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C.C.30,Montevideo,Uruguay

ABSTRACT

In this work, we study the extraction of semanticobjects
usingmorphologicaltools. We decomposethe imageinto
its level setsandlevel lines (the bordersof the level sets).
Specifically, from all the level lines we extract the ones
thatcontainT-junctions,have compactform, andarewell-
contrastedto obtainthe semanticobjectsin the scene.For
all thesefactors,weestablishanestimationprocedure.

1. INTRODUCTION

Theextractionof semanticobjectsfrom imagesis oneof the
mostimportantandchallengingproblemsin imageanalysis.
The applicationsof suchsystemsrangefrom objectbased
compressionto imagedatabases.

A largenumberof algorithmshavebeenproposedin the
literature. Although it is difficult to classify all of them,
wewill describetheirgeneralstructure[7]. A segmentation
algorithm may be composedof the following threebasic
steps:Simplification: Removesfrom theoriginal imageall
theirrelevantinformationfor thespecificapplication.Fea-
tur e extraction: Thespecificfeatures(grey level, texture,
etc.) of the datadrive the segmentation.The kind of fea-
turesdependsontheapplicationandonthedesiredsegmen-
tation.Decision: Thefinal partitionis determinedusingthe
featuresobtainedin thepreviousstep.

For thedecisionstepwehave: thetransition-basedtech-
niquesandthehomogeneity-basedtechniques[7]. Thefor-
mersintendto estimatethepositionof thediscontinuitiesin
the featurespacedefiningtheboundaryof the regions. On
theotherhand,thelateroneslook for homogenousregions
in thefeaturespace.

Here we addressthe problemof extraction of seman-
tic structuresin the image. We will not considerthe post-
processingof the obtainedsegmentation. In our case,the
basicstructuresarethe level setsandthebasicfeaturesare
the T-junctions. In someway our algorithmfalls into the
transition-basedcategory, afterthedetectionof thebasicel-
�
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ementstheoneswith “more” featureswill besetaspartof
thesegmentation.

2. SEGMENTATION ALGORITHM

To obtaina partitionwith regionsmatchingaswell aspos-
sibleour perceptionwe useelementsof mathematicalmor-
phologyrecentlydevelopedin [1, 6, 3, 2].

Before going on to discussthe algorithm usedin this
work, we review somebasicconceptsand notation. (For
detailssee[1, 6, 3, 2].) Given an image
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definethelowerandupperlevel setsas:
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Level setsdefinea decompositionwith two remarkable
properties.Firstly, it is a completedecomposition;all the
imageinformationis containedon its level sets,andwecan
reconstructtheoriginal imagefrom (1) and(2) by:
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Second,thedecompositionis contrastinvariant.Gestaltists
argue that our perceptionis contrastinvariantso suchde-
compositionseemsto beacorrectoneif wewantto becom-
patiblewith this theory.

Level setssatisfyin additionthe following very impor-
tant property: the family of upperandlower level setsare
decreasingandincreasingrespectively: if 9;:;< then
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and
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. Thatmeansthat level setsareincluded
in eachother. This relationcanbe representedasa treeof
lowerandupperlevel sets[6].

If we considerconnectedcomponentsof the level sets
andthe level lines definedby their borders,we candefine
the topographicmapas the family of all its level lines [1] .
Following [3] we call morphological edgesthe level lines
thathavea perceptivesignificance.

Thetopographicmapof animagecontainsall its infor-
mation,however, this information is usuallysomehow re-
dundant;not all the level lines are equally relevant. The
basicideais thento filter thetopographicmap,thesetof all



level lines, to obtaina smallersetof morphologicaledges.
To characterizethefiltering processwe needto definea set
of filtering criterionsthatpermit theextractionof the mor-
phologicaledges.We proposethreefiltering criterions. A
level line is a morphologicaledgeif: containsT-junctions,
hasa compactform, andit is “well-contrasted.”

