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ABSTRACT

This paperpresentghe semanticpath nder architecturefor
genericindexing of videoarchives. The path nderautomati-
cally extractssemanticconceptsrom video basedon the ex-
plorationof differentpathsthroughthreeconsecutie analysis
stepscloselylinkedto thevideoproductionprocessnamely:
contentanalysis,style analysis,and contet analysis. The
virtue of the semantigpath nderis its learnedability to nd
a bestpathof analysisstepson a perconceptbasis.To shav
thegeneralityof thisindexing approactwe developdetectors
for a lexicon of 32 conceptsand we evaluatethe semantic
path nder againstthe 2004 NIST TRECVID video retrieval
benchmarkusing a news archive of 64 hours. Top ranking
performancendicatesthe merit of the semantigath nder.

1. INTRODUCTION

Query-by-leyword forms the foundationfor accessto text
repositories.Elaboratingon the succes®f text-basedsearch
engines,query-by-leyword is also the paradigmof choice
in multimediaretrieval scenarios. For multimediaarchives
it is hardto achieve effective accesshowever, when based
on keywordsthat appeatin the text only. Videoarchvesre-
quire semanticaccessvhereall modalitiescan contritute to
the concept. In literaturea varied gamut of speci ¢ multi-
mediakeyword, or concept detectorshaven beenproposed;
where conceptdik e tigers and sunsetsare prototypical ex-
amples. Although speci ¢ methodshave aidedin achieving
progressthisroadis adeadendgiventheplethoraof concepts
which areneededor effective accesslt is simplyimpossible
to designatailor-madesolutionfor eachconcept.

In this paper we proposea genericapproactfor concept
indexing, we call the semantigath nder. Thedesignprinci-
ple of thesemantigath nderis derivedfrom the obsenation
thatvideoindexing canberegardedasthe inversionof video
production,covering notionsof content,style [10], andcon-
text [6]. The semanticpath nder exploits analysisstepsat
increasindevelsof abstractiongcorrespondingo well-knowvn
factsfrom the study of Ims and television production[2].

An extendedversionof this papemwill appeain IEEE Trans.PAMI. Thisresearch
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While doingso,it combineghe mostsuccessfumethodgor
semantiovideoindexing [1,4,6,10,12] into anintegratedar
chitecture.In contrastto thesemethodshowever, we do not
trustblindly on onesingletechniqudor genericvideoindex-
ing. Onewould expectthat someconceptslike vegetation
have their emphasion contentwherethe style (of the cam-
erawork thatis) and contet (of conceptdike graphicg do
notaddmuch. In contrastmorecomple events,like people
walking pro t from incrementakdaptatiorof theanalysisto
theintentionof the author Hence we adwcatethatthe best
indexing approachs concept-dependenthevirtue of these-
manticpath nderis its learnedability to nd thebestpathof
analysisstepson a perconceptbasis. To demonstrat¢he ef-
fectivenesf the semantigath nder, the semantidndexing
experimentsare evaluatedwithin the 2004 NIST TRECVID
videoretrieval benchmarK8].

The organizationof this paperis as follows. First, we
introducethe semantigpath nder. The experimentalsetupis
explainedin Section3. We presentesultsin Section4.

2. SEMANTIC PATHFINDER

The essencef producedvideo, like broadcashews or fea-
ture Ims, is that an authorcreateshe nal program. It is
morethanjust the content.Beforecreation the authorstarts
with a semanticidea: an interplay of conceptsand contet.
To stresghe semanticof the messageguiding the audience
in its interpretationthe authorcombinesvariousstylish pro-
ductionfacets,suchas cameraframing and synchronization
of voice-orerswith visual content. The video aimsat an ef-
fective semanticommunicationHence the coreof semantic
indexing is to reversethis authoringprocess.We follow this
pathto arrive at a systemarchitecturefor semantidndexing
in video. Beforewe elaborateon thevideoindexing architec-
ture,we rst de ne alexicon s of 32semanticonceptssee
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 the pathdetectssemanticconceptshut eachfrom
adifferentauthoringperspectie. In addition,onecanexploit
the outputof an analysisstepin the pathasthe input for the
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Fig. 2. Thesemantigath nderfor genericvideoindexing.

next one. The analysisstepsin the semanticpath nder ex-

ploit acommonarchitecturewith a standardizeéhput-output
modelto allow for semantidntegration. An overview of the
semanticpath nder is givenin Fig. 2. The variouscompo-
nentsarenow explainedin moredetail.

