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ABSTRET. An abstiact semanticmodelcalled the augmentedransitionnetwork(ATN), which

can modelvideodata and userinteractions,is proposedin this paper An ATN and its sub-
networkscan modelvideodata basedon differentgranularities sud as scenesshotsand key

frames. Multimediainput strings are usedas inputsfor ATNs. Key frameselectionis based
on tempoal and spatial relationsof semanticobjectsin eat shot. Therelationsof semantic
objectsare captued from our proposedunsupervisedideo segmentationrmethodwhich con-

siders the problemof partitioning ead frameas a joint estimationof the partition and class
parametervariables. Unlike existing semantianodelswhich only modelmultimediapresenta-
tion, multimediadatabaseseaching, or browsing ATNstogetherwith multimediainput strings
canmodelthesethreein oneframeavork.

RESUME Danscetarticle estprésenteun modélesémantiquéhéoriqueappeléATN (augmented
transitionnetwork)qui estcapablede généer desdonnéesiidéoet de créer desinteractions
avecl'utilisateur. Un ATN et sessous-eseauxpeuventéveloppedesbasesde donnéewvideo
baséesur différentsobjetstel que desscénesdesimagesou des“k ey frames. Leschaines
de donnéesmultimédiasontutiliséescommesouicesd’entréespar les ATN. La sélectiondes
"key frames"estelle baséesur unerelationtempoel et spatialedesobjetssémantiquesCette
mémerelation estaquisepar notre méthodeale sggmentatiorvidéoautonomeproposéglaque-
lle secharge de partitioner chaqueimage en créeantune estimationjointe desvariablesde
paramétesdeclassestdela partition enelle méme Contrairementauxmodelesémantiques
existantqui secontententlegénéer soituneprésentationmultimédia soitunebasededonnées
derederche multimedia,ou tout simplementin affichage (appeléégalementbr owsing”), les
ATN combinésa desdonnéed’entréemultimediapeuvengénéer cestroisderniers a la foisen
ununiquecadre detravaille.

KEYWORDS AugmentedransitionNetwork(ATN), Multimedialnput String
MOTS-CLES Researdetransitionaugment¢ATN), Donnéegl’entréemultimedia




1. Intr oduction

Recentlymultimediadatabaseystem$iave emegedasafruitful areafor research
dueto therecentprogressn high-speedommunicatiometworks,large capacitystor
agedevices, digitized media, and datacompressiortechnologiesover the last few
years. Multimedia information has beenusedin a variety of applicationsinclud-
ing manugcturing, education,medicine,entertainmentgetc. Unlike the traditional
databasaystemswvhich have text or numericaldata,a multimediadatabaser infor-
mationsystemmaycontaindifferentmediasuchastext, image,audio,andvideo. The
importantcharacteristiof sucha systemis thatall of the differentmediaarebrought
togetherinto onesingleunit, all controlledby acomputer

An increasingnumberof digital library systemsallow usersto accessot only
textual or pictorial documentsput alsovideo data. Videois popularin mary appli-
cationssuchaseducationandtraining, video conferencingyideo on demandnews
service,andsoon. Digital library applicationsbasedon hugeamountof digital video
datamustbe ableto satisfycomplex semantianformationneedsandrequireefficient
browsing andsearchingnechanismso extractrelevantinformation[HOL 98]. Tra-
ditionally, whenuserswantto searchfor certaincontentin videos,they needto fast
forwardor rewind to geta quick overview of intereston thevideotape.Thisis a se-
quentialprocessandusersdo not have a chanceto chooseor jump to a specifictopic
directly. In mostcasesusershave to browsethrough partsof the video collection
to getthe informationthey want, which addresghe contentsandthe meaningof the
video documents.Also, usersshouldhave the opportunityto retrieve video materi-
als by using databasejueries. Sincevideo datacontainsrich semantidnformation,
databasejueriesshouldallow usersto gethigh level contentsuchassceneor shots
andlow level contentaccordingto thetemporalandspatialrelationsof semanticob-
jects. A semanticobjectis anobjectappearingn avideoframesuchasa“car.” How
to organizevideo dataandprovide thevisual contentin compactformsbecomesm-
portantin multimediaapplication YEO 97]. Hence,a semantionodelshouldhave
theability to modelvisual contentsat differentgranularitiessothatuserscanquickly
browselargevideocollections.

