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Abstract. We combinein this paperautomatidearningof alargelexicon of se-
mantic conceptswith traditionalvideo retrieval methodsinto a novel approach
to narraw the semanticgap. The core of the proposedsolutionis formedby the
automaticdetectionof an unprecedentetexicon of 101 conceptsFrom there,
we explore the combinationof query-by-conceptjuery-by-eample,query-by-
keyword, anduserinteractioninto the MediaMill semanticvideo searchengine.
We evaluatethe searchengineagainstthe 2005NIST TRECVID videoretrieval
benchmarkusinganinternationabroadcashews archive of 85 hours.Top rank-
ing resultsshav thatthe lexicon-driven searchengineis highly effective for in-
teractve videoretrieval.

1 Intr oduction

For text collections,searchtechnologyhasevolvedto a maturelevel. The succes$ias
whetthe appetitefor retrieval from videorepositoriesyielding a proliferationof com-
mercialvideosearchenginesThesesystemsftenrely on lename andaccompaying
textual sourcenly. Thisapproachs fruitful whena meticulousandcompletedescrip-
tion of thecontents available.It ignores however, thetreasuref informationavailable
in the visual information stream.In contrastthe imageretrieval researclcommunity
hasemphasizea visual-onlyanalysislt hasresultedin a wide variety of ef cient im-
ageandvideoretrieval systems.g.[1-3]. A commondenominatoin theseprototypes
is their dependencen color, texture, shapeandspatiotemporaleaturesor represent-
ing video. Usersqueryan archive with storedfeaturesby employing visual examples.
Basednuserinteractionthequeryprocesss repeatedintil resultsaresatishctory The
visual query-by-&ampleparadigmis an alternatve for the textual query-by-leyword
paradigm.

Unfortunately techniquedor imageretrieval are not that effective yet in mining
thesemantichiddenin videoarchives.Themain problemis the semantigapbetween
imagerepresentatiomnd their interpretationby humans[4]. Whereusersseekhigh-
level semanticsyideosearctenginetechnologyofferslow-level abstractionsf thedata
insteadln aquesto narrav thesemantigap,recentresearctefforts have concentrated
on automaticdetectionof semanticconceptsn video [5-8]. Query-by-concepbffers
usersanadditionalentranceo videoarchves.
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Fig. 1. Generaframewvork for aninteractve videosearctengine.In theindexing engine thesys-
temlearnsto detecta lexicon of semanticconceptsin addition,it computessimilarity distances.
A retrieval enginethenallows for several queryinterfaces.The systemcombinesrequestsand
displaysresultsto a user Basedon interactiona userre nes searctresultsuntil satishction.

State-of-the-arvideo searchsystemsg.g.[6, 9-11], combineseveral queryinter-
facesMoreover, they arestructuredn a similar fashion.First, they includean engine
thatindexesvideodataon avisual,textual,andsemantidevel. Systemaypically apply
similarity functionsto index the datain the visual andtextual modality. Video search
enginesoften employ a semanticdndexing componento learna lexicon of concepts,
suchasoutdoor, car, andsportingevent andaccompaging probabilityfrom provided
examples All indexesaretypically storedin a databaset the granularityof a video
shot.A seconccomponenthatall systemshave in commonis aretrieval engine which
offers usersan accesdo the storedindexesandthe video data.Key componentdiere
areaninterfaceto selectqueriesg.g.query-by-leyword, query-by-eample,andquery-
by conceptandthe displayof retrievedresults.Theretrieval enginehandleghe query
requestsgcombinegheresults,anddisplaysthemto aninteractinguser We visualizea
generalframework for interactive videosearchenginesn Fig. 1.

