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Abstract

In this paper we describean interactive video object
segmentationtool developedin theframeworkof theACTS-
AC098MOMUSYSproject. TheVideo ObjectGenerator
with User Environment(VOGUE) combinesthree differ-
ent setsof automaticand semi-automatictools (spatial
segmentation,objecttracking andtemporal segmentation)
with general purposetools for user interaction. The re-
sultis anintegratedenvironmentallowingtheuser-assisted
segmentationof any sort of videosequencesin a friendly
andefficientmanner.

1. Intr oduction

The emerging MPEG-4 standardaims at providing a
platformfor audiovisualdatacommunicationsandstorage.
With respectto previousstandards,MPEG-4addscontent-
basedfunctionalitiessuchasobjectmanipulationthatgive
supportto a broadspectrumof applications. The future
MPEG-7standardwill addressthemultimediacontentde-
scription,andthuswill stressthecontent-basedapproach.
Thesuccessof thesestandardswill stronglydependonthe
existenceof toolsallowing therequiredcontentaccessibil-
ity. In this context new demandsfor contentcreationhave
appeared.

The automaticextraction of video objectsfrom a se-
quenceis in generala very difficult task, speciallyif no
a priori information is available. This is the casein the
MPEG-4andMPEG-7framework dueto thelargevariety
of treatedimages.Ontheotherhand,manuallysegmenting
a sequenceis averyhardandtimeconsumingtask.

This paperpresentsa Video Object GenerationTool
with UserEnvironment(VOGUE),wheretheuserhasthe
possibilityto interactwith thealgorithmsin orderto obtain
thedesiredpartition. Dueto thegoodperformanceof the
automaticalgorithms,userinteractionis minimised. The
combinationof automaticandinteractive tools leadsto an
integratedprocessthat:

� allows the segmentationof any sort of image se-
quences.

� is agoodtrade-off betweenefficiency androbustness.
Theprocessis moreefficient thanmanualsegmenta-
tion andmorerobustthanautomaticsegmentation.

Threemainapproachesfor introducinguserinteraction
in segmentationalgorithmscanbefoundin theliterature:

Feature-based:Theuseris askedto selectasetof pix-
els belongingto the different texture-homogeneousparts
of the objectsto be segmented.Basedon the featuresof
theselectedpixels,theremainingpixelsareclassifiedinto
oneof theobject-typesdefinedby theuser[2]. Thissortof
interactiondoesnot requirea preciseselectionof the ob-
jects.However, connectivity aspectshave to betakeninto
accountafterclassificationin orderto obtainthefinal ob-
jectsandfurtheruserinteractionmaybenecessary. Object
trackingcan be carriedout using the sameclassification
processor by introducingmotioninformation[12].

Contour-based: The usermust roughly mark the po-
sition of the object boundaries.An automaticalgorithm
accommodatestheserough boundariesto the object real
ones[6]. This approachleadsto smoothcontoursaccu-
rately representingthe real objectshape.Furtherinterac-
tion is possibleby adjustingthe positionof somecontrol
pointsdefining the objectshape. Object tracking is usu-
ally performedby exploiting themotioninformationin the
sequence.

Region-based:The usercaninteractwith an underly-
ing partitionof theimageto createtheobjectshape.Usu-
ally, theuseris allowedto mergeregionsfrom this initial
partition[1] until theobjectshapeis obtained.Theimage
partitioncanbeusedaswell in theobjecttrackingprocess.

In VOGUE,we have adoptedandextendedtheregion-
basedinteractionapproach.The main extensionconsists
of working with a morphologicalhierarchicalsegmenta-
tion technique.The morphologicalapproachpresentsthe
advantageof allowing theintroductionof roughmarkersby
theuser, whichis atypeof interactionverycloseto theone
proposedby feature-basedapproacheswhile directlyusing
connectivity concepts.Furthermore,it allowsthedefinition
of rough contoursto obtain the object shape,enablinga
typeof interactionverycloseto thecontour-basedscheme.
However, in this caseinternalandexternalroughcontours



of theobjectarenecessary. Also, sincetheobjectshapeis
createdby merging small regionsobtainedby local deci-
sions,objectcontoursarenot ensuredto be assmoothas
in thecontour-basedapproach.Thehierarchicalapproach
allows the userto dealwith regionsat different levels of
resolution. An initial definition of the objectcanbe cre-
atedby selectingregions from a low resolutionpartition
andfurtherrefinementscanbeincludedby mergingor re-
moving regionsfrom fineresolutionpartitions.Finally, the
region-basedtrackingprocesshasbeenexploited to pro-
posepossibleimprovementsof thefinal resultto theuser.
Suchimprovementsarepresentedasregionsthat theuser
will likely wantto removeor addto theobjectwhenfurther
interactionis requested.

