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ABSTRACT

This papercontributesto the automaticindexing of concert
video. In contrastto traditionalmethods,which rely primar-
ily on audioinformationfor summarizationapplications,we
explore how a visual-onlyconceptdetectionapproachcould
beemployed.Weinvestigatehow ourrecentmethodfor news
videoindexing – which takesinto accounttherole of content
and style – generalizesto the concertdomain. We analyze
concertvideo on threelevels of visual abstraction,namely:
content,style, and their fusion. Experimentswith 12 con-
cept detectors,on 45 hoursof visually challengingconcert
video, show that the automaticallylearnedbestapproachis
concept-dependent.Moreover, theseresultssuggestthat the
visualmodalityprovidesampleopportunityfor moreeffective
indexing andretrieval of concertvideowhenusedin addition
to theauditorymodality.

1. INTRODUCTION

Peopleenjoy musictraditionally by listening. Soundsreach
theearby meansof live acts,personalaudiodevices,andthe
Internet.Dueto improvedhardwarecapabilitiesandever in-
creasingbroadbandconnections,musicis oftenaccompanied
by carefullyproducedvisual informationin theform of con-
cert footageandclips. Besideslistening,peopleenjoy mu-
sic nowadaysby watchingalso.Sincethesizeof multimedia
musiccollectionsis on the rise, thereis a clearneedfor au-
tomatic indexing and searchtools. Most researchin music
retrieval emphasizesanaudio-onlyapproach;seee.g.[2,12]
for acollectionof state-of-the-artdevelopments.Surprisingly,
only few worksin literatureconsiderthefactthatmusicoften
hasavisualcomponent;representativeexceptionsare[1,5,8].
Theseworksexploit thevisualchannelasa secondaryaid to
�ne tuneaudio-basedsegmentationandsummarization.We
questionwhy thevisual streamis not usedasa complemen-
tary modality. In this paperwe, therefore,explore theutility
of the visual modality for the semanticindexing of concert
video.

Semanticvideo indexing hasbeenexploredon domains
likesportsandnews;especiallyaspartof theTRECVIDbench-
mark [9]. Systemsindex news video at the granularityof a
shot, i.e. a continuousspatiotemporalcameraaction, with
conceptslikeanchor, outdoor, andairplane[6,10]. Theques-
tion ariseswhetherthoseexisting techniquesfor conceptde-
tection generalizeto music video. To arrive at genericvi-
deoindexing, we departedin [10] from the premisethat the
essenceof producedvideo, like a concertvideoor broadcast
news, is that an authorcreatesthe �nal program[3]. It is
morethanjust thecontent.Beforecreation,theauthorstarts
with a semanticidea: an interplay of conceptslike people,
objects,settings,andevents. To stressthe semanticsof the
message,guidingtheaudiencein its interpretation,theauthor
combinesvariousstylish productionfacets,suchas camera
framing.Hence,thecoreof semanticvideoindexing is to in-
versethis authoringprocess.We showedin [10] thatgeneric
indexing of conceptsin news video is feasibleindeedwhen
analysisadheresto this authoringmetaphor, i.e. exploiting
thefactthatnewsvideois authoredby takingtheroleof con-
tentandstyleinto account.

In this paper, we investigate whetherthe authoringme-
taphor generalizesto the domain of music video. We fo-
cus speci�cally on concertvideo registrationsas thesemu-
sic videoshave a high consistency in productionstyle while
simultaneouslyposingsevere challengesfor visual content
analysis.Thesechallengesarecausedby thefactthatfootage
is typically recordedin relatively dark settingswith large a-
mountsof cameramotion and various light effects. Given
thesechallenges,applyingtheauthoringmetaphorto concert
videois anon-trivial extension.Hence,weneedto reconsider
the role of visual contentand visual style. We develop 12
conceptdetectorsfor concertvideoandweempiricallyinves-
tigatetheroleof visualcontent,style,andtheir fusion.

