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ABSTRACT

Automaticrecognitionofinstrumenttypesfromanaudiosignalisachallengingandapromising
researchtopic.Itischallengingastherehasbeenworkperformedinthisdomainandbecauseofits
applicationsinthemusicindustry.Differentbroadcategoriesofinstrumentslikestrings,woodwinds,
etc.,havealreadybeen identified.Very fewworkshavebeendone for the sub-categorizationof
differentcategoriesofinstruments.MelFrequencyCepstralCoefficients(MFCC)isafrequently
usedacousticfeature.Inthiswork,ahierarchicalschemeisproposedtoclassifystringinstruments
withoutusingMFCC-basedfeatures.Chromareflects thestrengthofnotes inaWestern12-note
scale.Chroma-basedfeaturesareabletodifferentiatefromthedifferentbroadcategoriesofstring
instrumentsinthefirstlevel.Theidentityofaninstrumentcanbetracedthroughthesoundenvelope
producedbyanotewhichbearsacertainpitch.Pitch-basedfeatureshavebeenconsideredtofurther
sub-classifystringinstrumentsinthesecondlevel.Toclassify,aneuralnetwork,k-NN,NaïveBayes’
andSupportVectorMachinehavebeenused.
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INTRodUCTIoN

InIndiaseveralkindsofstringtypeinstrumentsarebeingemployedsinceancienttimes.Thiswork
takescareofcomplexityofclassificationofstringinstruments.Todevelopapplicationsrelatedto
musicandinstrumentclassification,audioindexing,audioretrievalagoodqualityaudioclassification
isessential.Inrecentpastsomeadvancementinthefieldofaudioretrieval,audioclassificationis
observedbecauseofimprovementofresearchinareaofdataminingaswellassignalprocessing.

Theoldest identified instrument classification systemwas identified asChinese in the time
periodofthe4thcenturyB.C.Thesystemhasdiscriminateddifferentinstrumentaldevicesbasedon
materialstheyarecreated.Aftermath,researchersaretryingtoproposefineinstrumentdiscrimination
system.Theyhavesuggestedseveralmodelsbutunfortunatelynoneofthoseisacceptedworldwide
asastandardbenchmarktofulfilltherequirementsofdifferentapplications.Hence,classification
of instrument isanopenresearcharea.Researchershavesuccessfullyclassified instruments into
string,woodwind,percussion,keyboard,etc.,butlessworkhasbeendoneforsub-classificationof
instruments.Inthiswork,stringinstrumentshavebeensub-classifiedwithoutusingMelFrequency
CepstralCoefficients(MFCC)whichisafirst-rateauralfeaturebutexcessivelyused.Ahierarchical
approachisadoptedheretoclassifystringinstruments.Initiallystringinstrumentsarecategorizedinto
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plucking,bowingandstrikingfollowedbyfurthersubclassificationofplucking,bowingandstriking
typestringinstruments.Theworkisorganizedinthefollowingway:previousworksdonerelatedto
classificationofinstrumentsisdescribedinafterintroductionsection.Proposedschemeisdescribed
innextsection.Thenextsectionreflectsinvestigationaloutcomesalongwithcomparativeanalysis.

ASSoCIATed ReSeARCH ACTIVITIeS

Canvassershavepaid efforts on several aural traits todiscriminate instruments.Haralick (1992)
hassuggestedamethodforextractionofstatisticalfeaturesinthemeadowofprocessingofimages.
Thesestatisticalfeaturesareveryusefulandtheymaybeutilizedinotherdomainstoo.Mostof
theseworkshaveusedMFCC.Aspectraltraitformusicalgadgetcategorizationhasbeenusedby
Agostinietal.(2003).Centroidbandwidth,pitch,skewnessaswellaszerocrossingrateshavebeen
usedbythem.Peeters(2003)hasproposedhisownalgorithmnamedIRMFSPforlargedatabase
of musical database. Spectral features were also been explored by some researchers like Zhu et
al.(2004).Theyhaveusedspectrumofinstruments.Theirworkwaslimitedtojazz,popandrock
instrumentalsonly.KaminskyjandCzaszejko(2005)havebeenabletoclassifymonotypemusical
instrumentalsoundswiththehelpof6traits-cepstralcoefficients,constantQtransformfrequency
spectrum,multidimensionalscalinganalysistrajectories,RMSamplitudeenvelope,spectralcentroid
andvibrato.Algorithmsforautomaticallycategorizationofmusicalinstrumentalsoundshavebeen
proposedbyBenetos,KottiandKotropoulos(2006).HierarchicalschemewasventuredbyEssidet
al.(2006).SupportVectorMachineorSVMhasbeenusedthere.Theyhaveusedspectralfeatures
likeMPEG-7audio features, cepstral traits for exampleMelFrequencyCepstralCoefficientsor
MFCC,temporaltraitslikeautocorrelationcoefficientsandZCR,wavelettraits,perceptualtraitsfor
examplesharpnessandloudness.

