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ABSTRACT

As moreinformationsourcedecomeavailablein multime-
dia systemsthe developmenbof multimedia database man-

agement systems (MDBMSs) to efficiently modelandsearch
multimediadata,especiallyvideo data,becomesrery cru-

cial for multimediaapplications.In responséo sucha de-

mand,a probabilistic-basednechanisntalledthe Markov

Model Mediator (MMM) to facilitatean MDBMS for video
databaseystemsds presentedln our previous studies the
spatialrelationsof the semanticobjectsin theimage/video
datamodeledby the MMM mechanisnmareassumedjiven

by imageprocessing/computetision techniquesr by hu-

manannotationsin this paper anunsupervisedideo sey-

mentatiormethodthatcanidentify objectswith their corre-
spondingspatialrelationsautomaticallyis incorporatednto

the MMM mechanismBasedon theinformationobtained,
userscanretrieve video materialsfrom video databasesia

databasejueries. Hence,both multimediadatamodeling
and image processingcapabilitiesare integratedinto the

MMM mechanism.

1. INTRODUCTION

Multimedia applicationsrequirethe developmentof multi-
media database management systems (MDBMSs) to support
the efficient organization storageandretrieval of multime-
diadata,especiallyfor thevideodata.Forimagesandvideo
framesthe MDBMS needdo keeptherelative spatialposi-
tions of semanticobjects(building, car, etc.) sothatusers
canissuequeries.

Many datamodelshave beenproposedfor video data
[1, 4, 7, 9]. However, mostof themfocus on either data
modelingor browsing/retrieval. For example,in our previ-
ousstudies][9], we have demonstratethata probabilistic-
basedViarkov Model Mediator (MMM) mechanisnhasca-
pabilitiesfor bothvideodatamodelingandinformationre-
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trieval, but the spatialrelationsof the semanticobjectsin
theimage/videadataareassumedjiven by imageprocess-
ing/computewrisiontechnique®r by humanannotationsin
orderto meetthe needsfor a variety of video applications,
particularlywith respectto semanticvideo datamodeling,
searchingandretrieval, a video databasenanagemergys-
temwhich incorporatedoththe multimediadatamodeling
andtheimageprocessingechniquess morethandesirable.
Towardthis end,avideosggmentatiormethod- simultane-
ous partition and class parameter estimation (SPCPE) al-
gorithm[10] —is incorporatednto the MMM mechanisnto
automaticallyidentify the spatialrelationsof the semantic
objects. Hence,both datamodelingandimageprocessing
capabilitiesareintegratedinto the MMM mechanismio fa-
cilitate the functionality of a video databasananagement
system.

A mediaobjectsuchasavideoclip, animage atext file,
or a comple entity of thesesimplerentitiesis represented
asanodein anMMM andis associateavith anaugmented
transition network (ATN). An ATN is a modelfor multime-
dia presentationgnultimediadatabassearchingandmul-
timediabrowsing[3]. Multimediainput stringsarethein-
putsfor ATNs. The basictwenty-se&enspatialrelationsin-
troducedin [3] areusedin the multimediainput stringsto
indicatethe objects’ spatialrelationsthat are capturedby
the unsupervisedideo sggmentatiormethod[10]. We ap-
ply the video sgmentatiormethodto a small portion of a
soccelgamevideoandusetheinformationobtainedo illus-
tratehow the MMM mechanisnfacilitatesthe functionality
of avideodatabasenanagemergystem.Underourdesign,
the spatialrelationsof the semantimbjectsin thevideoare
capturedand modeledin the proposedmechanismwhich
allows userdo retrieve videomaterialsby databaseueries.

The organizationof this paperis asfollows. Section
2 introducesthe proposedmechanism. How information
retrieval can be performedvia a stochastigprocessalong
with anexamplesoccergamevideois presentedn Section
3. Sectiord concludeghis paper



2. THE INTEGRATED PROBABILISTIC-B ASED
MECHANISM

A probabilistic-basethechanisntalledMarkov Model Me-
diators (MMMs) which integratesboth datamodelingand
imageprocessingapabilitiess proposedn this paper The
MMM mechanisnadoptghe Markov Model framework and
themediator concept A Markov modelis awell-researched
mathematicatonstructwhich consistof anumberof states
connectedy transitions;while a mediatoris definedasa
progranthatcollectsinformationfrom oneor moresources,
processeandcombinest, andexportsthe resultinginfor-
mation[11]. Many applicationsuse Markov modelsas a
framewvork such as Hidden Markov Models (HMMs) [8]
and Markov RandomField Models[5]. However, no ex-
isting researctusesMarkov modelsasa framawork in de-
signinga databasenanagemergystem.

