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Abstract

In this paper, we investigatethe use of a wavelet
transform-basedanalysisof audio tracks accompanying
videosfor theproblemof automaticprogramgenredetec-
tion. Wecomparetheclassificationperformancebasedon
wavelet-basedaudio featuresto that usingconventional
featuresderivedfrom Fourier and time analysisfor the
taskof discriminatingTV programssuch as news, com-
mercials, music shows,concerts,motor racing games,
andanimatedcartoons.Threedifferentclassifiersnamely
theDecisionTrees,SVMs,and � -NearestNeighboursare
studiedto analysethe reliability of the performanceof
our waveletfeaturesbasedapproach. Further, we inves-
tigate the issueof an appropriate duration of an audio
clip to be analyzedfor this automaticgenre determina-
tion. Our experimentalresultsshowthat featuresderived
from the wavelettransformof the audio signal can very
well separatethesixvideogenresstudied.It is alsofound
that there is no significantdifferencein performancewith
varyingaudioclip durationsacrosstheclassifiers.

1 Intr oduction

The rapid proliferation of multimedia on the Inter-
net has led to abundantresearchtargetedat automati-
cally characterizingandcategorizingthecontentof video
streams.Classifyingthestreamsandthescenescontained
within into different categoriessuchas news, commer-
cials, sports,etc [11] enablesefficient cataloguingand
speedyretrieval duringsearchwith large videoarchives.
When analysingthe contentof a video scene,audio is
found to be asimportantasvisual information[3]. This

appliesnot only to speechinformationin theaudiotrack,
which providessemanticindicesinto what is beingspo-
ken about,but also to genericacousticpropertiesof the
track [3]. For example,we caneasily tell a weatherre-
port from a football gamewithout actuallywatchingthe
programor understandingthewordsspoken. Thus,anal-
ysis of audio for video genreidentificationhasrecently
attractedtheattentionof many researchers[3][5][13]. A
furtheradvantageis thataudioprocessingrequiresmuch
lesscomputationthanimageprocessing.Analysisof au-
dio embeddedin the video streamscanenablenot only
videoindexingandretrieval,but alsopotentiallyofferbet-
tertoolsfor segmentation,abstraction,andsummarisation
of videocontent.

Liu et al. [5][4] wereamongthe early researchersto
useaudioto enhancetheunderstandingof thevideocon-
tent. Their work is basedon the observation that differ-
ent objectswill naturally producedifferent soundsthat
potentially result in differentaural signatures.Features
suchassilenceratio andsubbandenergy ratio wereex-
tracted from the time and Fourier domain analysesof
the audio signal. Using neuralnetworks as the classi-
fier, [5] reportsan accuracy of 82.5%in separatingfour
kindsof programs,namelycommercials,basketball,foot-
ball games,news reports,andweatherforecasts.News
reports,sport/gamesandadvertisementsin their experi-
mentswerewell separatedusingaudio;however theper-
formancewaspoor in distinguishingbetweentwo differ-
ent typesof reportsand two kinds of sports. In a more
recentwork by the sameauthors[4], HMMs weresuc-
cessfullyusedto distinguishbetweencommercials,bas-
ketball/footballgames,news reports,and weatherfore-
casts.For eachof theseprograms,anergodicHMM was
built usingaudioclip-basedfeaturesasobservationvec-



tors.Themaximumlikelihoodestimatorwasthenapplied
to classifyingunseendatausingthetrainedmodels.Their
experimentalresultsshowed that HMMs werepowerful
for video contentclassificationusingaudio information,
comparedwith neuralnetworks(with animprovementof
11.9%). In [6], audiocharacterisationwasperformeddi-
rectly with compresseddata(MPEG)for videoindexing.
The audiowasclassifiedinto dialog,non-dialog,andsi-
lence intervals using featuresconstructedfrom the en-
ergy, pitch, spectrogram,and pauserate domains. The
authorsreportsomemisclassificationbetweendialogand
non-dialogsegments.

