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Abstract

In this paper we investigatethe use of a wavelet
transform-basednalysisof audio tradks accompanying
videosfor the problemof automaticprogramgenre detec-
tion. We compaetheclassificatiorperformancéasedon
wavelet-basedudio featuesto that using corventional
featules derivedfrom Fourier and time analysisfor the
task of discriminating TV programssud as hews, com-
mercials, music shows,concerts, motor racing games,
andanimatedcartoons.Threedifferentclassifies namely
theDecisionTrees,SVMs,and k-NeaestNeighbous are
studiedto analysethe reliability of the performanceof
our waveletfeatuesbasedappmoacd. Further, we inves-
tigate the issueof an appropriate duration of an audio
clip to be analyzedfor this automaticgenre determina-
tion. Our experimentakesultsshowthat featuesderived
from the wavelettransformof the audio signal can very
well sepaatethesixvideogenresstudied.It is alsofound
thatthereis no significantdifferencein performancewith
varyingaudioclip durationsacrossthe classifies.

1 Intr oduction

The rapid proliferation of multimedia on the Inter-
net hasled to abundantresearchtargetedat automati-
cally characterizingandcategorizingthe contentof video
streamsClassifyingthe streamsandthescenegontained
within into different categyories suchas news, commer
cials, sports, etc [11] enablesefficient cataloguingand
speedyretrieval during searchwith large video archies.
When analysingthe contentof a video scene,audio is
foundto be asimportantasvisualinformation[3]. This
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appliesnot only to speechnformationin the audiotrack,
which providessemantidndicesinto whatis beingspo-
ken about,but alsoto genericacousticpropertiesof the
track [3]. For example,we caneasilytell a weatherre-
port from a football gamewithout actuallywatchingthe
programor understandinghe wordsspolen. Thus,anal-
ysis of audiofor video genreidentificationhasrecently
attractedthe attentionof mary researcherg3][5][13]. A
further advantages thataudioprocessingequiresmuch
lesscomputatiorthanimageprocessingAnalysisof au-
dio embeddedn the video streamscan enablenot only
videoindexing andretrieval, but alsopotentiallyoffer bet-
tertoolsfor sggmentationabstractionandsummarisation
of videocontent.

Liu etal. [5][4] wereamongthe early researcherso
useaudioto enhanceéhe understanding@f the videocon-
tent. Their work is basedon the obsenation that differ-
ent objectswill naturally producedifferent soundsthat
potentially resultin differentaural signatures. Features
suchassilenceratio and subbandenegy ratio were ex-
tracted from the time and Fourier domain analysesof
the audio signal. Using neural networks as the classi-
fier, [5] reportsan accurag of 82.5%in separatingour
kindsof programsnamelycommercialsbasletball,foot-
ball games,news reports,and weatherforecasts. News
reports,sport/gamesand adwertisementsn their experi-
mentswerewell separatedisingaudio; howeverthe per
formancewaspoorin distinguishingbetweerntwo differ-
ent typesof reportsandtwo kinds of sports. In a more
recentwork by the sameauthors[4], HMMs were suc-
cessfullyusedto distinguishbetweencommercialspas-
ketball/footballgames,news reports,and weatherfore-
casts.For eachof theseprogramsan ergodicHMM was
built usingaudio clip-basedfeaturesasobsenation vec-



tors. Themaximumlik elihoodestimatomwasthenapplied
to classifyingunseerdatausingthetrainedmodels.Their
experimentalresultsshoved that HMMs were powerful
for video contentclassificationusing audioinformation,
comparedvith neuralnetworks (with animprovementof
11.9%). In [6], audiocharacterisatiomwasperformeddi-
rectly with compressedata(MPEG)for videoindexing.
The audiowasclassifiedinto dialog, non-dialog,andsi-
lenceintervals using featuresconstructedirom the en-
ergy, pitch, spectrogramand pauserate domains. The
authorsreportsomemisclassificatiorbetweerdialogand
non-dialogsegments.

