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ABSTRACT

In this work, we study the extraction of semanticobjects
from still images. We combinedifferent ideasto extract
themin astructuredmannertogetherwith aperceptualmet-
ric thatranksthemaccordingwith its perceptualrelevance.

The algorithmhasfour steps,the regularizationof the
initial segmentationusingprobabilitydiffusion[1], simpli-
fication of the segmentationvia region merging, computa-
tion of theperceptualmetricbasedon [2] andconstruction
of the structurethat representsthe image(the binaryparti-
tion tree[3]).

1. INTRODUCTION

Theextractionof semanticobjectsfrom imagesorsequences
is oneof themostchallengingproblemsin imageanalysis.
Thesesystemsareof key importancefor the new content-
basedapplicationslike: object-basedimageandvideocom-
pression(standardsJPEG2000andMPEG-4),multimedia
applicationsthat permit somekind of objectmanipulation
(videoindexing in thecontext of MPEG-7),andvideoseg-
mentationfor trackingandsurveillance.

The main difficulty of this problemresidesin the fact
thatsimplefeaturesdonotuniquelydeterminesemanticob-
jects.For instance,segmentationinto homogeneousregions
doesnot lead to semanticobjectextraction. Humanscor-
rectlydetectsemanticobjectsin awiderangeof conditions;
lightningconditions,occlusion,changein colourwithin the
sameentity, etc.For analgorithm,this taskis moredifficult
andit hasbeenoneof themoststudiedproblemsin image
analysis.For this reason,severalworksassumedthatsome
kind of userinteractionmustbe addedto extract semantic
objects.Thishasraisedtheclassificationof algorithmsinto
automaticor semi-automatic.Although the latter’s do not
automaticallyaccomplishtheobjective,they provideagood
initial condition. For instance,in several works on extrac-
tion of semanticvideoobjects,thefirst imageis segmented
in a semi-automaticway andthentheobjectsaretrackedin
thesequence.�
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Now, we briefly review someof theworkson semantic
objectextractionfrom still images

�
. Themostclassicalap-

proachesarebasedon region merging [4], region growing
algorithmsand spatialsegmentationwith multiple thresh-
olds [5]. In [6, 7] the basictools for the extractionof re-
gionsareconnectedoperatorswhich filter theimagemerg-
ing the flat zones. In this way, they do not introducenew
contoursandthereforecontoursarepreserved. Also other
morphologicaltransformationssuchasregion-growing wa-
tershed,geodesicskeletonandpropagationof markershave
beenused[8, 6, 9]. The previous approachesusesimple
features:colour, edgeinformation,texture,andmotion for
videosegmentation.

For severalregion-basedapplications,we not only need
the segmentation,but also a gooddatastructureto repre-
sentit. In [3] Salembieret al. introducethe ideaof binary
partitiontrees(BPT)asa suitabledatastructure.

Regardingtheperceptualmetric,we cite [2]. For every
region in the segmentedimage,simple featuresare com-
putedandcombinedto obtaina mapof perceptualimpor-
tance. Although, thereare many works dealingwith this
problem,this approachis simpleandis theonewe arego-
ing to use.

1.1. Our Approach

In thiswork, wecombinedifferentideasto extractsemantic
objectsfrom imagesin astructuredmanner.

Froma fine initial segmentation,we first applya regu-
larizationstepusingourpreviouswork onprobabilitydiffu-
sionappliedto classificationproblems[1]. Ononehand,the
numberof regionsdecreaseswhenregularizingthesegmen-
tation(smallnoisyregionsaremerged).On theotherhand,
in this stepnew regionscanbeadded.We mustsaythatthe
first oneis themaingoalsinceit reducesthecomplexity of
thesucceedingsteps.

With theresultingsegmentationafter theregularization
step,weconstructtheregionadjacency graph(RAG),where
eachnoderepresentsa regionandlinks connectneighbour-
ing regions. We model eachregion with its meanand a�

For videosequences,motioninformationplaysanimportantrolesince
semanticobjectsusuallymove together.



region-merging algorithm is appliedto obtain the desired
numberof regions. At this point, the usershouldinteract
with the algorithmto stopit whenthe resultingsegmenta-
tion is thedesiredone.

Thesegmentationresultof themerging algorithmcon-
tains regions nearly matchingthe semanticobjectsin the
image. With this segmentation,we computea perceptual
metric(PM) thatranksobjectsaccordingwith its perceptual
importance.We improvedOsberger’swork [2].

Oncewe have thesemanticsegmentation,we construct
a BPT with it [3]. We againapplya merging algorithmus-
ing thePM. Eachtime two regionsaremergeda new node
of the tree is added. This procedureis applieduntil there
is only oneregion. Thus,in the leavesof the treewe have
the initial regionsandin the remainingnodestheir unions.
After computingtheBPT, theusercanimprovethesegmen-
tationmanually(BPTmake it verysimpleandfast[3]).

Althoughany initial segmentationcanbe used,we use
thesegmentationobtainedwith algorithmswe presentedin
[10]. Theadvantageof it is that regionsalreadymatchthe
objectsof interest.

