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ABSTRACT. An abstract semanticmodelcalled theaugmentedtransitionnetwork(ATN), which
can modelvideodata and user interactions,is proposedin this paper. An ATN and its sub-
networkscanmodelvideodatabasedon differentgranularitiessuch asscenes,shotsandkey
frames. Multimedia input stringsare usedas inputsfor ATNs. Key frameselectionis based
on temporal andspatial relationsof semanticobjectsin each shot. Therelationsof semantic
objectsare captured from our proposedunsupervisedvideosegmentationmethodwhich con-
siders the problemof partitioning each frameas a joint estimationof the partition and class
parametervariables.Unlike existingsemanticmodelswhich only modelmultimediapresenta-
tion, multimediadatabasesearching, or browsing, ATNstogetherwith multimediainputstrings
canmodelthesethreein oneframework.

RÉSUMÉ.Danscetarticle estprésentéunmodèlesémantiquethéoriqueappeléATN(augmented
transitionnetwork)qui estcapabledegénérer desdonnéesvidéoet de créerdesinteractions
avecl’utilisateur. Un ATN et sessous-reseauxpeuventdévelopperdesbasesdedonnéesvideo
baséessur différentsobjetstel quedesscènes,desimagesou des“k ey frames.” Leschaines
de donnéesmultimédiasontutiliséescommesourcesd’entréespar les ATN. La sélectiondes
"key frames"estelle baséesur unerelation temporel et spatialedesobjetssémantiques.Cette
mêmerelationestaquisepar notre méthodedesegmentationvidéoautonomeproposée, laque-
lle secharge de partitioner chaqueimage en créeantuneestimationjointe desvariablesde
paramètresdeclassesetdela partition enellemême. Contrairementauxmodèlessémantiques
existantqui secontententdegénérer soituneprésentationmultimédia,soitunebasededonnées
derecherchemultimedia,ou tout simplementun affichage (appeléégalement“br owsing”), les
ATNcombinésà desdonnéed’entréemultimediapeuventgénérer cestroisderniers à la foisen
ununiquecadre detravaille.

KEYWORDS: AugmentedTransitionNetwork(ATN),MultimediaInputString

MOTS-CLÉS: Reseandetransitionaugmenté(ATN),Donnéesd’entréemultimedia
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1. Intr oduction

Recently, multimediadatabasesystemshaveemergedasafruitful areafor research
dueto therecentprogressin high-speedcommunicationnetworks,largecapacitystor-
agedevices, digitized media,and datacompressiontechnologiesover the last few
years. Multimedia information hasbeenusedin a variety of applicationsinclud-
ing manufacturing,education,medicine,entertainment,etc. Unlike the traditional
databasesystemswhich have text or numericaldata,a multimediadatabaseor infor-
mationsystemmaycontaindifferentmediasuchastext, image,audio,andvideo.The
importantcharacteristicof sucha systemis thatall of thedifferentmediaarebrought
togetherinto onesingleunit, all controlledby a computer.

An increasingnumberof digital library systemsallow usersto accessnot only
textual or pictorial documents,but alsovideodata. Video is popularin many appli-
cationssuchaseducationandtraining, video conferencing,video on demand,news
service,andsoon. Digital library applicationsbasedon hugeamountof digital video
datamustbeableto satisfycomplex semanticinformationneedsandrequireefficient
browsingandsearchingmechanismsto extract relevant information[HOL 98]. Tra-
ditionally, whenuserswant to searchfor certaincontentin videos,they needto fast
forwardor rewind to geta quick overview of intereston thevideotape.This is a se-
quentialprocessandusersdo not have a chanceto chooseor jump to a specifictopic
directly. In mostcases,usershave to browsethroughpartsof the video collection
to get the informationthey want,which addressthecontentsandthemeaningof the
video documents.Also, usersshouldhave the opportunityto retrieve video materi-
als by usingdatabasequeries.Sincevideo datacontainsrich semanticinformation,
databasequeriesshouldallow usersto gethigh level contentsuchasscenesor shots
andlow level contentaccordingto thetemporalandspatialrelationsof semanticob-
jects.A semanticobjectis anobjectappearingin a videoframesuchasa “car.” How
to organizevideodataandprovide thevisualcontentin compactformsbecomesim-
portantin multimediaapplications[YEO 97]. Hence,a semanticmodelshouldhave
theability to modelvisualcontentsat differentgranularitiessothatuserscanquickly
browselargevideocollections.