2. CONCEPT DETECTORSFOR CONCERT VIDEO

In this sectionwe detail concertconcepts,andhow to detect
them automaticallyusing analysisof visual content,visual



Fig. 1. Visual impressionof 12 commonconcertconceptsthatwe aim to detectin this paperusinganalysisof visualcontent,
visualstyle,andtheir fusion. Notethechallengingnatureof thevideodata,sinceit is recordedin relatively darksettingswith
largeamountsof cameramotionandvariouslight effects.

style,andtheir fusion.

2.1. Concert Concepts

In contrastto news video, wherethe numberof conceptsis
unrestricted,the numberof conceptsthat may appearin a
concertis moreor less�x ed. A bandplayson stagefor an
audience.Thus,majorconceptsarerelatedto therole of the
bandmembers,e.g. leadsinger, or guitarist,andthe typeof
instrumentsthatthey play, e.g.drumsor keyboard.Although
quite many instrumentsexist, mostbandstypically usegui-
tars,drums,andkeyboards. We chose12 concertconcepts
basedon aninterview with concertproducers,previousmen-
tioning in literature[5], andexpectedutility for concertvideo
users.These12concertconceptsaredepictedin Fig. 1.

2.2. Analyzing Concert Video

Weemploy theframework developedin [10] asguidingprin-
ciple to arrive at concertconceptdetectors.Given a feature
vector~x i , part of a shot i , the aim is to obtaina con�dence
measure,p(! j j~x i ), which indicateswhetherconcertconcept
! j is presentin a shot. Featureextraction methodsin the
framework addressvisualcontentanalysis,visualstyleanal-
ysis, and their fusion [10]. We rely on supervisedmachine
learningto convert a featurevectorto a con�dencemeasure,
basedon concertconceptexamples. The framework is de-
tailed in Fig. 2. We stressthat our framework usesexist-
ing implementationstunedfor news video. What differs is
the usedtraining set, test set, and the examplesneededfor
learningdetectors.Notethatwehavenotperformedany opti-
mizationto �ne tuneresultsfor thedomainof concertvideo.
Therefore,weexplaintheimplementationonly brie�y; where
neededwe provide pointersto publishedpaperscovering in-
depthtechnicaldetails.

VisualContentAnalysisisbasedonthemethoddescribed
in [4]. In short,theprocedure�rst extractsa numberof color
invarianttexture featuresperpixel. Basedon thesefeatures,
it labelsasetof prede�nedregionsin akey frameimagewith

Fig. 2. Framework for semanticindexing of concertvideo
usinganalysisof visualcontent,visualstyle,andtheir fusion.

similarity scoresfor aclusterof 15 low-level visualconcepts.
This yields a vector, whereeachelementrepresentsa simi-
larity scoreto one of the 15 regional conceptclusters. We
vary the sizeof the prede�nedregionsto obtaina total of 8
conceptoccurrencevectorsthatcharacterizebothglobaland
localcolor-textureinformation.Weconcatenatethevectorsto
yield a 120-dimensionalvisualcontentvectorperkey frame,
~ci . To learnconcepts,~ci servesastheinput for thesupervised
learner.

Visual Style Analysis usesa subsetof thedetectorspro-
posedin [10]. Herewe provide a summaryof thevisualde-
tectorsonly. We computethe cameradistancefrom the size
of detectedfaces[7]. It is unde�nedwhennofaceis detected.
In additionto cameradistance,several typesof camerawork
aredetected,e.g. pan,tilt, zoom,andsoon. Finally, we also
estimatethe amountof cameramotion. We have chosento
convert the outputof all visual style detectorsto an ordinal
scale,as this allows for easyfusion into visual style vector
~si . To learnsemanticconcepts,~si servesasthe input for the
supervisedlearner.

Fusion Analysis combinesthe featurevectorsresulting



from contentandstyleanalysis.We adoptthefusionmethod
proposedin [10], usingvectorconcatenationto unitethefea-
tures~ci and~si into fusionvector ~f i . To learnsemanticcon-
cepts,~f i servesastheinput for thesupervisedlearner.