HiddenMarkovModel(HMM)hasbeenemployedbySinithandRajeev(2007)whiledealing
withclassicalmusicofSouthIndia.Instrumentsaredividedintowide-rangingtypesforexample
brass,string,percussionandwoodwindbyapplyingMPEG-7audiofeatures,perceptualfeaturesand
MelFrequencyCepstralCoefficientsbyDeng(2008).GunasekaranandRevathy(2008)haveworked
withfusionofmultipleclassifiers.Theyhaveworkedwithtemporal,perceptual,spectral,statistical
andharmonicfeatures.A37-dimensionalfeaturesetbasedonMFCCaswellasperception-based
featureshasbeenusedbySenanetal.(2009)whileworkingwithMalaymusicalinstruments.Western
andChinesemusicalinstrumentswereclassifiedinto3wide-ranginggroups–percussion,windas
wellasstringusingSVMbasedapproachbyLiuandXie(2010).Kumarietal.(2010)haveworked
withmusical instruments ofNorth India for example: flute, dholak, sitar,mandar andbhapang.
TheyhaveusedacombinationofMFCCandspectralfeaturestodesigntheirfeatureset.Polyphonic
instrumentalsignalsweredealtwithBarbedoandTzanetakis(2010,2011).

WaveletandMFCCbasedhierarchicalschemeweresuggestedbyGhosaletal.(2011)tocategorize
instrumentaldevicesinwide-ranginggroupslikeString,Woodwind,PercussionandKeyboard.But
theyhavenotexploredfurthersub-classificationofinstruments.GrindlayandEllis(2011)havedealt
withmusichavingpolyphonicinnature.MüllerandEwert(2011)haveemployedChromaToolboxof
Matlab.Impactofselectionoftraitsandclassifiersonclassificationaccuracyhasbeenobservedby
ChandwadkarandSutaone(2012)aimingtorecognitionofmusicalinstrumentaldevices.Chandwadkar
andSutaonehaveappliedanamalgamationofspectraltraitsandMelFrequencyCepstralCoefficients
intheirfeatureset.NadgirandJoshi(2014)haveworkedwithspectral,temporalandMFCCbased
features.Gaikwadetal.(2014)hasappliedPrincipalComponentAnalysis(PCA)onthecombination
ofspectraltraitsandcepstrumfeaturestoclassifyIndianclassicalinstruments.Todesignspectral
traitstheauthorshaveusedspectralrangeandamplitudetogetherwithMFCC.ProbabilisticLatent
ComponentAnalysis(PLCA)hasbeenusedbyAroraandBehera(2014)torecognizeinstruments.
Dandawateetal.(2015)haveclassifiedIndianinstrumentalmusic-basedRagalikeBhairavi,Bhairav,
YamanandTodiRaga.Theydesignedtheirfeaturesetusingtemporalfeatures.AbeberandWeib
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(2015)haverecognizedinstrumentsusingpolyphonictypeclassicalmusic.AbeberandWeibhave
dividedinstrumentaldevicesintowoodwinds,brass,piano,strings,inadditiontospeakingclasses.
MusicalonsetdetectionstrategywasadoptedbyKumaretal.(2015)toclassifyCarnaticpercussion
instrumentsintomridangam,ghatam,kanjira,thavilandmorsing.AcombinationofMFCCbased
featuresandcounterpropagationneuralnetwork(CPNN)hasbeenappliedbyBhalkeetal.(2016).
Byapplyingschemesapplicableforprocessingtalkingsignal,musicalinstrumentsareclassifiedby
GhisinghandMittal(2016).SpectralCentroidorSC,MFCC,signalenergyandZCRareusedin
theirfeaturevector.

PRoPoSed MeTHodoLoGy

PrecedentworkstellthatMFCChasbeenfrequentlyusedbydifferentresearchersintheirworks
relatedwithdiscriminationofdifferentstringtypeinstrumentaldevices.MFCCisabrilliantacoustic
traitbutduetotoomuchusageofit,thisoutstandingacousticfeaturehaslostitsnovelty.Moreover,
previousresearchworksrevealthatmostoftheworkswasaimedtodifferentiateinstrumentaldevices
indifferentwide-rangingtypesforexamplewoodwind,string,percussionetc.Comparativelyvery
lessworkhasbeendonetoclassifyinstrumentsuptodifferentsub-categories.Inspiringfromthese
twofactsinthisworkahierarchicalschemeisproposedtoclassifyinstrumentaldevicesindiverse
sub-groupswithoutusingMFCC.TraitsetusedinthisworkisproposedasalternativeofMFCC.
Experimentalresultexhibitsthatabetterclassificationresultispossiblebyusingproposedfeature
setcomparedtothatofMFCC.

String instruments produces sounds through the vibration made from its strings or chords.
Stringinstrumentaldevicesmayproducesoundsindifferentmethods.Dependingonthewaystring
instrumentaldevicesproducesounds,theyaredividedinto3maincategories–plucking,bowingand
striking.Again,basedontheexistenceoffret,pluckingtypestringinstrumentsarefurtherclassified
intotwosub-categories–frettedandnon-fretted.Inpluckingtypestringinstrumentsstringsorchords
arepluckedbyusingfinger,thumb,orquills(nowplasticplectra).Sitar,veena,andguitarfallsinto
thiscategoryofstringinstruments.Incaseofbowingtypestringinstruments,theyareplayedwiththe
helpofabow.Dependingonhowbowisplayedbowingtypestringinstrumentsarefurtherclassified
intotwosub-categories–wheeledandnon-wheeled.DulcigurdyandtheHurdy-gurdyisexampleof
wheeledbowingtypestringinstrumentsandthecelloandviolinisexampleofnon-wheeledbowing
type string instruments.Forwheeledbowing typeof string instrument, the instrumentproduces
soundbymeansofaturningwheelwhichactsasbowoverthestrings.Whenastringinstrumentis
playedbystrikingonstringstheyfallintothecategoryofstrikingtypestringinstruments.Santoor,
hammereddulcimersareexamplesof striking type string instruments.Dependingonnumberof
strings,strikingtypestringinstrumentscanbefurtherclassifiedintotwosub-categories–mono-
stringedandmulti-stringed.Berimbauisastrikingtypestringinstrumentwhichhassinglestring
whereasSantoorhasmultiplestrings.