With the emeging demandon contentbasedvideo processingapproachesnore
andmoreattentionis devotedto segmentingvideo framesinto regionssuchthateach
region, or a groupof regions, corresponds$o an objectthatis meaningfulto human
viewers[FER97,COU 97]. Thiskind of objectbasedepresentationf thevideodata
is beingincorporatednto standardéke MPEG4andMPEG7[FER 97]. A videoclip
is atemporalsequencef two dimensionabampleof thevisualfield. Eachsampleis
animagewhich is referredto asa frame of the video. Segmentationof animage,in
its mostgenerakenseis to divide it into smallerparts.In imagesegmentationthein-
putimageis partitionedinto regionssuchthateachregion satisfiessomehomogeneity
criterion. Theregions,which are usually characterizedhy homogeneitycriterialike
intensity values,texture, etc., are alsoreferredto asclasses Video segmentationis
avery importantstepin processing/ideo clips. Oneof the emepging applicationsn
video processings its storageand retrieval from multimediadatabaseand content
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basedndexing. Videodatacanbetemporallysggmentednto smallergroupsdepend-
ing onthe sceneactity whereeachgroupcontainsseveralframes.Clips aredivided
into scenesandscenesnto shots. A shotis consideredhe smallestgroupof frames
thatrepresent semanticallyconsistenunit.

Videosincludeverbalandvisualinformationthatis spatially graphically andtem-
porally spreadout. This makesindexing video datamorecomplex thantextual data.
Typically, indexing coversonly the topical or content-dependemharacteristicsThe
extra-topicalor content-independermharacteristic®f visual informationarenot in-
dexed. Thesecharacteristicincludecolor, texture,or objectsrepresenteéh a picture
thattopicalindexing would notinclude,but useramayrely onwhenmakingrelevance
judgments[KOM 98]. Hence,it is very importantto provide the userssuchvisual
cuesin browsing. For this purpose key framesextractedfrom the videosare one of
themethoddo provide visualsurrogate®f videodata.

Many video browsing modelsproposeto allow usersto visualizevideo content
basedon userinteractiongdARM 94, DAY 95, FLI 95, MIL 92, O0M 93, SMO 94,
YEO 97]. Thesemodelschooserepresentatie imagesusingregular time intervals,
oneimagein eachshot, all frameswith focus key frame at specificplace,and so
on. Choosingkey framesbasedon regular time intervals may miss someimportant
sggmentsand sggmentsmay have multiple key frameswith similar contents. One
imagein eachshotalsomay not capturethe temporalandspatialrelationsof seman-
tic objects. Shaving all key framesmay confuseuserswhentoo mary key frames
aredisplayedat the sametime. To achieve a balancewe proposea key frameselec-
tion mechanisnbasedon the number temporal,andspatialchangef the semantic
objectsin thevideoframes.

The Augmentedtransitionnetwork (ATN), developedby Woods[WOO 70], has
beenusedin naturallanguagaunderstandingystemsandquestioransweringsystems
for both text and speech.We usethe ATN asa semanticmodelto modelmultime-
dia presentationfCHE 97a], multimediadatabassearchingthetemporal spatial,or
spatio-temporatelationsof variousmediastreamsand semanticobjects|CHE 97b,
SHY 98b]. As shavn in [CHE 97c], ATNs needfewer nodesand arcsto represent
a multimediapresentatiorcomparedvith Petri-netmodelssuchasOCPNILIT 90].
Multimediainput stringsadoptthe notationsfrom regular expression§KLE 56] and
are usedto representhe presentatiorsequencesf temporalmediastreams spatio-
temporalrelationsof semanticobjects,and keyword compositions. In addition to
using ATNs to model multimediapresentationgand multimediadatabaseearching,
how to useATNs andmultimediainput stringsasvideobrowsingmodelsis discussed
in this paper Moreover, key frame selectionbasedon the temporaland spatialre-
lations of semanticobjectsin eachshotwill be discussed.In previous studies,for-
mulationsandalgorithmsfor multiscaleimagesegmentatiorandunsupervisedideo
sgmentationand objecttrackingwereintroduced[SIS 98, SIS 99b, SIS 99c¢]. Our
video sgmentatiormethodfocuseson obtainingobjectlevel sggmentation|.e., ob-
taining objectsin eachframeandtheir tracesacrossthe frames.Hence thetemporal
andspatialrelationsof semantimbjectsrequiredin the proposedey frameselection



mechanisncan be captured. We apply our video segmentationmethodon a small
portion of a soccergamevideo andusethetemporalandspatialrelationsof semantic
objectsto illustratehow the key frameselectionmechanisnworks.

