THE ROLE OF VISUAL CONTENT AND STYLE FOR CONCERT VIDEO INDEXING
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ABSTRACT

This papercontributesto the automaticindexing of concert
video. In contrastto traditionalmethodswhich rely primar

ily on audioinformationfor summarizatiorapplicationswe

explore how a visual-only conceptdetectionapproachcould
beemployed. We investigatehow our recentmethodfor news

videoindexing — which takesinto accountherole of content
and style — generalizego the concertdomain. We analyze
concertvideo on threelevels of visual abstractionnamely:
content,style, and their fusion. Experimentswith 12 con-
ceptdetectors,on 45 hoursof visually challengingconcert
video, showv that the automaticallylearnedbestapproachis

concept-dependeniMoreover, theseresultssuggesthatthe
visualmodalityprovidesampleopportunityfor moreeffective

indexing andretrieval of concertvideowhenusedin addition
to the auditorymodality.

1. INTRODUCTION

Peopleenjoy musictraditionally by listening. Soundsreach
the earby meansf live acts,personabudiodevices,andthe
Internet. Dueto improved hardware capabilitiesandever in-
creasingoroadbandatonnectionsmusicis oftenaccompanied
by carefully producedvisual informationin the form of con-
certfootageandclips. Besideslistening, peopleenjoy mu-
sic nowadaysby watchingalso. Sincethe sizeof multimedia
music collectionsis on the rise, thereis a clearneedfor au-
tomaticindexing and searchtools. Most researchn music
retrieval emphasizesn audio-onlyapproachseee.g.[2,12]
for acollectionof state-of-the-aevelopmentsSurprisingly
only few worksin literatureconsiderthefactthatmusicoften
hasavisualcomponentrepresentadie exceptionsare[1,5,8].
Theseworks exploit the visualchannelasa secondanaid to
ne tuneaudio-basedegmentationand summarization.We
questionwhy the visual streamis not usedasa complemen-
tary modality In this paperwe, therefore explore the utility
of the visual modality for the semanticindexing of concert
video.
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Semanticvideo indexing hasbeenexplored on domains
like sportsandnews; especiallyaspartof theTRECVID bench-
mark[9]. Systemsndex news video at the granularityof a
shot, i.e. a continuousspatiotemporatameraaction, with
conceptdike anchoyoutdoor andairplang[6,10]. Theques-
tion ariseswhetherthoseexisting techniquedor conceptde-
tection generalizeto musicvideo. To arrive at genericvi-
deoindexing, we departedn [10] from the premisethatthe
essencef producedvideo, like a concertvideo or broadcast
news, is that an authorcreatesthe nal program[3]. It is
morethanjust the content.Beforecreation the authorstarts
with a semanticidea: an interplay of conceptdike people,
objects,settings,and events. To stressthe semanticof the
messageguidingtheaudiencen its interpretationthe author
combinesvarious stylish productionfacets,suchas camera
framing. Hence the coreof semantiovideoindexing is to in-
versethis authoringprocess We shavedin [10] thatgeneric
indexing of conceptdn news video s feasibleindeedwhen
analysisadheredo this authoringmetaphori.e. exploiting
thefactthatnews videois authoredoy takingtherole of con-
tentandstyleinto account.

In this paper we investigate whetherthe authoringme-
taphor generalizesgo the domain of music video. We fo-
cus speci cally on concertvideo registrationsas thesemu-
sic videoshave a high consisteng in productionstyle while
simultaneouslyposing severe challengesfor visual content
analysis.Thesechallengesirecausedy thefactthatfootage
is typically recordedn relatively dark settingswith large a-
mountsof cameramotion and variouslight effects. Given
thesechallengesapplyingthe authoringmetaphoto concert
videois anon-trivial extension.Hence we needto reconsider
the role of visual contentand visual style. We develop 12
concepdetectordor concertvideoandwe empiricallyinves-
tigatetherole of visualcontent style,andtheir fusion.

2. CONCEPT DETECTORSFOR CONCERT VIDEO

In this sectionwe detail concertconceptsandhow to detect
them automaticallyusing analysisof visual content,visual
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Fig. 1. Visualimpressionof 12 commonconcertconceptghatwe aim to detectin this paperusinganalysisof visual content,
visualstyle,andtheir fusion. Note the challengingnatureof thevideodata,sinceit is recordedn relatively dark settingswith

largeamountf cameramotionandvariouslight effects.

style,andtheir fusion.

2.1. Concert Concepts

In contrastto news video, wherethe numberof conceptss
unrestricted the numberof conceptsthat may appearin a
concertis moreor less x ed. A bandplayson stagefor an
audience.Thus, major conceptsarerelatedto the role of the
bandmembersg.g. leadsinger or guitarist,andthe type of
instrumentghatthey play, e.g.drumsor keyboard.Although
quite mary instrumentsexist, mostbandstypically usegui-
tars, drums,and keyboards. We chosel2 concertconcepts
basedon aninterview with concertproducersprevious men-
tioningin literature[5], andexpectedutility for concertvideo
users.Thesel2 concertconceptsaredepictedn Fig. 1.