This is noticed that bowing, plucking and striking forms of string instrumental devices are
generallyperformedwithdiversebodystancesinadditiontonotesproducedbythemarealsoof
dissimilarkind.Butthepresenceoffret,presenceofwheelinbowandnumberofstringsproduces
adifferenceinthesoundqualityofthestringinstrument.Thisobservationhasmotivatedtoadopta
hierarchicalschemetoclassifystringinstrumentsinto3groupsinthefirststage–plucking,bowing
and striking based on the notes produced by these string instruments and then each type string
instrumentisfurtherclassifiedinthesecondstage.

Nextsub-divisionsdescribetraitminingandcategorizationtechniquesusedrespectively.Fig.1
describesthehierarchicalarrangementoftheproposedconcept.
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Audio Attribute Computation
Thisisrecognizedthattoachievehighclassificationaccuracythefeaturesetneedtobedesigned
judiciously.Also,atthesametime,thelengthofthetraitvectorshouldnotbesobigthatitwill
increasecomputationcomplexity.

Features for Bowing, Plucking and Striking String Instrument Classification:Asthisis
knownthatbowing,plucking,andstrikingtypestringinstrumentaldevicesmainlydiffersfromeach
otherforthenotestheygenerate.Theirnotesvarybecauseofexistenceofdiversenumberofcords
inthosestringtypeinstrumentaldevices.Notethatthesmallbitofsoundissimilartoconceptof
syllableincaseofalanguage.Notethatitcanalsobetreatedasasmalllonemusicalincident.Notes
producedfromthesethreetypesofstringinstrumentsvarywidelyasthemusicaleventsarenotsame
forthem.Forcreationofmusic,notesarerequiredtobeplayedinorderlyfashion.Anoteincaseof
stringinstrumentsisnothingbutasoundwavegeneratedduetovibrationofstringshavingaspecific
wavelength.Notesarethoughtofasbuildingblocksofinstruments.Thissurveillancehasinstigated
tosuggestatraitsetwhichshouldbeabletorepresentnatureofnotesfordifferenttypesofstring
instrumentaldeviceslikebowing,pluckingandstriking.

Figure 1. Hierarchical outline of suggested method
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Chroma-Based Features
Chromabasedfeaturescanreflect12discretesemitonesorChromaofthemelodicoctave.Chroma
dependenttraitsaresopowerfulacousticfeaturethatitcanbeusedtostudythecharacteristicsof
instrumentalmusic.Chromafeaturescanreflectmelodicandharmonicnatureofinstrument.From
hearingperception,itcanbefeltthatsoundsproducedbybowing,pluckingandstrikingformsof
stringinstrumentaldevicesvarymelodicallyandharmonically.BecauseoftheseChromatraitsare
themostexcellenttraitstoclassifystringinstrumentsintodifferentcategories.Chromavaluescan
beconsideredbythegroup

{C,C#,D,D#,E,F,F#,G,G#,A,A#,B}

Chromaassessmentsmaybeacknowledgedbyagroupofnumerals(1,2,3,…,12),where1
indicatesChromaC,2indicatesC♯andsoon.ChromaringisshowninFigure2.Thiscircleissuch
anextofkinthatitisimpossibletobedenotedbyonlyMel.HereliesthebenefitofChromabased
traitscomparedtoMelbasedtraitslikeMFCC.

Thiscirclehasbeenquantizedinto12positionsforanalysisofwesterntonalmusic.Chroma
features indicate the intensity of each of these 12 positions. Chroma traits reflect perceptual
dissimilaritiesinsideanoctave.Signalsofinstrumentaldevicesaredynamicbynature.Forbetter
computationofChromafeaturesinputauditoryinformationisbrokendownwith50%partlycovered
frames.Tokeepawayfromlosingofborderlineuniquenessofanyenclose,theframesareoverlapped.
Chromafeaturesarecalculatedforeachoftheframes.Afterthatmeanofall12positionalvaluesforall
theframesareconsidered.ThiswayChromadependedtraitscontribute12discretenumericalvalues.

Figure3,Figure4,andFigure5correspondinglyindicatetherepresentationsofChromavalues
alongwithdegreeforbowing,pluckingandstriking-typestringinstruments.

FromtheseplotsitmaybenoticedthatChromafeaturesvarywidelyforbowing,plucking,and
strikingkindsofstringinstrumentaldevices.ToextractChormafeaturesthechromagramtoolbox
(2011)hasbeenapplied.