While proposedsolutionsfor effective video searchenginessharesimilar compo-
nents they stresdifferentelementsn reachingtheir goal. Rautiaineretal. [9] present
an approachthat emphasizecombinationof query results.They extend query-by-
keyword on speechranscriptswith query-by-&ample.Iln addition,they explore how
alimited lexicon of 15 learnedconceptsnay contritute to retrieval results.As the au-
thorsindicate,inclusion of more accurateconceptdetectorswould improve retrieval
results.The web-basedMARVEL systemextendsclassicalquerypossibilitieswith an
automaticallyindexed lexicon of 17 semanticconceptsfacilitating query-by-concept
with goodaccurag [6]. In spite of this lexicon, however, interactive retrieval results
arenot competitve with [10,11]. This indicatesthatmuchis to be gainedwhen,in ad-
dition to query-by-conceptjuery-by-lkeyword, andquery-by-&ample,moreadvanced
interfacedfor queryselectioranddisplayof resultsareexploitedfor interaction.Chris-



tel et al. [10] explain their successn interactie video retrieval asa consequencef
usingstoryboardsi.e. a grid of key frameresultsthat arerelatedto a keyword-based
query Adcocketal. [11] alsoamguethatsearchresultsshouldbe presentedn semanti-
cally meaningfulunits. They stresshis by presentingqueryresultsasstory key frame
collagesin theuserinterface.We adopt,extend,andgeneralizeéhe above solutions.

Theavailability of graduallyincreasingconceptexicons,of varying quality, raises
thequestionhow to take advantageof query-by-concepfor effective interactize video
retrieval? We adwcatethat the ideal video searchengineshould emphasizeoff-line
learningof a large lexicon of conceptspasedon automaticmultimediaanalysis,for
the initial search.Then, the ideal systemshould employ query-by-&ample, query-
by-keyword, and interactionwith an advanceduserinterfaceto re ne the searchun-
til satishction. To that end,we proposethe MediaMill semanticvideo searchengine.
The uniguenes®f the proposedsystemlies in its emphasi®n automatidearningof a
lexicon of conceptsWhenthe indexed lexicon is exploited for query-by-concepand
combinedwith query-by-lkeyword, query-by-aample andinteractve Itering usingan
adwanceduserinterface,a powerful video searchengineemepges.To demonstraté¢he
effectivenessf our approachthe interactive searchexperimentsare evaluatedwithin
the2005NIST TRECVID videoretrieval benchmark12].

The organizationof this paperis asfollows. First, we presentour semanticvideo
searchenginein Section2. We describethe experimentalsetupin which we evaluated
our searchenginein Section3. We presentesultsin Section4.

2 The MediaMill SemanticVideo Search Engine

We proposea lexicon-driven video searchengineto equipuserswith semanticaccess
to videoarchives. The aim is to retrieve from a video archive, composedf n unique
shots the bestpossibleanswersetin responséo a userinformationneed.To thatend,
the searchenginecombinedearningof alargelexicon with query-by-leyword, query-
by-example,andinteraction.The systemarchitectureof the searchenginefollows the
generalframevork as sketchedin Fig. 1. We now explain the variouscomponent®of
thesearchenginein moredetail.

2.1 Indexing Engine

Multimedia Lexicon Indexing Genericsemantiozideoindexing is requiredo obtaina
largeconceptexicon.In literature severalapproacheareproposed5-8]. Theutility of
supervisedearningin combinationwith multimediacontentanalysishasprovento be
successfulwith recentextensiongo includevideo productionstyle [7] andtheinsight
thatconceptoftenco-occurin context [5, 6]. We combinethesesuccessfuapproaches
into an integratedvideo indexing architecturegxploiting the ideathat the essencef
producedvideois its creationby anauthor Styleis usedto stresshe semanticof the
messageandto guidethe audiencan its interpretationIn the end,video aimsat an
effective semanticommunicationAll of thistakentogetherthe mainfocusof generic
semantidndexing mustbeto reversethis authoringprocessfor whichwe proposedhe
semantigath nder[7].
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Fig. 2. Multimedia lexicon indexing is basedon the semanticpath nder [7]. In the detail from
Fig. 1 we highlightits successie analysissteps The semantigath nderselectdor eachconcept
abestpathaftervalidation.

