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Abstract

We presenta methodto comparesongsbasedsolely on their audiocontent. Our
techniqueforms a signaturefor eachsongbasedon K-meansclusteringof spectral
features.ThesignaturescanthenbecomparedusingtheEarthMover’sDistance[14]
which allows comparisonof histogramswith disparatebins. Preliminaryobjective
andsubjectiveresultson a databaseof over8000songsareencouraging.For 20 songs
judgedby two users,onaverage2.5outof thetop5 songsreturnedwerejudgedsimilar.
We alsofoundthatour measureis robustto simplecorruptionof theaudiosignaland
thatmeaningfulvisualizationsof thedataarepossibleusingthis similarity measure.
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1 Introduction

Theadventof MP3 andotherefficient compressionalgorithmsis changingtheworld
of musicdistribution. We aremoving towarda future in which all the world’s music
will beubiquitouslyavailable. Additionally, the ‘unit’ of musichaschangedfrom the
albumto thesong.Thususerswill soonbeableto searchthroughvastdatabasesat the
songlevel.

Thesechangesraisenew issuesin thefield of musicretrieval. First,sincemusicwill
notnecessarilybeproducedasalbums,theconstructionof playlistswill beimportantin
futuresystems.Playlistsshouldideally list songsof a similar genrethat ‘fit together’.
Thesecould be songsto play or songsto buy (andplay). Techniquesto quickly and
automaticallyconstructtheselistsareneeded.

Second,the vastamountof music involved meansthat usersmay have difficulty
navigatingthrougha databaseto find new unknown music.Automaticplaylist genera-
tion mayhelpbut alternativeuserinterfaceswhichvisualizethedatamaybeneededto
find acousticallyremotebut desirablesongs.

Finally, with moreandmoremusicappearingon the Web, contentprovidersare
keenerthanever to protecttheir intellectualproperty. Algorithmsto quickly andreli-
ably identify illegal copiesof songswill beimportant.

We believe all thesetaskscouldbenefitgreatlyfrom a techniqueto automatically
determineacousticsimilarity betweensongs.For example,aplaylistcouldbeautomat-
ically chosenaslist of songsacousticallysimilar to a favoredquerysong.This could
certainlybe refinedby further processingbut the distancemeasurecould give a use-
ful first list. A visualuserinterfacebasedon anacousticdistancemeasuremayprove
compelling.A schemeto detectacousticallysimilar but not identicalcopiesof songs
is attractiveasit doesnot rely onaccuratelabelingor insertionof additionalmeta-data
suchaswatermarks.We thereforefocusour attentionon developinga content-based
musicsimilarity measure.

The traditionalandmostreliabletechniqueof determiningmusicsimilarity is by
hand. However, this is clearly infeasiblefor large quantitiesof music. Collabora-
tive filtering techniquesareanalternative to solohand-classification(e.g. [1]). These
techniquesattemptto producepersonalrecommendationsby computingthesimilarity
betweenoneperson’spreferencesandthoseof (usuallymany) otherpeople.However,
thesemethodscannotquickly analyzenew music. Also, it may be difficult to obtain
reliableinformationfrom users.

Many researchershave studiedthe musicsimilarity problemby analyzingMIDI
musicdata,musicalscoresor usingpitch-trackingto find a ‘melody contour’ for each
pieceof music.Stringmatchingtechniquesarethenusedto comparethetranscriptions
for eachsong(e.g. [2], [11], [6]). However, techniquesbasedon MIDI dataor scores
arelimited to musicfor which this dataexists in electronicform. Also, only limited
successhasbeenachievedfor pitch-trackingof polyphonicmusic[10] althoughrecent
resultsshow muchpromise[7]. Thusreliably finding themelodyin mostcommercial
musicis difficult or impossibleusingcurrenttechnologies.Also, it seemslikely that
the typeof musicsimilarity requiredfor playlist constructionis basedon the ‘overall
sound’of themusicratherthansimply thecomplexity of themainmelody.

Otherwork hasanalyzedthemusiccontentdirectly. Blum etal. presentanindexing
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systembasedon matchingfeaturessuchaspitch, loudnessor Mel-frequency cepstral
coefficients(MFCCs)[3]. Footehasdesigneda musicindexing systembasedon his-
togramsof MFCC featuresderived from a discriminatively trainedvectorquantizer
[5].