EachMMM is representedby a 6-tuple A=(S, F, A,
B.I1,¥) whereS is a setof mediaobjectscalledstates;F is
asetof attributes/featuresd is the statetransitionprobabil-
ity distribution; B is theobsenationsymbolprobabilitydis-
tribution; I1 is the initial stateprobability distribution; and
¥ is a setof augmentedransitionnetworks (ATNs). The
elementsn S and F determinethe dimensionsof A and
B. The structureof the membemmediaobjectsis modeled
by the sequencef the MMM statesconnectedy transi-
tions.WhenanATN consistof imagesyideo,or texts, the
correspondingubnetwarks are constructed.Subnetvarks
aredevelopedto allow the usersto issuequeriesrelative to
thespatio-temporalelationsof thevideoor imagecontents
or to specifythe criteriabasedn a keyword or a combina-
tion of keywords.Theinputsfor ATNsandsubnetwarksare
modeledby multimediainput stringsthatareusedto repre-
sentthe spatio-temporafelationsof semanticobjectsand
keyword compositions.

In our previous studies,the spatialrelationsof the se-
manticobjectsin the video framesaregivenasa priori in
the MMM mechanismIn this paper we have incorporated
an unsupervisedideo segmentationmethodthat captures
thespatialrelationsinto theMMM mechanismThemethod
for partitioninga videoframestartswith anarbitraryparti-
tion andemploys aniterative algorithmto estimatethe par
tition andthe classdescriptionparametergointly. The key
ideais to usethe SPCPE algorithm successiely on each
videoframeandincorporatehepartitioninformationof the
previousframeastheinitial conditionwhile partitioningthe
currentframe. With appropriateassumptionghejoint esti-
mationcanbe simplifiedto thefollowing form:

J(e1,e2,01,02) = E —Inpi(yij;01) + E —Inpa(yi;; 02)-

Yij €C1 Yij €EC2

wherey;; is a pixel of theimagein eachframe,c; ande,

arethepartitionvariablesand@,; andf- aretheparameters.
Pleasesee[10] for the detailsof this method.

The minimal boundingrectangle(MBR) conceptin R-
tree[6] is adoptedso that eachsemanticobjectis covered
by arectangle Onesemantimbjectis selectedasthetarget
semantimbjectin eachvideoframe. The centroidpoint of
eachsemantiobijectis usedfor spaceeasoningothatary
semantimbjectis mappedo a point object. Thereforethe
relative position betweenthe target semanticobjectand a
semanticobjectcanbe derived from thesecentroidpoints.
Twenty-s&#ennumbergepresentinghreedimensionatela-
tive positiongfor semantiobjectq3] areusedo distinguish
therelative positionsof eachsemanticobjectrelative to the
target semanticobject and are representedby subscripted
numbersn the multimediainput strings.

3. STOCHASTIC PROCESSFOR INFORMATION
RETRIEVAL

Theneedfor efficientinformationretrieval for videodatabase
managemergystemss strongbecausaearchinglatabases
oneby oneis verytime-consumingindexpensve. Thecost
for queryprocessingisuallyis very high andthe complex-
ity of a querydependsheaily on the orderin which the
databasearesearchedor a successfupath. With the help
of probabilisticmodels,information retrieval can be per
formedby a stochastigrocesghatpredictsthe mostlik ely
path(statesequencefor a specificquery A dynamicpro-
grammingalgorithmwhich conductghe stochastigrocess
is proposedo provideasystematievayto computeheedge
weightsandthe cumulative edgeweightsfor pathranking.

3.1. The StochasticProcess

DefineW, (i, j) and D, (i, j) to be the edgeweightandthe
cumulative edgeweight of the edgeS; — S; at time ¢,
wherel <4, < N,1<t<T-1.