With the emerging demandon contentbasedvideoprocessingapproaches,more
andmoreattentionis devotedto segmentingvideoframesinto regionssuchthateach
region, or a groupof regions,correspondsto an object that is meaningfulto human
viewers[FER97,COU97]. Thiskind of objectbasedrepresentationof thevideodata
is beingincorporatedinto standardslikeMPEG4andMPEG7[FER97]. A videoclip
is a temporalsequenceof two dimensionalsamplesof thevisualfield. Eachsampleis
an imagewhich is referredto asa frameof thevideo. Segmentationof an image,in
its mostgeneralsense,is to divide it into smallerparts.In imagesegmentation,thein-
put imageis partitionedinto regionssuchthateachregionsatisfiessomehomogeneity
criterion. The regions,which areusuallycharacterizedby homogeneitycriteria like
intensityvalues,texture,etc.,arealsoreferredto asclasses. Video segmentationis
a very importantstepin processingvideoclips. Oneof theemerging applicationsin
video processingis its storageandretrieval from multimediadatabasesandcontent
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basedindexing. Videodatacanbetemporallysegmentedinto smallergroupsdepend-
ing on thesceneactivity whereeachgroupcontainsseveralframes.Clips aredivided
into scenesandscenesinto shots.A shotis consideredthesmallestgroupof frames
thatrepresenta semanticallyconsistentunit.

Videosincludeverbalandvisualinformationthatis spatially, graphically, andtem-
porally spreadout. This makesindexing videodatamorecomplex thantextual data.
Typically, indexing coversonly thetopicalor content-dependentcharacteristics.The
extra-topicalor content-independentcharacteristicsof visual informationarenot in-
dexed.Thesecharacteristicsincludecolor, texture,or objectsrepresentedin a picture
thattopicalindexing wouldnot include,but usersmayrely onwhenmakingrelevance
judgments[KOM 98]. Hence,it is very importantto provide the userssuchvisual
cuesin browsing. For this purpose,key framesextractedfrom the videosareoneof
themethodsto providevisualsurrogatesof videodata.

Many video browsing modelsproposeto allow usersto visualizevideo content
basedon userinteractions[ARM 94, DAY 95, FLI 95, MIL 92, OOM 93, SMO 94,
YEO 97]. Thesemodelschooserepresentative imagesusingregular time intervals,
one imagein eachshot, all frameswith focus key frame at specificplace,and so
on. Choosingkey framesbasedon regular time intervals may misssomeimportant
segmentsand segmentsmay have multiple key frameswith similar contents. One
imagein eachshotalsomaynot capturethetemporalandspatialrelationsof seman-
tic objects. Showing all key framesmay confuseuserswhentoo many key frames
aredisplayedat thesametime. To achieve a balance,we proposea key frameselec-
tion mechanismbasedon thenumber, temporal,andspatialchangesof thesemantic
objectsin thevideoframes.

The Augmentedtransitionnetwork (ATN), developedby Woods[WOO 70], has
beenusedin naturallanguageunderstandingsystemsandquestionansweringsystems
for both text andspeech.We usethe ATN asa semanticmodel to modelmultime-
diapresentations[CHE 97a],multimediadatabasesearching,thetemporal,spatial,or
spatio-temporalrelationsof variousmediastreamsandsemanticobjects[CHE 97b,
SHY 98b]. As shown in [CHE 97c], ATNs needfewer nodesandarcsto represent
a multimediapresentationcomparedwith Petri-netmodelssuchasOCPN[LIT 90].
Multimedia input stringsadoptthenotationsfrom regularexpressions[KLE 56] and
areusedto representthe presentationsequencesof temporalmediastreams,spatio-
temporalrelationsof semanticobjects,and keyword compositions. In addition to
usingATNs to modelmultimediapresentationsandmultimediadatabasesearching,
how to useATNsandmultimediainputstringsasvideobrowsingmodelsis discussed
in this paper. Moreover, key frameselectionbasedon the temporalandspatialre-
lationsof semanticobjectsin eachshotwill be discussed.In previous studies,for-
mulationsandalgorithmsfor multiscaleimagesegmentationandunsupervisedvideo
segmentationandobject trackingwereintroduced[SIS 98, SIS 99b, SIS 99c]. Our
videosegmentationmethodfocuseson obtainingobjectlevel segmentation,i.e., ob-
tainingobjectsin eachframeandtheir tracesacrosstheframes.Hence,thetemporal
andspatialrelationsof semanticobjectsrequiredin theproposedkey frameselection
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mechanismcanbe captured. We apply our video segmentationmethodon a small
portionof a soccergamevideoandusethetemporalandspatialrelationsof semantic
objectsto illustratehow thekey frameselectionmechanismworks.

Theorganizationof this paperis asfollows. Section2 discussestheuseof ATNs
and multimediainput stringsto model video browsing. Key frame selectionalgo-
rithm is introducedin section3. Section3 alsogivesanexamplesoccergamevideo.
Conclusionsarepresentedin section4.