The organizationof this paperis asfollows. Section2 discusseshe useof ATNs
and multimediainput stringsto modelvideo browsing. Key frame selectionalgo-
rithm is introducedin section3. Section3 alsogivesanexamplesoccergamevideo.
Conclusionsarepresentedn section4.

2. Video Browsing Using ATNs

In aninteractve multimediainformationsystem,usersshouldhave the flexibility
to browse and decideon variousscenarioghey wantto see. This meansthat two-
way communicationshouldbe capturedby the conceptuamodel. Digital video has
gainedincreasingpopularityin mary multimediaapplications.Insteadof sequential
accesdo the video content,structuringand modelingvideo dataso that userscan
quickly and easily browse and retrieve interestingmaterialsbecomesan important
issuein designingmultimediainformationsystems.

Browsing provides usersthe opportunityto view information rapidly sincethey
canchoosethe contentrelevant to their needs. It is similar to the table of contents
andtheindex of abook. Theadwantagds thatuserscanquickly locatetheinteresting
topic andavoid the sequentiahndtime-consumingrocessin adigital videolibrary,
in orderto provide this capability a semantionodelshouldallow usersto navigate
avideo streambasedon shots,scenesor clips. The ATN canbe usedto modelthe
spatio-temporafelationsof multimediapresentationgand multimediadatabasesys-
tems. It allows usersto view part of a presentatiorby issuingdatabasejueries. In
this paperwe furtherdesignamechanisnby usingthe ATN to modelvideobrowsing
sothatuserscannavigatethevideo contents.In this manney queryingandbrowsing
capabilitiescanbe providedby usingATNSs.

2.1. Hierarchy for a Video Clip

As mentionedin [YEO 97], avideo clip canbe divided into scenes A sceneis
a commoneventor localewhich containsa sequentiatollectionof shots A shotis
a basicunit of video productionwhich capturesbetweena recordanda stopcamera
operation.Figure 1 is a hierarchyfor a videoclip. At thetopmostlevel is thevideo
clip. A clip containsseveralscenestthesecondevel andeachscenecontainsseveral
shots Eachshotcontainssomecontiguousrameswhich areatthelowestlevel in the
video hierarchy Sincea video clip may containmary video frames,it is not good
for databaseetrieving andbrowsing. How to modela video clip, basedon different
granularitiesto accommodat®rowsing, searchingandretrieval at differentlevelsis
animportantissuein multimediadatabasandinformationsystemsA videohierarchy
canbedefinedby thefollowing threeproperties:
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Figure 1. A hierarchy of videomediastream

1.V ={51,85,, ..., Sn}, S; denotesheith sceneand NV is the numberof scenes
in this video clip. Let B(S;) and E(S;) be the startingand endingtimes of scene
S1, respectiely. The temporalrelationB(S;) < E(S1) < B(S2) < E(S2) < ... is
presered.

2.8;={T{,..., T} }, T} isthejth shotin sceneS; andn; is thenumberof shots
in S;. Let B(T}) andE(TY) bethe startingandendingtimesof shotT} whereB(T7})
<E@TY) <...<B(T},) < ET}).

3.Ti={R}’, ..., Rf;j}, R¥I ande]’,j arethe startingandendingframesin shot
T} andl; is thenumberof framesfor shotT.

In propertyl, V represents videoclip andcontainsoneor morescenesienotedby
S1, Sa2, andsoon. Scenedollow atemporalorder For example,the endingtime
of S; is earlierthanthe startingtime of S,. As shawn in property2, eachscene
containssomeshotssuchasT} to 77 .. Shotsalsofollow atemporalorderandthere
is no time overlapamongshotsso B(TY) < E(TY) < ... < B(T%,) < E(T}..). A shot
containssomekey framesto representhe visual contentsandchangesn eachshot.
In property3, R, representkey framek for shotTj. The detailsof how to choose
key framesbasedon temporaland spatialrelationsof semanticobjectsin eachshot
will bediscussedn section3.

2.2. Using ATNsto Model Video Browsing

An ATN canbuild up the hierarchypropertyby usingits subnetverks. Figure?2 is
anexampleof how to usean ATN andits subnetvarksto represena videohierarchy
An ATN andits subnetvork are capableof segmentinga video clip into different
granularitiesandstill preserethetemporalrelationsof differentunits.
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Figure 2. AugmentedransitionNetworkfor videobrowsing: (a) is the ATN network
for avideoclip which startsat the stateV/. (b)-(d) are part of the subnetwork®f (a).