[ msbs, (1) i
Wili,j) = { 0 otherwise
Dl i; Wl(laj)

max(Dy(k, i)as,s;)bs; (0r+1) (1)

(4,5)
(,5)
Wiy (4, 5)
(,) = max(Dy(k,d) + Wenr(i,5))  (2)

Dt+1 27.7

A={as; s, } is the statetransition probability distribution
for theMMM, whereas, s,=Pr(S; att+1]| S; att).
B={bs,(ox)} is the obsenation symbol probability distri-
bution for theMMM, wherebs; (or,)=Pr(oy att | S; att).
II = {=s, } istheinitial stateprobabilitydistribution,where
g, =Pr(S; att=1).

Thestepdor thestochastiqrocessare:

1. Attimet=1,W,(i, j) is assignedhevalueof thejoint
probabilityof thestateS; with probabilityrs, andthe
attribute or featureo;, with probabilitybs, (o1) when



i = j; Wi(i,j) = 0if ¢ # j. Thecumulatve edge
weightD; (2, j) equalsiy (i, 5).

2. Astime goesfrom ¢t=1 to t=2, a transitiongoesfrom
stateS; to state.S; with the probability as, s; and
the attribute/featurep, is generatedvith probability
bS_,- (02).

3. Since Dy (%, j) indicatesthe cumulatize edgeweight
for the joint eventthato; ...o; areobsenedandthe
statestopsat S; attime ¢, the productD; (i, j)as;,s;
representshe joint eventthato; . ..o, areobsered
andthestateS; is reachedattimet + 1 via stateS; at
timet.

4. FindingthemaximalcumulatveedgeweightD;, (i, )
overall thecumulatve edgeweightsD; (k, j) (where
1 < k < N) resultsin themostlikely edgefrom S; at
timet to S; attime ¢ + 1 with all the accompaying
previouspartialobsenations.

5. Wi41(4, ) is obtainedoy augmentingnultiplicatively
themaximumquantityof Dy (i, j)as;,s; With bs; (0441)
andDy41 (4, j) is theadditionof currentedgeweight
Wi (i, §) andthemaximal D, (k, j) attimet.

6. At eachtimeslot, >, D;(i, j) which sumsup all the
incoming cumulatve edgeweightsis calculatedfor
eachnodesS;.

7. Sortthe )", Dy(i, ) valuesfor all the nodesat each
time slot and the list of possiblestatesequencess
ranked by the valuesof »". D;(i,j) andto suggest
thepathsto retrieve informationfor the query

8. All the pathswith positive cumulatve edgeweights
arerankedin the following manner Thetop ranked
pathis theonewith maximal); D (i, j7), maximal
> i Dr_1(i,jr—1), ---, andmaximal 3=, Dy (i, ji)
andthe statesequencés j; — --- = jr_1 — jr.
The secondranked pathcould be the onewith maxi-
mal". Dz (i, jr), maximal)", Dr_1(i, j7—1), - -,
andsecondanked} . D, (i, j1), if it exists. Thesame
rankingprocesss executedo rankall the pathswith
positve cumulatve edgeweights.

Underthe rankingprocessthe top-ranted pathindicatesa
statesequencehat providesthe informationfor the query
with maximal cumulatve edgeweight. If the top-ranled
pathcannotprovide the informationrequiredfor the query
thenthe secondanked pathis consideredThisis repeated
until theinformationneededy the querycanbe obtained.
From our experience,most of the edgeshave zero edge
weightsat eachtime slot. Hence,only the node S; with
positive >, Dy(i, j) attime ¢ is involvedin the computa-
tion of the edgeweightsandthe cumulative edgeweights
for thenext time slot.

3.2. Information Retrieval

After the requiredsubsetof mediaobjectsis obtained,in-

formationretrieval is performedby traversingthe ATNs as-
sociatedvith thoseidentifiedmediaobjects.If a mediaob-
ject containsimages,video frames,or texts, thenits sub-
networks aretraversed.Theinputfor an ATN or a subnet-
work is a multimediainput string which is constructedo

modelthe spatio-temporalelationsof semantimbjectsand
keyword compositions. To make information retrieval of

the MMM mechanisnsystemati@andautomaticthe MMM

mechanismextendsits datamodelingfunctionality by in-

corporatinga video sggmentatiormethodthatidentifiesthe
semanticobjects’ spatialrelationsin the video. The tem-
poral relationsare capturedby the sequencef the video
frames.