The semantigpath nderis composedf threeanalysissteps,seeFig. 2. The out-
put of an analysisstepin the path nder forms the input for the next one. We build
this architectureon machindearningof conceptdor therobustdetectionof semantics.
The semanticpath nder startsin the contentanalysisstep In this stage,it follows a
data-drvenapproacthof indexing semanticslt analyzesoththevisualdataandtextual
datato extract features.in the learningphase,t appliesa supportvector machineto
learnconcepprobabilities The styleanalysisstepaddressethe elementof videopro-
duction,relatedto the style of the author by several style-relateddetectorsj.e. related
to layout, content,capture,and contet. They include shotlength, frequentspealers,
cameradistance faces,andmotion. At their core,thesedetectorsare basedon visual
andtextual featuresalso.Again, a supportvectormachineclassi er is appliedto learn
style probabilities.Finally, in the context analysisstep the probabilitiesobtainedn the
style analysisstepare fusedinto a contet vector Then,again a supportvector ma-
chineclassi eris appliedto learnconceptsSomeconceptslik e vegetation have their
emphasison contentthus style and context do not addmuch.In contrastmore com-
plex events,like peoplewalking pro t from incrementakhdaptatiorof the analysisby
usingconceptdik e athletic gamein their context. The semantigath nder allows for
genericvideo indexing by automaticallyselectingthe bestpath of analysisstepson a
perconceptasis.

Textual & Visual Feature Extraction To arrive ata similarity distancefor thetextual
modalitywe rst derive wordsfrom automaticspeectrecognitionresults.We remove
commonstopwordsusingthe SMART's Englishstoplist [13]. We thenconstruc high
dimensionalectorspacebasedon all remainingtranscribedvords.We rely on latent
semantidndexing [14] to reducethe searchspaceto 400 dimensionsWhile doing so,
the methodtakesco-occurrencef relatedwordsinto accounty projectingthemonto
the samedimension.The rationaleis thatthis reducedspaceis a betterrepresentation
of the searchspace Whenusersexploit query-by-leyword as similarity measurethe



termsof the queryareplacedin the samereduceddimensionakpace The mostsimilar
shotsyiz. theonesclosesto thequeryin thatspacearereturnedyegardlesof whether
they containthe original queryterms.In the visualmodality the similarity queryis by
example.For all key framesin thevideoarchive, we computethe perceptuallyuniform
Lab color histogramusing 32 bins for eachcolor channel.Userscomparekey frames
with Euclidearhistogramdistance.

2.2 Retrieval Engine

To shieldthe userfrom technicalcompleity, while atthe sametime offeringincreased
efciency, we storeall computedndexesin a databaseUsersinteractwith the search
enginebasedn queryinterfacesEachqueryinterfaceactsasarankingoperatoonthe
multimediaarchive. After auserissuesaqueryit is processeandcombinednto a nal
result,whichis presentedo theuser

Query Selection The setof conceptsin the lexicon forms the basisfor interactve
selectionof queryresults.Usersmayrely on directquery-by-concepfor searchtopics
relatedto conceptgrom thislexicon. Thisis anenormousdwantageor the precisionof
thesearchlUserscanalsomake a rst selectiorwhena queryincludesa superclassor
asub-clas®f aconcepiin thelexicon. For example whensearchindor sportsonecan
usetheavailableconceptgennis soccer baseball andgolf from alexicon.In asimilar
fashionusersmayexploit aqueryonanimalto retrieve footagerelatedto ice bear. For
searchtopicsnotcoveredby theconceptsn thelexicon, usershaveto rely onquery-by-
keyword andquery-by-aample.Applying query-by-leyword in isolationallows users
to nd very speci c topicsif they are mentionedin the transcriptionfrom automatic
speectrecognition.Basedon query-by-&ample,on eitherprovidedor retrievedimage
frames key framesthatexhibit a similar color distribution canaugmentresultsfurther.
This is especiallyfruitful for repetitve key framesthat containsimilar visual content
throughoutthe archive, suchas previews, graphics,and commercials Naturally the
searchengineoffers usersthe possibility to combinequeryinterfaces.This is helpful
whena conceptis too generaland needsre nement. For examplewhensearchingor
Microsoft stockquotesausermaycombinequery-by-concemtodk quoteswith query-
by-keyword Microsoft While doing so, the searchengineexploits both the semantic
indexesandthetextual andvisualsimilarity distances.