2.1. T-junctions

According to the Gestaltschool of visual perception,T-
junction singularitiesplay a major role in our perception.
They areof crucialimportanceregardingthereconstruction
of occlusions;T-junctionsappearat thebordersof two ob-
jectsthatareoccludingeachother. FromtheseT-junctions
ourvisualperceptionreconstructstheoccludedobjectwhile
extendingits borderto join theT-junctions. In [4] Kanizsa
presentsa lot of concludingexamplesandbeautifuldraw-
ingsthatsupporttheuseof T-junctionsaseffective percep-
tive features.Basedon theseobservations,Caselles,Morel
andColl developedaframework compatiblewith Kanisza’s
ideasfor thecaseof digital images[1]. Their mainconjec-
ture is that the topographicmapand the junctionsare the
“atoms” of visual perception. From theseideas,Froment
[3, 2] developeda segmentationalgorithm that useslevel
linesjoining T-junctionsasbasicelements.

Intuitively, in the caseof a digital image,a T-junction
occurswhen two level lines meet. Specifically, we have
a T-junction whenwe can definethreesignificantsetson
theneighbourhoodof anintersectionof two level lines: two
setsbelongingto theoccludingobjects,andoneto theback-
ground.

T-junction detectionalgorithm [1]
Let C �D�� betheneighbourhoodof


wheretwo level lines

join. We define:
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. In order to say
when theseconnectedcomponentsare relevant, i.e. they
definea T-junction,we askthemto have a minimumarea.
Also we definethe minimum andmaximumgrey levels in
thosesets:
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Finally,


is aT-junctionif thetwo setsarewell-contrasted,# [&b � [ "�c.d
, andthebackgroundsetdefinedby thecon-
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The border of a level set, its level line, is a union of
closedcurves;a shapeis theinterior of such curves[6].

Thefirst criterionof thefiltering processkeepsonly the
shapesthat containT-junctions. Furthermore,the moreT-
junctionsa shapehasin its borderthemoreimportantit is.
The numberof T-junctionscanbe usedasa metric to sort
shapes.In Figure1 we show the detectedT-junctionsfor
Claireimage.

2.2. Compactness

According to the Gestalttheory, in our field of view we
distinguishfigure from ground. Figuresare perceived as
a coherentwhole in front of thebackground,which is per-
ceivedaslessimportant.In addition,ourperceptionfavours
objectswith simple andcompactform to be perceived as
foreground[5]. Then,compactnessis an importantprop-
erty whensegregatingtheimageinto foregroundandback-
ground.To measurethecompactnessof a shapek we use,
asis classicalin thecomputervision literature,theisoperi-
metricratio:

IsoperimetricRatio
� k �W� Perimeter
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This measureroughly saysthatbetweentwo shapesof
equalarea,theoneof leastperimeterwill bethemorecom-
pactone; it penalizesshapeswith complex oscillatingbor-
ders.Thiscriterionis both,afiltering tool andasortingmet-
ric. Meaningthat,shapeswith anisoperimetricratio above
agiventhresholdaredeletedand,thesmallestisoperimetric
ratio it hasthemoreimportantit is.

Remark: A stimuluscould be importantbut not com-
pact,otherwise,wewouldonly seesimpleforms.Thepoint
is thatcompactforms tendto: 1- attractour perception,2-
be part of semanticobjects. This point wasdiscussedby
Kanizsain [4], wherehepointedout themisunderstanding
regardingthesocalledprincipleof “good form”.

2.3. Contrast

Typically, well-contrastedregionscall our attention.More-
over, awell-contrastedshapeis likely tobepartof thebound-
ary of a real objectin the image. Thus,contrastis another
importantfeatureto defineperceptive objects.To compute
thecontrastalongtheshapeborderweusethemagnitudeof
thegradient.The level line defininga shapemayhave part
of it insidetheobject(Along this part,themagnitudeof the
gradientwill besmallerthanthemagnitudealongtheobject
border.) If we use,for example,the meanof the gradient
alongtheshapeborderwe couldendup with anunreliable
estimationof thecontrast.To avoid theseproblems,we use
themedianof thegradientalongtheshapeborderasarobust
measureof contrast.

