A Video Object Generation Tool Allowing Friendly User Interaction
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Abstract

In this paper we describean interactive video object
seggmentatioriool developedn theframavorkoftheACTS-
AC098 MOMUSY Sproject. The Video Object Geneator
with User Environment(VOGUE) combinesthree differ-
ent setsof automaticand semi-automatidools (spatial
seggmentationpbjecttradking andtempoal seggmentation)
with geneal purposetools for userinteraction. There-
sultis anintegratedervironmentllowingtheuserassisted
segmentationof any sort of videosequencem a friendly
andefficientmanner

1. Intr oduction

The emeging MPEG-4 standardaims at providing a
platformfor audiovisualdatacommunicationgndstorage.
With respecto previousstandardsVMIPEG-4addscontent-
basedunctionalitiessuchasobjectmanipulatiorthatgive
supportto a broadspectrumof applications. The future
MPEG-7standardvill addresshe multimediacontentde-
scription,andthuswill stressthe content-basedpproach.
Thesucces®f thesestandardsvill stronglydependnthe
existenceof toolsallowing therequiredcontentaccessibil-
ity. In this context new demandgor contentcreationhave
appeared.

The automaticextraction of video objectsfrom a se-
guenceis in generala very difficult task, speciallyif no
a priori informationis available. This is the casein the
MPEG-4andMPEG-7frameavork dueto thelarge variety
of treatedmages.Ontheotherhand,manuallysggmenting
asequenceés avery hardandtime consumingask.

This paperpresentsa Video Object GenerationTool
with UserEnvironment(VOGUE),wherethe userhasthe
possibilityto interactwith thealgorithmsin orderto obtain
the desiredpartition. Dueto the good performanceof the
automaticalgorithms,userinteractionis minimised. The
combinationof automaticandinteractive tools leadsto an
integratedprocesghat:

¢ allows the segmentationof any sort of image se-
guences.
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¢ isagoodtrade-of betweerefficiency androbustness.
The procesds moreefficient thanmanualsegmenta-
tion andmorerobustthanautomaticsegmentation.

Threemainapproachefor introducinguserinteraction
in sgmentatioralgorithmscanbefoundin theliterature:

Feature-based:Theuseris asledto selecta setof pix-
els belongingto the differenttexture-homogeneougarts
of the objectsto be segmented. Basedon the featuresof
the selectedixels, the remainingpixelsareclassifiednto
oneof theobject-typeslefinedby theuser[2]. Thissortof
interactiondoesnot requirea preciseselectionof the ob-
jects. However, connectity aspectdiave to betakeninto
accountafter classificationin orderto obtainthe final ob-
jectsandfurtheruserinteractionmaybenecessaryObject
tracking can be carried out using the sameclassification
procesor by introducingmotioninformation[12].

Contour-based: The usermustroughly mark the po-
sition of the objectboundaries. An automaticalgorithm
accommodatetheserough boundariego the objectreal
ones[6]. This approacheadsto smoothcontoursaccu-
rately representinghe real objectshape.Furtherinterac-
tion is possibleby adjustingthe positionof somecontrol
points defining the objectshape. Objecttrackingis usu-
ally performedby exploiting themotioninformationin the
sequence.

Region-based: The usercaninteractwith an underly-
ing partitionof theimageto createthe objectshape.Usu-
ally, the useris allowedto merge regionsfrom this initial
partition[1] until the objectshapes obtained.Theimage
partitioncanbeusedaswell in theobjecttrackingprocess.

In VOGUE, we have adoptedandextendecthe region-
basedinteractionapproach. The main extensionconsists
of working with a morphologicalhierarchicalsegmenta-
tion technique. The morphologicalapproactpresentshe
adwantageof allowing theintroductionof roughmarkersby
theuser whichis atypeof interactionverycloseto theone
proposedy feature-basedpproachewnhile directly using
connectvity conceptsFurthermoreit allowsthedefinition
of rough contoursto obtain the objectshape,enablinga
typeof interactionvery closeto the contourbasedscheme.
However, in this caseinternalandexternalroughcontours



of the objectarenecessaryAlso, sincethe objectshapeas
createdby memging small regionsobtainedby local deci-
sions,objectcontoursare not ensuredo be assmoothas
in the contourbasedapproach.The hierarchicalapproach
allows the userto dealwith regionsat differentlevels of
resolution. An initial definition of the objectcanbe cre-
atedby selectingregionsfrom a low resolutionpartition
andfurtherrefinementsanbeincludedby memging or re-
moving regionsfrom fine resolutionpartitions.Finally, the
region-basedracking processhasbeenexploited to pro-
posepossibleimprovementsof the final resultto the user
Suchimprovementsare presenteasregionsthatthe user
will likely wantto removeor addto theobjectwhenfurther
interactionis requested.

