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Abstract. We combinein this paperautomaticlearningof a largelexicon of se-
manticconceptswith traditionalvideo retrieval methodsinto a novel approach
to narrow thesemanticgap.Thecoreof theproposedsolutionis formedby the
automaticdetectionof an unprecedentedlexicon of 101 concepts.From there,
we explore the combinationof query-by-concept,query-by-example,query-by-
keyword, anduserinteractioninto theMediaMill semanticvideosearchengine.
We evaluatethesearchengineagainstthe2005NIST TRECVID videoretrieval
benchmark,usinganinternationalbroadcastnewsarchiveof 85hours.Toprank-
ing resultsshow that the lexicon-drivensearchengineis highly effective for in-
teractivevideoretrieval.

1 Intr oduction

For text collections,searchtechnologyhasevolved to a maturelevel. Thesuccesshas
whettheappetitefor retrieval from videorepositories,yielding a proliferationof com-
mercialvideosearchengines.Thesesystemsoftenrely on �lename andaccompanying
textualsourcesonly. Thisapproachis fruitful whenameticulousandcompletedescrip-
tion of thecontentis available.It ignores,however, thetreasureof informationavailable
in the visual informationstream.In contrast,the imageretrieval researchcommunity
hasemphasizeda visual-onlyanalysis.It hasresultedin a wide varietyof ef�cient im-
ageandvideoretrieval systemse.g.[1–3]. A commondenominatorin theseprototypes
is their dependenceon color, texture,shape,andspatiotemporalfeaturesfor represent-
ing video.Usersqueryanarchive with storedfeaturesby employing visualexamples.
Basedonuser-interactionthequeryprocessis repeateduntil resultsaresatisfactory. The
visual query-by-exampleparadigmis an alternative for the textual query-by-keyword
paradigm.

Unfortunately, techniquesfor imageretrieval arenot that effective yet in mining
thesemanticshiddenin videoarchives.Themainproblemis thesemanticgapbetween
imagerepresentationandtheir interpretationby humans[4]. Whereusersseekhigh-
level semantics,videosearchenginetechnologyofferslow-level abstractionsof thedata
instead.In aquestto narrow thesemanticgap,recentresearcheffortshaveconcentrated
on automaticdetectionof semanticconceptsin video [5–8]. Query-by-conceptoffers
usersanadditionalentranceto videoarchives.
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Fig.1. Generalframework for aninteractivevideosearchengine.In theindexing engine,thesys-
temlearnsto detecta lexiconof semanticconcepts.In addition,it computessimilarity distances.
A retrieval enginethenallows for several query interfaces.The systemcombinesrequestsand
displaysresultsto auser. Basedon interactionauserre�nes searchresultsuntil satisfaction.

State-of-the-artvideo searchsystems,e.g. [6, 9–11], combineseveral queryinter-
faces.Moreover, they arestructuredin a similar fashion.First, they includeanengine
thatindexesvideodataonavisual,textual,andsemanticlevel. Systemstypically apply
similarity functionsto index the datain the visual andtextual modality. Video search
enginesoften employ a semanticindexing componentto learna lexicon of concepts,
suchasoutdoor, car, andsportingevent, andaccompanying probabilityfrom provided
examples.All indexesaretypically storedin a databaseat the granularityof a video
shot.A secondcomponentthatall systemshave in commonis aretrieval engine,which
offers usersan accessto the storedindexesandthe video data.Key componentshere
areaninterfaceto selectqueries,e.g.query-by-keyword,query-by-example,andquery-
by concept,andthedisplayof retrievedresults.Theretrieval enginehandlesthequery
requests,combinestheresults,anddisplaysthemto aninteractinguser. We visualizea
generalframework for interactive videosearchenginesin Fig. 1.