Skewness Based Feature
Spectralskewnessreflectsthethirdordermomentofthespectralcirculation.Undoubtedlyitisa
numericaltrait.Skewnessbasicallymeasurestheunevennessexistinginacertainnormalcirculation
concerningtoitsmeanlocation.Bowing,PluckingandStrikingkindsofstringinstrumentaldevices
carrycertainquantityofunevennessintheirrespectivenormalcirculation.Valueofskewnesssnis
characterizedbytheunderneathEquation(1).

sn
E b µ

=
−( )3
3σ

 (1)

InEquation(1)µindicatesmeanofexampledinformationb,σindicatesstandarddeviationof
b,andtheexpectedvalueofaquantityyissymbolizedbyE(y).

Features for Bowing, Plucking and Striking String Instrument Classification
A) Features for Fretted and Non-Fretted Plucking String Instrument Classification:Inthesecond
stageoftheproposedhierarchicalscheme,pluckingtypestringinstrumentsarefurtherclassifiedinto
twosub-categories:Frettedpluckingstringinstrumentsandnon-frettedpluckingstringinstruments.
Fretisnothingbutaraisedelementpresentsontheneckregionofastringinstrument.Itisobserved
thatsoundqualityofFrettedPluckingstringinstrumentsdiffersfromnon-frettedpluckingstring
instruments.Afretgenerally representsonesemitoneandmusicalnoteor toneswhichexhibita
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pitch.Fretsinaninstrumentrestrictpitchestothetemperamentdefinedbythefretpositions.Asa
result,rangesofpitchforfrettedandnon-frettedpluckingstringinstrumentsarenoticeablydifferent.
Thisobservationhasmotivatedtoemploypitch-basedfeaturesfordifferentiatingfrettedplucking
stringinstrumentandnon-frettedpluckingstringinstrument.Previousresearchstudyrevealsthat
someworkhasalreadybeendoneusingpitch-basedfeaturesinthisarea.Buttheyhaveusedallthe
88pitchvaluesinthefeaturevector.Thisresultsinalargedimensionalfeaturevector.Todecrease
thedimensionoftraitvectorprincipalcomponentanalysisorPCAisrequiredtobeapplied.Useof
PCAincreasesbothcomputationalcomplexityandclassificationtime.

Toovercomethesedrawbacksaswellastominutelystudythecharacteristicsofpitch,conception
ofco-occurrencematrix,whichisverypopularinthedomainofimageprocessing,hasbeenapplied.
Co-occurrencematrixassiststoobservetheoccurrencepatternofacertaintrait.Itisknownthatpitch
isarecognizedformoffrequency.Initiallyinputsignalisdividedinto88frequencybandshaving
centerfrequencyequivalenttoA0toC8pitches.ThesereflectsuccessiveMIDIpitches21to108.
Foreverysub-band,themeanofshort-timemean-squarepower(STMSP)iscalculated.Thismean
valueindicatesthepowerlocalizedinthatcorrespondingfrequencysub-band.Thinkingaboutall
thesesub-bands,88-dimensionalpitchtraitvector{Pi}isgeneratedforthecorrespondingplucking
stringinstrumentsignal.

Short-timemean-squarepower(STMSP)allocationoverdiversefrequencysub-bandsisdepicted
inFigure6andFigure7respectivelycorrespondingtofrettedpluckingstringinstrumentandnon-
frettedpluckingstringinstrument.STMSPforabanddivergeswithtime.ThemeanvaluesofSTMSP
correspondingtoeachbandareconsidered.Itisapparentthatthedeviationofstrengthofsignalover
differentfrequencybandsdiffersforFrettedPluckingstringinstrumentandNon-frettedPlucking
stringinstrument.

Figure 2. Chroma circle
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Positioning of different pitch values enclosed by a region reflects the characteristics of
correspondingpluckingstringinstrumentcategory.Thus,amatrixCnhavingdimensionA × A(where,
A=max{Pi}+1)isformed.AcomponentinthematrixCn(x, y)specifiesthenumberofincidences
ofpitchxandyinensuingtimeoccasions.Fromthisco-occurrencematrixCn14statisticalfeatures
(Haralick & Shapiro, 1992) like angular second moment, variance, entropy, energy, correlation,
contrast, homogeneity, etc., are computed. This 14-dimensional statistical feature set is of low-
dimensionalandatthesametimeitcanrepresenttherepetitivecharacteristicsofpitchverywell.

Co-occurrencematrixplotsofpitchvaluescorrespondingtoFrettedPluckingstringinstrument
andNon-frettedPluckingstringinstrumentareportrayedinFigure8andFigure9correspondingly.
TheplotsclearlyexplainthatoccasionnatureofpitchvaluesisdifferentforFrettedPluckingstring
instrumentandNon-frettedPluckingstringinstrument.

B) Features for Wheeled and Non- Wheeled Bowing String Instrument Classification:In
thesecondstageoftheproposedhierarchicalscheme,bowingtypestringinstrumentsarealsofurther
classifiedintotwosub-categories:WheeledBowingstringinstrumentandNon-wheeledBowingstring
instrument.SoundscanbegeneratedfromBowingtypestringinstrumentaldevicesintwomanners–
eitherbyrubbingastickoverthestringsorbybowingbyspinningwheel.Thisdifferenceofplaying
bowresultsinabasicdifferenceintheirrespectivespectrum.Itisknownthatchangingofpower
spectruminaudiosignalcanbecapturedwellbyspectralflux.Spectralfluxmeasuresthedisparity
inspectrumamidtwosuccessiveframes.Motivatedbythisobservationspectralfluxdependedtraits
havebeenappliedtosub-classifybowingtypestringinstruments.Spectralfluxcanbecalculatedas:

Figure 3. Representation of Chroma values beside magnitude for Bowing kind string instrumental devices
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1
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where,nrepresentswholenumberofframes.SpectralfluxintendedfortheYthspectrumisdenoted
bySFL(Y).Suppose,theamountofathbininYthspectrumisSL(Y,a),thenSL(Y-1,a)issamefor
spectrumearlierthanY.Theamountsofeverybinofprecedingspectrumaredeductedfromthe
amountsof itsequalingbin incurrent spectrumandafter thataddingup thosedissimilarities to
generateaconcludingvaluewhichistheaspiredultimatespectralfluxforspectrumY.Forminute
studyofcharacteristicsofspectralfluxaco-occurrencematrixofit,COnhavingmeasurementBa 
× Ba(where,Barepresentsmax{SFi}+1)isformed.AcomponentinthematrixCOn(m, p)points
totheamountofincidencesofspectralfluxmandpinconsecutivemomentoccurrences.Fromthis
co-occurrencematrixCOn14statistical features (Haralick&Shapiro,1992) likeangularsecond
moment, variance, entropy, energy, correlation, contrast, homogeneity, etc., are computed. This
14-dimensionalstatisticalfeaturesetisoflow-dimensionalandatthesametimeitcanrepresentthe
repetitivecharacteristicsofspectralfluxverywell.

Co-occurring matrix plots of spectral flux values corresponding to Wheeled Bowing string
instrumentandNon-wheeledBowingstringinstrumentareportrayedinFigure10andFigure11
correspondingly.PlotsclearlypointtothatoccasionnatureofspectralfluxisdifferentforWheeled
BowingstringinstrumentandNon-WheeledBowingstringinstrument.

Figure 4. Representation of Chroma values beside magnitude for Plucking kind string instrumental devices
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C) Features for Mono-Stringed and Multi-Stringed Striking String Instrument Classification:
Inthesecondstageoftheproposedhierarchicalscheme,strikingtypestringinstrumentsarealso
furtherclassifiedintotwosub-categories:Mono-stringedStrikingstringinstrumentandMulti-stringed
Strikingstringinstrument.Strikingtypestringinstrumentsareoftwotypes–mono-stringedand
multi-stringed.Berimbauisastrikingtypestringinstrumentwhichhasonlyasinglestringandon
theothersideSantoorisastrikingtypestringinstrumenthavingmultiplenumbersofstrings.Dueto
presenceofonlyastring,mono-stringedstrikingstringinstrumentproducesmonosoundandmulti-
stringedstrikingstringinstrumentproducesstereosound.Duetothis,soundproducedbythesetwo
differenttypesofstrikingtypestringinstrumentsexhibitsdifferentlevelsofenergy.Thisdifference
ofenergylevelcanbewellcapturedbyshorttimeenergy(STE).STEcanbecalculatedas:

En
r

x m
n

m

r

n
= ( )





=
∑
1

1

2
 (3)

where,Enndenotesthenthframeenergy,ristheframelengthandxn(m)representsthemthsample
inthenthframe.ForminutestudyofcharacteristicsofSTEaco-occurrencematrixofit,CO_STEn
havingdimensionT × T (where,T=max{Eni}+1) isformed.Acomponent in thematrixCO_
STEn(g,h)points to thecountof incidencesofSTEgandhinconsecutiveoccasioncases.From

Figure 5. Representation of Chroma values beside magnitude for Striking kind string instrumental devices
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thisco-occurrencematrixCO_STEn14statisticalfeatures(Haralick&Shapiro,1992)likeangular
secondmoment,variance,entropy,energy,correlation,contrast,homogeneity,etc.,arecomputed.
This14-dimensionalstatisticalfeaturesetisoflow-dimensionalandatthesametimeitcanrepresent
therepetitivecharacteristicsofSTEverywell.

Co-occurrence matrix plots of STE values corresponding to mono-stringed striking string
instrumentandmulti-stringedstrikingstringinstrumentareportrayedinFigure12andFigure13
correspondingly.FromtheseplotsthisisunderstandablethatoccasionnatureofSTEisdifferentfor
mono-stringedstrikingstringinstrumentandmulti-stringedstrikingstringinstrument.

Classification
Mostimportantintentionofthiseffortistoproposesmalldimensionalacousticfeaturesetwhichcan
discriminatestringinstrumentsintodifferentcategoriesandsub-categorieshierarchicallyverywell.
Inthefirststageoftheschemestringinstrumentsareclassifiedintoplucking,bowingandstriking
typesofstringinstrumentbasedon13dimensionalChromaandskewness-basedfeatures.In the
secondstagestatisticalfeaturesbasedonpitch,spectralfluxandshorttimeenergyhavebeenusedto
furthersub-classifybowing,pluckingandstrikingtypestringinstrumentaldevices.Foremphasizing
thepotencyoftheprojectedacoustictraitgroupstandardclassifiersforexamplek-NN,neuralnetwork
aswellasNaïveBayeshavebeenusedinthefirststageandSupportVectorMachineorSVM,Naïve
Bayesinadditiontoaneuralnetworkhasbeenusedinthesecondstageofthehierarchicalscheme.

