —
w;il?, and P(R;) is the probability of region R;: P(R;) =
Area(R;)/Area ). This costfunction measureshe error
betweerthe given partitionandthe new model. For highly
texturedregionsthe meanalonewill not be enoughto dis-
criminatebetweerregions,we shouldincludea measuref
texturelik e thevariancewithin theregion.

4. PERCEPTUAL METRIC

In this sectionwe presenta PM to automaticallydetermine
the perceptualmportanceof differentregionsin theimage.
This metricis basedon Osbeger’s work [2] and usesser-
eralfeatureghatinfluencehumanvisualattention.For each
region in theimage,a setof featuress computedandthen
combinedto obtaintheimportancemapthatrankseachre-
gionwith respecto its perceptuaimportance.

Firstly, to apply this ideawe needa sggmentationof
the image. This point is crucial; regionsin the seggmen-
tation should representsemanticregions or part of them,
otherwise the perceptuametricwill not correlatewith our
perception. For this reasonwe do not usethe initial seg-
mentationto computetheimportancemapasit containsoo
mary small regions. Instead,we computethe perceptual
metric using a coarsersegmentedimage, the one obtained
aftersomestepsof the meming algorithm.

4.1. Factorswhich influenceour attention

Thesdactorscanbeclassifiednto: low levelandhighlevel.
Among low-level factors,we have: contrast,size, shape,
andcolour. High-level factorsare of coursemoredifficult
to model. For instancethe presencef peoplein theimage
is astrongfactor;ourattentions dravnto theireyes,mouth,
andhands.In our case we uselocationandthe distinction
of foregroundandbackgroundashigh-level factors.
Contrast: Region contrastis a very strongfactor; regions
with high contrastwith their neighbourregionsattractour
attention,andthereforethey mightbelongto regionsof per
ceptualimportance.The contrastof aregion R; which has
asetof neighbour R;, , ..., R;, } is computedas:

N
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a; = LengthOR; N OR;;) /Perimete(R;)

wherep;; arethe meansof theregionsR;; anda; weights
the contribution of eachneighbouringregion to the con-
trast measure. That s, the more contactbetweenregions
themoreit shouldcontrituteto the contrastmeasure.
Osbegermeasureshe contrastasthe differenceof the
meanof a region andthe meanof the neighbourregions.
This is not a robust measuresincethe meanof the neigh-
bouringregionsis stronglyaffectedby an“outlier” region.
For example,take a region with mean128 andtwo neigh-
bourswith means255 and0. In this casethe meanof the
neighbouringregions equalsthe meanof the region and
thereforeaccordingto Osbeger metric the contrastwill be
0. Obviously, this doesnot reflectwhatwe perceve. With
our definition of contrast(neglecting the factorse;), the
contrastis 128.
Size: It hasbeenfoundthatregion sizeis animportantfac-
tor. Large regionsare more likely to attractour attention
thanthesmallones.Thesizemeasuraes computeds:

Size(R;) = max {Area(R;)/Amas, 1}

whereA, .. is setto the1% of thetotal areaandis usedto
preventexcessve weightingto very largeregions.

Shape: It hasbeenarguedthat long and thin regions are
visual attractorg[12], but alsothatour perceptiontendsto
favour compactregions[13]. Osbegerappliesthefirstidea
andusestheshapeactor: PerimetefR;)!"> /Area R;) try-
ing to capturelong andthin regions. Corversely we ap-
ply the seconddeausingthe isoperimetricratio of the re-
gionwhich scorescompactregionsasmoreimportant. Ac-
cordingto our experiments this selectionperformsbetter
Notethattheisoperimetricatio is nearlytheinverseof Os-
bemger'smeasure.