Contrast
� k ��� median
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It is worth to note that the contrastis the leastimpor-
tantfactoramongthethreeproposed.Thereasonfor thatis
twofold. First,thecontrastis consideredfor compactshapes
with T-junctions.Second,theremovedshapesaretypically
thelow-contrastedshapesthatdonotplayanimportantrole
in the perceptionof the image,soft morphologicaledges,
shapesin smoothareas,or justnoisyshapes.

Summary of the algorithm (fully automatic)
1- Computethelower anduppertrees.Thecomputationof
thesetreesis performedwith analgorithmsimilar to theone
proposedin [6].
2- Find all theT-junctionsin theimageusingthealgorithm
discussedin (2.1).
3- Removeall theshapes,k , in bothtreesthat:

3.a-Have lessthan t T-junctions.
3.b- (Smallshapes)Perimeter

� k � :vu .
3.c-(Complex shapes)IsoperimetricRatio

� k ��w��Mx .
3.d- (Bad-Cotrasted)Contrast

� k � :vy .
4- Sort the shapes,firstly accordingto the numberof T-
junctionsandthenincreasinglywith theisoperimetricratio.
That is, if two shapeshaveequalnumberof T-junctionsthe
morecompactoneis selectedasthemoreimportant.
5- Add the most importantlower anduppershapesto the
segmentation.If Tj( k ) is thesetof T-junctionsin theshape,
remove them from the remainingshapes.(This stepstep
avoidstheinclusionof severalshapesthatcontainnearlythe
sameT-junctionsandaccumulatecloseto objectsborders.)

Sometimesit is unnecessaryto includein thesegmenta-
tion all the shapeswith T-junctions. At theendof theday,
no matterhow complex and accuratethe algorithm could
be, the userjudgementis crucial to definethe end of the
process.Therefore,anotherpossibilityis to addnew shapes
until theuserstopstheprocess.In this case,the algorithm
is semi-automatic(theuserinteractionis minimal).

The last possibility is to includeall shapeswithout re-
moving the alreadyincludedT-junctions. The drawback
is that several level lines accumulatecloseto the objects
boundary. In [2] Fromentproposedthis asa multiscaleim-
agemodel.Theweaknessof thisalgorithmis thattoomany
level lines tend to accumulatecloseto the objectsbound-
ary. This makesthealgorithmnot very suitablefor further
region-basedprocessing;it is harderto obtainasimpleseg-
mentationfrom it.

2.4. Parameter tuning

For theparameterŝ and
d

, which controlthedetectionof
the T-junctions,we found empirically the values

^z�|{M}
and
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for imagesof dimensions256x256,and
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and
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for imagesin QCIF format. We encountered

little changeswhen moving theseparameterscloseto the

previous ones. In somecases,the T-junctionswerenearly
thesame.

Theparametert is like a scale,themoreT-junctionsa
shapehasthemoreimportantit is. For this reason,it canbe
usedto obtainsegmentationsat differentresolutions.Yet,
wesett greaterthantwo asshapeswith only oneT-junction
arepossiblebedueto noise.

Like the numberof T-junctions, the perimeterdefines
alsoa scale;shapeswith smallperimeterconstitutethefine
scale. In our casewe setempirically u ��c�}

. Sometimes
it canbe useful to seta maximumallowed perimetertoo,
in sucha caseit canbedeterminedin thesameway asthe
isoperimetricratio (seebelow.)

As for theparameter
�fx

thatcontrolsthe isoperimetric
ratio of the shapesit is clearly imagedependent.Differ-
entimageshavedifferentcomplexity andthereforedifferent
valuesof

�Mx
. Usuallyfor non-complex images,in termsof

the shapesit contains,its valueis in the range � }�} b c.}�} .
This parameteris themostcritical one: if

�Mx
is setto high

thenwe could endup addingnoisy shapesto the segmen-
tation and, if it is too small, we could loosesomeimpor-
tantshapes.Likewise,thecontrastthresholdy , is alsoim-
agedependent.For bothwe estimatetheir valuesusingthe
statisticsof all the morphologicaledges.In what follows,
we discusstheprocedureto estimatethem.