The theory of waveletshasexistedfor decadeshow-
ever its applicationto audioseggmentationandclassifica-
tionis still verylimited. In [10] theauthordiscusgheuse
of wavelettransformsfor speechsggmentationandclas-
sification. They shav thatwith the informationfrom the
transformJocationsof spectrathangesn thespeectsig-
nal canbe detectedaccurately Their experimentakesults
indicatethatfricative soundscanbe easilyidentifiedand
mostof the beginningandendsof plosive soundscanbe
located.In [2], wavelet coeficientsareutilised for audio
informationretrieval andindexing. Statisticalproperties
of wavelet coeficients suchas zero-crossingate, mean
andstandarddeviation at multiple scalesareusedasfea-
turesto constructa hierarchicaindexing scheme Exper
imentalresultsshav a recall rate of morethan 70% for
samplequerieswith diverseaudiocharacteristics.

In this paper we investigatethe applicationof the
wavelettransformto programaudiotracksto reliably dis-
tinguish different video genres. We comparethe clas-
sificationaccurag of our wavelet-basedeaturesto that
basedon corventional featuresfrom Fourier and time
analyse®f audiosignals.As a demonstratiorof this ap-
proach,our systemdistinguishedbetweemens commer
cials, musicshows concerts sportgamesandanimated
cartoons Further we investigateestimatingan effective
clip durationfor this analysis.Our resultsshav thatthese
catgyoriescanbe well separatedn the wavelet domain.
Theclassificatiorfiguresfurthershaw thatthereis nosig-
nificantdifferencan performancavith four differentclip
sizes:0.5s,1.0s,1.5s,and2.0s. The novelty of our work
liesin the useof audiowavelet coeficientsaloneto dis-
criminatevideo genresandin demonstratindheir effec-
tivenessThis differentiateourwork from [2][9][10] that
usewaveletsexclusively for audiocontentmanagement.

2 Audio Featuresfor Video Genre Identifi-
cation

Two setsof aural featuresare consideredn this pa-
per. The first setconsistsof featuresextractedfrom the
wavelettransformamongwhich we proposewo new fea-
turesalongwith mary existing onesreportedin the liter-
ature. The secondfeaturesetis designedor comparison
purposedo include featuresfrom the time and Fourier
domains.

2.1 Wavelet-BasedFeatures

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

Level | Subbandgin Hz) Examples
1 11025- 22050 noise,friction sounds
2 5513- 11025
3 2756- 5123 speechlyrics
4 1378- 2756
5 689- 1378
6 334- 689 lower harmomicspvertones
7 0-334 lowertonesbass

We define two new features, namely centroid and
bandwidth.In addition,we usestandardeaturessuchas
enegy andvariancecomputedn eachsubband.

Centoid and Bandwidth: Givenwaveletcoeficients
of anaudioclip, let w; betheith waveletcoeficientand
N, thetotal numberof coeficients. We definecentioid
andbandwidthasfollows:

N (= W2
- cwg = Zim o We) i
D " Sy il

In the kth subband1 < & < 7), let Ny, bethe numberof
waveletcoeficients,u theaverageamplitudeandw? the
ith wavelet coeficient. We definethe following features
for eachsubband. Similar featureshave beenproposed
for audioindexing andretrievaliin [2][9].
SubbandeEnemgy: This featuregivesa roughmeasure
of enegy in eachsubbandandis calculatedasthe sumof
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absolutevalueof coeficientsin eachband,normalisecy
thenumberof coeficientsin thatband.
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Statisticsof enegy for different subbandscan be very
usefulin discriminatingdifferentgenresWith audioclips
from amotorracingprogram for example particularsub-
bandsmay correspondo noisegeneratedy enginesor
friction of thevehicleswith theroad.

Subbandvariance: Thevarianceis definedas:
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Zero CrossingRate: Analogoudo its definitionin time
domain,a zerocrossingis markedwhensuccessie sam-
ples have differentsignsandit describeshow often the
signalfrequeny haschangedveraperiodof time within
asubband?2]. Thezerocrossingratefor eachsubbands
givenas:
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wheresign(z) takesavalueof 1 if z > 0 and—1 other
wise.

In summarythefeaturevectorfrom thewavelettrans-
form is obtainedas Wavelet = (WL, Wi, W5, W, W;}
where; = 1,2,...,7.