While proposedsolutionsfor effective video searchenginessharesimilar compo-
nents,they stressdifferentelementsin reachingtheir goal.Rautiainenet al. [9] present
an approachthat emphasizescombinationof query results.They extend query-by-
keyword on speechtranscriptswith query-by-example.In addition,they explore how
a limited lexicon of 15 learnedconceptsmaycontribute to retrieval results.As theau-
thors indicate,inclusionof moreaccurateconceptdetectorswould improve retrieval
results.Theweb-basedMARVEL systemextendsclassicalquerypossibilitieswith an
automaticallyindexed lexicon of 17 semanticconcepts,facilitating query-by-concept
with goodaccuracy [6]. In spiteof this lexicon, however, interactive retrieval results
arenot competitive with [10,11]. This indicatesthatmuchis to begainedwhen,in ad-
dition to query-by-concept,query-by-keyword,andquery-by-example,moreadvanced
interfacesfor queryselectionanddisplayof resultsareexploitedfor interaction.Chris-



tel et al. [10] explain their successin interactive video retrieval asa consequenceof
usingstoryboards,i.e. a grid of key frameresultsthat arerelatedto a keyword-based
query. Adcocket al. [11] alsoarguethatsearchresultsshouldbepresentedin semanti-
cally meaningfulunits.They stressthis by presentingqueryresultsasstorykey frame
collagesin theuserinterface.Weadopt,extend,andgeneralizetheabove solutions.

Theavailability of graduallyincreasingconceptlexicons,of varyingquality, raises
thequestion:how to take advantageof query-by-conceptfor effective interactive video
retrieval? We advocatethat the ideal video searchengineshouldemphasizeoff-line
learningof a large lexicon of concepts,basedon automaticmultimediaanalysis,for
the initial search.Then, the ideal systemshould employ query-by-example,query-
by-keyword, and interactionwith an advanceduserinterfaceto re�ne the searchun-
til satisfaction.To that end,we proposethe MediaMill semanticvideo searchengine.
Theuniquenessof theproposedsystemlies in its emphasison automaticlearningof a
lexicon of concepts.Whenthe indexed lexicon is exploited for query-by-conceptand
combinedwith query-by-keyword,query-by-example,andinteractive �ltering usingan
advanceduserinterface,a powerful videosearchengineemerges.To demonstratethe
effectivenessof our approach,the interactive searchexperimentsareevaluatedwithin
the2005NIST TRECVID videoretrieval benchmark[12].

The organizationof this paperis asfollows. First, we presentour semanticvideo
searchenginein Section2. We describetheexperimentalsetupin which we evaluated
oursearchenginein Section3. Wepresentresultsin Section4.

2 The MediaMill SemanticVideoSearch Engine

We proposea lexicon-drivenvideosearchengineto equipuserswith semanticaccess
to video archives.The aim is to retrieve from a video archive, composedof n unique
shots,thebestpossibleanswersetin responseto a userinformationneed.To thatend,
thesearchenginecombineslearningof a largelexicon with query-by-keyword,query-
by-example,andinteraction.Thesystemarchitectureof thesearchenginefollows the
generalframework assketchedin Fig. 1. We now explain the variouscomponentsof
thesearchenginein moredetail.

2.1 Indexing Engine

Multimedia Lexicon Indexing Genericsemanticvideoindexing is requiredto obtaina
largeconceptlexicon.In literature,severalapproachesareproposed[5–8]. Theutility of
supervisedlearningin combinationwith multimediacontentanalysishasprovento be
successful,with recentextensionsto includevideoproductionstyle[7] andtheinsight
thatconceptsoftenco-occurin context [5,6]. Wecombinethesesuccessfulapproaches
into an integratedvideo indexing architecture,exploiting the ideathat the essenceof
producedvideois its creationby anauthor. Style is usedto stressthesemanticsof the
message,andto guidethe audiencein its interpretation.In the end,video aimsat an
effectivesemanticcommunication.All of this takentogether, themainfocusof generic
semanticindexing mustbeto reversethisauthoringprocess,for whichweproposedthe
semanticpath�nder[7].



Fig.2. Multimedia lexicon indexing is basedon the semanticpath�nder [7]. In the detail from
Fig. 1 wehighlight its successiveanalysissteps.Thesemanticpath�nderselectsfor eachconcept
abestpathaftervalidation.

