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ABSTRACT

This paperpresentsthe semanticpath�nder architecturefor
genericindexing of videoarchives.Thepath�nderautomati-
cally extractssemanticconceptsfrom videobasedon theex-
plorationof differentpathsthroughthreeconsecutiveanalysis
steps,closelylinkedto thevideoproductionprocess,namely:
contentanalysis,style analysis,and context analysis. The
virtue of thesemanticpath�nder is its learnedability to �nd
a bestpathof analysisstepson a per-conceptbasis.To show
thegeneralityof this indexing approachwedevelopdetectors
for a lexicon of 32 conceptsand we evaluatethe semantic
path�nder against the 2004NIST TRECVID video retrieval
benchmark,usinga news archive of 64 hours. Top ranking
performanceindicatesthemerit of thesemanticpath�nder.

1. INTRODUCTION

Query-by-keyword forms the foundationfor accessto text
repositories.Elaboratingon thesuccessof text-basedsearch
engines,query-by-keyword is also the paradigmof choice
in multimediaretrieval scenarios.For multimediaarchives
it is hard to achieve effective access,however, when based
on keywordsthatappearin the text only. Videoarchivesre-
quire semanticaccesswhereall modalitiescancontribute to
the concept. In literaturea varied gamut of speci�c multi-
mediakeyword, or concept, detectorshaven beenproposed;
whereconceptslike tigers and sunsetsare prototypicalex-
amples.Although speci�c methodshave aidedin achieving
progress,thisroadis adeadendgiventheplethoraof concepts
whichareneededfor effectiveaccess.It is simply impossible
to designa tailor-madesolutionfor eachconcept.

In this paper, we proposea genericapproachfor concept
indexing, we call thesemanticpath�nder. Thedesignprinci-
pleof thesemanticpath�nderis derivedfrom theobservation
thatvideoindexing canberegardedastheinversionof video
production,coveringnotionsof content,style [10], andcon-
text [6]. The semanticpath�nder exploits analysisstepsat
increasinglevelsof abstraction,correspondingto well-known
factsfrom the study of �lms and television production[2].
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While doingso,it combinesthemostsuccessfulmethodsfor
semanticvideoindexing [1,4,6,10,12] into anintegratedar-
chitecture.In contrastto thesemethods,however, we do not
trustblindly ononesingletechniquefor genericvideoindex-
ing. Onewould expect that someconcepts,like vegetation,
have their emphasison contentwherethe style (of the cam-
erawork that is) andcontext (of conceptslike graphics) do
not addmuch. In contrast,morecomplex events,like people
walking, pro�t from incrementaladaptationof theanalysisto
the intentionof theauthor. Hence,we advocatethat thebest
indexing approachis concept-dependent.Thevirtueof these-
manticpath�nder is its learnedability to �nd thebestpathof
analysisstepson a per-conceptbasis.To demonstratetheef-
fectivenessof thesemanticpath�nder, thesemanticindexing
experimentsareevaluatedwithin the 2004NIST TRECVID
videoretrieval benchmark[8].

The organizationof this paperis as follows. First, we
introducethesemanticpath�nder. Theexperimentalsetupis
explainedin Section3. Wepresentresultsin Section4.

2. SEMANTIC PATHFINDER

The essenceof producedvideo, like broadcastnews or fea-
ture �lms, is that an authorcreatesthe �nal program. It is
morethanjust thecontent.Beforecreation,theauthorstarts
with a semanticidea: an interplayof conceptsandcontext.
To stressthesemanticsof themessage,guidingtheaudience
in its interpretation,theauthorcombinesvariousstylishpro-
ductionfacets,suchascameraframing andsynchronization
of voice-overswith visual content.Thevideoaimsat anef-
fectivesemanticcommunication.Hence,thecoreof semantic
indexing is to reversethis authoringprocess.We follow this
pathto arrive at a systemarchitecturefor semanticindexing
in video.Beforeweelaborateon thevideoindexing architec-
ture,we�rst de�ne alexicon� S of 32semanticconcepts,see
Fig. 1. We aim to detectall 32 conceptswith the proposed
systemarchitecture.