2. VideoBrowsingUsing ATNs

In an interactive multimediainformationsystem,usersshouldhave theflexibility
to browseanddecideon variousscenariosthey want to see. This meansthat two-
way communicationsshouldbecapturedby theconceptualmodel. Digital videohas
gainedincreasingpopularityin many multimediaapplications.Insteadof sequential
accessto the video content,structuringand modelingvideo dataso that userscan
quickly and easily browseand retrieve interestingmaterialsbecomesan important
issuein designingmultimediainformationsystems.

Browsing providesusersthe opportunityto view informationrapidly sincethey
canchoosethe contentrelevant to their needs. It is similar to the tableof contents
andtheindex of abook.Theadvantageis thatuserscanquickly locatetheinteresting
topic andavoid thesequentialandtime-consumingprocess.In a digital videolibrary,
in orderto provide this capability, a semanticmodelshouldallow usersto navigate
a videostreambasedon shots,scenes,or clips. The ATN canbe usedto modelthe
spatio-temporalrelationsof multimediapresentationsandmultimediadatabasesys-
tems. It allows usersto view part of a presentationby issuingdatabasequeries. In
thispaper, wefurtherdesignamechanismby usingtheATN to modelvideobrowsing
sothatuserscannavigatethevideocontents.In this manner, queryingandbrowsing
capabilitiescanbeprovidedby usingATNs.

2.1. Hierarchy for a Video Clip

As mentionedin [YEO 97], a video clip canbe divided into scenes. A sceneis
a commoneventor localewhich containsa sequentialcollectionof shots. A shot is
a basicunit of videoproductionwhich capturesbetweena recordanda stopcamera
operation.Figure1 is a hierarchyfor a videoclip. At the topmostlevel is thevideo
clip. A clip containsseveralscenesat thesecondlevel andeachscenecontainsseveral
shots. Eachshotcontainssomecontiguousframeswhichareat thelowestlevel in the
video hierarchy. Sincea video clip may containmany video frames,it is not good
for databaseretrieving andbrowsing. How to modela videoclip, basedon different
granularities,to accommodatebrowsing,searchingandretrieval at differentlevels is
animportantissuein multimediadatabaseandinformationsystems.A videohierarchy
canbedefinedby thefollowing threeproperties:
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Figure1. A hierarchyof videomediastream

1.
�

= { ��� , �
	 , ���� , ��� }, ��� denotesthe � th sceneand � is thenumberof scenes
in this video clip. Let B( ��� ) and E(��� ) be the startingand endingtimes of scene��� , respectively. The temporalrelationB( ��� ) � E(��� ) � B( �
	 ) � E(��	 ) ������ is
preserved.

2. � � = { � �� , ���� , � ���� }, � �� is the � th shotin scene� � and � � is thenumberof shots
in � � . Let B( � �� ) andE(� �� ) bethestartingandendingtimesof shot � �� whereB( � �� )� E(� �� ) ��������� B( � ���� ) � E(� ���� ).

3. � �� = {  �"! �� , ���� ,  �#! �$&% },  �#! �� and  �#! �$&% arethestartingandendingframesin shot� �� and ' � is thenumberof framesfor shot � �� .
In property1,

�
representsa videoclip andcontainsoneor morescenesdenotedby��� , �
	 , andso on. Scenesfollow a temporalorder. For example,the endingtime

of ��� is earlier than the startingtime of �
	 . As shown in property2, eachscene
containssomeshotssuchas � �� to � �� � . Shotsalsofollow a temporalorderandthere
is no time overlapamongshotssoB( � �� ) � E(� �� ) �(����)� B( � �� � ) � E(� �� � ). A shot
containssomekey framesto representthe visual contentsandchangesin eachshot.
In property3,  �#! �* representskey frame + for shot � �� . Thedetailsof how to choose
key framesbasedon temporalandspatialrelationsof semanticobjectsin eachshot
will bediscussedin section3.

2.2. Using ATNs to Model Video Browsing

An ATN canbuild up thehierarchypropertyby usingits subnetworks.Figure2 is
anexampleof how to useanATN andits subnetworksto representa videohierarchy.
An ATN and its subnetwork are capableof segmentinga video clip into different
granularitiesandstill preservethetemporalrelationsof differentunits.
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Figure2. AugmentedTransitionNetworkfor videobrowsing:(a) is theATNnetwork
for a videoclip which startsat thestateV/. (b)-(d)are part of thesubnetworksof (a).
(b) is to modelscenesin videoclip

� � . (c) is to modelshotsin scene��� . Key frames
for shot ��� is in (d).

Table1 shows thetracesof ATN for presentation
�

in Figure2. This tableis used
to explain how ATN works for video browsing. The part of the stepsareshown as
follows:

Step1: The currentstateis
�

andthe arc to be followed is arc number1 with arc
label

� � . Theinputsymbol
� � is asubnetwork name(asshown in Figure2(b)).