The theoryof waveletshasexistedfor decades,how-
ever its applicationto audiosegmentationandclassifica-
tion isstill verylimited. In [10] theauthorsdiscusstheuse
of wavelet transformsfor speechsegmentationandclas-
sification. They show thatwith the informationfrom the
transform,locationsof spectralchangesin thespeechsig-
nalcanbedetectedaccurately. Theirexperimentalresults
indicatethat fricative soundscanbeeasilyidentifiedand
mostof thebeginningandendsof plosive soundscanbe
located.In [2], waveletcoefficientsareutilisedfor audio
informationretrieval andindexing. Statisticalproperties
of wavelet coefficientssuchaszero-crossingrate,mean
andstandarddeviation at multiple scalesareusedasfea-
turesto constructa hierarchicalindexing scheme.Exper-
imental resultsshow a recall rateof more than70% for
samplequerieswith diverseaudiocharacteristics.

In this paper, we investigatethe applicationof the
wavelettransformto programaudiotracksto reliablydis-
tinguish different video genres. We comparethe clas-
sificationaccuracy of our wavelet-basedfeaturesto that
basedon conventional featuresfrom Fourier and time
analysesof audiosignals.As a demonstrationof this ap-
proach,our systemdistinguishesbetweennews, commer-
cials, musicshows, concerts, sportgames, andanimated
cartoons. Further, we investigateestimatingan effective
clip durationfor thisanalysis.Our resultsshow thatthese
categoriescanbe well separatedin the wavelet domain.
Theclassificationfiguresfurthershow thatthereis nosig-
nificantdifferencein performancewith four differentclip
sizes:0.5s,1.0s,1.5s,and2.0s.Thenovelty of our work
lies in the useof audiowavelet coefficientsaloneto dis-
criminatevideo genresandin demonstratingtheir effec-
tiveness.Thisdifferentiatesourwork from [2][9][10] that
usewaveletsexclusively for audiocontentmanagement.

2 Audio Featuresfor Video Genre Identifi-
cation

Two setsof aural featuresare consideredin this pa-
per. The first setconsistsof featuresextractedfrom the
wavelettransformamongwhichweproposetwo new fea-
turesalongwith many existing onesreportedin the liter-
ature.Thesecondfeaturesetis designedfor comparison
purposesto include featuresfrom the time and Fourier
domains.

2.1 Wavelet-BasedFeatures

The discretewavelet transform(DWT) is usedin our
work. In the discretecase, filters of different cutoff
frequenciesare usedto analysethe signal at different
scales[2]. In this work, we useDaubechieswavelet
transform(DAUB4) [7] with 6 levels of decomposition.
Theaudiois sampledat44.1kHzandthefollowing 7 sub-
bandsareusedin our study.

Level Subbands(in Hz) Examples
1 11025- 22050 noise,friction sounds
2 5513- 11025
3 2756- 5123 speech,lyrics

4 1378- 2756
5 689- 1378
6 334- 689 lowerharmomics,overtones

7 0 - 334 lower tones,bass

We define two new features,namely centroid and
bandwidth.In addition,we usestandardfeaturessuchas
energy andvariancecomputedin eachsubband.

Centroid andBandwidth: Givenwaveletcoefficients
of anaudioclip, let ��� bethe � th waveletcoefficient and	

, the total numberof coefficients. We definecentroid
andbandwidthasfollows:
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In the � th subband( )+*��,*.- ), let
	0/

bethenumberof
waveletcoefficients,1 /

theaverageamplitudeand � �/ the� th waveletcoefficient. We definethe following features
for eachsubband.Similar featureshave beenproposed
for audioindexing andretrieval in [2][9].

SubbandEnergy: This featuregivesa roughmeasure
of energy in eachsubbandandis calculatedasthesumof
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absolutevalueof coefficientsin eachband,normalisedby
thenumberof coefficientsin thatband.
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Statisticsof energy for different subbandscan be very
usefulin discriminatingdifferentgenres.With audioclips
from amotorracingprogram,for example,particularsub-
bandsmay correspondto noisegeneratedby enginesor
friction of thevehicleswith theroad.

SubbandVariance: Thevarianceis definedas:
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Zero CrossingRate:Analogousto its definitionin time
domain,a zerocrossingis markedwhensuccessive sam-
ples have differentsignsand it describeshow often the
signalfrequency haschangedoveraperiodof timewithin
a subband[2]. Thezerocrossingratefor eachsubbandis
givenas:
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where @ �BAEC !HG %
takesa valueof ) if G�I�J and #�) other-

wise.
In summary, thefeaturevectorfrom thewavelettrans-

form is obtainedas
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2.2 Features fr om Time and Frequency Do-
mains

For the sake of comparison,we also considera set
of featuresfrom the time and Fourier domains. These
featureshave beeninvestigatedby otherresearchersand
foundeffective in discriminatingvideoscenes[3][5]. To
computethesefeatures,anaudioclip is dividedinto a se-
riesof frameswith eachcontaining512samplingpoints
and overlapping with the previous ones by 256 sam-
ples. Featuresarefirst extractedat the framelevel, from
which clip level featuresarederived usuallyby taking a
weightedaverage.Thefollowing featuresareusedin our
work.