In thispaper, webuild onthework of Footeto constructadistancemeasurebetween
musicbasedsolely on the musiccontent.We characterizesongsusinghistogramsof
MFCC featuresbut unlike Foote, the bins of our histogramsare local to eachsong.
This impliesthattheacousticspacefor eachsongis efficiently ‘covered’with adequate
resolutionwhereneeded.Converselyif pre-determinedbinsareused,somesongsmay
haveall their informationconcentratedin oneor two binsandimportantdiscriminating
detailmaybelost.

Ourtechniquehasmany similaritiesto anaudioretrieval techniquedescribedin [8],
althoughweuseK-meansclusteringratherthanGaussianmixturemodelsto character-
ize eachsong.We alsostudytheproblemof musicretrieval ratherthanthespeech-in-
audioretrieval problemstudiedthere.

Theorganizationof this paperis asfollows. In Section2 we describeour distance
measure.We then describehow this can be incorporatedinto a playlist generation
system. Next, we presentresultsof experimentson a databaseof over 8000songs.
Finally wepresentourconclusionsandsuggestionsfor futurework.

2 Spectral Novelty Distance Measure

Our distancemeasurecapturesinformationaboutthe novelty of the audiospectrum.
Conceptually, this correspondsto the type of instrumentsplaying, including whether
thereis singing,which appearsto berelatedto perceptualsimilarity. For eachpieceof
musicwecomputea‘signature’basedonspectralfeatures.Wethencomparesignatures
usingtheEarthMoversDistance(EMD) [14]. Thesestepsandthemotivationbehind
themaredescribedin moredetailbelow.

2.1 Obtaining the Spectral Signature

Our spectralsignaturesattemptto capturethemainstatisticsof a song’sspectrumand
hencecharacterizethemaintypesof soundspresentin themusic. We achieve this by
first dividing eachsonginto short,locally stationarysectionsof 25mscalled‘frames’.

For eachframe,we thenobtainaspectralrepresentation.Many representationsare
possibleso long asa distancemeasureis availableto compareoneframeto another
suchthat frameswhich soundsimilar arecloseto eachother. In our implementation
we useMFCCs(e.g. [13]). Thesefeaturesareprevalentin speechrecognitionappli-
cationsandarealsousefulfor modelingmusic(e.g. [5], [3], [9]). They arebasedon
the discretecosinetransformof the log amplitudeMel-frequency spectrumandcan
be comparedusing the Euclideandistancemeasure.Otherspectralmeasuresmight
includeusingtheamplitudespectrumdirectly or a representationbasedon MP3 coef-
ficients.

Givena thesetof transformedframesfor a song,we thenclustertheseframesinto
groupswhicharesimilar. Thenumberof clustersmaybefixedfor everysong,in which
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Figure1: Top level diagramof theprocessof creatinga signaturefor a song

casestandardK-meansclusteringcanbeused[4]. Alternatively, thenumberof clusters
chosencanbedependenton the song(e.g. [12]). Thesetof clustersis characterized
by themean,covarianceandweightof eachcluster(wheretheweight is proportional
to thenumberof framesin thatcluster).This setof clustersis denotedthe‘signature’
for thesong.Thewholeprocessis shown in Figure1.

It is importantto notethat the clusteringis local to eachsong. Previous systems
performedglobalclusteringoveranentiremusicdatabaseto obtainasetof representa-
tiveclusters(sounds)(e.g. [5]). Thedisadvantageof this asshown by analogouswork
in imagesimilarity [14] is thatresolutionis lost asthetypeandnumberof clustersis a
functionof thewholedatabase.If many new songshaveunheardsoundsthenthey will
bebadlyrepresented.

2.2 Comparing Songs

Weobtainaspectralsignaturefor everysongof interest.Theseneedonly becalculated
onceandstored. We thencomparethe signaturesfor two differentsongsusing the
EMD[14]. It is crucial to usethis techniqueasothermethodscannotaccommodate
local clustering.

