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ABSTRACT

As moreinformationsourcesbecomeavailablein multime-
diasystems,thedevelopmentof multimedia database man-
agement systems (MDBMSs) to efficientlymodelandsearch
multimediadata,especiallyvideo data,becomesvery cru-
cial for multimediaapplications.In responseto sucha de-
mand,a probabilistic-basedmechanismcalledthe Markov
Model Mediator (MMM) to facilitateanMDBMS for video
databasesystemsis presented.In our previousstudies,the
spatialrelationsof thesemanticobjectsin the image/video
datamodeledby the MMM mechanismareassumedgiven
by imageprocessing/computervision techniquesor by hu-
manannotations.In this paper, anunsupervisedvideoseg-
mentationmethodthatcanidentify objectswith theircorre-
spondingspatialrelationsautomaticallyis incorporatedinto
theMMM mechanism.Basedon the informationobtained,
userscanretrieve videomaterialsfrom videodatabasesvia
databasequeries. Hence,both multimediadatamodeling
and image processingcapabilitiesare integratedinto the
MMM mechanism.

1. INTRODUCTION

Multimediaapplicationsrequirethedevelopmentof multi-
media database management systems (MDBMSs) to support
theefficient organization,storageandretrieval of multime-
diadata,especiallyfor thevideodata.For imagesandvideo
frames,theMDBMS needsto keeptherelativespatialposi-
tions of semanticobjects(building, car, etc.) so that users
canissuequeries.

Many datamodelshave beenproposedfor video data
[1, 4, 7, 9]. However, most of them focus on eitherdata
modelingor browsing/retrieval. For example,in our previ-
ousstudies[9], we have demonstratedthata probabilistic-
basedMarkov Model Mediator (MMM) mechanismhasca-
pabilitiesfor bothvideodatamodelingandinformationre-�
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trieval, but the spatialrelationsof the semanticobjectsin
the image/videodataareassumedgivenby imageprocess-
ing/computervisiontechniquesorbyhumanannotations.In
orderto meettheneedsfor a varietyof videoapplications,
particularlywith respectto semanticvideo datamodeling,
searching,andretrieval, a videodatabasemanagementsys-
temwhich incorporatesboththemultimediadatamodeling
andtheimageprocessingtechniquesis morethandesirable.
Towardthisend,avideosegmentationmethod– simultane-
ous partition and class parameter estimation (SPCPE) al-
gorithm[10] – is incorporatedinto theMMM mechanismto
automaticallyidentify the spatialrelationsof the semantic
objects. Hence,both datamodelingandimageprocessing
capabilitiesareintegratedinto theMMM mechanismto fa-
cilitate the functionality of a video databasemanagement
system.

A mediaobjectsuchasavideoclip, animage,atext file,
or a complex entity of thesesimplerentitiesis represented
asa nodein anMMM andis associatedwith anaugmented
transition network (ATN). An ATN is a modelfor multime-
dia presentations,multimediadatabasesearching,andmul-
timediabrowsing [3]. Multimedia input stringsarethe in-
putsfor ATNs. Thebasictwenty-sevenspatialrelationsin-
troducedin [3] areusedin the multimediainput stringsto
indicatethe objects’ spatialrelationsthat arecapturedby
theunsupervisedvideosegmentationmethod[10]. We ap-
ply thevideo segmentationmethodto a small portion of a
soccergamevideoandusetheinformationobtainedto illus-
tratehow theMMM mechanismfacilitatesthefunctionality
of avideodatabasemanagementsystem.Underourdesign,
thespatialrelationsof thesemanticobjectsin thevideoare
capturedandmodeledin the proposedmechanism,which
allowsusersto retrievevideomaterialsby databasequeries.

The organizationof this paperis as follows. Section
2 introducesthe proposedmechanism. How information
retrieval can be performedvia a stochasticprocessalong
with anexamplesoccergamevideois presentedin Section
3. Section4 concludesthispaper.



2. THE INTEGRATED PROBABILISTIC-B ASED
MECHANISM

A probabilistic-basedmechanismcalledMarkov Model Me-
diators (MMMs) which integratesboth datamodelingand
imageprocessingcapabilitiesis proposedin thispaper. The
MMM mechanismadoptstheMarkov Model frameworkand
themediator concept.A Markov modelis awell-researched
mathematicalconstructwhichconsistsof anumberof states
connectedby transitions;while a mediatoris definedasa
programthatcollectsinformationfromoneor moresources,
processesandcombinesit, andexportsthe resultinginfor-
mation [11]. Many applicationsuseMarkov modelsas a
framework suchas Hidden Markov Models (HMMs) [8]
andMarkov RandomField Models [5]. However, no ex-
isting researchusesMarkov modelsasa framework in de-
signinga databasemanagementsystem.