2.2. Analyzing Concert Video

We employ theframework developedin [10] asguiding prin-
ciple to arrive at concertconceptdetectors.Given a feature
vectorx;, partof a shoti, theaim is to obtaina con dence
measurep(! j jx;), which indicateswhetherconcertconcept
I'j is presentin a shot. Featureextraction methodsin the
framevork addreswisual contentanalysis visual style anal-
ysis, andtheir fusion [10]. We rely on supervisedmachine
learningto corvert a featurevectorto a con dencemeasure,
basedon concertconceptexamples. The framework is de-
tailed in Fig. 2. We stressthat our framework usesexist-
ing implementationgunedfor news video. What differs is
the usedtraining set, test set, and the examplesneededfor
learningdetectorsNotethatwe have notperformedary opti-
mizationto ne tuneresultsfor the domainof concertvideo.
Thereforewe explaintheimplementatioronly brie y; where
neededwe provide pointersto publishedpaperscovering in-
depthtechnicaldetails.

Visual Content Analysisis basednthemethoddescribed
in [4]. In short,the procedurerst extractsa numberof color
invarianttexture featuresper pixel. Basedon thesefeatures,
it labelsa setof prede nedregionsin akey frameimagewith
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Fig. 2. Framevork for semanticindexing of concertvideo
usinganalysisof visualcontentvisualstyle,andtheir fusion.

similarity scoredor a clusterof 15 low-level visualconcepts.
This yields a vector whereeachelementrepresents simi-
larity scoreto one of the 15 regional conceptclusters. We
vary the size of the prede nedregionsto obtaina total of 8
conceptoccurrence/ectorsthat characterizéooth globaland
local color-textureinformation.We concatenatéhevectorsto
yield a 120-dimensionalisual contentvectorperkey frame,
€. Tolearnconceptsg; senesastheinputfor thesupervised
learner

Visual Style Analysis usesa subsebf the detectorgro-
posedin [10]. Herewe provide a summaryof the visual de-
tectorsonly. We computethe cameradistancefrom the size
of detectedaceqd7]. It isunde nedwhennofaceis detected.
In additionto cameradistance severaltypesof camerawork
aredetectede.g. pan,tilt, zoom,andsoon. Finally, we also
estimatethe amountof cameramotion. We have chosento
convert the outputof all visual style detectorsto an ordinal
scale,asthis allows for easyfusion into visual style vector
5. To learnsemanticconceptss; senesastheinputfor the
supervisedearner

Fusion Analysis combinesthe featurevectorsresulting



from contentandstyle analysis.We adoptthe fusionmethod
proposedn [10], usingvectorconcatenatiomo unitethe fea-
turese ands; into fusionvectorf;j. To learnsemanticcon-
ceptsfi senesastheinputfor the supervisedearner
SupewisedLearner obtainscon dencemeasurg(! j jxi).
We choosethe SupportVector Machine (SVM) framework,
which hasprovento be a solid choice[4, 6,8,10]. Herewe
usethe LIBSVM implementatiorwith radial basisfunction
andprobabilisticoutput.Classi ersthustrainedfor ! ; , result
in anestimatep(! ; jx;). We obtaingoodSVM parameteset-
tings by performingan iterative searchon a large numberof
combination®n training data.We selectthe parametersvith
thebestperformancefter3-fold crossvalidation,resultingin
p (!;j*i). Weapplytheconceptdetectorsonthetestsetand
rankconcepetectiorresultsbasednp ().

3. EXPERIMENT AL SETUP

3.1. Video Data

We useconcertvideo registrationsfrom Fabchanneto eval-
uate our approach. Fabchannekurrently narravcastsover
700 live concertmusic videosfrom the Paradisoand Melk-
weg club venuesin Amsterdamover the Internet. For our
experimentsve selecteda subsetconsistingof 38 full-length
video registrations that coversa wide diversity in genre,i.e.
Dance Metal, Singer/SongwriteHipHop, Rock,and Punk.
Theconcertvideosarefrom artistslik e Spirvis, Aerogramme
Millencolin, andDaughtes of Soul All concertsarerecorded
in MPEG1betweerApril 2005andFebruary2006with atotal
lengthof 45 hours.We usea standardshotsegmentatiortool
to sggmentthe videos. The training setcontains25 concerts
(24,231shots) thetestsetcontaingheremainingl3 concerts
(16,880shots).All videosarealsoviewableon Fabchannel.

3.2. ConceptDetector Experiments

Since supervisedearning of conceptdetectorsrequiresla-
beledsampleswe manuallyannotatedhe key framesin the
trainingsetfor eachof the12 concertconceptsle nedin Sec-
tion 2.1. Presencef aconceptwasassumedo bebinary i.e.
it is eithervisible duringashot/ley frameor not. We carryout
threeexperiments. In experimentl we investicate the role

of visual contenton concertconceptdetectionperformance.

This is followed by visual stylein experiment2. Finally, in
experiment3 we exploretherole of fusion.