Combining Query Results To rankresults query-by-concepixploits semantigroba-
bilities, while query-by-leyword andquery-by-eampleusesimilarity distancesWhen
useramix queryinterfacesandhenceseveralnumericakcoresthisintroducegheques-
tion how to combinethe results.In [10], query-by-concepis appliedafter query-by-
keyword. The disadwantageof this approackhis the dependencen keywordsfor initial
search Becausehe visual contentis often not re ected in the associatedext, user
interactionwith this restrictedanswersetresultsin limited semanticaccessHence,
we opt for a combinationmethodexploiting queryresultsin parallel. Rankingsoffer
usacomparableutputacrossvariousqueryresults.Therefore we employ a standard
approacthusinglinearranknormalization15] to combinequeryresults.
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Fig. 3. Interfaceof the MediaMill semanticzideosearctengine Thesystemallows for interactive
query-by-conceptisinga large lexicon. In addition, it facilitatesquery-by-lkeyword, andquery-
by-example.Resultsarepresentedh a crossbrovser

Display of Results Rankingis a linear ordering,so ideally shouldbe visualizedas
such.Thisleavesroomto usethe otherdimensiorfor visualizationof thechronological
seriespr story, of thevideoprogramfrom which akey frameselectedThismakessense
asfrequentlyotheritemsin the samebroadcastarerelevantto a queryalso[10,11].
Theresultingcrossbrowserfacilitatesquick selectionof relevantresults.If requested,
playbackof speci ¢ shotsis alsopossible Theinterfaceof the searchengine depicted
in Fig. 3, allows for easyqueryselectionandswift visualizationof results.

3 Experimental Setup

We performedour experimentsaspart of the interactive searchtaskof the 2005NIST
TRECVID benchmarkto demonstratehe signi cance of the proposedvideo search
engine.Thearchie usedis composedf 169hoursof US, Arabic, andChinesebroad-
castnews sourcesrecordedn MPEG-1duringNovember2004.Thetestdatacontains
approximately85 hours.Togethewith thevideoarchive cameautomaticspeechrecog-
nition resultsand machinetranslationsdonatedby a US governmentcontractor The
Fraunhofetnstitute[16] provideda camerashotsegmentationThe camerashotssene
astheunit for retrieval.

We detectin this datasetautomaticallyan unprecedentetibxicon of 101 concepts
usingthe semanticpath nder. We selectconceptsby following a prede nedconcept
ontologyfor multimedia[17] asleadingexample.Conceptsn this ontologyarechosen
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Fig. 4. Instance®f the 101 conceptsn thelexicon, asdetectedwith the semantigath nder.

basedn presencén WordNet[18] andextensie analysisof videoarchive querylogs.
Whereconceptshouldberelatedto programcateyories,setting,people objects activ-
ities, events,and graphics.Instantiationof the conceptdn the lexicon arevisualized
in Fig. 4. The semantigpath nder detectsall 101 conceptswith varying performance,
see[8] for details.

The goal of the interactve searchtask,asde ned by TRECVID, is to satisfyan
informationneed.Given sucha need,in the form of a searchtopic, a useris encaged
in aninteractve sessiorwith a video searchengine.Basedon the resultsobtained,a
userrephrasesjueries;aiming at retrieval of moreandmoreaccurateesults.To limit
the amountof userinteractionandto measuresearchsystemef ciency, all individual
searchtopicsareboundedby a 15-minutetime limit. The interactive searchtaskcon-
tains24 searchtopicsin total. They becameknown only few daysbeforethe deadline
of submissionHence they wereunknavn at the time we developedour 101 semantic
conceptetectorslin line with the TRECVID submissiorprocedureauserwasallowed
to submit,for assessmetty NIST, up to amaximumof 1,000rankedresultsfor the 24
searchtopics.

We useavelage precisionto determinethe retrieval accurag on individual search
topics,following the standardn TRECVID evaluations[12]. The averageprecisionis
a single-\aluedmeasurehatis proportionalto the areaundera recall-precisiorcurve.
As anindicatorfor overall searchsystemquality, TRECVID reportsthe meanaverage
precisionaveragedver all searchtopicsfrom onerun by asingleuser
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Fig. 5. Comparisorof interactive searctresultsfor 24 topicsperformedoy 49 usersof 16 present-
dayvideosearctengines.