The semanticpath�nder is composedof threeanalysissteps,seeFig. 2. The out-
put of an analysisstepin the path�nder forms the input for the next one.We build
thisarchitectureonmachinelearningof conceptsfor therobustdetectionof semantics.
The semanticpath�nder startsin the contentanalysisstep. In this stage,it follows a
data-drivenapproachof indexing semantics.It analyzesboththevisualdataandtextual
datato extract features.In the learningphase,it appliesa supportvectormachineto
learnconceptprobabilities.Thestyleanalysisstepaddressestheelementsof videopro-
duction,relatedto thestyleof theauthor, by severalstyle-relateddetectors,i.e. related
to layout, content,capture,andcontext. They includeshot length,frequentspeakers,
cameradistance,faces,andmotion.At their core,thesedetectorsarebasedon visual
andtextual featuresalso.Again,a supportvectormachineclassi�er is appliedto learn
styleprobabilities.Finally, in thecontext analysisstep, theprobabilitiesobtainedin the
style analysisstepare fusedinto a context vector. Then,again a supportvectorma-
chineclassi�er is appliedto learnconcepts.Someconcepts,like vegetation, have their
emphasison contentthusstyle andcontext do not addmuch.In contrast,morecom-
plex events,like peoplewalking, pro�t from incrementaladaptationof theanalysisby
usingconceptslike athleticgamein their context. Thesemanticpath�nder allows for
genericvideo indexing by automaticallyselectingthebestpathof analysisstepson a
per-conceptbasis.

Textual & Visual FeatureExtraction To arriveatasimilarity distancefor thetextual
modalitywe �rst derive wordsfrom automaticspeechrecognitionresults.We remove
commonstopwordsusingtheSMART'sEnglishstoplist [13]. Wethenconstructahigh
dimensionalvectorspacebasedon all remainingtranscribedwords.We rely on latent
semanticindexing [14] to reducethesearchspaceto 400dimensions.While doingso,
themethodtakesco-occurrenceof relatedwordsinto accountby projectingthemonto
thesamedimension.The rationaleis that this reducedspaceis a betterrepresentation
of the searchspace.Whenusersexploit query-by-keyword assimilarity measure,the



termsof thequeryareplacedin thesamereduceddimensionalspace.Themostsimilar
shots,viz. theonesclosestto thequeryin thatspace,arereturned,regardlessof whether
they containtheoriginal queryterms.In thevisualmodality thesimilarity queryis by
example.For all key framesin thevideoarchive,wecomputetheperceptuallyuniform
Lab color histogramusing32 bins for eachcolor channel.Userscomparekey frames
with Euclideanhistogramdistance.

2.2 Retrieval Engine

To shieldtheuserfrom technicalcomplexity, while at thesametimeoffering increased
ef�ciency, we storeall computedindexesin a database.Usersinteractwith thesearch
enginebasedonqueryinterfaces.Eachqueryinterfaceactsasarankingoperatoronthe
multimediaarchive.After auserissuesaqueryit is processedandcombinedinto a�nal
result,which is presentedto theuser.

Query Selection The set of conceptsin the lexicon forms the basisfor interactive
selectionof queryresults.Usersmayrely on directquery-by-conceptfor searchtopics
relatedto conceptsfrom thislexicon.Thisis anenormousadvantagefor theprecisionof
thesearch.Userscanalsomake a �rst selectionwhena queryincludesa super-classor
asub-classof aconceptin thelexicon.For example,whensearchingfor sportsonecan
usetheavailableconceptstennis, soccer, baseball, andgolf from alexicon.In asimilar
fashion,usersmayexploit aqueryonanimalto retrieve footagerelatedto icebear. For
searchtopicsnotcoveredby theconceptsin thelexicon,usershaveto rely onquery-by-
keyword andquery-by-example.Applying query-by-keyword in isolationallows users
to �nd very speci�c topics if they arementionedin the transcriptionfrom automatic
speechrecognition.Basedon query-by-example,on eitherprovidedor retrievedimage
frames,key framesthatexhibit a similar color distribution canaugmentresultsfurther.
This is especiallyfruitful for repetitive 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 generalandneedsre�nement.For examplewhensearchingfor
Microsoftstockquotes,ausermaycombinequery-by-conceptstock quoteswith query-
by-keyword Microsoft. While doing so, the searchengineexploits both the semantic
indexesandthetextualandvisualsimilarity distances.

Combining Query Results To rankresults,query-by-conceptexploitssemanticproba-
bilities, while query-by-keywordandquery-by-exampleusesimilarity distances.When
usersmix queryinterfaces,andhenceseveralnumericalscores,thisintroducestheques-
tion how to combinethe results.In [10], query-by-conceptis appliedafter query-by-
keyword.Thedisadvantageof this approachis thedependenceon keywordsfor initial
search.Becausethe visual contentis often not re�ected in the associatedtext, user-
interactionwith this restrictedanswerset resultsin limited semanticaccess.Hence,
we opt for a combinationmethodexploiting queryresultsin parallel.Rankingsoffer
usa comparableoutputacrossvariousqueryresults.Therefore,we employ a standard
approachusinglinearranknormalization[15] to combinequeryresults.