2. SEGMENTATION REGULARIZA TION

In the first stepof the algorithm we addcoherenceto the
initial segmentationusing the vectorprobability diffusion
scheme(VPD) [1] by addingspatialcoherenceto theposte-
riors probabilitiesof classespresentin theimage.

Wesaythatagivenregionfrom theinitial segmentation
,
��� ����	
	�	�� �
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��� ��	�	�	
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is representedwith themeanof its members: �� . For every
pixel ! we have a probability vector "$#%!�&'�)(*� � "+�
IR,-�/.0"1. � �-� � "��1243 � where"/�5#6!7& equalstheprobability
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To addspatialcoherenceinto the classificationprocess
VPD diffusesthedistancebetweenpointsin ( with thefol-
lowing diffusionequations:G "��G�H �JI 	7K IL"/�M N ,� B � .�IL"/�5.8OQP �R�S� ��	�	�	
���F	
For furtherdetailsandimplementationsee[1].

3. REGION MERGING ALGORITHM

To apply the merging algorithmwe needto definethe re-
gion modelandthe merging criterion,which dependson a
distancebetweenregions.Theregionmodel  � is definedas

themeanof thepixelsin theregion
� � . Whentwo regions

aremerged,thenew modelmustbecomputed.To makethe
modelestimationrobust, the new modelequalsthe oneof
thebiggerregion [11, 3].

Themergingcriterionminimizesthecostof eachmerg-
ing. Thatis, eneachstepweminimizethecostfunction(2)
merging thepairof nodeswith minimumcost.T # � �U� � O &V�W # � � &YXZ# � � � � �1[ � O &]\ W # � O &^X_# � O � � �`[ � O & (2)X is the distancebetweenregions: X_# � � � � A &a� :  � < A : O , and

W # � � & is the probabilityof region
� � : W # � � &��

Area# � � &�b Area#dce& . This cost function measuresthe error
betweenthegivenpartitionandthenew model. For highly
texturedregionsthe meanalonewill not beenoughto dis-
criminatebetweenregions,we shouldincludea measureof
texturelike thevariancewithin theregion.

4. PERCEPTUAL METRIC

In this section,we presenta PM to automaticallydetermine
theperceptualimportanceof differentregionsin theimage.
This metric is basedon Osberger’s work [2] andusessev-
eralfeaturesthatinfluencehumanvisualattention.For each
region in the image,a setof featuresis computedandthen
combinedto obtaintheimportancemapthat rankseachre-
gion with respectto its perceptualimportance.

Firstly, to apply this idea we needa segmentationof
the image. This point is crucial; regions in the segmen-
tation shouldrepresentsemanticregions or part of them,
otherwise,theperceptualmetricwill not correlatewith our
perception.For this reason,we do not usethe initial seg-
mentationto computetheimportancemapasit containstoo
many small regions. Instead,we computethe perceptual
metric usinga coarsersegmentedimage,the oneobtained
aftersomestepsof themergingalgorithm.

4.1. Factorswhich influenceour attention

Thesefactorscanbeclassifiedinto: low levelandhighlevel.
Among low-level factors,we have: contrast,size, shape,
andcolour. High-level factorsareof coursemoredifficult
to model.For instance,thepresenceof peoplein theimage
is astrongfactor;ourattentionisdrawn to theireyes,mouth,
andhands.In our case,we uselocationandthedistinction
of foregroundandbackgroundashigh-level factors.
Contrast: Region contrastis a very strongfactor; regions
with high contrastwith their neighbourregionsattractour
attention,andthereforethey mightbelongto regionsof per-
ceptualimportance.Thecontrastof a region

� � which has
a setof neighbours

�f� �hg ��	�	�	
� � �ji � is computedas:

Contrast# � � &`� �k l@A�B ��m A :  � <F �
n :



m A � Length# G � �Qo G � �
n &�b Perimeter# � � &
where  �pn arethemeansof theregions

� �
n and m A weights
the contribution of eachneighbouringregion to the con-
trast measure.That is, the more contactbetweenregions
themoreit shouldcontributeto thecontrastmeasure.

Osbergermeasuresthecontrastasthedifferenceof the
meanof a region and the meanof the neighbourregions.
This is not a robust measuresincethe meanof the neigh-
bouringregionsis stronglyaffectedby an“outlier” region.
For example,take a region with mean �fqUr andtwo neigh-
bourswith meansqtsts and 3 . In this casethe meanof the
neighbouringregions equalsthe meanof the region and
thereforeaccordingto Osbergermetric thecontrastwill be3 . Obviously, this doesnot reflectwhatwe perceive. With
our definition of contrast(neglecting the factors m A ), the
contrastis �uqtr .
Size: It hasbeenfoundthatregionsizeis animportantfac-
tor. Large regionsaremore likely to attractour attention
thanthesmallones.Thesizemeasureis computedas:

Size# � � &`��vxw�y � Area# � � &�b{z ,e|{} � � �
where z ,e|{} is setto the ��~ of thetotal areaandis usedto
preventexcessiveweightingto very largeregions.
Shape: It hasbeenarguedthat long and thin regionsare
visual attractors[12], but alsothat our perceptiontendsto
favourcompactregions[13]. Osbergerappliesthefirst idea
andusestheshapefactor:Perimeter# � ��& �{� ��� b Area# � ��& try-
ing to capturelong and thin regions. Conversely, we ap-
ply the secondideausingthe isoperimetricratio of the re-
gion which scorescompactregionsasmoreimportant.Ac-
cordingto our experiments,this selectionperformsbetter.
Notethattheisoperimetricratio is nearlytheinverseof Os-
berger’smeasure.