TheEMD calculatestheminimumamountof ‘work’ requiredto transformonesig-
natureinto theother. A usefulanalogyis to considertheclustersfor SongA andSong
B as‘piles of earth’ centeredon the clustermeansin � -dimensionalspace.We are
interestedin how much‘earth’ or morecorrectlyprobabilitymasswe needto ‘move’
to transformSongA’sclustersinto SongB’sclusters.

More formally, let �������
	���
�������
�������
���������������	������������ �������!��" be thefirst sig-
naturewith # clusterswhere	���$ and ����$ arethemeanandcovariancerespectively of
cluster%'& and� � $ is theweightof thatcluster. Similarly, let ()�*�+��	-,.
/���0,.
����!,.
��������������	-,213���0,213���!,214��" bethesecondsignature.Let 5 � $6,87 bethedistancebetweenclusters%'&
and 9�: . In our work, we computethis usinga symmetricform of theKullbackLeibler
(KL) distance.For clusters%'& and 9�: with means	 � $ and 	-,87 andcovariances� � $ and
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� , 7 respectively this takestheform

5;��$ , 7!� ����$�0,87=< � , 7� � $>< ��	���$@?A	 , 7��.B!C DFE� � $!< E�0,87HG � (1)

Let I � $6,87 bethe‘flow’ between%'& and 9�: This flow reflectsthecostof moving proba-
bility mass(analogousto ‘piles of earth’) from oneclusterto theother. We solve for
all I � $�,87 thatminimizetheoverall cost J definedby

JK�MLN &PORQTSN:UORQ 5;��$ , 7�I���$ , 7 (2)

subjectto a seriesof constraints.That is, we seekthecheapestway to transformsig-
nature � to signature( . This problemcanbe formulatedasa linear programming
taskfor which efficient solutionsexist. Having solved for all I � $�,87 , the EMD is then
calculatedas V=WYX �6�0�Z([���]\ L&PORQ \ S:UORQ 5���$ , 7�I���$ , 7\ L&PORQ \ S:UORQ I���$ , 7 � (3)

3 Evaluation

Our evaluationfocuseson theutility of our similarity measurefor playlist generation
andmusicvisualization. We also report somegeneralstatisticsof our measureand
examineits robustnessto corruptionof songs.Our resultsthoughpreliminaryarevery
promising.

3.1 Experimental Setup

We conductexperimentson an in-housedatabaseof over 8000songsdrawn from a
wide rangeof styles.Eachsongin thedatabaseis labeledwith thegenre,songname,
album nameandartist name.The genreis oneof the following: Blues,Celtic, Clas-
sical, Comedy, Country, Folk, Jazz,Newage, Rap,Rock, Soundtrack, Techno,Various
Artists,Vocal,World. Thegenresareassignedaccordingto theAll MusicGuide(AMG)
database(www.allmusic.com).

For eachsong,we computea signaturebasedon K-meansclusteringof framesof
MFCCs. We startwith audiosampledat 16kHzanddivide this signalinto framesof
25.6msoverlappedby 10ms. We thenconvert eachframeto 40 Mel-spectralcoeffi-
cientsandtake the logarithmandthe discretecosinetransformto obtain40 cepstral
coefficients.Of these,only thefirst 8-30areusedin thefinal system.We disregardthe
zerothcepstralcoefficient which containsmagnitudeinformation. Finally, we cluster
thesequenceof cepstralcoefficientsinto 16 clustersusingstandardK-meanscluster-
ing. This setof clustersis the signaturefor the song. After computingthe signature
for every song,we thencomputethe distancesbetweenall songsusingthe EMD as
describedabove.
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Nr. MFCC Averagedistance Averagedistance
Features betweenall songs betweensongs

on thesamealbum
4 0.48 0.21
7 0.52 0.26
12 0.56 0.28
19 0.65 0.35
29 0.70 0.38

Table1: Statisticsof thedistancemeasure

3.2 Simple Similarity Measure Statistics

We first examinesomegeneralstatisticsof our distancemeasureasa ‘sanity check’.
Table1 shows theaveragedistancebetweensongsfor theentiredatabaseovera range
of different MFCC parameterizations.We also show the averagedistancebetween
songson the samealbum. Our measureis suchthat the distancebetweena songand
itself is zero (i.e. we have a dissimilarity measure).From Table1 we seethat our
measurecorrectlyassignsa smallerdistanceto songson the samealbum which we
expecton averageto beperceptuallymoresimilar thanothersongsin thedatabase.