Fig.3. Interfaceof theMediaMill semanticvideosearchengine.Thesystemallowsfor interactive
query-by-conceptusinga large lexicon. In addition,it facilitatesquery-by-keyword, andquery-
by-example.Resultsarepresentedin acrossbrowser.

Display of Results Rankingis a linear ordering,so ideally shouldbe visualizedas
such.This leavesroomto usetheotherdimensionfor visualizationof thechronological
series,or story, of thevideoprogramfromwhichakey frameselected.Thismakessense
asfrequentlyother items in the samebroadcastarerelevant to a queryalso [10,11].
Theresultingcrossbrowserfacilitatesquick selectionof relevantresults.If requested,
playbackof speci�c shotsis alsopossible.Theinterfaceof thesearchengine,depicted
in Fig. 3, allows for easyqueryselectionandswift visualizationof results.

3 Experimental Setup

We performedour experimentsaspartof the interactive searchtaskof the2005NIST
TRECVID benchmarkto demonstratethe signi�cance of the proposedvideo search
engine.Thearchive usedis composedof 169hoursof US,Arabic,andChinesebroad-
castnewssources,recordedin MPEG-1duringNovember2004.Thetestdatacontains
approximately85hours.Togetherwith thevideoarchivecameautomaticspeechrecog-
nition resultsandmachinetranslationsdonatedby a US governmentcontractor. The
FraunhoferInstitute[16] providedacamerashotsegmentation.Thecamerashotsserve
astheunit for retrieval.

We detectin this datasetautomaticallyanunprecedentedlexicon of 101concepts
using the semanticpath�nder. We selectconceptsby following a prede�nedconcept
ontologyfor multimedia[17] asleadingexample.Conceptsin thisontologyarechosen



Fig.4. Instancesof the101conceptsin thelexicon,asdetectedwith thesemanticpath�nder.

basedon presencein WordNet[18] andextensive analysisof videoarchive querylogs.
Whereconceptsshouldberelatedto programcategories,setting,people,objects,activ-
ities, events,andgraphics.Instantiationsof the conceptsin the lexicon arevisualized
in Fig. 4. Thesemanticpath�nder detectsall 101conceptswith varyingperformance,
see[8] for details.

The goal of the interactive searchtask,asde�ned by TRECVID, is to satisfyan
informationneed.Givensucha need,in the form of a searchtopic, a useris engaged
in an interactive sessionwith a video searchengine.Basedon the resultsobtained,a
userrephrasesqueries;aimingat retrieval of moreandmoreaccurateresults.To limit
the amountof userinteractionandto measuresearchsystemef�ciency, all individual
searchtopicsareboundedby a 15-minutetime limit. The interactive searchtaskcon-
tains24 searchtopicsin total. They becameknown only few daysbeforethedeadline
of submission.Hence,they wereunknown at thetime we developedour 101semantic
conceptdetectors.In line with theTRECVID submissionprocedure,auserwasallowed
to submit,for assessmentby NIST, up to amaximumof 1,000rankedresultsfor the24
searchtopics.

We useaverage precisionto determinethe retrieval accuracy on individual search
topics,following thestandardin TRECVID evaluations[12]. Theaverageprecisionis
a single-valuedmeasurethat is proportionalto theareaundera recall-precisioncurve.
As anindicatorfor overall searchsystemquality, TRECVID reportsthemeanaverage
precisionaveragedoverall searchtopicsfrom onerunby asingleuser.



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

24. office setting

23. a goal being made in a soccer match

22. a tall building

21. one or more military vehicles

20. a road with one or more cars

19. an airplane taking off

18. one or more palm trees

17. basketball players on the court

16. a ship or boat

15. a meeting with a large table and people

14. people entering or leaving a building

13. people with banners or signs

12. something on fire with flames and smoke

11. George W. Bush entering or leaving a vehicle

10. helicopter in flight

9. people shaking hands

8. two visible tennis players on the court

7. graphic map of Iraq, Bagdhad marked 

6. Mahmoud Abbas

5. Tony Blair

4. Hu Jintao

3. Omar Karami

2. Iyad Allawi

1. Condoleeza Rice

Average Precision

S
ea

rc
h 

T
op

ic

Interactive Search Results

48 users of other video retrieval systems

Proposed lexicon-driven MediaMill system

Fig.5.Comparisonof interactivesearchresultsfor 24topicsperformedby 49usersof 16present-
dayvideosearchengines.