The semanticpath�nder is composedof three analysis
steps. It follows the reverseauthoringprocess.Eachanal-
ysisstepin thepathdetectssemanticconcepts,but eachfrom
adifferentauthoringperspective. In addition,onecanexploit
theoutputof ananalysisstepin thepathasthe input for the



Fig. 2. Thesemanticpath�nderfor genericvideoindexing.

next one. The analysisstepsin the semanticpath�nder ex-
ploit acommonarchitecturewith astandardizedinput-output
modelto allow for semanticintegration. An overview of the
semanticpath�nder is given in Fig. 2. The variouscompo-
nentsarenow explainedin moredetail.

2.1. SupervisedLearning Module

We perceive semanticindexing in video asa patternrecog-
nition problem. Given patternx, describingthe video from
oneof theauthoringperspectivesat thegranularityof a shot
i , theaim is to obtaina con�dencemeasure,which indicates
whethersemanticconcept! is presentin shoti . Eachanaly-
sis stepin the semanticpath�nder extractsx i from the data,
andexploits a SupportVectorMachine(SVM) [11] to learn
p(! jx i ) for all ! in thesemanticlexicon � S from labeledex-
amples.TheSVM margin is convertedto a probabilityusing
a sigmoidfunction.To obtaingoodsettings,~q� for theSVM,
we performparametersearchon a largenumberof SVM pa-
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Fig. 1. Instancesof the32conceptsin thelexicon,asdetected
with thesemanticpath�nder.

rametercombinations.Theresultof theparametersearchover
~q resultsin themodelp(! jx i ; ~q� ) speci�c for ! . We split the
training data,including provided labeledexamples,a priori
into a non-overlappingtraining set(85%) andvalidationset
(15%)to preventover�tting of classi�ers.

2.2. Content AnalysisStep

The semanticpath�nder startsin the contentanalysisstep.
In this analysisstep,we follow a data-driven perspective on
indexing semantics.Here we summarizethe approach,for
detailswe refer to [9]. For visual featureextractionwe �rst
extracta numberof invariantvisualfeaturesperpixel. Based
on thesefeaturesthe procedurelabelseachpixel in an im-
agewith oneof 18 low-level visual concepts,like concrete,
sand, sky, andsoon. This pixel-wiseclassi�cationresultsin
a labeledsegmentationof a key frame in termsof regional
visualconcepts.Thepercentageof pixelsassociatedto each
of the 18 visual conceptsis usedasa visual contentvector
~vi . In thetextual modality, we learntherelationbetweenut-
teredspeech[3] andconcepts.Weconnectwordsto shotsand
derive a lexicon of utteredwordsthatco-occurwith ! , yield-
ing � ! . For featureextractionwecomparethetext associated
with eachshotwith � ! . This comparisonyields a text vec-
tor~t i for shoti , whichcontainsthehistogramof thewordsin
associationwith ! . We concatenate~vi with ~t i . After feature
normalization,we obtainfusionvector ~f i . Then ~f i servesas
theinputfor thesupervisedlearningmodule,whichlearnsthe
semanticconceptfor thecontentanalysisstep.

2.3. StyleAnalysisStep

In thestyleanalysisstepweconceiveof avideofrom thepro-
ductionperspective. Basedon the four rolesinvolved in the



Table 1. Testsetprecisionat 100afterthethreesteps,for a lexicon of 32 concepts.Theoptimalselectedpathby thesemantic
path�nder is givenin bold.

SemanticConcept ContentAnalysis StyleAnalysis Context Analysis SemanticConcept ContentAnalysis StyleAnalysis Context Analysis

Newssubjectmonologue 0.55 1.00 1.00 Baseball 0.54 0.43 0.47
Weathernews 1.00 1.00 1.00 Building 0.53 0.46 0.43
Newsanchor 0.98 0.98 0.99 Road 0.43 0.53 0.51
Overlayedtext 0.84 0.99 0.93 Americanfootball 0.46 0.18 0.17
Sportingevent 0.77 0.98 0.93 Boat 0.42 0.38 0.37
Studiosetting 0.95 0.96 0.98 Physicalviolence 0.17 0.25 0.31
Graphics 0.92 0.90 0.91 Basket scored 0.24 0.21 0.30
People 0.73 0.78 0.91 Animal 0.37 0.26 0.26
Outdoor 0.62 0.83 0.90 Bill Clinton 0.26 0.35 0.37
Stockquotes 0.89 0.77 0.77 Golf 0.24 0.19 0.06
Peoplewalking 0.65 0.72 0.83 Beach 0.13 0.12 0.12
Car 0.63 0.81 0.75 MadeleineAlbright 0.12 0.05 0.04
Cartoon 0.71 0.69 0.75 Airplanetakeoff 0.10 0.08 0.08
Vegetation 0.72 0.64 0.70 Bicycle 0.09 0.08 0.07
Icehockey 0.71 0.68 0.60 Train 0.07 0.07 0.03
Financialnewsanchor 0.40 0.70 0.71 Soccer 0.01 0.01 0.00