Loudness standard deviation and dynamic range
( ]"^ � ]"_ ). Dynamicchangein loudnessis computedfrom
the loudnesscontouras ]"_ a`cbedPf ? `cg h\f`cbed f , where i0j kml

and iTnpo l aretheminimumandmaximumloudnessval-
uesrespectively. ] ^ is thestandarddeviation of thecon-
tour [3].

ZCR standard deviation and non-silence ratio
( qr^ �esutwvyx ). Similarly, the zero crossing(ZCR) contour
is first computed, basedupon which, qr^ is derived.
Informationfrom loudnessandZCR contoursis usedto
determinewhethera frameis silent [5]. Thenon-silence
ratio sztwvyx is thendeterminedastheratioof totalduration
of non-silentframesto thewholeclip [3].

From the Fourier domain,we usethe meanof three
subbandratios( { �| � { �| � {~}| ) proposedin [5] asfeatures.In
brief, the featurevectorto becomparedwith thewavelet
featuresetis: � S���O x �U ] ^ � ] _ � q ^ �es t�vyx � { �| � { �| � { }| X

.

3 VideoGenre Classification

Our goal is to discriminatebetweennews, commer-
cials, vocal musicshows,concerts,motor racing game,
andanimatedcartoons. News is characterisedby speech
dominatingtheaudiotrack. Commercials refer to adver-
tising portionsof broadcastvideo. Showsin our work re-
fer to performancesby music bands(e.g., Oasis,Scor-
pion, Pink Floyd) characterizedby musicplaying in the
backgroundandpeoplesingingin the foreground. Con-
cert refersto pureinstrumentalmusicproducedby differ-
ent musical instruments.As far assportsprogramsare
concerned,[1] observes that there is almostnothing in
commonbetweenvideosof differentkindsof sports,and
thereforetakingsportasahomogeneousgenreis inappro-
priate. In this work we only considermotor racinggame
asan instance(or a sub-genre)of sports. Animatedcar-
toonsarecharacterisedby cheerfulandexcitedthemes,as
mostof themareproducedfor children.

Approximately 90 minutesof digital video material
wascollectedin MPEG-1formatcontainingsix typesof
programsmentioned.The accompanying audiofor each
video classwas thenextractedanddigitized at 44.1kHz
with monochannel.The audiodatais split into a series
of clips with four differentdurations:0.5s,1.0s,1.5sand
2.0s. With a clip sizeof 1.0s,our datasetcontainsa to-
tal of 1593clips for news, 1062 for commercials,1129
for cartoons,1264for motorracinggames,681for shows
and897for concerts.Featureextractionis thenperformed
on thedatato compute
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3.1 FeatureTrendsin VideoGenres

To understandthediscriminationcapabilityof our fea-
tures, for example, the energy in various wavelet sub-
bands,we computethe energy for differentsubbandsof
eachclip. Then,for eachvideogenrewe generatea his-
togramusingthesesubbandenergiesacrossall clips be-
longingto thatgenre.Figures1,2,3and4 show theplots
for subbands1, 2, 4, and6 respectively.
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Figure 1. Energy histograms in subband 1.

¿FromFigure1, we canseethat two typesof music
programs,namelyvocal music shows(right curve) and
concert(left curve)arealmostcompletelyseparatedwith
energy informationin subband1. Thehighenergy in sub-
band1, which covers the high frequency band, for the
concertsclasscanbeexplainedby thevariety in musical
instrumentsbeingplayed,especiallydueto thoseproduc-
ing veryhigh tones(e.g.,flute,violin).

In Figure2, the histogramof the motor racing game
relatively settlesto theright, andthusenergy in subband
2 distinguishesit from all othercategories.

Newsandcommercialsclassesarealsofairly well sep-
aratedusingenergy in subband4 asshown in Figure3.

Finally, Figure 4 shows that animatedcartoons(the
left curve) are very distinguishablefrom concertsand
showsclips with theenergy informationin subband6.