2.2 Features from Time and Frequency Do-
mains

For the sale of comparison,we also considera set
of featuresfrom the time and Fourier domains. These
featureshave beeninvestigatedoy otherresearcherand
found effective in discriminatingvideo sceneg3][5]. To
computethesefeaturesanaudioclip is dividedinto a se-
ries of frameswith eachcontaining512 samplingpoints
and overlapping with the previous onesby 256 sam-
ples. Featuresarefirst extractedat the framelevel, from
which clip level featuresare derived usually by taking a
weightedaverage.Thefollowing featuresareusedin our
work.

Loudnessstandad deviation and dynamic range
(Ls,La). Dynamicchangén loudnesss computedrom
the loudnesscontourasLy = Rax_min \yheremin,

maxp

andmax, arethe minimumandmaximumloudnessal-
uesrespectiely. L, is the standarddeviation of the con-
tour[3].

ZCR standad deviation and non-silence ratio
(Zy, Tnsr). Similarly, the zero crossing(ZCR) contour
is first computed, basedupon which, Z, is derived.
Informationfrom loudnessand ZCR contoursis usedto
determinewhethera frameis silent[5]. The non-silence
ratio T .5, is thendeterminedastheratio of total duration
of non-silentframesto thewholeclip [3].

From the Fourier domain, we usethe meanof three
subbandatios(S,,S?,S?3) proposedn [5] asfeaturesin
brief, the featurevectorto be comparedvith the wavelet

featuresetis: 0*"" = {L,,La, Zs, Tper,Sp, S5, S5, }-

3 Video Genre Classification

Our goal is to discriminatebetweennews, commer
cials, vocal musicshows,concerts,motor racing game
andanimatedcartoons Newsis characterisethy speech
dominatingthe audiotrack. Commecials referto adver
tising portionsof broadcasvideo. Showsn our work re-
fer to performancesdy music bands(e.g., Oasis, Scor
pion, Pink Floyd) characterizedy musicplayingin the
backgroundand peoplesingingin the foreground. Con-
certrefersto pureinstrumentamusicproducecy differ-
ent musicalinstruments. As far as sportsprogramsare
concerned[1] obseresthat thereis almostnothingin
commonbetweervideosof differentkinds of sports,and
thereforetakingsportasahomogeneougenreis inappro-
priate. In this work we only considemotorracinggame
asaninstance(or a sub-genrepf sports. Animatedcar-
toonsarecharacterisetly cheerfulandexcitedthemesas
mostof themareproducedor children.

Approximately 90 minutesof digital video material
wascollectedin MPEG-1format containingsix typesof
programsmentioned.The accompaying audiofor each
video classwasthen extractedand digitized at 44.1kHz
with monochannel. The audiodatais split into a series
of clipswith four differentdurations:0.5s,1.0s,1.5sand
2.0s. With a clip size of 1.0s,our datasetontainsa to-
tal of 1593 clips for news, 1062 for commercials, 1129
for cartoons;1264for motorracinggamesp81for shavs
and897for concerts Featuresxtractionis thenperformed
onthedatato computewevelet andQther.



3.1 FeatureTrendsin Video Genres

To understandhe discriminationcapabilityof our fea-
tures, for example, the enegy in various wavelet sub-
bands,we computethe enegy for differentsubbandof
eachclip. Then,for eachvideo genrewe generate his-
togramusingthesesubbandenegiesacrossall clips be-
longingto thatgenre.Figuresl,2,3and4 shav the plots
for subbandg, 2, 4, and6 respectiely.
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Figure 1. Energy histograms in subband 1.

¢FromFigure 1, we can seethat two typesof music
programs,namelyvocal music shows(right curve) and
concert(left curve) arealmostcompletelyseparatedvith
enegy informationin subbandL. Thehighenegy in sub-
band1, which coversthe high frequeng band, for the
concertsclasscanbe explainedby the varietyin musical
instrumentsdeingplayed,especiallydueto thoseproduc-
ing very hightones(e.qg.,flute, violin).