EachMMM is representedby a 6-tuple
�
=(� , � , � ,�

, � , � ) where� is asetof mediaobjectscalledstates;� is
asetof attributes/features;� is thestatetransitionprobabil-
ity distribution;

�
is theobservationsymbolprobabilitydis-

tribution; � is the initial stateprobabilitydistribution; and� is a setof augmentedtransitionnetworks (ATNs). The
elementsin � and � determinethe dimensionsof � and�

. The structureof the membermediaobjectsis modeled
by the sequenceof the MMM statesconnectedby transi-
tions.WhenanATN consistsof images,video,or texts, the
correspondingsubnetworks areconstructed.Subnetworks
aredevelopedto allow theusersto issuequeriesrelative to
thespatio-temporalrelationsof thevideoor imagecontents
or to specifythecriteriabasedon a keywordor a combina-
tion of keywords.Theinputsfor ATNsandsubnetworksare
modeledby multimediainputstringsthatareusedto repre-
sentthe spatio-temporalrelationsof semanticobjectsand
keywordcompositions.

In our previous studies,the spatialrelationsof the se-
manticobjectsin thevideo framesaregivenasa priori in
theMMM mechanism.In this paper, we have incorporated
an unsupervisedvideo segmentationmethodthat captures
thespatialrelationsinto theMMM mechanism.Themethod
for partitioninga videoframestartswith anarbitraryparti-
tion andemploys aniterative algorithmto estimatethepar-
tition andtheclassdescriptionparametersjointly. Thekey
idea is to usethe SPCPE algorithm successively on each
videoframeandincorporatethepartitioninformationof the
previousframeastheinitial conditionwhile partitioningthe
currentframe.With appropriateassumptions,thejoint esti-
mationcanbesimplifiedto thefollowing form:	�
���������������������������� �"!�# � �%$'& (*) ��
,+ �-!/. �0�1��23�� �"!�# � �*$4& (*) �5
+ �"!�. �6�/�87
where 9;:=< is a pixel of the imagein eachframe, >�? and >;@
arethepartitionvariables,and AB? and AC@ aretheparameters.
Pleasesee[10] for thedetailsof thismethod.

Theminimal boundingrectangle(MBR) conceptin R-
tree[6] is adoptedso that eachsemanticobjectis covered
by arectangle.Onesemanticobjectis selectedasthetarget
semanticobjectin eachvideoframe.Thecentroidpoint of
eachsemanticobjectis usedfor spacereasoningsothatany
semanticobjectis mappedto a point object.Therefore,the
relative positionbetweenthe target semanticobjectanda
semanticobjectcanbe derivedfrom thesecentroidpoints.
Twenty-sevennumbersrepresentingthreedimensionalrela-
tivepositionsfor semanticobjects[3] areusedtodistinguish
therelative positionsof eachsemanticobjectrelative to the
target semanticobject and are representedby subscripted
numbersin themultimediainputstrings.

3. STOCHASTIC PROCESSFOR INFORMA TION
RETRIEVAL

Theneedfor efficientinformationretrieval for videodatabase
managementsystemsis strongbecausesearchingdatabases
oneby oneis verytime-consumingandexpensive.Thecost
for queryprocessingusuallyis very high andthecomplex-
ity of a querydependsheavily on the order in which the
databasesaresearchedfor a successfulpath. With thehelp
of probabilisticmodels,information retrieval can be per-
formedby a stochasticprocessthatpredictsthemostlikely
path(statesequence)for a specificquery. A dynamicpro-
grammingalgorithmwhich conductsthestochasticprocess
is proposedtoprovideasystematicwaytocomputetheedge
weightsandthecumulativeedgeweightsfor pathranking.

3.1. The StochasticProcess

Define DFE�GIH�JLK�M and NOE�GIH�JLK�M to be theedgeweightandthe
cumulative edgeweight of the edge P :RQ P < at time S ,
where TVUWH�JLKXUZY , T[UZS4UW\^]_T .

D`?�GaH/J8K�Mcb dfeCg �ih g � Gajk?6M i=jl
otherwiseNX?0GaH/J8K�Mcb D`?0GaH/J8K�MD E 2 ?�GaH/J8K�Mcb mon0pq GaN E G�rsJ�H1M1t g � � g ! M h g ! G�j E 2 ?6M (1)NOE 2 ? GaH/J8K�Mcb mon0pq GaNOE�G�rsJ�H1MvuZDRE 2 ? GIH�JLK�MiM (2)

� = wxt g � � g !�y is the statetransitionprobability distribution
for theMMM, wheret g � � g ! =Pr(PC< at t+1 z�PB: at t).�

= w h g ! G�j q M y is the observation symbolprobability distri-
bution for theMMM, where h g ! Gaj q M =Pr(j q at t z�P{< at t).�|b}w e g �/y is theinitial stateprobabilitydistribution,wheree g � =Pr(P : at t=1).