ShapéR;) = Area(R;)/Perimete(R;)*

Foreground/Background: Typically, objectsin the fore-
groundattractour attention.To determindf aregionis part
of the backgroundve measurghe numberof pixels of the
region borderthatbelongto theimageborder In this way
theforeground/backgrand measurés computedas:

FB(R;) =1 — min { LengthOR; N 9) 1}

0.5 * PerimetefQ)’

Location: Differentexperimentshave shovn thattypically
viewersfocusat the centreof theimage. To computethis
factorwe measurehe numberof pixelsof theregionwhich
arewithin the 25% centreof theimage: CentréR;). Re-
gionsthatareentirelyin the centreof theimagewill have
themaximumweight.

Location R;) = CentréR;)/Area R;)

Importance Map: After normalizingeachof the factors
presentedabove to the range[0, 1] the importancemapis
computedasthe sumof their squaredvalues. This assigns
higherscoredo regionswith high scoresn somefactors.

5. ALGORITHM

In this section,we describethe whole algorithm. We argue
that semanticobjectsmust be usedto constructthe BPT.

We wanta smalltree capturingthe semantiocobjectsin the
image. Therefore we computethe BPT after somestepsof

theregion-megingalgorithm.

1. Giventheinitial partitionwe applytheVPD to addcoher

enceto theinitial segmentatiorandrecomputehe partition.
2. Apply the memging algorithmuntil we obtainthe desired
numberof regions, Ry, . In this step,the userinteraction
maywantto controlthethresholdo stopthe mergingwhen
thesggmentatiorcaptureshesemantiobjectsn theimage.
3. Computethe perceptuametric.

4. A new meging stepis appliedbut now the metric is

weightedwith the perceptuametric:

C(R1,R:) = PM(R,)P(R,)D(R1,R1URy)
+ PM(R3)P(R2)D(R2,R1 UR»)

Apply meming algorithm until the numberof regions is
R:p, oruntil asingleregionis found. In thelatercase the
merging orderis usedto build the BPT. Whentwo regions
aremerged,the perceptuametricis updatedwith:

PM (R, U Ry) = min {PM(R,), PM(R>)}

6. RESULTS

In figure 1 we show the resultsfor Claireimage. Theini-
tial sgmentatiorwasobtainedwith thealgorithmpresented
in [10]; it containsall level setswhich: containT-junctions
at their boundariesandhave good contrastand shape.We
shaw theinitial segmentationtheresultafterVPD (thenum-
ber of regionsis reducedwhile the mostimportantregions
are kept), andfinally the result of the memjing algorithm
(at this point the usercontrolsthe meming in orderto ob-
tainregionsmatchingthe semantimbjects).For this simple
image,we achiezed our goal of sggmentingthe imageinto
semanticobjects. For this segmentationwe computedthe
PM andatlasttheBPT. We alsoshaw thefinal segmentation
for Carphondmage.

7. CONCLUSIONS

Although the algorithmsusedin this work are not com-
pletely new, we integratedthemto extractsemanticmbjects
in previously segmentedmages.We improvedthe compu-
tation of the perceptuametric proposecby Osbeger. We



usedthe perceptuaimetric in the constructionof the BPT
andwe statedthat this tree mustbe basedon importantre-
gions(the onesobtainedafter the supervisedegion merg-
ing). As we showved, theinclusionof the perceptuametric
in the BPT constructionhelpson moving closeto the root
the perceptuallyimportantobjects.

For simpleimages ik e Claire, the algorithmeasily ex-
tractsthe semanticobjects. On the other hand, for com-
plex image,like Carphonethe algorithmsproposedio not
achieve the objective completely However, the structured
resultsherepresentedvould aid the userto correctthe seg-
mentatiorandproperlyextractthe semanticmbjects.
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Fig. 1. Firsttwo rows: Claire with 1994regions, aftertwo

iterationsof VPD (areathresholds 100pixels)with 766re-

gions,andtheimagewith 6 regionsmatchingthe semantic
objects.We shawv theimageswith regionsrepresentetly its

meanandboundaries.Third row: Claire PM (Bright indi-

catesimportant. Theresultsmatchour perceptiontheface
is the mostimportantregion) and Carphonesegmentation
results(30 regions).Finally, we shav Claire BPT.



