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ABSTRACT

Audiosegmentationandclassificationarethebasisofaudioprocessinginbroadcastingindustries.
ADual-CNN(Dual-ConvolutionalNeuralNetwork)methodisproposedinthisarticleinwhichitis
possibletopre-trainaCNNwithunlabeledaudiodatasoastodealwiththescarcityoflabeleddata.
Auto-encoders(includinganencoderandadecoder)areutilized,thusthename“Dual.”Inthefirst
place,audiosamplingpointsandthederivedSTFT(Short-TimeFourierTransform)spectrograms
passthroughtheirownCNNs.Fusionoftheextractedfeaturesisthenperformed.Finally,themerged
featuresaresenttoafullyconnectednetworkandtheclassificationresultsareproducedviaSoftmax.
Being one of the segmentation-by-classification approaches, our solution also presents a novel
smoothingmethod(SEG-smoothing)inordertodeliverthebestresultofsegmentation.Aseriesof
experimentshavebeenconductedandtheirresultverifiesthattheproposedapproachforsegmentation
andclassificationoutperformsalternativesolutions.
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INTRoDUCTIoN

Overtheyears,broadcastingstationshaveaccumulatedalargeamountofunlabeledaudiocontent
forprograms.Thesevaluableresourcescanbesaved,indexed,andretrievedforlaterusebymeans
of information technology. Efficient information retrieval calls for the help of labels that attach
meaningtothedata.AccordingtoaninsiderfromChinaRadioInternational(CRI),asofJuly2018,
thetotalamountofalltheaudiocontentfromCRIhasexceeded55Terabytes,whichcorrespondsto
a530,000hoursofaudioplayback.Itisoftenimpossibleforhumantoaccomplishsuchatedious,
time-consumingannotationtaskwithouttheassistancefromautomaticorsemi-automaticlabeling
techniques.Therefore,thepotentialoftheaudiocontentcannotbefullyutilized.

Audiosegmentationandclassificationarekeytechniquestosuccessfulcompletionofaudio(data)
labeling,oraudioannotation,inthattheclassificationresultsprovideastartingpointforefficient
audioannotation.ThistopichasattractedresearchersmainlyfromtheAI(artificialintelligence)and
signalprocessingcommunities(Castánetal.,2015).

Theprimarygoalofautomaticaudiosegmentationistoprovideboundariestodelimitportions
ofaudiowithhomogeneousacousticcontent(Shin,Chang,&Kim,2010).Inthemeantime,audio
classification aims to help identify the semantic meaning of each portion derived from audio
segmentation,whereas,itis,bynomeans,aneasytaskforaudiostreamssuchasbroadcastnews,
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containingsingletypeclassesandmixedtypeofclasses(e.g.,speechwithmusicandspeechwith
noise)(Xie,Fu,Feng,&Luo,2011;Cheong,Oh,&Lee,2004).

Thisarticlepresentsanaudioclassificationsolutiontonewsbroadcasting,whichfeaturescoupling
ofaudiosegmentationandclassification,namelysegmentation-by-classification,seeBackground.A
Dual-CNN(Dual-ConvolutionalNeuralNetwork)wasintroducedtoperformclassificationonclips
withafixedlength.Unlikeothers,itcanmakeuseofboth(asmallamountof)labeledand(alarge
numberof)unlabeleddataforthetrainingofCNNs.Anovelsmoothingmethod,SEG-smoothing,was
thenappliedtotheclassificationresult,thusyieldingportionsofaudiowithhomogeneousacoustic
content.Forperformanceevaluationofourproposedapproach,aseriesofexperimentsinvolvingDual-
CNNandotheralternativesusingdatasetsfromBeijingPeople’sBroadcastingStationandGTZAN,
havebeenconducted.Theresultsverifythat,intermsofclassificationaccuracyandsegmentation
errorrate,Dual-CNNoutperformsalternativesolutions.

The remainder of the article is organized as follows. We presented related work in Section
Background.ThisisfollowedbyadetailedintroductiontotheDual-CNNinSectiontheDual-CNN
Approach.Thefollowingsectiondescribesasmoothingmethodforaudiosegmentation.Anarray
ofexperimentsandrelatedanalysisforperformanceevaluationoftheDual-CNNisgiveninSection
Evaluation.WeconcludeourworkandidentifyfutureresearchinSectionConclusionsandFuture
Work.

Background
Wepresent, in this section, relatedworkbywhichourproposed researchwasmost inspired. In
the beginning, we present two predominant categories for segmentation, i.e. segmentation-and-
classificationandsegmentation-by-classification,andthenreviewthestate-of-the-artinrelatedfields.
Thisisfollowedbyadiscussionontheapplicationofdeeplearningtechniques,CNNandautoencoders,
todealwithaudioclassification.Wefurther thisresearchbyfacilitatingaudiosegmentationand
classificationinthebroadcastingdomainbyacombinationofbothtechniques.Foracomprehensive
andfaircomparison,weinvestigatefiveapproachesthatareeitherclassicalinthefieldorsharemost
featuresincommonwithourproposedwork.

SeGMeNTATIoN AND CLASSIFICATIoN

Audio segmentation/classification systems can be divided into two classes depending on how
segmentationisperformed(Castán,Ortega,Miguel,&Lleida,2014).

Segmentation-and-Classification Approaches
Thisclassofapproachesdetecttheboundariesinthefirstplaceandthenperformclassificationon
eachdelimitedsegment(Huang&Hansen,2006;Gallardo-Antolin,&Montero,2010).Forexample,
anapproachusingatemporallyweightedfuzzyC-meansalgorithmwasproposedin(Nguyen,Haque,
Kim,&Kim,2011).TheBayesianinformationcriterion(BIC)iswidelyemployedinmanystudies.
ChenandGopalakrishnan(1998)generatedabreakpointforeveryspeakerchangeandenvironment/
channel condition change in the broadcasting news domain. Moreover, Wu, Chiu, Shia, & Lin
(2006)andKotti,Benetos,&Kotropoulos(2008)utilizeBICtoidentifymixed-languagespeechand
speakerchange,respectively.WuandHsieh(2006)proposedaminimumdescriptionlength(MDL)
approachthatallowsmultiplebreakpointsforanygenericdata.AliandTalha(2018)suggestedthat
VAD(voiceactivitydetection)beusedtodistinguishspeech-absenceandspeech-presencesegments
inanaudiofileusingthefractaldimensionestimationalgorithm.Foreachaudio,athresholdfor
identifyingspeech-presenceandspeech-absenceiscomputedautomatically,withwhichsegments
arethencategorizedinresponsetotheirfractaldimensions.
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