Section2 describeshegraphicaluserinterfacethathas
beenimplementedasa platformfor efficient combination
of the algorithms. Section3, 4.1 and 5 respectiely de-
scribethe spatialsegmentatioralgorithm,the objecttrack-
ing algorithm and the temporalsegmentationalgorithm.
They arecomplementaryo eachotherandare supported
by differenttypesof userinteraction. Finally section6
presentsomeconclusions.

2. Graphical User Interface

Thegraphicaluserinterface(GUI) encapsulatethe au-
tomatic sggmentationalgorithmsand providesthe means
for the userto interactwith the overall segmentatiorpro-
cesq3, 4]. It hasbeenimplementedn a PC-Wndows en-
vironment,usingJAVA. The chosersoftwareplatformen-
suresmaximumflexibility in the developmentand makes
possiblefuture porting to other ervironments, such as
UNIX.

The GUI supportghegenerainterfacingrequest®f an
applicationdealingwith video,suchassequencselection,
viewing with resizepossibility or saving. More specific
actionssupportedy theGUI are:

e open,save or visualisepartitions;

¢ launching the automatic segmentation algorithms,
with their specificuserinteractionpossibilities;

¢ calling generalpurposeuser interactionalgorithms
(suchassplit, memge,or objectisolate/define);

¢ undo/reddunctionalitiesfor thedifferentmodules.

According to the selectedoperationmode, a context
sensitve toolbaris displayedas an alternatve to the re-
spectve menuoptions.

The implementedGUI supportshe intuitive specifica-
tion by theuserof initial selection@ndconstraintsaswell
ascorrectiongo theresultsheingproducedy thedifferent
automaticalgorithms.

Figurel shovstheaspecof the GUI. A partitionis dis-
playedwith adifferentcolourfor eachregion. At thesame
time, this colourinformationis superimposetb the lumi-
nanceof theoriginalimagefor betterevaluationof contour
precision.

éaMnMuSYS Video Object Generation Tool
File Edit Segmentastion Userirtersction Toolbars Window Help

HEH

[ [= E3

- cm B2 &izhe I

& Frame sequence

PRNEETEE

frame 1 of 382 at 0 fps

|124.30 -» 65532

Figurel: TheGraphicalUserInterface.

3. Spatial segmentation

The interactive spatialsggmentationalgorithm permits
to definethe segmentatiormaskof theobjectof interest.It
is basedbn amulti-scalesggmentatiorschemg11].

3.1. Multi-scale segmentation

A multi-scalesegmentatiorconsistsof a family of par
titions thatrepresentanimageat differentresolutionlev-
els. Thecoarsestevel considergheimageasawhole (as
only oneregion) andfiner partitionsare alwaysincluded
in coarserones. This meansthat a finer level is obtained
by re-sgmentatiorof the regionsof the previouslevel, or
in otherwords, a contourpresentat a given level is also
presentin all the finer ones. The contoursof the object
shouldbe presentat a givenlevel of resolution. Thus,the
finestpartitionmustbepreciseenoughto fulfil thisrequire-
ment.

We have implementedh morphologicamulti-scaleseg-
mentationwhose finest resolutionlevel containsall the
regions of the watershedappliedto the gradientimage.
Coarsermartitionsare obtainedby meging neighbouring
regionsof the watershed Thesefusionsarerankedwith a
psycho-visuatriterion: the volumeextinction value[13].
This criterion is a combinationof size and contrastand
givesa goodestimationof the visual significanceof a re-
gion. The information of the whole multi-scalesggmen-
tationis storedasa minimumspanningreewhich is cal-
culatedsimultaneouslyo thefloodingprocesg14]. Thus,
the complity of the algorithmis equialentto a single
watershedbut insteadof having a singlepartitionawhole
family of partitionsis obtained.



3.2. Userinteraction

The usercanobtainthe desiredsggmentatiorfrom the
multi-scalesegmentationpresentedn the previous para-
graph.Severaltoolsareofferedfor interaction.