(b) Partition of Framel

™

(c) Frame6 (d) Partition of Frame6
Figure 1: Onthe left arethe original frames;while on the
right areshavn their correspondingegments.Thecentroid
of eachsggmentis markedwith an‘x’ andthe segmentis
shavn with a boundingbox aroundit.

Tablel: Part of thethreedimensionatelative positionsfor
semantiobjects.

Relative Coordinates
Ts < Zt,Ys < Yt,2s X 24
Ts > Ty, Ys N Yt,2s RN 2t

No. Relative Coordinates No.
1 Ts N Tt,Ys R Yt,2s N 2t 13
10 To < Ty, Ys R Yt,2s R 2t 19

We have appliedthe video segmentationmethodto an
examplesoccervideoin [2] and partsof the sggmentation
results(asshavn in Figurel) areusedin this paper In Fig-
urel, theoriginalframesareontheleft andthecorrespond-
ing segmentsareon theright. Sinceonly the ball andthe
playersareimportantfrom the contentbasedretrieval per
spectve, we useP andB to representplayers”and“soccer
ball” with G (“ground”) beingselectedasthetargetseman-
tic object. Underthe method,the playersandthe ball are



combinedinto a single sggmentif they are closeto each
other For example,the ball is clubbedinto a single sey-
mentwith two otherplayersin Framel, andthe ball is far
away sothatit becomes segmentin itself in Frame6.
e Theconstructednultimediainputstrings:
— Framel: Gl&Plo&P13&P1&P1&P19.
— Frame6: Gl&Plo&P13&P1&B1&P1&P19.

In a multimediainput string, the “&” symbolbetween
two semanticbjectsdenoteghat the semanticobjectsap-
pearin the sameframeandthe subscriptechumberdistin-
guishtherelative positionsof the semanticobjectsrelative
to G. Tablel lists partof thethreedimensionakpatialrela-
tionswhere(z;, v, 2¢) and(z,, ys, 25) representhe X-, Y-,
andZ-coordinate®f thetargetandary semantimbject,re-
spectvely. The“s" symbolmeanghe differencebetween
two coordinateds within a thresholdvalue. The appear
ancesequencef thesemantiobjectsin amultimediainput
string is basedon the spatiallocationsof the semanticob-
jectsin thevideoframefrom left to right andtop to bottom.
For example,in Framel, (G; indicatesthat G is the target
semanticobject. P;g meanshefirst P is on theleft of G,
etc.In Frame6, thesocceiball B appearatthesamesubre-
gionasG andtherestof the semantiobjectsremainatthe
samelocations. Thus, the spatio-temporatelationsof the
semanticobjectsare capturedand modeledby the MMM
mechanisrmautomaticallyand userscanretrieve video ma-
terialsvia databaseueries.

To systematicallyretrieve information, eachhigh level
queryis first translatednto amultimediainputstring. Since
thosemostlikely requiredmediaobjectsare identified by
the stochastigrocesspnly the ATNs associateavith those
identifiedmediaobjectsaretraversed.If any ATN consists
of images,video frames,or texts, thenthe corresponding
subnetvorks arealsotraversed. Therefore jnformationre-
trieval becomeshe problemof substringmatchingbetween
themultimediainput string of the queryandthemultimedia
inputstringsfor the ATNs and/ortheir subnetverks.

4. CONCLUSIONS

In thispaperaprobabilistic-basethechanisntalledMarkov
Model Mediator (MMM) thatintegratesboththe datamod-
elingandimageprocessingapabilitiego facilitatethefunc-
tionality of a video databasenanagemensystemis pre-
sented. The MMM mechanisnprovidesa systematicand
automaticmeansfor informationretrieval. It is systematic
sincethe structureof the mediaobjectsof the video data
is modeledby the statesequencef the MMM statesanda
stochastigprocesss developedto identify the mostlikely
requiredmediaobjectsfor a specificquery It is automatic
sincetherequiredspatio-temporalelationsof the semantic
objectsin the video dataare capturedby the proposedun-
supervisediideo sggmentatiormethodandmodeledby the

multimediainput strings.Userscanretrieve videomaterials
by issuingdatabasejueries. Informationretrieval is per
formedby conductingsubstringnatchingbetweerthemul-
timediainputsof theATNsand/ortheir subnetverksandthe
multimediainput stringof aquery
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