Figure 6. Plot of STMSP allocation over diverse sub-bands for fretted plucking type string instrument
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Toimplementneuralnetworkmulti-layerperceptron(MLP)hasbeenapplied inboth thestages.
Thereareveryfewstandardaudiodatasetavailableforinstrumentalsoundsandunfortunatelyeither
thisdatasetispaidordoesnotcontainwidevarietyofinstrumentalsoundsapplicableinthiswork.
So,anaudiodatasetcomprisingof3600audiofileshavebeenformedbycollectingaudiofilesfrom
assortedresourcesforexampleInternet,audioCD,liveshows,etc.Eachtypeofstringinstruments
bearsequaldivisioninthecustomaudiodataset.Inthefirststagethewholedatasetwasdividedinto
equalparts–trainingandtestingdataeachconsistingof1800audiofilesrepresenting600fileseach
forplucking,bowingandstriking.Inthesecondstage,14-dimensionalstatisticalfeaturesetextracted
fromtheco-occasionmatrixofpitch,spectralfluxandSTEhasbeenusedwithadatasetof1200
audiofileseachforplucking,bowingandstriking.

Toimplementmulti-layerperceptronorMLPtypeneuralnetworkorNNinfirststage13neurons
hasbeenputintheinputlayerindicating13featuresvalues–12valuesbasedonChromaand1
skewnessbasedfeature,3neuronshasbeenputintheoutputlayerindicatingthreecategoriesofaudio
files–plucking,bowingandstriking,7neuronshasbeenputintheonlyhiddenlayer.Consequently,
inthesecondstage14neuronsareputintheinputlayerindicating14statisticaltraitsintendedfrom
theco-happeningmatrixofpitch,spectralfluxandSTErespectivelyforsub-classifyingbowing,
pluckingaswellasstrikingtypestringinstrumentaldevices.2neuronsbethereintheoutputlayer
reflecting2sub-categoriesofbowing,pluckingaswellasstrikingtypestringinstrumentaldevices.
5neuronsbethereinthesingleconcealedstratum.k-NNclassifierhasbeenappliedonlyinthefirst

Figure 7. Plot of STMSP allocation over diverse sub-bands for non-fretted plucking type string instrument
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stagewiththefollowingconfiguration:k=3,distancemetricas“CityBlock”and“NearestNeighbour”
lawforbreakingatie.NaïveBayes’classifierhasbeenusedinbothstages.SupportVectorMachine
orSVMhasbeenconfiguredinthesecondstagewithkerneltypeas“Quadratic”.

INVeSTIGATIoNAL oUTCoMeS

Anaudiodatasethasbeenadoptedinthishierarchicalschemeconsistingof3600audiocaseshaving
identicalsharingforeverytypeofclass.Bowing,pluckingaswellasstrikingstringinstrumental
deviceshaveequalcontributioninsidethisdatasetthatisthereare1200audiofilesforeachofthese
categories.Inthefirststageallthe3600audiofilesareusedandinthesecondstage1200audio
filesindicatingalltypesofplucking,bowingandstrikingstringinstrumentshavebeenusedwhile
sub-classifyingthem.Thereare600audiofilescorrespondingtofrettedandnon-frettedplucking
string instruments. Similarly, there are 600 audio files also corresponding to wheeled and non-
wheeledbowingstringinstrumentsandthereare600audiofilescorrespondingtomono-stringed
andmulti-stringedstrikingstringinstruments.Alloftheseaudiofileshavedurationof90seconds
withsamplingfrequency22050Hzandallofthemareof16-bitpersample.Thecustomdatasethas
beenbuiltbycollectingaudiofilesfromavarietyoffoundationsforexampleInternet,audioCD,live
showsetc.Intentionallytoreflectproperreal-lifescenario,someoftheseaudiofilesareconsidered
asnoisyalso.Among thedatasetapplicable foracertainstage in thisproposedscheme,50% is
utilizedforguidanceintentionwiththeremaining50%hasbeenusedintendedfortestintention.
Forbothstagessameconventionisfollowed.Again,afterperformingexperiment,guidanceandtest
informationgroupisreversedandthesameexperimentisrepeatedwithsamefeaturesetalongwith

Figure 8. Representation of co-occurrence matrix of pitch for Fretted Plucking type string instrument
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sameconfigurationofclassifier.Averageofthesetwostepsisconsideredasfinalclassificationresult
andthesameistabulatedinTable1forbowing,pluckingaswellasstrikingtypestringinstrumental
devicesclassification(stage1).Experimentalresultforsub-classifyingbowing,pluckingaswellas
strikingtypestringinstrumentaldevices(stage2)istabulatedinTable2andTable3inadditionto
Table4,respectively.

PReSeNTATIoN CoMPARISoN USING AUC

AreaUnderCurve(AUC)isutilizedalsoasaperformancemeasurementcriterioninsteadofaccuracy
percentage.FromFigure14,Figure15,andFigure16itisclearthatROCcurveforNaïveBayes
exhibitsthebestresultamongNaïveBayes,neuralnetwork(MLP)andk-NNclassifiers.

Comparative Analysis
Feature sets for stage 1 and stage 2 are proposed as an alternative of MFCC. So, classification
performancesofboththefeaturesetsarecomparedwithMFCC.Thesamedatasetisusedtofind
the comparative classification performance with same configuration of classifiers of respective
stages.InsteadofusingproposedfeaturesetsMFCChasbeenusedtofindthecomparativeanalysis
ofclassificationperformance.