2.1. SupewisedLearning Module

We perceve semanticindexing in video as a patternrecog-
nition problem. Given patternx, describingthe video from

oneof the authoringperspectiesat the granularityof a shot
i, theaimis to obtaina con dencemeasurewhich indicates
whethersemantiaconcept is presenin shoti. Eachanaly-
sis stepin the semanticpath nder extractsx; from the data,
andexploits a SupportVector Machine(SVM) [11] to learn
p(! jx;) for all! inthesemantidexicon s from labeledex-

amples.The SVM maugin is corvertedto a probability using
asigmoidfunction. To obtaingoodsettingsg for the SVM,

we performparametesearchon a large numberof SVM pa-
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Fig. 1. Instance®f the32 conceptsn thelexicon,asdetected
with the semantigath nder.

rameteicombinationsTheresultof theparametesearctover
¢ resultsin themodelp(! jx;; & ) specic for! . We split the
training data, including provided labeledexamples,a priori
into a non-overlappingtraining set(85%) and validation set
(15%)to preventover tting of classi ers.

2.2. Content Analysis Step

The semanticpath nder startsin the contentanalysisstep
In this analysisstep,we follow a data-drven perspectie on
indexing semantics. Here we summarizethe approach for
detailswe referto [9]. For visual featureextractionwe rst
extracta numberof invariantvisualfeatureger pixel. Based
on thesefeaturesthe procedurelabelseachpixel in anim-
agewith one of 18 low-level visual conceptslike concete
sand sky, andsoon. This pixel-wiseclassi cationresultsin
a labeledsegmentationof a key framein termsof regional
visual concepts.The percentag®f pixels associatedo each
of the 18 visual conceptss usedas a visual contentvector
v . In the textual modality, we learnthe relationbetweerut-
teredspeech3] andconceptsWe connectvordsto shotsand
derive alexicon of utteredwordsthatco-occurwith ! , yield-
ing . . Forfeatureextractionwe comparghetext associated
with eachshotwith | . This comparisoryields a text vec-
tortj for shoti, which containghe histogramof thewordsin
associatiorwith ! . We concatenate®; with t;. After feature
normalizationwe obtainfusionvectorf;. Thenfj senesas
theinputfor thesupervisedearningmodule whichlearnsthe
semanticconceptor the contentanalysisstep.

2.3. Style Analysis Step

In the styleanalysisstepwe conceve of avideofrom thepro-
ductionperspectie. Basedon the four rolesinvolvedin the



Table 1. Testsetprecisionat 100afterthethreestepsfor alexicon of 32 conceptsThe optimalselectedpathby the semantic

path nderis givenin bold.

SemanticConcept

ContentAnalysis StyleAnalysis Contet Analysis

SemanticConcept ContentAnalysis StyleAnalysis Contet Analysis

News subjectmonologue 0.55 1.00 1.00
Weathemews 1.00 1.00 1.00
News anchor 0.98 0.98 0.99
Overlayedtext 0.84 0.99 0.93
Sportingevent 0.77 0.98 0.93
Studiosetting 0.95 0.96 0.98
Graphics 0.92 0.90 0.91
People 0.73 0.78 0.91
Outdoor 0.62 0.83 0.90
Stockquotes 0.89 0.77 0.77
Peoplewalking 0.65 0.72 0.83
Car 0.63 0.81 0.75
Cartoon 0.71 0.69 0.75
Vegetation 0.72 0.64 0.70
Ice hocley 0.71 0.68 0.60
Financialnews anchor 0.40 0.70 0.71