Sinceinputsymbol
� � (videoclip) is asubnetwork name,thestatename(

�-,�� � )
at theheadof arc1 is put into a stackwhich is shown at backupstatesin Table
1. Thecontrolpassesto thesubnetwork

� � (Figure2(b)) afterthestatenameis
put into thestack.

Step2: Thecurrentstateis
� � , which is thestartingstateof a subnetwork asshown

in Figure2(b). Arc number2 is followedandthearclabel is ����./�
	 . Arc label���0./�
	 meansa video clip
� � consistsof two scenesto let userschooseand
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they are ��� and �
	 . Assumingthe userchooses��� , arc number4 is followed
andthearclabel(input symbol)is � � . Since � � is alsoa subnetwork name,the
statename

� � , � � at theheadof thisarcis pushedinto thestacksothatthisstate
nameis on top of thestatename

�1,�� � . Therefore,therearetwo statenamesin
thestackat this stage.Thecontrolpassesto thesubnetwork in Figure2(c).

Step3: Thecurrentstateis ��� , . Arc number9 with arclabel ����.2�
	0.2�
3 is followed.
Thisarclabeldenotesthatscene��� consistsof threeshots:��� , �
	 , and �
3 .

In Figure2(a),thearclabel
� � is thestartingstatenameof its subnetwork in Figure

2(b). Whenthe input symbol
� � is read,thenameof thestateat theheadof thearc

(
�-,�� � ) is pushedinto thetop of a push-down store.Thecontrol is thenpassedto the

statenamedon thearcwhich is thesubnetwork in Figure2(b).

In Figure 2(b), when the input symbol 45� ( ����./�
	 ) is read,two frameswhich
representtwo video scenes��� and �
	 areboth displayedfor the selections.In the
originalvideosequence,��� appearsearlierthan ��	 sinceit hasasmallernumber. The
“&” symbolin multimediainputstringsis usedto denotetheconcurrentdisplayof ���
and �
	 . ATNsarecapableof modelinguserinteractionswheredifferentselectionswill
go to differentstatessothatusershavetheopportunityto directly jumpto thespecific
videounit that they want to see.In our design,verticalbars“ 6 ” in multimediainput
stringsandmorethanoneoutgoingarc in eachstateat ATNs areusedto modelthe
“or” conditionsothatuserinteractionsareallowed. Assume� � is selected,theinput
symbol � � is read. Control is passedto the subnetwork in Figure2(c) with starting
statename� � /. The“*” symbolindicatestheselectionis optionalfor theuserssince
it maynot beactivatedif userswant to stopthebrowsing. Thesubnetwork for � 	 is
omittedfor thesimplicity.

In Figure2(c), whenthe input symbol ����.2�
	�.2�
3 is read,threeframes ��� , �
	 ,
and �
3 which representthreeshotsof scene��� aredisplayedfor theselection.If the
shot ��� is selected,thecontrolwill bepassedto thesubnetwork in Figure2(d) based
on thearcsymbol ��� /. Thesameasin Figure2(b), temporalflow is maintained.

3. The ProposedKeyFrame SelectionApproach

Thenext level undershotsarekey frames.Key frameselectionsplayanimportant
role to let usersexaminethekey changesin eachvideoshot.Sinceeachshotmaystill
have too many videoframes,it is reasonableto usekey framesto representtheshots.
Theeasiestway of key frameselectionis to choosethefirst frameof theshot. How-
ever, thismethodmaymisssomeimportanttemporalandspatialchangesin eachshot.
Thesecondwayis to includeall videoframesaskey framesandthismayhavecompu-
tationalandstorageproblems,andmayincreaseusers’perceptionburdens.Thethird
way is to choosekey framesbasedon fixeddurations.This methodis still not a good
mechanismsinceit may give us many key frameswith similar contents.Therefore,
how to selectkey framesto representa videoshot is animportantissuefor digital li-
brarybrowsing,searching,andretrieval [YEU 95]. To achievea balance,we propose



8

Table 1. Thetraceof ATNfor thebrowsingsequencein Figure2.