Figure 9. Representation of co-occurrence matrix of pitch for Non-fretted Plucking type string instrument
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Comparative Analysis for Plucking, Bowing and 
Striking String Instrument Classification
TheclassificationaccuracyofChromaandskewness-basedfeaturesetinstage1forclassifyingstring
instrumentsintoplucking,bowingandstrikingiscomparedwithMFCC.Theclassificationaccuracy
usingMFCCasfeatureistabulatedinTable5.

FromTable5itisveryclearthatproposedfeaturesetcanclassifystringinstrumentaldevices
in3wide-rangingclasses–plucking,bowingaswellasstrikingbetterthanMFCC.Asmostofthe
previousapproacheshaveworkedwithMFCC,performanceofproposedfeaturesetiscomparedwith
MFCCasfeaturealongwithsomepreviousapproaches.

Classification performance of proposed Chroma and skewness-based feature set has been
comparedwithsomeotherpreviouslyworkdone.Theinformationsetusedhere,hasbeenemployed
toimplementthearrangementprojectedbyKumaretal.(2015),Bhalkeetal.(2016)inadditionto
GhisinghandMittal(2016).

FromTable6thisisnoticedthattheprojectedtraitgroupcanclassifystringtypeinstrumental
devicesintoPlucking,BowingandStrikingbetterthanotherpreviousapproaches.

Comparative Analysis for Fretted and Non-Fretted 
Plucking String Instrument Classification
Similarly,performanceofstatisticalfeature-basedfeaturesetinstage2iscomparedwithMFCC.The
samedatasetusedinstage2inthisworkhasbeenusedwithsameconfigurationofclassifiers.The

Figure 10. Spectral flux co-occurrence matrix plot for wheeled bowing type string instrument
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classificationaccuracyforclassifyingpluckingstringinstrumentsfurtherintofrettedandnon-fretted
sub-categorybyusingMFCCistabulatedinTable7.

FromTable7itisclearthatproposedstatisticaltraitgroupcarriesoutenhancedcategorization
thanMFCC.AsMFCCisexcessivelyinpreviousaudiorelatedworks,thiscomparativeanalysisis
done.Thoughitisobservedthatveryfewworkshavebeendonerelatedwithsub-classificationof
instrumentsstilltocheckthediscriminatingpowerofthetraitsetproposedinstage2forclassifying
frettedandnon-frettedpluckingstringinstrumenthasbeencomparedwiththeworksuggestedby
Peeters(2003).HehasusedhisownalgorithmnamedasIRMFSPforclassifyingmusicalinstruments
sounds.Inhisworkhehasfollowedahierarchicalapproachwherestringinstrumentswereplaced
inonelevelofhierarchy.

FromTable8thiscanbeobservedthattraitsetusedinstage2forclassifyingfrettedandnon-
frettedpluckingstringinstrumentcandiscriminatepluckingtypestringinstrumentsbetterthanthe
otherapproach.

Comparative Analysis for Wheeled and Non-Wheeled 
Bowing String Instrument Classification
Similarly,performanceofstatisticalfeature-basedfeaturesetforclassifyingbowingstringinstrument
instage2iscomparedwithMFCC.Thesamedatasetusedinthisworkhasbeenusedwithsame
configurationofclassifiers.Theclassificationaccuracyforclassifyingbowingstringinstruments
furtherintowheeledandnon-wheeledsub-categorybyusingMFCCistabulatedinTable9.

FromTable9itisclearthatproposedstatisticaltraitgroupexecuteshealthierthanMFCC.As
MFCCisexcessivelyinpreviousaudiorelatedworks,thiscomparativeanalysisisdone.Thoughit

Figure 11. Spectral flux co-occurrence matrix plot for non-wheeled bowing type string instrument
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isobservedthatveryfewworkshavebeendonerelatedwithsub-classificationofinstrumentsstillto
checkthediscriminatingpowerofthetraitsetproposedinstage2forclassifyingwheeledandnon-
wheeledbowingstringinstrumenthasbeencomparedwiththeworksuggestedbyPeeters.

FromTable10itcanbeobservedthattraitsetusedforclassifyingbowingstringinstrumentin
stage2candiscriminatebowingtypestringinstrumentsbetterthantheotherapproach.

Comparative Analysis for Mono-Stringed and Multi-
Stringed Striking String Instrument Classification
Similarly,performanceofstatisticalfeature-basedfeaturesetforclassifyingstrikingstringinstrument
instage2iscomparedwithMFCC.Thesamedatasetusedinthisworkhasbeenusedwithsame
configurationofclassifiers.Theclassificationaccuracyforclassifyingstrikingtypestringinstruments
furtherintomono-stringedandmulti-stringedsub-categorybyusingMFCCistabulatedinTable11.

FromTable11itisclearthatproposedstatisticaltraitgroupcarriesoutwellagainstMFCC.As
MFCCisexcessivelyinpreviousaudiorelatedworks,thiscomparativeanalysisisdone.Thoughit
isobservedthatveryfewworkshavebeendonerelatedwithsub-classificationofinstruments,still
tocheckthediscriminatingpowerofthetraitgroupproposedinstage2forclassifyingstrikingtype
stringinstrument,hasbeencomparedwiththeworksuggestedbyPeeters(2003).