Sinceedgesin imagesarenot perfect,they do not form
stepfunctionsbut smoothtransitions,severallevel linesac-
cumulatecloseto theobjectborder. In this way, their con-
trast, perimeterand isoperimetricratio are similar. They
will alsohave nearlythesameT-junctions.Becauseof this
simpleproperty, we have that the perimeter, isoperimetric
ration,andcontrastfeaturesform clusters.

The isoperimetricratio threshold,
�Mx

, is derived from
thestatisticsof the isoperimetricration. We useupperand
lower shapesto obtain the distributionsof the isoperimet-
ric ratio ��� � k � and �_� � k � respectively

[
. Theconservative

heuristicseeksa small valuefor
�Mx

which doesnot leave
importantshapesout. We computeit as the maximumof
thepointswherethedistributionsof loweranduppershapes
equal

}OT �
(Probability

�
IsoperimetricRatio

� k �ew��Mx]� :},T�c
.) That is, we set

�fx
so to leave out the shapeswhich

isoperimetricratiohasa low probabilityto occurwithin the
image. �fxe�����P�]� �j�

[
� ��}OT �f�RL � �

[
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Take the distribution of the contrast,��� � Contrast
� k �*� ,

for all shapeswith more thanone T-junction and isoperi-
metric ration below

�Mx
(We apply the samemethodology

to upperandlowershapes.)Thefirst clusterin thedistribu-
tion correspondsto theshapeswith thesmallestcontrast.If
we considerjust the contrast,theseshapesarethe onesof
leastrelevance.Let y [ and y l bethepointswherethetwo
�
to obtainthedistribution weapplya standardkernelmethod.



first maximumof the contrastdistribution occur, and yY�[
thefirst minimumafter y [ . We set y to:
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This is a very conservative strategy; othervalueslarger
thanthisoneproducealsogood,coarsersegmentations.

3. RESULTS

In Figure 1 we presentthe resultsobtainedwith the fully
automaticalgorithm.As we cansee,thesegmentationcor-
rectly capturestheperceptiveobjectsin theimage.In some
cases,the detectedobjectshave a noisy boundary. This is
dueto thenatureof thelevel linescloseto objectandto the
amountof noisepresent. In a forthcomingwork, we will
proposeaway to simplify thedetectedboundaries.

Thesecondexperimentintendsto testtheimportanceof
thefirst shapesaddedto thesegmentation.Weshow thefirst
shapesextractedfor ClaireandForemanimage.In thecase
of Clareimage,themostimportantshapesmatchperfectly
our perception.On theotherhand,for theForemanimage,
themostimportantregion doesnot fully matchour percep-
tion. Accordingto ourperception,themostimportantobject
is manshead,andalthoughthe most importantregion dos
not segmentit completelyit containsit. It is importantto
notethat we detectshapesbasedon rathersimplefeatures
and,whendetectingmanshead,the strongestelementfor
ourperceptionis thefactthatit is ahead.

4. CONCLUSIONS

In this work, we describedalgorithmsfor the extraction
of semanticobjectsin imagesusing morphologicaltools.
We usedT-junctionsingularitiestogetherwith contrastand
compactnessmeasuresto selectthe perceptive shapes.We
baseall this on perceptualconsiderationslinked with the
Gestaltschoolof visualperception.

We presentedthreealgorithmsrangingfrom fully auto-
maticto semi-automatic.In any case,theuserinteractionis
minimal aswe gave explicit methodsto automaticallyesti-
matethealgorithmparameters.

Theexperimentalresultsshowed: the importanceof T-
junctionsas perceptive features,the effectivenessof both
contrastand isoperimetricthreshold,and the goodperfor-
manceof thedescribedalgorithms.
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sentationsof Imageand Video: SegmentationTools
for Multimedia Services. IEEE Trans. on Circuits
Syst.VideoTechnology, 9(8):1147–1169,Dec.1999.



Fig. 1. Detectedshapesfor Foreman,Claire andHall im-
ages,the first shapesincludedfor Claire andForemanim-
age.We alsoshow for thefirst threeimagestheshapesover
imposedto theimage.