(b) is to modelscenesn videoclip V1. (c) is to modelshotsin sceneS;. Key frames
for shotT3 isin (d).

Tablel shavsthetracesof ATN for presentatio’” in Figure2. Thistableis used
to explain how ATN works for video browsing. The part of the stepsare shovn as
follows:

Step1: The currentstateis V andthe arc to be followed is arc numberl with arc
label V1. TheinputsymbolV; is asubnetverk name(asshavn in Figure2(b)).
SinceinputsymbolV; (videoclip) is asubnetvork name the statename(V/V;)
atthe headof arc1 is putinto a stackwhich is shavn at backupstatesn Table
1. Thecontrolpasseso thesubnetvork V; (Figure2(b)) afterthe statenameis
putinto the stack.

Step2: Thecurrentstateis V; / which is the startingstateof a subnetverk asshowvn
in Figure2(b). Arc number2 is followedandthearclabelis S; &S,. Arc label
S1&S, meansa video clip V; consistsof two scenedo let userschooseand
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they are S; andSs. Assumingthe userchoosesS;, arc number4 is followed
andthearclabel (inputsymbol)is S;. SinceS; is alsoa subnetverk name the
statenameV; /S; attheheadof thisarcis pushednto thestacksothatthis state
nameis ontop of the statenameV/V;. Thereforetherearetwo statenamesn

the stackat this stage.The control passeso the subnetverk in Figure2(c).

Step3: Thecurrentstateis S;/. Arc number9 with arclabelT; &T>& T3 is followed.
This arclabeldenoteghatsceneS; consistof threeshots: Ty, Ts, andTs.

In Figure2(a),thearclabelV; is thestartingstatenameof its subnetverkin Figure
2(b). Whenthe input symbolV; is read,the nameof the stateat the headof the arc
(V/V1) is pushednto the top of a push-davn store. The controlis thenpassedo the
statenamedonthearcwhichis the subnetvark in Figure2(b).

In Figure 2(b), whenthe input symbol X; (S1&S5) is read,two frameswhich
representwo video scenesS; andS, are both displayedfor the selections.In the
originalvideosequenceS; appear®arlierthansS, sinceit hasasmallernumber The
“&" symbolin multimediainput stringsis usedto denotethe concurrentlisplayof Sy
andS,. ATNsarecapableof modelinguserinteractionsvheredifferentselectionswill
goto differentstatessothatusershave the opportunityto directly jump to the specific
videounit thatthey wantto see.In our design,verticalbars“|” in multimediainput
stringsand morethanoneoutgoingarcin eachstateat ATNs areusedto modelthe
“or” conditionsothatuserinteractionsareallowed. Assumes; is selectedtheinput
symbol S; is read. Controlis passedo the subnetverk in Figure 2(c) with starting
statenameS;/. The**” symbolindicatesthe selectionis optionalfor the userssince
it may not be activatedif userswantto stopthe browsing. The subnetvork for S, is
omittedfor the simplicity.

In Figure 2(c), whenthe input symbol T1 &T>& T3 is read,threeframesTy, T,
andT3 which representhreeshotsof sceneS; aredisplayedfor the selection.If the
shotT; is selectedthe controlwill be passedo the subnetverk in Figure2(d) based
onthearcsymbolT;/. Thesameasin Figure2(b), temporalflow is maintained.

3. The ProposedK ey Frame SelectionApproach

Thenext level undershotsarekey frames.Key frameselectionglay animportant
roleto let usersexaminethekey changesn eachvideoshot. Sinceeachshotmaystill
have too mary videoframesi,it is reasonabl¢o usekey framesto representhe shots
The easiestvay of key frameselectionis to choosehefirst frame of the shot. How-
ever, thismethodmaymisssomeimportanttemporalandspatialchangesn eachshot.
Thesecondvayisto includeall videoframesaskey framesandthis mayhave compu-
tationalandstorageproblemsandmayincreaseaisers’perceptiorburdens.Thethird
way is to choosekey framesbasedn fixeddurations.This methodis still nota good
mechanismsinceit may give us mary key frameswith similar contents. Therefore,
how to selectkey framesto represent video shotis animportantissuefor digital li-
brarybrowsing,searchingandretrieval [YEU 95]. To achieve abalancewe propose



Table 1. Thetraceof ATN for the browsingsequencén Figure 2.