Section2 describesthegraphicaluserinterfacethathas
beenimplementedasa platformfor efficient combination
of the algorithms. Section3, 4.1 and 5 respectively de-
scribethespatialsegmentationalgorithm,theobjecttrack-
ing algorithm and the temporalsegmentationalgorithm.
They arecomplementaryto eachotherandaresupported
by different typesof user interaction. Finally section6
presentssomeconclusions.

2. Graphical User Interface
Thegraphicaluserinterface(GUI) encapsulatestheau-

tomaticsegmentationalgorithmsandprovidesthe means
for theuserto interactwith the overall segmentationpro-
cess[3, 4]. It hasbeenimplementedin a PC-Windowsen-
vironment,usingJAVA. Thechosensoftwareplatformen-
suresmaximumflexibility in the developmentandmakes
possible future porting to other environments,such as
UNIX.

TheGUI supportsthegeneralinterfacingrequestsof an
applicationdealingwith video,suchassequenceselection,
viewing with resizepossibility or saving. More specific
actionssupportedby theGUI are:

� open,saveor visualisepartitions;

� launching the automatic segmentationalgorithms,
with their specificuserinteractionpossibilities;

� calling generalpurposeuser interactionalgorithms
(suchassplit, merge,or objectisolate/define);

� undo/redofunctionalitiesfor thedifferentmodules.

According to the selectedoperationmode, a context
sensitive toolbar is displayedas an alternative to the re-
spectivemenuoptions.

The implementedGUI supportsthe intuitive specifica-
tion by theuserof initial selectionsandconstraints,aswell
ascorrectionsto theresultsbeingproducedby thedifferent
automaticalgorithms.

Figure1 showstheaspectof theGUI. A partitionis dis-
playedwith adifferentcolourfor eachregion. At thesame
time, this colourinformationis superimposedto thelumi-
nanceof theoriginal imagefor betterevaluationof contour
precision.

Figure1: TheGraphicalUserInterface.

3. Spatial segmentation

The interactive spatialsegmentationalgorithmpermits
to definethesegmentationmaskof theobjectof interest.It
is basedona multi-scalesegmentationscheme[11].

3.1. Multi-scale segmentation

A multi-scalesegmentationconsistsof a family of par-
titions thatrepresentsanimageat differentresolutionlev-
els. Thecoarsestlevel considersthe imageasa whole(as
only oneregion) andfiner partitionsarealways included
in coarserones. This meansthat a finer level is obtained
by re-segmentationof theregionsof thepreviouslevel, or
in otherwords,a contourpresentat a given level is also
presentin all the finer ones. The contoursof the object
shouldbepresentat a givenlevel of resolution.Thus,the
finestpartitionmustbepreciseenoughto fulfil thisrequire-
ment.

Wehave implementedamorphologicalmulti-scaleseg-
mentationwhosefinest resolutionlevel containsall the
regions of the watershedapplied to the gradientimage.
Coarserpartitionsareobtainedby merging neighbouring
regionsof thewatershed.Thesefusionsarerankedwith a
psycho-visualcriterion: thevolumeextinction value[13].
This criterion is a combinationof size and contrastand
givesa goodestimationof thevisualsignificanceof a re-
gion. The informationof the whole multi-scalesegmen-
tation is storedasa minimumspanningtreewhich is cal-
culatedsimultaneouslyto thefloodingprocess[14]. Thus,
the complexity of the algorithmis equivalent to a single
watershed,but insteadof having a singlepartitiona whole
family of partitionsis obtained.



3.2. User interaction

Theusercanobtainthedesiredsegmentationfrom the
multi-scalesegmentationpresentedin the previous para-
graph.Severaltoolsareofferedfor interaction.

Selectionof a resolutionlevel: Givenaspecifiednum-
berof regions(N) thealgorithmprovidestheN mostsig-
nificant regions. With a sliding bar the user can select
a differentnumberof regionsanda new partition is dis-
playedwithout perceptibledelay. This typeof interaction
is equivalentto requestinganautomaticsegmentationinto
N regions.

This is a global action,asthe sameresolutionlevel is
chosenfor the whole image. However, the usermay be
interestedin a partition presentingdifferent resolutionin
differentzonesof the image(accordingto a semanticcri-
terion). In this case,two othertoolsareavailable:refining
andcoarseningof a region.

Refining a region: From a given level of resolution,
theusercanobtaina re-segmentationof a selectedregion
justby clicking on it.