Selectionof aresolutionlevel: Givena specifiechum-
ber of regions(N) the algorithmprovidesthe N mostsig-
nificant regions. With a sliding bar the user can select
a differentnumberof regionsand a new partition is dis-
playedwithout perceptibledelay This type of interaction
is equivalentto requestingan automaticsegmentationinto
N regions.

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

Refining a region: Froma given level of resolution,
the usercanobtaina re-sgmentationof a selectedegion
justby clicking onit.

Coarseninga region: Froma givenresolutionlevel,
the usercan obtain a coarsersggmentationof a selected
region justby clicking onit. Thealgorithmmermgesthe se-
lectedregion with its mostsimilar neighbouringegion(s).

Mark er drawing: Segmentingwith markers consti-
tutestheclassicamorphologicamethodfor segmentation.
By marker we meana binary setincludedin the objectof
interest,its exact location or shapebearinglittle impor-
tance.Thestratgiesfor finding goodmarkersarediverse
andproblemdependentNeverthelessin aninteractve ap-
proachthe usercanroughly draw the markersfor the ob-
jectsof interest.Figure2 shavs anexampleof this type of
interaction.
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Figure2: Interactionthroughmarker drawing.

Contour adjustment: When the contoursobtained
through the previous types of interactionare not com-
pletely satishctory the user hasthe possibility to drag
themto a betterposition. The newv contoursare chosen
amongtheonesappearindn thehighestresolutiorlevel of
themulti-scalesegmentation.

Further userinteraction: Inthecasewhentheinter
actionwith the multi-scalesggmentatiordoesnot allow to
reachthe desiredobjectpartition, othertoolsare provided
to give the necessarylexibility. The meige tool allows
to memge ary numberof regionsof the imageby simply
clicking onit. Therefinetool providespixel level contour
adjustmenin a brushlike manner The split tool allows
to divide a region into two by drawing a line. The sepa-
ratetool separatearegioninto its connectedomponents.
Finally, the defineobjecttool allows to selecta region as
being the objectof interest,and the backgrounds auto-
maticallymergedinto oneregion.

4. Object tracking

Oncethe objectpartitionis availablefor aninitial im-
age,it canbe automaticallyextendedto the following im-
agef thesequencekor this purposeatrackingalgorithm
hasbeenimplemented8]. It is basedn the projectionof
a partition allowing the introductionof new regions, fol-
lowedby adecisionon whetherthe new regionsbelongor
notto themask.

4.1. The automatic tracking algorithm

The objecttrackingapproaclhthatis usedrelieson the
conceptbof partition projection[9], thatconsistof 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-s@mentedusing the spatialsegmentationalgorithm of
section3. Thepartitionobtaineds calledtexture partition
(of the previousframe)andit guaranteethe spatialhomo-
geneityof eachregion.

Thetexture partition of the previousimageis projected
into the currentframeto obtainthe texture partitionat the
currentimage. The projectionof the texture partition is
carriedout in two steps. Firstly, the motion betweenthe
previousandcurrentimageds estimatedisingabackward
block matchingalgorithm. The previous texture partition
is motioncompensatedbtaininga roughestimatiorof the
regionsin the currentframe, called motion compensated
markers.In asecondstepmotioncompensatetharkersare
accommodatetb the boundarie®f the currentimage[8].
This is performedby meansof a fitting processhetween
the motion compensatecdegionsandthe regionsobtained
from a fine partition. This partition, that representshe
colour boundarieof the currentimage,is saidto be fine
sinceit containsalargenumberof regions(typically, more
than1000regionsfor a QCIFimage).

New regionscanbe detectedduring the fitting process
or by an additional step of new region extraction. De-
tectednew regionsareanalysedandanautomaticdecision



is madeon whetherthey belongor notto the objectbeing
tracked.

4.2. Userinteraction

Theresultof the automatictrackingis displayedto the
user who hasthe possibilityto stopthe executionandask
for refinementsf the object mask, addingor removing
parts(regions). The usercorrectionswill thenbe usedby
the automaticalgorithmto improve its subsequenperfor
mance.

Object refinementbasedon proposedregions: When
theuserstopsthetrackingalgorithm,thesetof new regions
thathave beenautomaticallydetectecandanalysedn the
currentimageare proposedor refinementof the current
objectdefinition. The usercanclick on ary of thesere-
gionsandthe decisiontaken by the automaticalgorithmis
reversed(belongingor not belongingto the object). Fig-
ure 3 illustratesthis type of interaction.On theleft areaof
the working window the currentmaskis displayed while
the right part of the window shows the regions proposed
for correction. The usercantogglethe decisiontaken by
theautomaticalgorithmby clicking onthem.
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Figure3: Region proposalduringtrackinginteraction.