3.3. Evaluation

To determinethe accurag of conceptdetectorrankingswe
useprecisionat n. This valuegivesthe fraction of correctly
annotatedshotswithin the rst n retrieved results. Note that
thismeasurassumegherearemorethann relevantshotsper
conceptfor sparseconceptghisis not necessarilghe case.

3.4. ConcertVideo Search Demo

To demonstrateéhe potentialof our approachwe developed
aconcertvideosearchengine.lt allows for queryby concert
conceptseeFig. 3, to let userssearchor footageof favorite
bandmemberdor example. The systemdisplaysresultsin a
crossbrowser[11], seeFig. 4.

Fig. 3. Detail of the querypanelof our concertvideo search
engine shawving top 10 indexedresultsfor threeconcertcon-
cepts.

Fig. 4. Crossbrowser[11] shaving from topto bottomranked
resultsfor drummeyandfrom left to right thetime line of the
concert.

4. RESULTS

We comparethe in uence of visual contentanalysis,visual
style analysis,and their fusion on conceptdetectionperfor
mance We presentheresults with varyingprecisionatn, in
Tablel. Visualcontentanalysisobtainsthe bestperformance
overall. Comparedo styleandfusion,contentanalysisvorks
particularlywell for concept&mphasizingpandmemberand
theirinstrumentse.g. keyboad, drummer andguitarist Re-
sultsfor style analysisshav thatthreeconceptsaredetected
with good performancesinger, person andface For these
conceptghe cameradistances a robustfeature.Sincethese
rely mainly on detectedacesstyleanalysisdoesnot perform
well for conceptswvherefacesare absent. The combination
of style and contentfeaturesshaws the bestresultfor only
oneconcept:stage. For the otherconceptsthe combination



Table 1. Precisionsat 10, 20,50 and100 per concertconcepftfor visual contentanalysisyisual style analysisandtheir fusion.

Concert Concept Exp. 1: Visual Content Analysis

Exp. 2: Visual Style Analysis

Exp. 3: Fusion Analysis

p@10 p@20 p@50 p@100 p@10 p@20 p@50 p@100 p@10 p@20 p@50 p@100

Audience 0.20 0.30 0.32 0.22 0.10 0.05 0.04 0.02 0.10 0.10 0.04 0.06
Band 0.90 0.85 0.68 0.67 0.70 0.65 0.56 0.49 0.80 0.75 0.68 0.66
Drummer 0.70 0.65 0.64 0.62 0.20 0.10 0.14 0.17 0.20 0.25 0.28 0.34
Face 1.00 0.95 0.92 0.93 1.00 0.95 0.98 0.97 1.00 1.00 1.00 0.95
Guitarist 0.50 0.45 0.50 0.35 0.10 0.15 0.14 0.19 0.00 0.10 0.18 0.22
Instrument 0.80 0.80 0.66 0.63 0.30 0.25 0.18 0.18 0.70 0.70 0.56 0.54
Keyboard 0.20 0.25 0.24 0.24 0.00 0.00 0.00 0.01 0.10 0.15 0.08 0.11
Person 0.80 0.75 0.68 0.69 0.90 0.85 0.82 0.81 0.60 0.60 0.64 0.67
Rearview 0.60 0.50 0.52 0.44 0.00 0.00 0.12 0.11 0.20 0.20 0.16 0.22
Singer 0.70 0.65 0.58 0.53 0.80 0.65 0.70 0.71 0.40 0.40 0.48 0.61
Stage 0.70 0.80 0.76 0.71 0.60 0.50 0.52 0.53 0.90 0.75 0.76 0.80
Turntable 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mean 0.59 0.58 0.54 0.50 0.39 0.35 0.35 0.36 0.42 0.42 0.50 0.43
seemsto be the averageof the two analysisapproachesn Acknowledgement

isolation. Apparentlythe currentimplementatiornof content
and style featuresdo not complementeachother Because
only alimited numberof training samplesvere availablefor
turntable noneof theanalysisapproacheworkswell for this
concept. Taking all resultsinto account,we obsere a ten-
deng in theprecisionat n results. The resultsof visualcon-
tentanalysisseemto decreas¢owardsa higherdepthn. Yet,
thestyleandfusedanalysisseento be stable albeitloweron
average.We arecurrentlyinvestigating at what precisionthe
breakevenpointresides.

5. CONCLUSION

In this paper we explore the role of visual content,visual
style,andtheir fusionfor semantidndexing of concertvideo.
Speci cally we investicgatewhetherour proposedramenork
for news videoindexing generalizeso the visually challeng-
ing domainof concertvideo. Experimentswith a lexicon of
12semanticoncept®n45hoursof narravcastconcertvideo
demonstratehatthis is indeedthe case.Visual contentanal-
ysis performsbetterwhenthe classi cationdependsnoreon
visual detailslik e instruments.In contrastyvisual style anal-
ysis shouldbe usedwhenthe semanticconceptis detectable
basedon suchfeaturesascameradistance.Our resultsindi-
cateno synegeticeffectscanbe contritutedto acombination
of contentandstyle. Naturally the resultscanbe improved
further by inclusion of the auditory modality and more ad-
vancedfusion schemeswhich we aim to evaluatein future
research.
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