Coarseninga region: From a givenresolutionlevel,
the usercan obtain a coarsersegmentationof a selected
region just by clicking on it. Thealgorithmmergesthese-
lectedregionwith its mostsimilarneighbouringregion(s).

Mark er drawing: Segmentingwith markersconsti-
tutestheclassicalmorphologicalmethodfor segmentation.
By marker we meana binarysetincludedin theobjectof
interest,its exact location or shapebearinglittle impor-
tance.Thestrategiesfor finding goodmarkersarediverse
andproblemdependent.Nevertheless,in aninteractiveap-
proachtheusercanroughlydraw themarkersfor the ob-
jectsof interest.Figure2 showsanexampleof this typeof
interaction.

Figure2: Interactionthroughmarkerdrawing.

Contour adjustment: When the contoursobtained
through the previous types of interactionare not com-
pletely satisfactory, the user has the possibility to drag
them to a betterposition. The new contoursare chosen
amongtheonesappearingin thehighestresolutionlevel of
themulti-scalesegmentation.

Further user interaction: In thecaseswhentheinter-
actionwith themulti-scalesegmentationdoesnotallow to
reachthedesiredobjectpartition,othertoolsareprovided
to give the necessaryflexibility . The merge tool allows
to merge any numberof regionsof the imageby simply
clicking on it. The refinetool providespixel level contour
adjustmentin a brushlike manner. The split tool allows
to divide a region into two by drawing a line. The sepa-
ratetool separatesaregion into its connectedcomponents.
Finally, the defineobject tool allows to selecta region as
being the objectof interest,and the backgroundis auto-
maticallymergedinto oneregion.

4. Object tracking

Oncethe objectpartition is availablefor an initial im-
age,it canbeautomaticallyextendedto thefollowing im-
agesof thesequence.For thispurposeatrackingalgorithm
hasbeenimplemented[8]. It is basedon theprojectionof
a partition allowing the introductionof new regions, fol-
lowedby a decisiononwhetherthenew regionsbelongor
not to themask.

4.1. The automatic tracking algorithm

The objecttrackingapproachthat is usedrelieson the
conceptof partitionprojection[9], thatconsistsof accom-
modatingthe previous partition to the informationin the
currentframe. This algorithmrequiresspatialhomogene-
ity of the regionsto be projected.Sincethis requirement
may not be fulfilled by the object partition, the latter is
re-segmentedusingthe spatialsegmentationalgorithmof
section3. Thepartitionobtainedis calledtexture partition
(of thepreviousframe)andit guaranteesthespatialhomo-
geneityof eachregion.

Thetexturepartitionof thepreviousimageis projected
into thecurrentframeto obtainthetexturepartitionat the
currentimage. The projectionof the texture partition is
carriedout in two steps. Firstly, the motion betweenthe
previousandcurrentimagesis estimatedusingabackward
block matchingalgorithm. The previous texture partition
is motioncompensatedobtainingaroughestimationof the
regions in the currentframe,calledmotion compensated
markers.In asecondstepmotioncompensatedmarkersare
accommodatedto theboundariesof thecurrentimage[8].
This is performedby meansof a fitting processbetween
themotioncompensatedregionsandthe regionsobtained
from a fine partition. This partition, that representsthe
colour boundariesof the currentimage,is saidto be fine
sinceit containsa largenumberof regions(typically, more
than1000regionsfor aQCIF image).

New regionscanbedetectedduring the fitting process
or by an additionalstep of new region extraction. De-
tectednew regionsareanalysedandanautomaticdecision



is madeon whetherthey belongor not to theobjectbeing
tracked.

4.2. User interaction

Theresultof theautomatictrackingis displayedto the
user, who hasthepossibilityto stoptheexecutionandask
for refinementsof the object mask,addingor removing
parts(regions). Theusercorrectionswill thenbeusedby
theautomaticalgorithmto improve its subsequentperfor-
mance.

Object refinementbasedon proposedregions:When
theuserstopsthetrackingalgorithm,thesetof new regions
thathave beenautomaticallydetectedandanalysedin the
currentimageareproposedfor refinementof the current
objectdefinition. The usercanclick on any of thesere-
gionsandthedecisiontakenby theautomaticalgorithmis
reversed(belongingor not belongingto the object). Fig-
ure3 illustratesthis typeof interaction.On theleft areaof
theworking window thecurrentmaskis displayed,while
the right part of the window shows the regionsproposed
for correction. The usercantogglethe decisiontakenby
theautomaticalgorithmby clicking on them.

Figure3: Regionproposalduringtrackinginteraction.