4 Results

The completenumberedist of searchtopicsis plottedin Fig. 5. Togetherwith the
topics,weplotthebenchmarkesultsfor 49 usersusing16 present-daynteractve video
searclenginesWe remarkthatmostof themexploit only alimited lexicon of concepts,
typically in the rangeof 0 to 40. The resultsgive insight in the contritution of the
proposedystenfor individual searchopics.At thesametime, it allowsfor comparison
againstthe state-of-the-arin videoretrieval.

The userof the proposedsearchenginescoresexcellent for most searchtopics,
yielding a top 3 averageprecisionfor 17 out of 24 topics. Furthermorepur approach
obtainsthehighestaverageprecisionfor ve searcltopics(Topics:3, 8,10,13,20).We
explain the succes®f our searchengine,in part, by the lexicon used.In our lexicon,
therewas an (accidental)overlap with the requestedonceptsor mostsearchtopics.
Examplesretennis peoplemarching, androad(Topics:8, 13,20),whereperformance
is very good.The searchengineperformedmoderatedor topicsthatrequirespeci c in-
stancef a concepte.g.mapswith Bagdhadmarked (Topic: 7). Whensearchtopics
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Fig. 6. Overview of all interactve searclrunssubmittedo TRECVID 2005,rankedaccordingto
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containcombination®f severalconceptse.g.meetingtable,people(Topic: 15), results
arealsonotoptimal. This indicateshatmuchis to be expectedirom a moreintelligent
combinationof queryresults Whenauser nds ananswerto asearchopicin arepeat-
ing pieceof footage,query-by-eampleis particularly useful. A typical searchtopic
pro ting from this obsenation it the onerelatedto OmarKarami (Topic: 3), who is
frequentlyinterviewed in the sameroom. Query-by-keyword is especiallyuseful for
speci c informationneeds]ike personX relatedinquiries.It shouldbe notedthatal-
thoughwe have a large lexicon of conceptsperformanceof themis far from perfect,
oftenresultingin noisy detectionresults.We thereforegrantan importantrole to the
interfaceof thevideosearctengine Becaus@urusercouldquickly selectrelevantseg-
mentsof interestthe searchengineaidedfor searchtopicsthatcouldnotbe addressed
with (robust) conceptdrom thelexicon.

To gain insightin the overall quality of our lexicon-driven approachto video re-
trieval, we comparehe meanaverageprecisionresultsof usingour searchenginewith
48 otherusersthat participatedn the interactve retrieval taskof the 2005TRECVID
benchmarkWe visualizetheresultsfor all submittedinteractive searchrunsin Fig. 6.
The resultsshowv that the proposedsearchengineobtainsa meanaverageprecision
of 0.414,which is the highestoverall score.The benchmarkresultsdemonstratehat
lexicon-driveninteractve retrieval yields state-of-the-araccurag.

5 Conclusion

In this paper we combineautomaticlearningof a large lexicon of semanticconcepts
with traditionalvideo retrieval methodsinto a novel approacho narrav the semantic
gap. The foundationof the proposedapproachis formedby a learnediexicon of 101
semanticconceptsBasedon this lexicon, query-by-concepbffers usersa semantic
entranceo videorepositoriesin addition,usersareprovidedwith anentryin theform



of textual query-by-lkeyword andvisualquery-by-&ample.Interactionwith thevarious
queryinterfaceds handledby anadvanceddisplayof results which providesfeedback
in the form of a crossbrowser The resultingMediaMill semanticvideo searchengine
limits thein uence of the semantigap.

Experimentswith 24 searchtopics and 85 hoursof internationalbroadcasnews
video indicatethatthe lexicon of conceptsaidssubstantiallyin interactve searchper
formanceThisis bestdemonstrateth a comparisoramong49 usersof 16 present-day
retrieval systemsnponeof themusinga lexicon of 101 conceptswithin the interactve
searchaskof the2005NIST TRECVID videoretrieval benchmarkln thiscomparison,
theuserof thelexicon-driven searctenginegainedthe highestoverall score.
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