In Figure 2, the histogramof the motor racing game
relatively settlesto theright, andthusenegy in subband
2 distinguishest from all othercateories.

Newsandcommecials classesarealsofairly well sep-
aratedusingenengy in subbandt asshown in Figure3.

Finally, Figure 4 shavs that animatedcartoons(the
left curve) are very distinguishablefrom concertsand
showstlips with the enegy informationin subbandb.

3.2 Genre Classification

¢, Fromthe feature vectors computed, we randomly
selected? of them for training and the rest as unseen
datafor testingwith threedifferentclassifiers:Decision
Trees, k-NearestNeighbours(k = 6, 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. Theseclassifiersare availablein the
Waikato Software Environmentfor KnowledgeAnalysis
(WEKA) [12].

TheDecisionTreeclassifie8] recursvely subdvides
a setof databy usingthe conceptof entropy from infor-
mationtheory The featurewhich providesthe mostin-
formation gain, as definedby the differencein entropy,
at eachrecursionis usedto form a decisionbasedon the
valuesof thefeature.Theresultis atreewhereeachnode
hasa featureanda decisiondependingon its value. The
k-NearestNeighboursclassifiergenerateglustersrepre-
sentingthe classe®f featurepointsandassignsa feature
instanceto the clusterthathask instanceslosestin Eu-
clideandistanceo it. The SupportVectorMachine-based
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Figure 4. Energy histograms in subband 6.

classifiermapsan input spaceinto a high dimensional
featurespacethrough somemappingfunction and then
constructghe optimal separatindhyperplanen the high

dimensionafeaturespace3]. A summaryof our exper

imentalresultsis providedin Tablel. It takulatesresults
for eachclip sizeandeachclassifierin termsof the num-
ber of clips correctlyanderroneouslyclassified,andthe
resulting classificationaccuracy, which is measuredas
the ratio of numberof audioclips correctly classifiedto

thetotal numberof clips. Fromtheresults thefollowing

obsenationscanbe made.

¢ The performanceof our proposedW@e?¢¢t based
classificatiorcompetesvith thatof the 0" feature
setbasedclassificatiorin mostof the casesindicat-
ing highly reliable performancewith our approach
usingwavelet-basedeatures.

e Surprisingly the performanceof k-NearestNeigh-
boursclassifieris betterthanC4.5and SVMs in all
casesThisis possiblybecause¢hevideoclassesare
well clusteredn thefeaturespacg(seeFiguresl,2,3
and4).

e As far asthe impactof clip durationis concerned,
thereis no significantdifferencein the performance
acrossclassifiers. However, when computingthe
averageperformanceacrossvideo genresand clas-
sifiers, 1.5sor 2.0s(88.15%and 89.25%accurag
respectiely comparedwith 87.9%88.15%for 0.5s
and1.0s)is recommendedsthepreferredengthfor
eachclip.

Table 2 shaws the resulting confusionmatrix for a clip

durationof 1swhenDTs areusedasclassifiers A careful

analysisof confusionmatricesshows that motor racing

gameis the easiesbneto be discriminatedfrom others.
The mostmisclassificatioroccursin distinguishingnews

from commecials, commecials from showsand news

from cartoons This maybedueto thefactthatthereare

mary casesvherenewsandcommecials arevery similar

aurally The factthatmary show clips are misclassified
as commecials can be anticipatedby similar auralcues
(speechn the foregroundand musicin the background)
in thesetwo categories.

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

| Classified— || 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

Usingwavelettransformastherepresentationahech-
anismfor the audio signal, we have demonstratedhat
video genrescan be reliably determinedautomatically
with only audioinformation. The featuresderived from
wavelet coeficientsof the audiosignalarecomputation-
ally simple,yetyield high genreclassificationaccurag,
thus proving to be a robust featureset. Three differ-
ent classifierssuch as the Decision Trees, SVMs, and
k-NearestNeighboursare studiedto analysethe reliabil-
ity of the performanceof our wavelet featureshasedap-
proach.Our studyon theimpactof clip durationhasalso
shavn thattherewasno significantdifferencein theclas-
sificationperformancevith variousdurations.
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