4 Results

The completenumberedlist of searchtopics is plotted in Fig. 5. Togetherwith the
topics,weplot thebenchmarkresultsfor 49usersusing16present-dayinteractivevideo
searchengines.Weremarkthatmostof themexploit only a limited lexiconof concepts,
typically in the rangeof 0 to 40. The resultsgive insight in the contribution of the
proposedsystemfor individualsearchtopics.At thesametime,it allowsfor comparison
againstthestate-of-the-artin videoretrieval.

The userof the proposedsearchenginescoresexcellent for most searchtopics,
yielding a top 3 averageprecisionfor 17 out of 24 topics.Furthermore,our approach
obtainsthehighestaverageprecisionfor � vesearchtopics(Topics:3,8,10,13,20).We
explain the successof our searchengine,in part,by the lexicon used.In our lexicon,
therewasan (accidental)overlapwith the requestedconceptsfor mostsearchtopics.
Examplesaretennis, peoplemarching, androad(Topics:8,13,20),whereperformance
is very good.Thesearchengineperformedmoderatefor topicsthatrequirespeci�c in-
stancesof a concept,e.g.mapswith Bagdhadmarked (Topic: 7). Whensearchtopics
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Fig.6. Overview of all interactivesearchrunssubmittedto TRECVID 2005,rankedaccordingto
meanaverageprecision.

containcombinationsof severalconcepts,e.g.meeting,table,people(Topic:15),results
arealsonot optimal.This indicatesthatmuchis to beexpectedfrom a moreintelligent
combinationof queryresults.Whenauser�nds ananswerto asearchtopic in arepeat-
ing pieceof footage,query-by-exampleis particularlyuseful.A typical searchtopic
pro�ting from this observation it the onerelatedto OmarKarami (Topic: 3), who is
frequentlyinterviewed in the sameroom. Query-by-keyword is especiallyuseful for
speci�c informationneeds,like personX relatedinquiries.It shouldbenotedthatal-
thoughwe have a large lexicon of concepts,performanceof themis far from perfect,
often resultingin noisy detectionresults.We thereforegrantan importantrole to the
interfaceof thevideosearchengine.Becauseourusercouldquickly selectrelevantseg-
mentsof interest,thesearchengineaidedfor searchtopicsthatcouldnot beaddressed
with (robust)conceptsfrom thelexicon.

To gain insight in the overall quality of our lexicon-driven approachto video re-
trieval, wecomparethemeanaverageprecisionresultsof usingoursearchenginewith
48 otherusersthatparticipatedin the interactive retrieval taskof the2005TRECVID
benchmark.We visualizetheresultsfor all submittedinteractive searchrunsin Fig. 6.
The resultsshow that the proposedsearchengineobtainsa meanaverageprecision
of 0.414,which is the highestoverall score.The benchmarkresultsdemonstratethat
lexicon-driveninteractive retrieval yieldsstate-of-the-artaccuracy.

5 Conclusion

In this paper, we combineautomaticlearningof a large lexicon of semanticconcepts
with traditionalvideo retrieval methodsinto a novel approachto narrow the semantic
gap.The foundationof the proposedapproachis formedby a learnedlexicon of 101
semanticconcepts.Basedon this lexicon, query-by-conceptoffers usersa semantic
entranceto videorepositories.In addition,usersareprovidedwith anentryin theform



of textualquery-by-keywordandvisualquery-by-example.Interactionwith thevarious
queryinterfacesis handledby anadvanceddisplayof results,whichprovidesfeedback
in the form of a crossbrowser. TheresultingMediaMill semanticvideosearchengine
limits thein�uence of thesemanticgap.

Experimentswith 24 searchtopics and 85 hoursof internationalbroadcastnews
video indicatethat the lexicon of conceptsaidssubstantiallyin interactive searchper-
formance.This is bestdemonstratedin acomparisonamong49usersof 16present-day
retrieval systems,noneof themusinga lexicon of 101concepts,within the interactive
searchtaskof the2005NIST TRECVID videoretrieval benchmark.In thiscomparison,
theuserof thelexicon-drivensearchenginegainedthehighestoverall score.
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