Step Curr ent State Input Symbol ArcFollowed Backup States
1 v/ V1 1 V/Vi
2 Vi/ S51&8> 2 V/Vi
3 V1/51&S> S1 4 Vi/S1

V/Vi
4 S1/ T &T>&T3 9 Vi/S1
V/Vi
5 S1 /T &T>&T3 T 12 S /Th
Vi/S1
VWi
6 T/ R1&R2&R3& R4 18 S1/Th
Vi/S1
V/Vi
7 T1/R1&R2&R3& R, Ry 20 S1/Th
Vi/51
Vi
8 T1/R: T 24 T /Ty
S1/Th
Vi/S1
V/Vi
9 T/ R1&R2&R3& R4 18 S1/T>
Vi/S1
V/Vi
10 Tl/Rl&Rz&Rg&R4 None 19 V1/S1
V/Vi
11 S1/T» S1 15 S1/81
Vi/S1
V/vi
12 S/ T1&T>&Ts 9 S1/51
Vi/5
V/Vi
13 Sl/Tl&Tz&Tg None 10 Vi/Sl
V/Vi
14 S1/51 None 17 V/Vi
15 Vi/S1 1% 6 /i
V/Vi
16 i/ S1&S> 2 /i
V/vi
17 V1/51&52 None 3 V/‘/l
18 Vi/Vi None 8 NIL
19 Finish
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akey frameselectiormechanisnbasedon the numbertemporalandspatialchanges
of the semanticobjectsin the video frames. Otherfeaturesmay alsobe possiblefor
the key frameselectionsput we focuson the number temporal,andspatialrelations
of semantimbjectsin this study Therefore spatio-temporathangesn eachshotcan
berepresentely thesekey frames.For example,in eachshotof asoccemgame play-
ersmay changepositionsin subsequenframesandthe numberof playersappearing
may changeatthetime durationof the shot.

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

Let the setof semanticmbjectsin the kth frame(RZ’j ) of the jth shotTJ? in theith
sceneS; bedenotedby O . We definethekey frameselectionsasfollows:

Definition 1: Giventwo contiguousvideo framesR%7 and R’ in T, let the sets

of the semanticobjectsin thesetwo video framesbe O%7 andO;”. R;” is a key
frameif andonly if any of following two conditionsis satisfied:

(1) Ok N O}? +# 0 U 0,7
(2) Any semantimbjectspatiallocationchangebetweenDi andOl’;’j .

As mentionedpreviously, thevideosegmentatiormethodcanprovide therequired
informationfor the key frameselectionmechanism.Therefore the video sggmenta-
tion methods appliedto eachframebeforetheaboretwo conditionsarechecled. The
methodfor partitioninga video frame startswith an arbitrary partition andemploys
an iterative algorithmto estimatethe partition and the classdescriptionparameters
jointly. Sothe minimumwe obtainthroughour descenmethoddependsstronglyon
thestartingpointor theinitial partition. In avideo,the successie framesdo notdiffer
muchdueto the high temporalsamplingrate. Hencethe partitionsof adjacenframes
do not differ significantly Startingwith the estimatedpartitionof the previousframe,
if we applyour descenalgorithmonthe currentframewe may obtaina new partition
thatis notsignificantlydifferentfrom the partition of the previousframe. For thefirst
frame,sincethereis no previousframe,we usearandomlygeneratedhitial partition.

We treatthe partition as well asthe classparametersas randomvariablesand
posethe problemasonein joint estimation[SIS 98, SIS 99b]. Supposehereare
two classesL et thetwo classede describedy the probability densitiesdenotedby
p1(yij) andpa(ys;). Also, let the partitionvariablebe ¢ = {e1, c2} andthe classes
be parameterizetty @ = {61,0->}. Consideranimageof N, rows and N, columns
(i.e.,imageof size N, x N.) with intensitiesgivenby Y = {y;; : 1 <i < N,,1 <
Jj < N.}. We estimatethe bestpartition as that which maximizesthe a posteriori
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probability (MAP) of the partition variablegiventhe imagedataY. Now, the MAP
estimate®f ¢ = {¢1,c2} and@ = {04, 8-} aregivenby

(¢,0) = Argmax P(c,0 | Y) = Argmax P(Y | ¢,0)P(c, 0). [1]
(c.0) (c,0)

Let J(c, ) denotethe functionalthatneedsto be minimized,i.e., the sumof terms.