Step Curr ent State Input Symbol Ar c Followed Backup States
1 798 7;: 1 7<8=7;:
2 7;:>8 ?@:BAC?;D 2 7<8=7;:
3 7;:B8?
:BAC?ED ?
: 4 7;:>8=?@:7<8=7;:
4 ?@: / F
:GA-F;D�A-F1H 9 7;:>8=?@:7<8=7 :
5 ? : 80F : A-F D A-F1H F : 12 ? : 8�F :7 : 8=? :7<8=7 :
6 F : / I : AJI D AJIKHAJI-L 18 ? : 8�F :7;:>8=?@:7<8=7;:
7 F
:G8IM:BAJI-D�AJIKH=AJI L IM: 20 ?
:>8�F
:7 : 8=? :7<8=7 :
8 F : 8�I : F : 24 F : 80F :?
:>8�F
:7;:>8=?@:7<8=7 :
9 F : 8 I : AJI D AJI-N�AJI1L 18 ? : 8�F D7 : 8=? :7<8=7;:
10 F : 8I : AJI D AJI1N�AJI-L None 19 7 : 8=? :7<8=7;:
11 ?@:>80F;D ?
: 15 ?@:>8=?@:7 : 8=? :7<8=7 :
12 ? : 8 F : A-F D A-FEN 9 ? : 8=? :7 : 8=? :7<8=7;:
13 ?@:>80F
:BA-F;D�A-F N None 10 7;:>8=?@:7<8=7;:
14 ?@:>8=?@: None 17 7<8=7;:
15 7;:>8?
: 7;: 6 7;:G8=7;:7<8=7 :
16 7;:>8 ?@:BAC?;D 2 7;:G8=7;:7<8=7 :
17 7 : 8? : AC? D None 3 7<8=7 :
18 7 : 8=7 : None 8 NIL
19 Finish
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a key frameselectionmechanismbasedon thenumber, temporal,andspatialchanges
of thesemanticobjectsin thevideo frames.Otherfeaturesmayalsobepossiblefor
thekey frameselections,but we focuson thenumber, temporal,andspatialrelations
of semanticobjectsin thisstudy. Therefore,spatio-temporalchangesin eachshotcan
berepresentedby thesekey frames.For example,in eachshotof asoccergame,play-
ersmaychangepositionsin subsequentframesandthenumberof playersappearing
maychangeat thetime durationof theshot.

3.1. Simultaneous Partition and Class Parameter Estimation (SPCPE) Algorithm

Let thesetof semanticobjectsin the + th frame(  �#! �* ) of the � th shot � �� in the � th
scene� � bedenotedby O �"! �* . We definethekey frameselectionsasfollows:

Definition 1: Given two contiguousvideo frames  �#! �P and  �#! �Q in � �� , let the sets

of the semanticobjectsin thesetwo video framesbe O �"! �P and O �#! �Q .  �"! �Q is a key
frameif andonly if any of following two conditionsis satisfied:

(1) O �"! �PSR O �#! �QUTV O �#! �PXW O �#! �Q ;

(2) Any semanticobjectspatiallocationchangesbetweenO �"! �P and O �"! �Q .

As mentionedpreviously, thevideosegmentationmethodcanprovidetherequired
informationfor thekey frameselectionmechanism.Therefore,thevideosegmenta-
tion methodis appliedto eachframebeforetheabovetwo conditionsarechecked.The
methodfor partitioninga video framestartswith an arbitrarypartition andemploys
an iterative algorithm to estimatethe partition and the classdescriptionparameters
jointly. Sotheminimumwe obtainthroughour descentmethoddependsstronglyon
thestartingpointor theinitial partition. In avideo,thesuccessiveframesdonotdiffer
muchdueto thehigh temporalsamplingrate.Hencethepartitionsof adjacentframes
do not differ significantly. Startingwith theestimatedpartitionof thepreviousframe,
if weapplyourdescentalgorithmon thecurrentframewemayobtaina new partition
thatis notsignificantlydifferentfrom thepartitionof thepreviousframe.For thefirst
frame,sincethereis no previousframe,weusearandomlygeneratedinitial partition.

We treat the partition as well as the classparametersas randomvariablesand
posethe problemas one in joint estimation[SIS 98, SIS 99b]. Supposethereare
two classes.Let thetwo classesbedescribedby theprobabilitydensitiesdenotedbyY �[Z#\�� �=] and Y 	�Z"\^� �_] . Also, let the partitionvariablebe ` Vba `��_c�`^	�d andthe classes
beparameterizedby e Vfa e
�[c�eg	[d . Consideran imageof �ih rows and �kj columns
(i.e., imageof size �ih/lm�kj ) with intensitiesgivenby n Voa \^� �qp�rqs � s �th[c rqs� s �ij0d . We estimatethe bestpartition as that which maximizesthe a posteriori
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probability (MAP) of the partition variablegiven the imagedata n . Now, the MAP
estimatesof ` Vua ` � c�` 	 d and e Vua e � c�e 	 d aregivenby

Z�v`Ec ve ] V Arg wyx[z{ ` ! e@|
} Z#`;c�e~6[n ] V Arg wyx[z{ ` ! eg|

} Z#nf6[`Ec�e ] } Z�`Ec�e ] � [1]

Let ��Z�`Ec�e ] denotethe functionalthatneedsto beminimized,i.e., thesumof terms.
With appropriateassumptions,this joint estimationcanbesimplifiedto thefollowing
form:

Z v`Ec ve ] V Arg wq���{ ` ! eg| ��Z#`��_c�`^	�c�e
�[c�eg	 ]
��Z#`��_c>`^	�c�e
�_c�eg	 ] V �� � %0� `��g�

� � Y �[Z#\�� �^� e
� ]�� �� � %0� `��
�
� � Y 	�Z#\�� ��� eg	 ] � [2]

Thejoint estimationmethodis calledthesimultaneouspartition andclassparam-
eter estimation(SPCPE)algorithm. The algorithmstartswith an arbitrarypartition
of the dataandcomputesthe correspondingclassparameters.Using theseclasspa-
rametersandthe dataa new partition is estimated.Both the partition andthe class
parametersareiteratively refineduntil thereis no furtherchangein them.Thedetails
of thevideosegmentationmethodareshown in [SIS 99c].

Given a video shot � �� , let � �� be the setof key framesselectedfor � �� and � a

frameindex. Initially thefirst frameis alwaysselectedso � �� = {  �"! �� }.

1. Initialization:� � �� = {  �#! �� };�
ExecuteSPCPEalgorithmfor thefirst frame;

2. for � = 2 to ' ��
ExecuteSPCPEalgorithmto getthetemporalandspatialrelationsof the

semanticobjects;�
if ( ( O �#! �� R O �#! ���� � TV O �#! �� W O �#! ��M� � ) OR

Spatial_location_change(O �#! �� , O �#! ���� � ) ) then� �� = � �� W  �#! �� ;

endfor;

The first conditionof definition 1 modelsthe numberof semanticobjectchangesin
two contiguousvideo framesat the sameshot. The first part of the if-statementin
theabove solutionalgorithmis usedto checkthis situation.The latterpartof the if-
statementchecksthesecondconditionof definition1, which is to modelthetemporal
andspatialchangesof semanticobjectsin two contiguousvideo framesof the shot.
Usingthesamedefinitionof threedimensionalrelativepositionsfor semanticobjects
as shown in [CHE 97b], we chooseone semanticobject to be the target semantic
objectin eachvideoframe.Weadopttheminimalboundingrectangle(MBR) concept
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in R-tree[GUT 84] so thateachsemanticobjectis coveredby a rectangle.In order
to distinguishtherelativepositions,twenty-sevennumbersareusedto distinguishthe
relative positionsof eachsemanticobject relative to the target semanticobjectand
arerepresentedby subscriptednumbers.Thecentroidpoint of eachsemanticobject
is usedfor spacereasoningso that any semanticobjectis mappedto a point object.
Therefore,the relative position betweenthe target semanticobject and a semantic
objectcanbederivedfrom thesecentroidpoints.

3.2. Implementation and Results

Theexamplesoccervideoconsistsof 60frames.It is agrayscalevideothatshows
thepartof thegamewherea goal is scored.Eachframeis of size180rows and240
columns.A small portionof the soccervideogameis usedto illustratethe way the
proposedkey frameselectionmechanismworks. Although we have several distinct
regionsin eachframeof thevideo,only two of themareimportantfrom thecontent
basedretrieval perspective,namelytheball andtheplayers.Therearesomeimportant
aspectsin thisvideothatmakeautomaticobjecttrackingdifficult. They areasfollows:

– Thesoccerball vanishesbetweenplayersfor a few framesandreappearslater.

– Theregionscorrespondingto theplayersmergetogetherandseparateout after
a few frames.

– Somespuriouspatches,typically on the ground,suddenlyappearasblobsand
disappeargiving theimpressionof anobject.

We will applyourvideosegmentationmethodto thisdata,assumingthatthereare
two classes.The first frameis partitionedusingthe multiscaleframesegmentation
with two classes.Thealgorithmis initialized with a randomstartingpartition. After
obtainingthepartitionof thefirst frame,we computethepartitionsof thesubsequent
frames. From the resultson frames1 through60, a few frames– 1, 5, 8 and13 –
areshown in Figure3 alongwith the original framesadjacentto them. As canbe
seenfrom Figure3, theplayers,thesoccerball andthesignboardsin thebackground
(JVC, Canon,etc.) areall capturedby a singleclass.Thegroundin thesoccerfield
is capturedby anotherclass. Someof the playerswho areclosetogetherhave been
combinedinto a singlesegment. Similarly, the ball is mergedinto a singlesegment
with two otherplayers.For example,in frame1, theball andtwo playersarepartof
onesegment;whereasby thefifth frame,thesoccerball is farawaysothatit becomes
a segmentin itself. This continuesuntil it goesin betweentwo otherplayers.Notice
thepatchonthegroundwhichwasneartheright mostplayerin thefirst frame,moves
to theleft uniformly owing to thecamerapanningto theright. In frame5 we cansee
a spuriouspatchappearingout of nowhere.On thewhole,theinitial conditionsfrom
the previous framesseemto be guiding the segmentationof the currentframein an
effective manner. Therearesomeartifactson theground,specificallytheoneclosest
to therightmostplayer, which show up aspatchesin thefinal partition. Inspectionof
theotherframesshows thatit is alsopresentin themandnotsomethingspurious.
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(a)Frame1 (b) Partitionof Frame1
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(c) Frame5 (d) Partitionof Frame5
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(e)Frame8 (f) Partitionof Frame8
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(g) Frame13 (h) Partitionof Frame13