3.2 GenreClassification

¿From the feature vectors computed,we randomly
selected

�
} of them for training and the rest as unseen

datafor testingwith threedifferentclassifiers:Decision
Trees, � -NearestNeighbours( � ��

, numberof video
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Figure 2. Energy histograms in subband 2.
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Figure 3. Energy histograms in subband 4.

genresto be classified)and Support Vector Machines
with linear kernels.Theseclassifiersareavailablein the
WaikatoSoftwareEnvironmentfor KnowledgeAnalysis
(WEKA) [12].

TheDecisionTreeclassifier[8] recursively subdivides
a setof databy usingthe conceptof entropy from infor-
mation theory. The featurewhich providesthe most in-
formation gain, asdefinedby the differencein entropy,
at eachrecursionis usedto form a decisionbasedon the
valuesof thefeature.Theresultis a treewhereeachnode
hasa featureanda decisiondependingon its value. The� -NearestNeighboursclassifiergeneratesclustersrepre-
sentingtheclassesof featurepointsandassignsa feature
instanceto the clusterthathas � instancesclosestin Eu-
clideandistanceto it. TheSupportVectorMachine-based
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Figure 4. Energy histograms in subband 6.

classifiermapsan input spaceinto a high dimensional
featurespacethroughsomemappingfunction and then
constructsthe optimal separatinghyperplanein the high
dimensionalfeaturespace[3]. A summaryof our exper-
imentalresultsis providedin Table1. It tabulatesresults
for eachclip sizeandeachclassifierin termsof thenum-
ber of clips correctlyanderroneouslyclassified,andthe
resultingclassificationaccuracy, which is measuredas
the ratio of numberof audioclips correctlyclassifiedto
thetotal numberof clips. Fromtheresults,thefollowing
observationscanbemade.� The performanceof our proposed
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classificationcompeteswith thatof the � S���O x
feature

setbasedclassificationin mostof thecases,indicat-
ing highly reliable performancewith our approach
usingwavelet-basedfeatures.� Surprisingly, the performanceof � -NearestNeigh-
boursclassifieris betterthanC4.5andSVMs in all
cases.This is possiblybecausethevideoclassesare
well clusteredin thefeaturespace(seeFigures1,2,3
and4).� As far as the impactof clip durationis concerned,
thereis no significantdifferencein theperformance
acrossclassifiers. However, when computingthe
averageperformanceacrossvideo genresandclas-
sifiers, 1.5sor 2.0s(88.15%and 89.25%accuracy
respectively comparedwith 87.9%88.15%for 0.5s
and1.0s)is recommendedasthepreferredlengthfor
eachclip.

Table 2 shows the resultingconfusionmatrix for a clip

durationof 1swhenDTsareusedasclassifiers.A careful
analysisof confusionmatricesshows that motor racing
gameis the easiestoneto be discriminatedfrom others.
Themostmisclassificationoccursin distinguishingnews
from commercials, commercials from showsand news
from cartoons. This maybedueto thefact that thereare
many caseswherenewsandcommercialsareverysimilar
aurally. The fact that many show clips aremisclassified
ascommercials canbe anticipatedby similar auralcues
(speechin the foregroundandmusicin the background)
in thesetwo categories.

Table 2. Confusion matrix from genre classifi-
cation using Decision Trees with a clip duration
of 1s.

Classified#m� A B C D E F

A = news 489 18 0 0 0 12
B = coms 24 282 6 2 9 18
C = MTgames 3 15 414 6 0 12
D = concert 3 15 6 324 0 6
E = shows 6 33 6 0 249 9
F = cartoons 0 21 4 8 18 284

4 Conclusion

Usingwavelettransformastherepresentationalmech-
anism for the audio signal, we have demonstratedthat
video genrescan be reliably determinedautomatically
with only audio information. The featuresderived from
waveletcoefficientsof theaudiosignalarecomputation-
ally simple,yet yield high genreclassificationaccuracy,
thus proving to be a robust featureset. Three differ-
ent classifierssuch as the Decision Trees,SVMs, and� -NearestNeighboursarestudiedto analysethe reliabil-
ity of the performanceof our wavelet featuresbasedap-
proach.Our studyon theimpactof clip durationhasalso
shown thattherewasnosignificantdifferencein theclas-
sificationperformancewith variousdurations.
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