videoproductionprocess[9,10], thisstepanalyzesavideoby
four relatedstyledetectors.Layoutdetectorsanalyzetherole
of theeditor. Contentdetectorsanalyzetheroleof production
design.Capturedetectorsanalyzethe role of theproduction
recordingunit. Finally, context detectorsanalyzethe role of
thepreproductionteam.

Extensive implementationdetailsof thevariousdetectors
arein [9, 10]. We restrictourselveshereto an enumeration.
Thesetof layoutfeaturesis givenby: L = f shotlength,over-
layedtext, silence, voice-overg. Thesetof contentfeaturesis
givenby: C = f faces,facelocation,cars, objectmotion,fre-
quentspeaker, overlayedtext length,videotext namedentity,
voicenamedentityg. Thesetof capturefeaturesis givenby:
T = f camera distance, camera work, camera motiong. The
basicsetof context featuresis givenby: S = f newsreporter,
contentanalysisstep! 1g. Where! 1 indicatesthe concept
from � S with thebestaverageprecisionperformanceon the
validationsetafter thecontext analysisstep.Theconcatena-
tion of fL ; C; T ; Sg for shoti yieldsstylevector~si . Thisvec-
tor formstheinput for thesupervisedlearningmodule,which
trains a style model for eachconceptin � S in an iterative
fashion. In addition,it forms the input for the next analysis
stepin oursemanticpath�nder.

2.4. Context AnalysisStep

Thecontext analysisstepaddscontext to our interpretationof
thevideo. Hereour aim is the reconstructionof theauthor's
intentby consideringdetectedconceptsin context [6]. Weuse
the32scoresfrom thestyleanalysisassemanticfeatures.We
fusetheminto context vector, ~ci . From~ci we learnrelations
betweenconceptsautomatically. To thatend,~ci servesasthe
input for thesupervisedlearningmodule,which associatesa
contextualprobabilityp(! j~ci ; ~q� ) to ashoti for all ! in � S .

Theoutputof thecontext analysisstepis alsotheoutput
of theentiresemanticpath�nderon news video. On theway
we have includedin thepath�nder, theresultsof theanalysis
on raw data,factsderivedfrom productionby theuseof style

features,andanintentionalperspective of theauthor's objec-
tiveby usingconceptsin context. For eachconceptweobtain
aprobabilitybasedoncontent,style,andcontext. Theseman-
tic path�nder selectsfrom the threepossibilitiestheonethat
maximizesaverageprecisionbasedon validationsetperfor-
mance.

3. EXPERIMENT AL SETUP

To demonstratethe effectivenessof the semanticpath�nder,
we have participatedin the semanticconceptdetectiontask
of the 2004NIST TRECVID video retrieval benchmark[8];
the de facto standardto evaluateperformanceof video in-
dexing andretrieval research.Thevideoarchive of the2004
TRECVID benchmarkis composedof 184hoursof USNews
from 1998 and is recordedin MPEG-1 format. The train-
ing datacontainsapproximately120hours,thetestdatacon-
tainstheremaining64hours.Togetherwith thevideoarchive,
CLIPS-IMAG [7] provideda camerashotsegmentation.For
the annotationswe rely in part on the provided groundtruth
in TRECVID 2003[5]. Weremove themany errorsfrom this
annotationeffort. It is extendedmanuallyto arrive at an in-
complete,but reliablegroundtruth1 for all conceptsin lexicon
� S . To determinethe accuracy of conceptdetectionwe use
precisionat 100, following thestandardin TRECVID evalua-
tions[8]. TheTRECVID 2004procedureprescribesthatonly
10 pre-de�nedconceptsareevaluatedby NIST. For these10
conceptswe reporttheof�cial benchmarkresultsusingaver-
ageprecision[8].