Thestepsfor thestochasticprocessare:

1. At time S =1, D~?kGIH�JLK�M is assignedthevalueof thejoint
probabilityof thestatePs: with probability eCg � andthe
attributeor featurejk? with probability h g � G�jk?5M when



H�b�K ; D~?kGIH�J8K�MVb l
if Ho�b�K . Thecumulative edge

weight No?�GIH�JLK�M equalsD`?kGIH�JLK�M .
2. As time goesfrom S =1 to S =2, a transitiongoesfrom

state P : to state P < with the probability t g � � g < and
the attribute/featurej @ is generatedwith probabilityh g ! Gaj @ M .

3. Since NOE�GaH�JLK�M indicatesthe cumulative edgeweight
for the joint event that jk?��6�5�/j E areobservedandthe
statestopsat Ps: at time S , theproduct N E GaH/J8K�M1t g � � g !
representsthe joint event that jk?��5�6��j E areobserved
andthestateP{< is reachedat time S%u�T via statePs: at
time S .

4. Findingthemaximalcumulativeedgeweight N E GaH�JLK�M
overall thecumulativeedgeweightsN E G�rsJLK�M (whereT[U�r�UZY ) resultsin themostlikely edgefrom Ps: at
time S to P < at time S�u|T with all theaccompanying
previouspartialobservations.

5. DFE 2 ? GIH�JLK�M isobtainedbyaugmentingmultiplicatively
themaximumquantityof NOE�GaH�JLK�M1t g � � g ! with h g ! Gaj�E 2 ? M
and NOE 2 ? GaH/J8K�M is theadditionof currentedgeweightDFE 2 ? GIH�JLK�M andthemaximal NOE�G�rsJLK�M at time S .

6. At eachtime slot, � : N E GIH�JLK�M which sumsup all the
incomingcumulative edgeweightsis calculatedfor
eachnode PC< .

7. Sort the � : N E GIH�J8K�M valuesfor all thenodesat each
time slot and the list of possiblestatesequencesis
ranked by the valuesof � : N E GaH/J8K�M and to suggest
thepathsto retrieve informationfor thequery.

8. All the pathswith positive cumulative edgeweights
areranked in the following manner. The top ranked
pathis theonewith maximal � : N���GIH�J8K6��M , maximal� : N�� $ ? GaH�JLKx� $ ? M , �6�5� , and maximal � : N ? GIH�J8K ? M
andthe statesequenceis K ?�Q �5�6� Q Kx� $ ?XQ Kx� .
Thesecondrankedpathcouldbetheonewith maxi-
mal � : N � GIH�JLK � M , maximal � : N � $ ?0GIH�J8K � $ ?5M , �5�6� ,
andsecondranked � : No?�GIH�JLK0?6M , if it exists.Thesame
rankingprocessis executedto rankall thepathswith
positivecumulativeedgeweights.

Underthe rankingprocess,the top-rankedpathindicatesa
statesequencethat providesthe informationfor the query
with maximal cumulative edgeweight. If the top-ranked
pathcannotprovide theinformationrequiredfor thequery,
thenthesecondrankedpathis considered.This is repeated
until the informationneededby thequerycanbeobtained.
From our experience,most of the edgeshave zero edge
weightsat eachtime slot. Hence,only the node PC< with
positive � : N E GIH�J8K�M at time S is involved in the computa-
tion of the edgeweightsandthe cumulative edgeweights
for thenext timeslot.

3.2. Information Retrieval

After the requiredsubsetof mediaobjectsis obtained,in-
formationretrieval is performedby traversingtheATNsas-
sociatedwith thoseidentifiedmediaobjects.If a mediaob-
ject containsimages,video frames,or texts, then its sub-
networksaretraversed.The input for anATN or a subnet-
work is a multimediainput string which is constructedto
modelthespatio-temporalrelationsof semanticobjectsand
keyword compositions. To make information retrieval of
theMMM mechanismsystematicandautomatic,theMMM
mechanismextendsits datamodelingfunctionality by in-
corporatinga videosegmentationmethodthatidentifiesthe
semanticobjects’ spatialrelationsin the video. The tem-
poral relationsare capturedby the sequenceof the video
frames.
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(a)Frame1 (b) Partitionof Frame1
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(c) Frame6 (d) Partitionof Frame6

Figure1: On the left aretheoriginal frames;while on the
right areshown theircorrespondingsegments.Thecentroid
of eachsegmentis markedwith an ‘x’ andthe segmentis
shown with a boundingbox aroundit.