With appropriateassumptionghis joint estimationcanbe simplifiedto the following
form:

(¢,0) = Argmin J(c1,c2,601,02)

(c.0)
J(e1,e2,01,02) = Y —lnpi(yi;01) + D —Inpa(yis;02). (2]
Yij; EC1 Yij EC2

Thejoint estimationmethodis calledthe simultaneougartition and classparam-
eter estimation(SPCPE)algorithm. The algorithmstartswith an arbitrary partition
of the dataand computeshe correspondinglassparametersUsing theseclasspa-
rametersandthe dataa new patrtition is estimated.Both the partition andthe class
parameterareiteratively refineduntil thereis no furtherchangean them. The details
of thevideosegmentatiormethodareshovnin [SIS 99c].

GivenavideoshotT}, let K} bethe setof key framesselectedfor T} andm a
frameindex. Initially thefirst frameis alwaysselectedso K'i = { Ry},

1. Initialization:
o Ki={R};
¢ ExecuteSPCPEalgorithmfor thefirst frame;
2.form=2tol;
¢ ExecuteSPCPEalgorithmto getthetemporalandspatialrelationsof the
semantimbjects;
oif ((05 NOY | #0LI U0 )OR
Spatial_location_changéf:/, 0%/ ) ) then
Ki=K!U Rk,
endfor;
Thefirst conditionof definition 1 modelsthe numberof semanticobjectchangesn
two contiguousvideo framesat the sameshot. The first part of the if-statementn
the above solutionalgorithmis usedto checkthis situation. The latter partof theif-
statementhecksthe seconcconditionof definition 1, whichis to modelthetemporal
andspatialchangeof semanticobjectsin two contiguousvideo framesof the shot.
Usingthe samedefinition of threedimensionalelative positionsfor semanticobjects

asshavn in [CHE 97b], we chooseone semanticobjectto be the target semantic
objectin eachvideoframe.We adoptthe minimal boundingrectangl§ MBR) concept
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in R-tree[GUT 84] sothateachsemanticobjectis coveredby a rectangle.In order
to distinguishtherelative positions twenty-seennumbersareusedto distinguishthe
relative positionsof eachsemanticobjectrelative to the target semanticobjectand
arerepresentethy subscriptechumbers.The centroidpoint of eachsemanticobject
is usedfor spacereasoningso that any semanticobjectis mappedo a point object.
Therefore,the relative position betweenthe target semanticobject and a semantic
objectcanbederivedfrom thesecentroidpoints.

3.2. Implementation and Results

Theexamplesoccewideoconsistof 60 frames.It is agrayscalevideothatshavs
the partof the gamewherea goalis scored.Eachframeis of size180rows and240
columns. A small portion of the soccervideo gameis usedto illustratethe way the
proposedkey frame selectionmechanisnworks. Althoughwe have several distinct
regionsin eachframeof the video, only two of themareimportantfrom the content
basedetrieval perspectie, namelythe ball andthe players.Therearesomeimportant
aspectsén thisvideothatmake automatimbjecttrackingdifficult. They areasfollows:

— Thesoccemall vanishedetweerplayersfor afew framesandreappearsater.

— Theregionscorrespondingo the playersmergetogetherandseparateut after
afew frames.

— Somespuriouspatchestypically on the ground,suddenlyappearasblobsand
disappeagiving theimpressiorof anobject.

We will applyourvideoseggmentatiormethodto this data,assuminghatthereare
two classes.The first frameis partitionedusing the multiscaleframe segmentation
with two classes.The algorithmis initialized with a randomstartingpartition. After
obtainingthe partition of thefirst frame,we computethe partitionsof the subsequent
frames. From the resultson frames1 through60, a few frames— 1, 5, 8 and 13 —
are shavn in Figure 3 alongwith the original framesadjacentto them. As canbe
seerfrom Figure3, the players the soccerball andthe signboardsin the background
(JVC, Canon,etc.) areall capturedby a singleclass. The groundin the soccerfield
is capturedby anotherclass. Someof the playerswho are closetogetherhave been
combinedinto a single sgment. Similarly, the ball is memgedinto a single sggment
with two otherplayers.For example,in frame1, the ball andtwo playersarepartof
onesggment;whereasy thefifth frame,thesoccetball is far away sothatit becomes
a sggmentin itself. This continuesuntil it goesin betweertwo otherplayers.Notice
thepatchon the groundwhichwasneartheright mostplayerin thefirst frame,moves
to theleft uniformly owing to the camergpanningto theright. In frame5 we cansee
a spuriouspatchappearingut of nowhere.Onthewhole, theinitial conditionsfrom
the previous framesseemto be guiding the segmentationof the currentframein an
effective manner Therearesomeartifactson the ground,specificallythe oneclosest
to therightmostplayer, which shav up aspatchesn thefinal partition. Inspectionof
theotherframesshawvsthatit is alsopresenin themandnot somethingspurious.
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(b) Partition of Framel