Baseball 0.54 0.43 0.47
Building 0.53 0.46 0.43
Road 0.43 0.53 0.51
Americanfootball 0.46 0.18 0.17
Boat 0.42 0.38 0.37
Physicalviolence 0.17 0.25 0.31
Basletscored 0.24 0.21 0.30
Animal 0.37 0.26 0.26
Bill Clinton 0.26 0.35 0.37
Golf 0.24 0.19 0.06
Beach 0.13 0.12 0.12
MadeleineAlbright 0.12 0.05 0.04
Airplanetake off 0.10 0.08 0.08
Bicycle 0.09 0.08 0.07
Train 0.07 0.07 0.03
Soccer 0.01 0.01 0.00

videoproductionprocesg9, 10], this stepanalyzes videoby
four relatedstyledetectorsLayoutdetectorsanalyzetherole
of theeditor. Contentdetectorsanalyzetherole of production
design. Capturedetectorsanalyzetherole of the production
recordingunit. Finally, context detectorsanalyzethe role of
the preproductiorteam.

Extensve implementatiordetailsof the variousdetectors
arein [9,10]. We restrictourseleshereto an enumeration.
Thesetof layoutfeaturess givenby: L = f shotlength,over-
layedtext, silence voice-overg. Thesetof contentfeatureds
givenby: C =ffaces,facelocation, cars, objectmotion,fre-
quentspealer, overlayedtext length,videotext namedentity,
voicenamedentityg. The setof capturefeatureds givenby:
T = fcamen distance camen work, camern motiorg. The
basicsetof contet featureds givenby: S = f newsreporter
contentanalysisstep! 1g. Where! ; indicatesthe concept
from s with the bestaverageprecisionperformanceon the
validationsetafterthe context analysisstep. The concatena-
tionof fL ; C, T ; Sg for shoti yieldsstylevectors; . Thisvec-
tor formstheinputfor the supervisedearningmodule which
trains a style model for eachconceptin s in aniterative
fashion. In addition, it formsthe input for the next analysis
stepin our semantigath nder.

2.4. Context Analysis Step

Thecontet analysisstepaddscontext to our interpretatiorof
thevideo. Hereour aimis the reconstructiorof the authors
intentby consideringletectedonceptsn context [6]. We use
the32 scoredrom the styleanalysisassemantideatures We
fusetheminto context vector €. Frome; we learnrelations
betweerconceptautomatically To thatend,g senesasthe
input for the supervisedearningmodule,which associatea
contetual probabilityp(! j& ; ¢ ) toashoti forall! in s.
The outputof the contet analysisstepis alsothe output
of the entiresemantigpath nder on news video. On the way
we have includedin the path nder, theresultsof the analysis
onraw data,factsderivedfrom productionby the useof style

featuresandanintentionalperspectie of theauthors objec-
tive by usingconceptsn context. For eachconceptwve obtain
aprobabilitybasedn content style,andcontext. Theseman-
tic path nder selectsrom the threepossibilitiesthe onethat
maximizesaverageprecisionbasedon validation setperfor
mance.

3. EXPERIMENT AL SETUP

To demonstratehe effectivenessof the semantigpath nder,
we have participatedin the semanticconceptdetectiontask
of the 2004NIST TRECVID videoretrieval benchmarif8];
the de facto standardto evaluate performanceof video in-
dexing andretrieval research.The video archive of the 2004
TRECVID benchmarks composeaf 184hoursof US News
from 1998 andis recordedin MPEG-1format. The train-
ing datacontainsapproximatelyl20 hours,thetestdatacon-
tainstheremainingé4 hours.Togethemwith thevideoarchve,
CLIPS-IMAG [7] provided a camerashotsegmentation.For
the annotationsve rely in parton the provided groundtruth
in TRECVID 2003[5]. We remove themary errorsfrom this
annotationeffort. It is extendedmanuallyto arrive at anin-
completeputreliablegroundtruth® for all conceptsn lexicon

s. To determinethe accurag of conceptdetectionwe use
precisionat 100 following thestandardn TRECVID evalua-
tions[8]. The TRECVID 2004proceduregrescribeshatonly
10 pre-de nedconceptsareevaluatedby NIST. For theselO
conceptsve reportthe of cial benchmarkesultsusingaver
age precision[8].