Table1: Part of thethreedimensionalrelative positionsfor
semanticobjects.

No. Relative Coordinates No. Relative Coordinates
1 ���B�o�x� ��+ �s� + � ��� �s� � � 13 �������x� ��+ ��� + � ��� �B� � �
10 �������x� ��+ �s� + � ��� �s� � � 19 �������x� ��+ �s� + � ��� �B� � �

We have appliedthe video segmentationmethodto an
examplesoccervideo in [2] andpartsof the segmentation
results(asshown in Figure1) areusedin thispaper. In Fig-
ure1, theoriginal framesareontheleft andthecorrespond-
ing segmentsareon the right. Sinceonly the ball andthe
playersareimportantfrom thecontentbasedretrieval per-
spective,weuseP andB to represent“players”and“soccer
ball” with G (“ground”) beingselectedasthetargetseman-
tic object. Underthe method,the playersandthe ball are



combinedinto a single segment if they are closeto each
other. For example,the ball is clubbedinto a singleseg-
mentwith two otherplayersin Frame1, andtheball is far
awaysothatit becomesasegmentin itself in Frame6.� Theconstructedmultimediainputstrings:

– Frame1: ��?5�V��? �x�V��?��5�V��?��V��?��V��?�  .
– Frame6: � ? �V� ? � �V� ?�� �V� ? �V¡ ? �V� ? �V� ?1  .

In a multimediainput string, the “&” symbolbetween
two semanticobjectsdenotesthat thesemanticobjectsap-
pearin thesameframeandthesubscriptednumbersdistin-
guishtherelative positionsof thesemanticobjectsrelative
to G. Table1 listspartof thethreedimensionalspatialrela-
tionswhere( ¢*E�J�9kE/J/£xE ) and( ¢C¤�Ji9;¤xJi£0¤ ) representtheX-, Y-,
andZ-coordinatesof thetargetandany semanticobject,re-
spectively. The“ ¥ ” symbolmeansthedifferencebetween
two coordinatesis within a thresholdvalue. The appear-
ancesequenceof thesemanticobjectsin amultimediainput
string is basedon the spatiallocationsof thesemanticob-
jectsin thevideoframefrom left to right andtop to bottom.
For example,in Frame1, ��? indicatesthat G is the target
semanticobject. ��? � meansthe first P is on the left of G,
etc.In Frame6, thesoccerball B appearsat thesamesubre-
gionasG andtherestof thesemanticobjectsremainat the
samelocations. Thus,the spatio-temporalrelationsof the
semanticobjectsare capturedand modeledby the MMM
mechanismautomaticallyanduserscanretrieve videoma-
terialsvia databasequeries.

To systematicallyretrieve information,eachhigh level
queryis first translatedinto amultimediainputstring.Since
thosemost likely requiredmediaobjectsare identifiedby
thestochasticprocess,only theATNsassociatedwith those
identifiedmediaobjectsaretraversed.If any ATN consists
of images,video frames,or texts, then the corresponding
subnetworksarealsotraversed.Therefore,informationre-
trieval becomestheproblemof substringmatchingbetween
themultimediainputstringof thequeryandthemultimedia
inputstringsfor theATNsand/ortheir subnetworks.

4. CONCLUSIONS

In thispaper, aprobabilistic-basedmechanismcalledMarkov
Model Mediator (MMM) that integratesboththedatamod-
elingandimageprocessingcapabilitiesto facilitatethefunc-
tionality of a video databasemanagementsystemis pre-
sented. The MMM mechanismprovidesa systematicand
automaticmeansfor informationretrieval. It is systematic
sincethe structureof the mediaobjectsof the video data
is modeledby thestatesequenceof theMMM statesanda
stochasticprocessis developedto identify the most likely
requiredmediaobjectsfor a specificquery. It is automatic
sincetherequiredspatio-temporalrelationsof thesemantic
objectsin the videodataarecapturedby theproposedun-
supervisedvideosegmentationmethodandmodeledby the

multimediainputstrings.Userscanretrievevideomaterials
by issuingdatabasequeries. Information retrieval is per-
formedby conductingsubstringmatchingbetweenthemul-
timediainputsof theATNsand/ortheirsubnetworksandthe
multimediainputstringof aquery.
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