SupervisedLearner obtainscon�dencemeasurep(! j j~x i ).
We choosethe SupportVectorMachine(SVM) framework,
which hasproven to be a solid choice[4, 6,8,10]. Herewe
usethe LIBSVM implementationwith radial basisfunction
andprobabilisticoutput.Classi�ersthustrainedfor ! j , result
in anestimatep(! j j~x i ). WeobtaingoodSVM parameterset-
tingsby performingan iterative searchon a largenumberof
combinationson trainingdata.We selecttheparameterswith
thebestperformanceafter3-fold crossvalidation,resultingin
p� (! j j~x i ). We applytheconceptdetectorson thetestsetand
rankconceptdetectionresultsbasedonp� (�).

3. EXPERIMENT AL SETUP

3.1. VideoData

We useconcertvideo registrationsfrom Fabchannelto eval-
uateour approach. Fabchannelcurrently narrowcastsover
700 live concertmusicvideosfrom the ParadisoandMelk-
weg club venuesin Amsterdamover the Internet. For our
experimentsweselectedasubset,consistingof 38 full-length
videoregistrations,thatcoversa wide diversity in genre,i.e.
Dance,Metal,Singer/Songwriter, HipHop,Rock,andPunk.
Theconcertvideosarefrom artistslikeSpinvis, Aerogramme,
Millencolin, andDaughtersof Soul. All concertsarerecorded
in MPEG1betweenApril 2005andFebruary2006with atotal
lengthof 45 hours.We usea standardshotsegmentationtool
to segmentthevideos. The trainingsetcontains25 concerts
(24,231shots),thetestsetcontainstheremaining13concerts
(16,880shots).All videosarealsoviewableonFabchannel.

3.2. ConceptDetectorExperiments

Sincesupervisedlearningof conceptdetectorsrequiresla-
beledsamples,we manuallyannotatedthekey framesin the
trainingsetfor eachof the12concertconceptsde�ned in Sec-
tion 2.1. Presenceof aconceptwasassumedto bebinary, i.e.
it is eithervisibleduringashot/key frameor not. Wecarryout
threeexperiments. In experiment1 we investigate the role
of visual contenton concertconceptdetectionperformance.
This is followed by visual style in experiment2. Finally, in
experiment3 weexploretheroleof fusion.

3.3. Evaluation

To determinethe accuracy of conceptdetectorrankingswe
useprecisionat n. This valuegivesthe fractionof correctly
annotatedshotswithin the �rst n retrievedresults.Note that
thismeasureassumestherearemorethann relevantshotsper
concept,for sparseconceptsthis is notnecessarilythecase.

3.4. Concert VideoSearch Demo

To demonstratethe potentialof our approach,we developed
a concertvideosearchengine.It allows for queryby concert
concept,seeFig. 3, to let userssearchfor footageof favorite
bandmembersfor example.Thesystemdisplaysresultsin a
crossbrowser[11], seeFig. 4.

Fig. 3. Detail of thequerypanelof our concertvideosearch
engine,showing top 10 indexedresultsfor threeconcertcon-
cepts.

Fig. 4. Crossbrowser[11] showing fromtoptobottomranked
resultsfor drummer, andfrom left to right thetime line of the
concert.

4. RESULTS

We comparethe in�uence of visual contentanalysis,visual
style analysis,andtheir fusion on conceptdetectionperfor-
mance.Wepresenttheresults,with varyingprecisionatn, in
Table1. Visualcontentanalysisobtainsthebestperformance
overall. Comparedto styleandfusion,contentanalysisworks
particularlywell for conceptsemphasizingbandmembersand
their instruments,e.g.keyboard, drummer, andguitarist. Re-
sultsfor styleanalysisshow that threeconceptsaredetected
with goodperformance:singer, person, andface. For these
conceptsthecameradistanceis a robust feature.Sincethese
rely mainlyondetectedfaces,styleanalysisdoesnotperform
well for conceptswherefacesareabsent.The combination
of style and contentfeaturesshows the bestresult for only
oneconcept:stage. For theotherconcepts,thecombination



Table1. Precisionsat10,20,50and100perconcertconceptfor visualcontentanalysis,visualstyleanalysisandtheir fusion.