4. RESULTS

We evaluateddetectionresultsfor all 32 conceptsin each
analysisstep.Theprecisionat 100is reportedin Table1. We
observe from the resultsthat the learnedbestpath (printed
in bold) indeedvariesover the concepts.The virtue of the

1Available:http://www.science.uva.nl/˜cgmsnoek/tv/ .
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Fig. 3. Comparisonof semanticpath�nder resultswith 11
otherindexing systemsin theTRECVID 2004benchmark.

semanticpath�nder is demonstratedby thefactthatconcepts
areindeeddividedby theanalysisstepafterwhichthey achieve
bestperformance.For 12 concepts,the learningphaseindi-
catesit is best to concentrateon contentonly. For 5 con-
cepts,the semanticpath�nder demonstratesthat a two-step
pathis best(wherein 15 casesadditionof style featureshas
a marginal positive or negative effect). For 15 concepts,the
context analysisstepobtainsa betterresult,wherein 5 cases
this leadsto a substantialincrease.Thus,someconceptsare
just content,style doesnot affect them. In such casesas
Americanfootballthereisstyle-wisetoomuchconfusionwith
other sportsto add new value in the path. Style doeshelp
whenthe conceptsaresemanticallyrich: e.g. news subject
monologueandsportingevent. For complex concepts,analy-
sisbasedoncontentandstyleis notenough.They requirethe
useof context. The context analysisstepis especiallygood
in detectingnamedevents,like peoplewalking, physicalvio-
lence, andbasket scored.

Weperformedanadditionalexperimentwithin theTREC-
VID benchmarkto comparetheeffectivenessof thesemantic
path�nder for detectionof conceptsto 11 present-dayvideo
indexing systems.Weselectfrom eachparticipantthesystem
tuningwith thebestperformancefor a conceptout of a max-
imum of 10 tunings.Resultsarevisualizedin Fig. 3 for each
concept.Relative to othervideoindexing systemstheseman-
tic path�nderperformsthebestfor two concepts,i.e. people
walkingandphysicalviolence, andsecondfor � ve concepts.
For two conceptswe perform moderate,i.e. basket scored
andbeach. Here the bestapproachesarebasedon special-
ized conceptdetectionmethodsthat exploit domainknowl-
edge.Thebig disadvantageof thesemethodsis that they are
speci�cally designedandimplementedfor oneconcept.They
do not scaleto otherconcepts.Thebenchmarkresultsshow
that thesemanticpath�nderallows for genericindexing with

state-of-the-artperformance.

5. CONCLUSION

We proposethe semanticpath�nder, a genericapproachfor
video indexing. It is basedon theobservation thatproduced
videois theresultof anauthoringprocess.Experimentswith
a lexicon of 32 semanticconceptsdemonstratethat the se-
mantic path�nder allows for genericvideo indexing, while
con�rming the valueof the authoringmetaphorin indexing.
In addition,theresultsover thevariousanalysisstepsindicate
that a techniquetaxonomyexists for solving conceptdetec-
tion tasks;dependingon whethercontent,style, or context
is mostsuitedfor indexing. Finally, the semanticpath�nder
is successfullyevaluatedwithin the 2004TRECVID bench-
mark. With oneandthe samesetof systemparameterstwo
conceptscameoutbestagainst11otherpresent-daysystems.
For � veconceptsoursystemscoredsecondbest.Justtwo per-
formedpoorly in this comparison.Theresultsshow that the
semanticpath�nder allows for state-of-the-artperformance
without theneedof implementingspecializeddetectors.We
considerthis the best indication of the validity of the ap-
proach.
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[7] G. Quénotet al. CLIPS at TREC-11: Experimentsin video
retrieval. In Text REtrieval Conf., Gaithersburg, USA, 2002.

[8] A. Smeaton,P. Over, andW. Kraaij. TRECVID: Evaluating
theeffectivenessof informationretrieval tasksondigital video.
In ACM Multimedia, NY, USA, 2004.

[9] C.Snoek.TheAuthoringMetaphortoMachineUnderstanding
of Multimedia. PhDthesis,Univ. vanAmsterdam,2005.

[10] C. Snoek,M. Worring, and A. Hauptmann. Learning rich
semanticsfrom news video archivesby style analysis. ACM
TOMCCAP, 2(2),2006. In press.

[11] V. Vapnik. The Nature of Statistical Learning Theory.
Springer-Verlag,NY, USA, 2thedition,2000.

[12] H. Wactlar, M. Christel,Y. Gong,andA. Hauptmann.Lessons
learnedfrom building a terabytedigital video library. IEEE
Computer, 32(2):66–73,1999.