(d) Partition of Frameb

(e) Frame8 (f) Partition of Frame8

(g) Framel3 (h) Partition of Framel3

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-
mentsextractedfromthefirstframeof the Soccevideo. Thecentioid of ead sggment
is marked with an 'x’ and the segmentis shownwith a boundingbox aroundit. The
sggmentsorrespondingo themoving playersandtheball are captuedin everyframe
automatically
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The segmentsof Framel, extractedby applyingthe seedingandregion growing
methodareshawn in Figure 3(b). Thereare 15 sggmentsin this frameout of which
only 5 correspondo the playersandthe ball. The ball and2 playersaremergedinto
onesement,andthereare 2 othersggmentswheretwo playersare putinto a single
segment. The restof the two seggmentsconsistof one playerin eachsegment. We
have implementedhe programsto find the boundingboxesandthe centroidsfor the
segments. Therefore,the sgmentsare displayedwith the boundingboxes around
themandthe centroidsare marked with an‘x’ in Figure 3(b). The small sgments
with only a centroidandwithout ary apparenboundingbox arethe oneswith very
few pixels. Most of themare on the top of the frame and at the bottom of the sign
boards.They ariseout of smoothingthe brokensoccerboundaryline.

Sinceonly the ball andthe playersareimportantfrom the contentbasedretrieval
perspectie, we useFigure4 to simplify the segmentsfor eachframe. As shavn in
Figure4, the ground(G) is selectedasthe target semanticobjectand the segments
aredenotedby P for the playersor B for thesoccemall. As mentionedkarlier, if two
semanticobjectsaretoo closeto eachother, they are meigedinto a single segment.
Hence,the soccerball is put into a single segmentonly whenit is far awvay from
the players(in Framess and8) andeachsegmentP may consistof multiple players
and/orthe soccerball. In this example,eachframeis divided into nine subregions.
More or fewer subrejionsin avideoframemaybe usedto allow morefuzzy or more
precisequeriesas necessaryThe correspondingnultimediainput stringsareon the
right of Figure4. In our design,eachkey frameis representedby aninput symbol
in a multimediainput string and the “&” symbol betweentwo semanticobjectsis
usedto denotethat the semanticobjectsappeatin the sameframe. The subscripted
numbersareusedto distinguishthe relative positionsof the semanticobjectsrelative
to the target semanticobject“ground”. Table 2 shavs part of the threedimensional
spatialrelationsintroducedin [CHE 97b]. (x¢,yt, 2¢) and(zs, ys, 25s) representhe
X-, Y-, andZ-coordinate®f thetargetandarny semantiobject,respectiely. The"~"
symbol meansthe differencebetweentwo coordinateds within a thresholdvalue.
Sincetwo dimensionsareconsideredn this example,z; = z;. Themultimediainput
stringscan be usedfor multimediadatabasesearchingvia substringmatching. The
detailsof multimediadatabassearchingareshovn in [CHE 97b].

AssumeFigures4(a), (b), (c), and(d) arefour key framesfor shotT;. The multi-
mediainput stringto representhesefour key framesis asfollows:

Multimedia input string:

(G1 &P10&P13&P1 &Py &P19) (G1 &P10&P13&P1 &B1& P &Plg)

My Mo

Mg Ms
As shawn in the above multimediainput string, thereare four input symbolswhich
are M, M,, M3, and M4. The appearanceequencef the semanticobjectsin an
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2P
F=Pa - S R Bl il i multimedia input string:
» i : G,& P& P& P& P& Py,
(a) Frame 1
P 1
| P
P x P multimedia input string:
x i é G& P& P & P &B,& P&P,g
(b) Frame 5
S
P xl%x TpTT multimedia input string:
< i & G& P& P,&P&B,&P&P,
(c) Frame 8
Pp ”””” multimedia input string:
P - G& P &P &P & P&P;,
(d) Frame 13