Shape# � ��&`� Area# � ��&5b Perimeter# � ��& O
Foreground/Background: Typically, objectsin the fore-
groundattractourattention.To determineif a region is part
of thebackgroundwe measurethenumberof pixelsof the
region borderthatbelongto the imageborder. In this way
theforeground/backgroundmeasureis computedas:

FB # � � &`�S�e<'v������ Length# G � �/o G ce&3 	 s�� Perimeter#dce& � ���
Location: Differentexperimentshave shown that typically
viewersfocusat the centreof the image. To computethis
factorwemeasurethenumberof pixelsof theregionwhich
arewithin the qts�~ centreof the image: Centre# � ��& . Re-
gionsthat areentirely in the centreof the imagewill have
themaximumweight.

Location# � � &9� Centre# � � &�b Area# � � &

Importance Map: After normalizingeachof the factors
presentedabove to the range � 3 � ��� the importancemap is
computedasthesumof their squaredvalues.This assigns
higherscoresto regionswith high scoresin somefactors.

5. ALGORITHM

In this section,we describethewholealgorithm.We argue
that semanticobjectsmust be usedto constructthe BPT.
We want a small treecapturingthesemanticobjectsin the
image.Therefore,we computetheBPT aftersomestepsof
theregion-mergingalgorithm.
1. Giventheinitial partitionweapplytheVPD to addcoher-
enceto theinitial segmentationandrecomputethepartition.
2. Apply themergingalgorithmuntil we obtainthedesired
numberof regions,

�L�%� g . In this step,the userinteraction
maywantto controlthethresholdto stopthemergingwhen
thesegmentationcapturesthesemanticobjectsin theimage.
3. Computetheperceptualmetric.
4. A new merging stepis appliedbut now the metric is
weightedwith theperceptualmetric:�T # � ��� � O &�� W�� # � � & W # � � &YXZ# � ��� � � [ � O &\ W�� # � O & W # � O &YXZ# � O � � � [ � O &
Apply merging algorithm until the numberof regions is� �%���

or until a singleregion is found. In thelatercase,the
merging orderis usedto build the BPT. Whentwo regions
aremerged,theperceptualmetricis updatedwith:W�� # � � [ � O &`��v���� � W�� # � � & � W�� # � O & �

6. RESULTS

In figure 1 we show the resultsfor Claire image. The ini-
tial segmentationwasobtainedwith thealgorithmpresented
in [10]; it containsall level setswhich: containT-junctions
at their boundaries,andhave goodcontrastandshape.We
show theinitial segmentation,theresultafterVPD(thenum-
berof regionsis reducedwhile themostimportantregions
are kept), and finally the result of the merging algorithm
(at this point the usercontrolsthe merging in orderto ob-
tain regionsmatchingthesemanticobjects).For thissimple
image,we achievedour goalof segmentingthe imageinto
semanticobjects.For this segmentation,we computedthe
PM andatlasttheBPT. Wealsoshow thefinal segmentation
for Carphoneimage.

7. CONCLUSIONS

Although the algorithmsusedin this work are not com-
pletelynew, we integratedthemto extractsemanticobjects
in previously segmentedimages.We improvedthecompu-
tation of the perceptualmetric proposedby Osberger. We



usedthe perceptualmetric in the constructionof the BPT
andwe statedthat this treemustbebasedon importantre-
gions(the onesobtainedafter the supervisedregion merg-
ing). As we showed,the inclusionof theperceptualmetric
in the BPT constructionhelpson moving closeto the root
theperceptuallyimportantobjects.

For simpleimages,like Claire,thealgorithmeasilyex-
tracts the semanticobjects. On the other hand, for com-
plex image,like Carphone,thealgorithmsproposeddo not
achieve the objective completely. However, the structured
resultsherepresentedwould aid theuserto correcttheseg-
mentationandproperlyextractthesemanticobjects.
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Fig. 1. First two rows: Clairewith 1994regions,after two
iterationsof VPD (areathresholdis 100pixels)with 766re-
gions,andthe imagewith 6 regionsmatchingthesemantic
objects.Weshow theimageswith regionsrepresentedby its
meanandboundaries.Third row: Claire PM (Bright indi-
catesimportant.Theresultsmatchour perception;theface
is the most importantregion) andCarphonesegmentation
results(30 regions).Finally, we show ClaireBPT.