Dir ect object refinement: If the setof proposedre-
gionsdoesnot allow therequiredcorrectionsdirectmask
re-definitionis enabled For this purposetheinterfaceof-
fersthe sametype of userinteractionasdescribedn sec-
tion 3.2.

5. Temporal segmentation

Thetemporakgymentatioris usefulwhentheuserisin-
terestedn moving objects.Thevideoobjectsaregenerated
by evaluatingthe differencesdetweerconsecutie frames,
taking into accountthe motion of the objects. While in
the completelyautomaticnodeeachmoving objectin the
scends segmentedtheusercanalsointeractwith the sey-
mentationprocess.

5.1. Automatic temporal segmentation

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

Camera motion estimation and compensation: as-
sumingthat the backgroundf the sceneis arigid plane,
the cameramotion betweentwo successie framesof the
sequencas estimatedusing an eight parametemapping
model, called perspectie model. Using this model, the
cameramotionis compensatetbr thecompleteframe.

Scene-cutdetection: basedon the evaluation of the
meanabsolutalifferencebetweerthecameranotioncom-
pensategreviousframeandthe currentframe,a possible
scenecut is detected. In the caseof a scenecut, all the
parameter®f the segmentationalgorithm (which in gen-
eraladaptautomaticallyto the propertiesof theimagese-
guencepreresetto theirinitial values.

Estimation of change detection mask: after calcu-
lation of the frame differencebetweentwo successie
frames,aninitial changedetectionmaskis calculatedby
thresholdinghe framedifferences.Then,thefinal change
detectionmaskis generatedy a relaxationof the initial
mask,evaluatingthelocal neighbourhoodf eachpel. Fur-
thermore a memoryfor the changedetectiormaskis used
in orderto 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 evaluatedconsideringhe change
detectiommask.Thedisplacementectorfield is estimated
usinghierarchicablock matchingalgorithm.

Contour adaptation: finally, the contoursof the esti-
matedobjectmasksareadaptedo luminanceedgesof the
currentframein orderto geta moreaccurateobjectbound-
ary.

This algorithmhasbeenadoptedasan informative an-
nex of the ISO/MPEG-4standard7] andis part of the
COST211AnalysisModel [5].

5.2. Userinteraction

The temporalsegmentationalgorithm allows different
typesof userinteraction,wherethe usercanintroduceex-
ternalknowledgeaboutthescene.

The usercanprovide a sgmentatiormaskfor the first
frame. In this case this maskis usedto initialize the tem-
poralseggmentatioralgorithm,i.e. statisticaparameterare
measuredvithin objectandbackgroundegions,themem-
oryis setto thisinitial mask,andthemaskis consideredor
estimatinghecameranotionbetweerthenext two frames.

The usercanroughly determinethe imageregionsob-



jectsof interestareexpectedto appear Thetemporalseg-

mentationis then performedonly within theseimagere-

gions.If available,animageshawving only thebackground
can be provided. In this caseall framesare temporally
segmentedagainstthis backgroundmage,improving the

quality of the sgmentedbjects.

Also, all the parameterf the algorithm can be set,
saved, andloaded. If nothingis specified,default values
are usedfor the parameters.The resultsof the temporal
segmentatiormay be interactvely modifiedat arny execu-
tion stepusingthetoolsdescribedn section3.2 Theresults
of thetemporalsegmentatiorcanaswell be usedasinput
maskdfor thetrackingalgorithm,describedn sectiord.1.

6. Conclusion

A Video ObjectGeneratomwith User Ervironmenthas
beenpresentedjncluding three main segmentationalgo-
rithms: spatialsggmentationpbjecttrackingandtemporal
segmentation.The algorithmshave beenintegratedinto a
commongraphicaluserinterfacewhich alsoprovidessup-
portfor friendly userinteraction.Interactioncantake place
in differentformsat ary stepof the segmentatiorprocess,
which makesthe systemhighly flexible. This flexibility,
combinedwith the goodautomaticperformanceof the al-
gorithms,allows to obtainvery goodresultswith little ef-
fort for ary type of video sequencesFinally, the whole
processs very intuitive and doesnot requireary expert
knowledgefrom theuser althoughif this knowledgeexists
it canbe usedto obtainimprovedresults.
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