Figure 3. Figures (a),(c),(e),(g)are the original Frames1,5,8,13(on the left) and
(b),(d),(f),(h)showtheir correspondingpartitions (on the right). (b) showsthe seg-
mentsextractedfromthefirst frameof theSoccervideo.Thecentroid of each segment
is markedwith an ‘x’ and thesegmentis shownwith a boundingboxaroundit. The
segmentscorrespondingto themovingplayersandtheball arecapturedin everyframe
automatically.
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Thesegmentsof Frame1, extractedby applyingtheseedingandregion growing
methodareshown in Figure3(b). Thereare15 segmentsin this frameout of which
only 5 correspondto theplayersandtheball. Theball and2 playersaremergedinto
onesegment,andthereare2 othersegmentswheretwo playersareput into a single
segment. The restof the two segmentsconsistof oneplayer in eachsegment. We
have implementedtheprogramsto find theboundingboxesandthecentroidsfor the
segments. Therefore,the segmentsare displayedwith the boundingboxesaround
themandthe centroidsaremarked with an ‘x’ in Figure3(b). The small segments
with only a centroidandwithout any apparentboundingbox arethe oneswith very
few pixels. Most of themareon the top of the frameandat the bottomof the sign
boards.They ariseout of smoothingthebrokensoccerboundaryline.

Sinceonly theball andtheplayersareimportantfrom thecontentbasedretrieval
perspective, we useFigure4 to simplify the segmentsfor eachframe. As shown in
Figure4, the ground(G) is selectedasthe target semanticobjectandthe segments
aredenotedby P for theplayersor B for thesoccerball. As mentionedearlier, if two
semanticobjectsaretoo closeto eachother, they aremergedinto a singlesegment.
Hence,the soccerball is put into a single segmentonly when it is far away from
theplayers(in Frames5 and8) andeachsegmentP mayconsistof multiple players
and/orthe soccerball. In this example,eachframeis divided into nine subregions.
More or fewer subregionsin a videoframemaybeusedto allow morefuzzy or more
precisequeriesasnecessary. The correspondingmultimediainput stringsareon the
right of Figure4. In our design,eachkey frameis representedby an input symbol
in a multimediainput string and the “&” symbol betweentwo semanticobjectsis
usedto denotethat the semanticobjectsappearin the sameframe. The subscripted
numbersareusedto distinguishtherelative positionsof thesemanticobjectsrelative
to the targetsemanticobject“ground”. Table2 shows part of the threedimensional
spatialrelationsintroducedin [CHE 97b]. ( �;��cB\���c>�=� ) and( �g�_c>\^�=c>�[� ) representthe
X-, Y-, andZ-coordinatesof thetargetandany semanticobject,respectively. The“ � ”
symbol meansthe differencebetweentwo coordinatesis within a thresholdvalue.
Sincetwo dimensionsareconsideredin this example,� � �(� � . Themultimediainput
stringscanbe usedfor multimediadatabasesearchingvia substringmatching. The
detailsof multimediadatabasesearchingareshown in [CHE 97b].

AssumeFigures4(a),(b), (c), and(d) arefour key framesfor shot ��� . Themulti-
mediainputstringto representthesefour key framesis asfollows:

Multimedia input string:

Z#�t��. } �G�. } �G3. } �0. } �0. } �B� ]� �0  ¡¢ �
Z#�t��. } �G�. } �B3�. } ��.¤£¤��. } ��. } �G� ]� ��  ¡¢ �Z#�t��. } �G�. } �G3. } �G�.¤£¤��. } ��. } �B� ]� �0  ¡¢�¥ Z��t��. } �G¦=. } �G3. } �G�. } ��. } �G� ]� �0  ¡¢M§

As shown in the above multimediainput string, therearefour input symbolswhich
are ¨©� , ¨ª	 , ¨«3 , and ¨ª¬ . The appearancesequenceof the semanticobjectsin an
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1
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1& P10& P13& P & P& P19G

multimedia input string:

multimedia input string:

& P10& P13& 1& P1&P
19

& P10& P13&P10&B1&P1&P19

& P
16
&P
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multimedia input string:

multimedia input string:

P B1 &

1 1

Figure4. Segmentswith boundingboxesandcentroidsfor Frames1,5,8,13in Figure
3 on theleft andtheir correspondingmultimediainputstringson theright. Each seg-
mentis displayedwith the boundingbox aroundit and the centroid is marked with
an ‘x’. Here, G, P, andB represent“gr ound”, “players”, and“soccer ball”, respec-
tively. The“gr ound” (G) is selectedasthetargetsemanticobjectandthesubscripted
numbers in a multimediainput string are usedto distinguishtherelativepositionsof
thesemanticobjectsrelativeto G. Each frameis dividedinto ninesubregionsandthe
centroid of each segmentis usedasa referencepoint for spatialreasoning.
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Table2. Part of thethreedimensionalrelativepositionsfor semanticobjects:Thefirst
andthethird columnsindicatetherelativepositionnumberswhile thesecondandthe
fourth columnsare therelativecoordinates.( � � cB\ � c>� � ) and( � � cB\ � c>� � ) representthe
X-, Y-, andZ-coordinatesof thetargetandanysemanticobject,respectively. The“ � ”
symbolmeansthedifferencebetweentwo coordinatesis within a thresholdvalue.

Number RelativeCoordinates
1 � � �� � c>\ � �\ � c>� � �� �
10 �@�M�®�E��c>\^�-�\���c>�[�K��=�
13 � � �®� � c>\ � �®\ � c>� � �� �
16 �@�M�®�E��c>\^�C¯®\���c>�[�K��=�
19 �@�M¯®�E��c>\^�-�\���c>�[�K��=�

input symbol is basedon the spatial locationsof the semanticobjectsin the video
framefrom left to right andtop to bottom.For example,Figure4(a)is representedby
input symbol ¨ � . � � indicatesthat G is the target semanticobject.

} �G� meansthe
first P is on the left of G,

} �G3 meansthe secondP is below andto the left of G,
} �

meansthethird P andthefourthP areat thesamesubregionasG, and
} �G� meansthe

fifth P is on theright of G. Figure4(b) is modeledby input symbol ¨«	 in which the
soccerball B appearsat thesamesubregionasG andtherestof thesemanticobjects
remainat thesamelocations.In thiscase,thenumberof semanticobjectsis increased
from six to seven. This is anexampleto show how to usea multimediainput string
to representa numberof semanticobjectchanges.Figure4(c) is representedby input
symbol ¨ª3 . Thethird P movesfrom thesamesubregionof G to aboveandleft of G
so the associatednumberchangesfrom 1 to 10 from which the relative spatialrela-
tions canalsobemodeledby the multimediainput string. Input symbol ¨ ¬ models
Figure4(d). In this situation,B disappearsandthefirst P changesits spatiallocation
from theleft to aboveandleft of G in Figure4(c). So,thenumberassociatedwith the
first P changesfrom 10 to 16 andB doesnot exist in ¨ ¬ . Theorderof thesefour key
framesis modeledby four input symbolsconcatenatedtogetherto indicatethat ¨°�
appearsearlierthan ¨ª	 andsoon.

4. Conclusions

Videodataarewidely usedin today’s multimediaapplicationssuchaseducation,
videoon demand,videoconferencingandsoon. Managingvideodataso thatusers
canquickly browsevideo datais an importantissuefor the multimediaapplications
usingvideo data. A goodsemanticmodel is neededif we want to meetthe needs.
In this paper, ATNs areusedto modelvideo hierarchyfor browsing. Basedon this
design,userscan view information quickly to decidewhetherthe contentis what
they want to see. Key framesselectionbasedon temporaland spatialrelationsof
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semanticobjectsis usedin our design.Thetemporalandspatialrelationsof semantic
objectsarecapturedby theproposedunsupervisedvideosegmentationmethod.From
the soccergamevideo example,we canseethat the playersandthe soccerball are
capturedwell. Sincethe first frameusesa randominitialization andthe subsequent
framesusetheresultsof thepreviousframes,themethodis completelyunsupervised.
In addition,by incorporatingthepartition informationof thepreviousframeinto the
segmentationprocessof thecurrentframe,thetemporalinformationis implicitly used.
Underthisdesign,thesekey framespreservemany of thevisualcontentsandminimize
thedatasizeto mitigatethecomputationandstorageproblemsin multimediabrowsing
environments.Moreover, basedon theresultsof thesegmentation,multimediainput
stringsare constructed. The multimedia input stringscan be usedfor multimedia
databasesearchingvia substringmatching.Unliketheexistingsemanticmodelswhich
only model presentation,query, or browsing, our ATN model provides thesethree
capabilitiesin oneframework.
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