Concert Concept Exp. 1: Visual Content Analysis Exp. 2: Visual StyleAnalysis Exp. 3: FusionAnalysis

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

Rear-view 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 analysisapproachesin
isolation. Apparentlythe currentimplementationof content
and style featuresdo not complementeachother. Because
only a limited numberof trainingsampleswereavailablefor
turntable, noneof theanalysisapproachesworkswell for this
concept. Taking all resultsinto account,we observe a ten-
dency in theprecisionat n results.Theresultsof visualcon-
tentanalysisseemto decreasetowardsa higherdepthn. Yet,
thestyleandfusedanalysisseemto bestable,albeitloweron
average.We arecurrentlyinvestigatingat whatprecisionthe
breakevenpoint resides.

5. CONCLUSION

In this paper, we explore the role of visual content,visual
style,andtheir fusionfor semanticindexing of concertvideo.
Speci�cally we investigatewhetherour proposedframework
for news videoindexing generalizesto thevisually challeng-
ing domainof concertvideo. Experimentswith a lexicon of
12semanticconceptson45hoursof narrowcastconcertvideo
demonstratethat this is indeedthecase.Visualcontentanal-
ysisperformsbetterwhentheclassi�cationdependsmoreon
visualdetailslike instruments.In contrast,visualstyleanal-
ysisshouldbeusedwhenthesemanticconceptis detectable
basedon suchfeaturesascameradistance.Our resultsindi-
catenosynergeticeffectscanbecontributedto acombination
of contentandstyle. Naturally the resultscanbe improved
further by inclusion of the auditory modality and more ad-
vancedfusion schemes,which we aim to evaluatein future
research.

Acknowledgement

Thisresearchis sponsoredby theBSIK MultimediaNproject.
TheauthorsthankUvA colleaguesJoeriEdens(experiments),
JanvanGemert(features),andOrk deRooij (interface).

6. REFERENCES

[1] L. Agnihotri, N. Dimitrova, and J. R. Kender. Designand
evaluationof a musicvideo summarizationsystem. In Proc.
IEEE ICME, pages1943–1946,Taipei,Taiwan,2004.

[2] X. Amatriainet al., editors.ProceedingsAMCMM Workshop.
SantaBarbara,USA, 2006.

[3] D. Bordwell andK. Thompson. Film Art: An Introduction.
McGraw-Hill, NY, USA, 5thedition,1997.

[4] J. van Gemertet al. Robust scenecategorizationby learning
imagestatisticsin context. In SLAMWorkshop,in conjunction
with CVPR'06, New York, USA, 2006.

[5] Y. vanHoutenetal. TheMultimediaNconcertvideobrowser.
In Proc. IEEE ICME, Amsterdam,TheNetherlands,2005.

[6] M. NaphadeandJ. Smith. On thedetectionof semanticcon-
ceptsatTRECVID. In ACM Multimedia, NY, USA, 2004.

[7] H. SchneidermanandT. Kanade. Objectdetectionusingthe
statisticsof parts.IJCV, 56(3):151–177,2004.

[8] X. Shaoet al. Automatic summarizationof music videos.
ACM TOMCCAP, 2(2):127–148,2006.

[9] A. Smeaton,P. Over, andW. Kraaij. Evaluationcampaigns
andTRECVid. In Proc.ACM MIR, pages321–330,2006.

[10] C. Snoeket al. The semanticpath�nder: Using an author-
ing metaphorfor genericmultimediaindexing. IEEE TPAMI,
28(10):1678–1689,2006.

[11] C. Snoeketal. A learnedlexicon-drivenparadigmfor interac-
tivevideoretrieval. IEEETMM, 9(2):280–292,2007.

[12] G. Tzanetakiset al., editors. Proc. ISMIR. Victoria, Canada,
2006.