Dir ect object refinement: If the set of proposedre-
gionsdoesnot allow therequiredcorrections,directmask
re-definitionis enabled.For this purpose,theinterfaceof-
fers thesametypeof userinteractionasdescribedin sec-
tion 3.2.

5. Temporal segmentation

Thetemporalsegmentationis usefulwhentheuseris in-
terestedin movingobjects.Thevideoobjectsaregenerated
by evaluatingthedifferencesbetweenconsecutive frames,
taking into accountthe motion of the objects. While in
thecompletelyautomaticmodeeachmoving objectin the
sceneis segmented,theusercanalsointeractwith theseg-
mentationprocess.

5.1. Automatic temporal segmentation

The temporal segmentationalgorithm is basedon a
changedetectionfollowed by a motion analysis[10]. It
consistsof thefollowing steps:

Camera motion estimation and compensation: as-
sumingthat the backgroundof the sceneis a rigid plane,
the cameramotion betweentwo successive framesof the
sequenceis estimatedusing an eight parametermapping
model, called perspective model. Using this model, the
cameramotionis compensatedfor thecompleteframe.

Scene-cutdetection: basedon the evaluationof the
meanabsolutedifferencebetweenthecameramotioncom-
pensatedpreviousframeandthecurrentframe,a possible
scenecut is detected. In the caseof a scenecut, all the
parametersof the segmentationalgorithm(which in gen-
eraladaptautomaticallyto thepropertiesof the imagese-
quence)areresetto their initial values.

Estimation of change detection mask: after calcu-
lation of the frame differencebetweentwo successive
frames,an initial changedetectionmaskis calculatedby
thresholdingtheframedifferences.Then,thefinal change
detectionmaskis generatedby a relaxationof the initial
mask,evaluatingthelocalneighbourhoodof eachpel. Fur-
thermore,amemoryfor thechangedetectionmaskis used
in order to improve the time coherenceof the estimated
objectmasks.

Uncovered background elimination: afterwards,un-
coveredbackgroundregions are detectedand eliminated
from the changedetectionmask. For this purpose,a dis-
placementvectorfield is evaluatedconsideringthechange
detectionmask.Thedisplacementvectorfield is estimated
usinghierarchicalblockmatchingalgorithm.

Contour adaptation: finally, the contoursof the esti-
matedobjectmasksareadaptedto luminanceedgesof the
currentframein orderto getamoreaccurateobjectbound-
ary.

This algorithmhasbeenadoptedasan informative an-
nex of the ISO/MPEG-4standard[7] and is part of the
COST211AnalysisModel [5].

5.2. User interaction

The temporalsegmentationalgorithmallows different
typesof userinteraction,wheretheusercanintroduceex-
ternalknowledgeaboutthescene.

Theusercanprovide a segmentationmaskfor thefirst
frame. In this case,this maskis usedto initialize thetem-
poralsegmentationalgorithm,i.e. statisticalparametersare
measuredwithin objectandbackgroundregions,themem-
ory is setto thisinitial mask,andthemaskis consideredfor
estimatingthecameramotionbetweenthenext two frames.

The usercanroughlydeterminethe imageregionsob-



jectsof interestareexpectedto appear. Thetemporalseg-
mentationis thenperformedonly within theseimagere-
gions.If available,animageshowing only thebackground
can be provided. In this caseall framesare temporally
segmentedagainstthis backgroundimage,improving the
qualityof thesegmentedobjects.

Also, all the parametersof the algorithm can be set,
saved, and loaded. If nothingis specified,default values
areusedfor the parameters.The resultsof the temporal
segmentationmaybe interactively modifiedat any execu-
tion stepusingthetoolsdescribedin section3.2Theresults
of thetemporalsegmentationcanaswell beusedasinput
masksfor thetrackingalgorithm,describedin section4.1.

6. Conclusion
A VideoObjectGeneratorwith UserEnvironmenthas

beenpresented,including threemain segmentationalgo-
rithms: spatialsegmentation,objecttrackingandtemporal
segmentation.Thealgorithmshave beenintegratedinto a
commongraphicaluserinterfacewhichalsoprovidessup-
portfor friendlyuserinteraction.Interactioncantakeplace
in differentformsat any stepof thesegmentationprocess,
which makesthe systemhighly flexible. This flexibility ,
combinedwith thegoodautomaticperformanceof theal-
gorithms,allows to obtainvery goodresultswith little ef-
fort for any type of video sequences.Finally, the whole
processis very intuitive and doesnot requireany expert
knowledgefrom theuser, althoughif thisknowledgeexists
it canbeusedto obtainimprovedresults.
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