3.3 Playlist Generation

In this sectionwe considerthe utility of our distancemeasurein the playlist con-
structionproblem. We form playlistsasthe � closestsongsfrom our databaseto a
givenquerysongaccordingto our similarity measure.Clearlywe coulddevisebetter
schemesto determineaplaylist,suchascombiningthescoresfrom severalquerysongs
andincorporatinguserfeedback.This is the subjectof ongoingwork. The resultsin
this sectionfocus on the quality of playlists generatedusingour acousticsimilarity
measurealone.

Ourexperimentsreporttheaveragenumberof relevantsongsretrievedin thetop5,
10and20 songs.We thereforeconsiderplaylistsup to 20 songsin length.

3.3.1 Objective Precision

Sinceusertestsareexpensive andtime-consuming,we first useobjective definitions
of relevanceto tunethe parametersof our systemandidentify trendsthataretrue on
averageover thewholedatabase.We examinethreeobjectivedefinitionsof relevance:
songsof thesamestyle,songsby thesameartistandsongson thesamealbum.

Table2 shows theaveragenumberof songsreturnedby oursystemwhichhavethe
samegenreasthequerysong.As discussed,we reportresultsfor theclosest5, 10 and
20songs.Weseethatthemajorityof songsreturnedareof thesamegenreasthequery
song. Note that this resultgivesonly an indicationof theperformanceof our system
sinceseveralof our genrecategoriesoverlap(e.g. jazzandblues) andsongsfrom both
categoriesmightstill beperceivedasrelevantby ahumanuser.
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Nr. MFCC Averagenumberof songsin thesamegenre
Features Closest5 Closest10 Closest20

4 3.02 5.81 11.2
7 3.24 6.17 11.7
12 3.43 6.53 12.4
19 3.44 6.57 12.5
29 3.36 6.44 12.3

Table2: Averagenumberof closestsongswith thesamegenreastheseedsong

Nr. MFCC Averagenumberof songsby thesameartist
Features Closest5 Closest10 Closest20

4 0.69 1.06 1.58
7 0.96 1.45 2.10
12 1.13 1.72 2.46
19 1.17 1.80 2.59
29 1.16 1.80 2.64

Table3: Averagenumberof closestsongsby thesameartistastheseedsong

Tables3 and4 show similar resultswhererelevanceis definedassongsby thesame
artistandsongsonthesamealbum. Fromthesetablesweseethattypically, aroundone
songby thesameartistor onthesamealbumis oneof thetop5 closestsongs.Although
it seemsthat thesenumbersaredisappointingwe have noticedin many informal tests
thatbecauseweareusingsucha largedatabase,ourdistancemeasuretypically returns
songsby differentartistswhich areacousticallymoresimilar thansongsby the same
artist or on the samealbum. All tablesindicatethat 19 MFCC featuresgive the best
resultsalthoughthisdoesnot seemto becritical.

Nr. MFCC Averagenumberof songson thesamealbum
Features Closest5 Closest10 Closest20

4 0.48 0.72 1.00
7 0.71 1.02 1.37
12 0.84 1.21 1.61
19 0.86 1.26 1.68
29 0.81 1.21 1.69

Table4: Averagenumberof closestsongson thesamealbum astheseedsong
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Algorithm AverageNumberof SimilarSongs
Closest5 Closest10 Closest20

Random 0.2 0.6 0.9
Proposed 2.5 4.7 8.2

Table5: Averagenumberof similar songsin playlistsgeneratedat randomandby our
similarity measureasjudgedby 2 userson 20 queries

3.3.2 Subjective Precision

Sinceit appearsthat19cepstralfeaturesgivethebestretrievalperformanceweconduct
usertestswith thisconfiguration.Our testscompareaplaylistgeneratedby oursystem
to a playlist generatedat randomfrom thesame8000songdatabase.