FromTable12itcanbeperceivedthattraitsetusedinstage2forclassifyingstrikingtypestring
instrumentcandiscriminatestrikingtypestringinstrumentsbetterthantheotherapproach.

Figure 12. STE co-occurrence matrix plot for mono-stringed striking type string instrument
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Figure 13. STE co-occurrence matrix plot for multi-stringed striking type string instrument

Figure 14. ROC curve intended for Naïve Bayes for plucking type string instruments
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Figure 15. ROC curve intended for neural network (MLP) for plucking type string instruments

Figure 16. ROC curve intended for k-NN for plucking type string instruments
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CoNCLUSIoN

Hereahierarchicalschemeisprojectedtocategorizestringtypeinstrumentaldevicesindifferent
classesandsub-classes.AsMFCCisaveryfrequentlyusedacousticfeature,analternativefeatureto
MFCCisproposedinthiswork.Asthenotesofdifferentvarietiesofstringtypeinstrumentaldevices
likebowing,pluckingandstrikingaredifferentchromabasedfeaturesareusedtoclassifythem.But
duetopresenceoffretsoundqualityofdifferenttypesofpluckingstringinstrumentsdiffers.Also,

Table 1. Taxonomy correctness for categorization of String type instrumental devices using proposed feature for stage 1

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Plucking Bowing Striking

NaïveBayes 95.3% 94.3% 94.3%

NeuralNetwork(Here
MLP) 94.3% 93.3% 93.3%

k-NN 93.3% 92.3% 91.3%

Table 2. Taxonomy correctness for categorization of plucking string type instrumental devices using proposed feature for 
stage 2

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Fretted Non-fretted

NaïveBayes 95.5% 95.0%

SVM 94.5% 94.0%

NeuralNetwork(HereMLP) 93.0% 92.0%

Table 3. Taxonomy correctness for categorization of bowing string type instrumental devices using proposed feature in stage 2

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Wheeled Non-wheeled

NaïveBayes 95.0% 94.5%

SVM 94.0% 93.0%

NeuralNetwork(MLP) 92.5% 91.5%

Table 4. Taxonomy correctness for categorization of striking string type instrumental devices using proposed feature in stage 
2

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Mono-stringed Multi-stringed

NaïveBayes 95.5% 94.5%

SVM 94.0% 93.5%

NeuralNetwork(MLP) 93.5% 92.5%
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Table 5. Taxonomy correctness for String instrumental devices classification with MFCC as feature

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Plucking Bowing Striking

NaïveBayes 93.3% 91.3% 91.3%

NeuralNetwork(Here
MLP) 92.3% 91.3% 90.3%

k-NN 91.3% 90.3% 90.3%

Table 6. Percentage accurateness of relative investigation of projected effort against other efforts

Efforts Name Plucking Bowing Striking

Kumar,Sebastianand
Murthy(2015) 91.3% 90.3% 91.3%

Bhalke,RaoandBormane
(2016) 90.3% 89.3% 90.3%

GhisinghandMittal(2016) 91.3% 90.3% 91.3%

Table 7. Taxonomy correctness for Plucking String type instrumental devices categorization using MFCC as feature

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Fretted Non-Fretted

NaïveBayes 92.5% 91.5%

SVM 92.0% 91.0%

NeuralNetwork(MLP) 91.5% 90.5%

Table 8. Taxonomy correctness for Plucking String type instrumental devices categorization with other work

Name of the Method
Percentage accuracy of taxonomy for projected effort

Fretted Non-Fretted

Peeters(2003) 91.0% 90.0%

Table 9. Taxonomy correctness for Bowing String type instrumental devices categorization using MFCC as feature

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Wheeled Non-Wheeled

NaïveBayes 92.5% 91.5%

SVM 92.0% 91.5%

NeuralNetwork(MLP) 91.5% 91.0%
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thewayofplayingabowisdifferentinthebowingtypestringinstrumentsandthenumberofstrings
differsincaseofstrikingtypestringinstruments.Duetothisphenomenonahierarchicalscheme
isproposedtoclassifystringinstruments.Fromtheclassificationresult itcanbeconcludedthat
proposedfeaturesetineverystageperformsbetterthanpreviousapproachesaswellastheproposed
featuresetcanbeconsideredasanalternativeofMFCC.Computationallyalltheproposedfeature
setsaresimpleandareoflow-dimension.Toshowupcategorizationpowerofsuggestedtraitsets
popularandeffortlesstaxonomyschemesforexampleNeuralNetwork,SupportVectorMachine,
NaïveBayes’andk-NNhavebeenapplied.

Table 10. Taxonomy correctness for Bowing String type instrumental devices categorization with other work

Name of the Method
Percentage accuracy of taxonomy for projected effort

Wheeled Non-Wheeled

Peeters(2003) 91.5% 90.5%

Table 11. Taxonomy correctness for Striking String type instrumental devices categorization using MFCC as feature

Categorization Scheme
Percentage accuracy of taxonomy for projected effort

Mono-Stringed Multi-Stringed

NaïveBayes 93.5% 92.0%

SVM 92.0% 91.5%

NeuralNetwork(MLP) 91.5% 90.0%

Table 12. Taxonomy correctness for Striking String type instrumental devices categorization with other work

Name of the Method
Percentage accuracy of taxonomy for projected effort

Mono-Stringed Multi-Stringed

Peeters(2003) 90.5% 90.0%
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