Figure 4. Sgmentswith boundingboxesand centioidsfor Framesl,5,8,13in Figure
3 ontheleft andtheir correspondingnultimediainput stringson theright. Each sey-
mentis displayedwith the boundingbox aroundit and the centioid is marked with
an‘x’. Here, G, P, andB represent‘gr ound”, “players”, and“soccerball”, respec-
tively. The“ground” (G) is selectedasthetarget semantimbjectandthe subscripted
numbesin a multimediainput string are usedto distinguishthe relative positionsof
thesemantiobjectsrelativeto G. Eadh frameis dividedinto nine subegionsandthe

centoid of eadh sggmentis usedasa refeencepointfor spatialreasoning
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Table 2. Part of thethreedimensionatelativepositionsfor semantiobjects: Thefirst
andthethird columnsgndicatetherelativepositionnumbes while the seconcandthe
fourth columnsare therelative coodinates. (z;, ys, 2;) and (xs, ys, z5s) representhe
X-, Y-, andZ-coodinatesof thetargetandanysemantimbject,respectivelyThe* ~”
symbolmeanghedifferencebetweerntwo coordinatesis within a thresholdvalue

Number Relative Coordinates
1 T & Ty, Ys N Y, Zs N 2
10 Ts < Ty, Ys N Yg, 25 N 2t
13 Ts < Tt,Ys < Yg, 25 N 2t
16 Ts < Bt,Ys > Yt, %5 R 2
19 Ts > T, Ys R Yt, Zs R 2

input symbolis basedon the spatiallocationsof the semanticobjectsin the video
framefrom left to right andtop to bottom. For example,Figure4(a)is representetly
input symbol M;. G; indicatesthatG is the target semanticobject. P, meanshe
first P is on theleft of G, P;3 meansthe secondP is below andto theleft of G, P;
meanghethird P andthefourth P areatthe samesubrejionasG, and P,y meanghe
fifth P is ontheright of G. Figure4(b) is modeledby input symbol M in which the
soccemall B appearsat the samesubregyion asG andtherestof the semantimbjects
remainatthe samdocations.In this casethe numberof semantimbjectsis increased
from six to seven. This is an exampleto shov how to usea multimediainput string
to represenanumberof semantimbjectchangesFigure4(c) is representetdy input
symbol M3. Thethird P movesfrom the samesubrejion of G to above andleft of G
sothe associatechumberchangedrom 1 to 10 from which the relative spatialrela-
tions canalsobe modeledby the multimediainput string. Input symbol M, models
Figure4(d). In this situation,B disappearandthefirst P changests spatiallocation
from theleft to above andleft of G in Figure4(c). So,thenumberassociateavith the
first P changesrom 10to 16 andB doesnotexistin M,. The orderof thesefour key
framesis modeledby four input symbolsconcatenatetbgetherto indicatethat M/,
appear®arlierthan M, andsoon.

4. Conclusions

Videodataarewidely usedin today’s multimediaapplicationssuchaseducation,
video on demandyideo conferencingandso on. Managingvideo datasothatusers
canquickly browsevideo datais animportantissuefor the multimediaapplications
usingvideo data. A good semanticmodelis neededf we wantto meetthe needs.
In this paper ATNs are usedto modelvideo hierarchyfor browsing. Basedon this
design, userscan view information quickly to decidewhetherthe contentis what
they wantto see. Key framesselectionbasedon temporaland spatial relationsof
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semanticobjectsis usedin our design.Thetemporalandspatialrelationsof semantic
objectsarecapturedby the proposedinsupervisedideo segmentatiormethod.From
the soccergamevideo example,we canseethat the playersandthe soccerball are
capturedwell. Sincethe first frame usesa randominitialization andthe subsequent
framesusetheresultsof the previousframesthe methodis completelyunsupervised.
In addition, by incorporatingthe partitioninformationof the previousframeinto the
segmentatiorproces®f thecurrentframe thetemporainformationisimplicitly used.
Underthisdesignthesekey framespreseremary of thevisualcontentsandminimize
thedatasizeto mitigatethecomputatiorandstoraggroblemsn multimediabrowsing
ernvironments.Moreover, basedon the resultsof the sggmentationmultimediainput
stringsare constructed. The multimediainput strings can be usedfor multimedia
databassearchingia substringnatching.Unlike theexisting semantianodelswhich
only model presentationquery or browsing, our ATN model providesthesethree
capabilitiesn oneframework.
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