4. RESULTS

We evaluateddetectionresultsfor all 32 conceptsin each
analysisstep.Theprecisionat 100is reportedn Table1. We
obsene from the resultsthat the learnedbest path (printed
in bold) indeedvariesover the concepts. The virtue of the

LAvailable: http://www.science.uva.nl/"cgmsnoek/tv/
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Fig. 3. Comparisonof semanticpath nder resultswith 11
otherindexing systemsn the TRECVID 2004benchmark.

semantigath nderis demonstratethy thefactthatconcepts
areindeeddividedby theanalysisstepafterwhichthey achiese
bestperformance.For 12 conceptsthe learningphaseindi-
catesit is bestto concentrateon contentonly. For 5 con-
cepts,the semanticpath nder demonstrateghat a two-step
pathis best(wherein 15 casesadditionof style featureshas
a mamginal positive or negative effect). For 15 conceptsthe
contt analysisstepobtainsa betterresult,wherein 5 cases
this leadsto a substantialncrease.Thus,someconceptsare
just content, style doesnot affect them. In suchcasesas
Americarfootballthereis style-wisetoo muchconfusionwith
other sportsto add new valuein the path. Style doeshelp
whenthe conceptsare semanticallyrich: e.g. news subject
monolgueandsportingevent For complex conceptsanaly-
sisbasedn contentandstyleis notenough.They requirethe
useof contet. The context analysisstepis especiallygood
in detectingnamedevents,like peoplewalking, physicalvio-
lence andbasletscoed

We performedanadditionalexperimentwithin the TREC-
VID benchmarko comparethe effectivenesf the semantic
path nder for detectionof conceptdo 11 present-daywideo
indexing systemsWe selectfrom eachparticipantthe system
tuning with the bestperformancdor a conceptout of a max-
imum of 10tunings.Resultsarevisualizedin Fig. 3 for each
concept.Relative to othervideoindexing systemghe seman-
tic path nder performsthe bestfor two conceptsij.e. people

walking andphysicalviolence andsecondor ve concepts.

For two conceptswe perform moderatej.e. baslet scoed
andbead. Herethe bestapproachesire basedon special-
ized conceptdetectionmethodsthat exploit domainknowl-
edge. The big disadwantageof thesemethodss thatthey are
speci cally designedandimplementedor oneconcept.They
do not scaleto otherconcepts.The benchmarkesultsshav
thatthe semantiqgath nderallows for genericindexing with

state-of-the-amperformance.

5. CONCLUSION

We proposethe semanticpath nder, a genericapproachfor
videoindexing. It is basedon the obsenation that produced
videois theresultof anauthoringprocess Experimentswvith
a lexicon of 32 semanticconceptsdemonstratehat the se-
mantic path nder allows for genericvideo indexing, while
con rming the value of the authoringmetaphorin indexing.
In addition,theresultsoverthevariousanalysisstepsndicate
that a techniquetaxonomyexists for solving conceptdetec-
tion tasks; dependingon whethercontent,style, or context
is mostsuitedfor indexing. Finally, the semanticpath nder
is successfullyevaluatedwithin the 2004 TRECVID bench-
mark. With oneandthe samesetof systemparameterswo
conceptssameout bestagainst11 otherpresent-dagystems.
For veconcept®oursystenscoredsecondest.Justtwo per
formedpoorly in this comparison.The resultsshav thatthe
semanticpath nder allows for state-of-the-arperformance
without the needof implementingspecializeddetectors.We
considerthis the bestindication of the validity of the ap-
proach.
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