Two independentusersparticipatedin thetest.They werepresentedwith playlists
for 20 randomlyselectedsongs.For eachsong,a randomlygeneratedplaylist andthe
playlistgeneratedby oursystemwaspresented.Userswereinstructedto rateeachsong
in theplaylist as‘similar’ or ‘not similar’ to thequerysong.Interestingly, althoughno
further instructionsweregiven, both usersnaturallyassumedaudiosimilarity rather
thansay lyric similarity. Therewasgoodagreementbetweenthe usersas to which
songsweresimilarwith only 12%of songsbeingrateddifferently.

Theaveragenumberof similarsongsfor thefirst 5, 10and20songsin theplaylists
is shown in Table5. Despitethe preliminarynatureof our tests,the resultsarevery
encouragingandconfirmwhatwe have notedin many informal tests.On average,2.5
out of thetop 5 songsreturnedweresimilar for our systemasopposedto 0.2 out of 5
for a randomplaylist generator.

3.4 Music Database Visualization

A content-basedmusicdistancemeasurepresentsnew possibilitiesfor designingauser
interfaceto a musicrepository. If thedatacanbeshown graphically, whereeachsong
is representedby a point, thentheusermaybeableto navigatethroughtherepository
moreeasilyusingthis graphthanby traditionalmeanssuchassearchingfor a songby
name.Thismaybeespeciallytruefor unfamiliarmusic.

In thissection,wedonotattemptto provideasolutionto theuserinterfaceproblem.
Ratherwepresenta ‘proof of concept’thatdemonstratesthatourdistancemeasurecan
beusedto createa datavisualizationthatis in keepingwith commonsense.

To displayour musicdatabasegraphically, we transformeachsongto a real two-
dimensionalpoint usingMulti-dimensionalscaling(MDS). MDS (e.g. [15]) is a stan-
dardtechniquewhichtransformsaseriesof objects,aboutwhichonly relativedistance
informationis available,to a seriesof ^ -dimensionalpoints. The mappingattempts
to preservetherelativedistancesbetweenobjectssuchthatobjectswhichareknown to
be‘close’ accordingto thedistancemeasurearemappedto pointswhichare‘close’ in^ dimensionalspace.

To constructa visualrepresentationof our database,we constructa matrix of song
similarity accordingto our distancemeasure.We thenperformMDS on this matrix to
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Figure2: Visualizationof a small number(around50) of songsby well-know artists
usingMDS on thesimilarity matrix formedusingour technique

obtainthecoordinatesin 2-D spacefor eachsong.We usethesameparameterization
asdescribedin theprevioussectionwith 19 MFCCfeatures.

Figure2 shows the visualizationof around50 songsby well-known artists. We
seethatgenresarefairly consistentandthatin many cases,similar soundingartistsare
groupedtogether. Table7 in AppendixA lists thesongsvisualized.

Figure 3 shows the visualizationof 150 randomlychosensongsfrom the Rock,
CountryandClassicalcategories(50 songsfrom eachcategory). Again, we seethe
songsroughlyclusteredinto the genres.Despitethevery preliminarynatureof these
resultsit seemsprobablethatthis techniquecouldform thebasisof aninterestinguser
interface(perhapssimilar to thewebbrowsinginterfaceatwww.webmap.com).At the
very least,theseresultsprovidevisualconfirmationof theutility of ourmusicdistance
measure.

3.5 Robustness to Corruption

Finally, we investigatethe robustnessof our distancemeasureto ‘clipping’ of songs.
Our interestis piquedby thepotentialutility of ourmeasurefor copyright enforcement
andhencewishingto detectpotentiallyslightly corruptedversionsof asong.
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Figure3: Visualizationof 150 randomlychosensongsfrom the Rock, Countryand
ClassicalgenresusingMDS on thesimilarity matrix formedusingour technique
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Nr. MFCC % of timesoriginal songreturnedwithin:
Features Closest1 Closest5 Closest10

12 98.8 99.2 99.3
19 99.8 100.0 100.0
29 97.2 97.6 97.8

Table6: Percentageof timestheoriginal songis returnedasoneof theclosest1, 5 and
10 songswhenthequeryis a clippedversionof theoriginal

For all songsin our database,we remove a sectionof randomlengthof up to 30s
from a randomlyselectedplacein thesong.We thencalculatethesignaturesfor each
songasbefore.For eachcorruptedsong,we useour measureto find theclosestsongs
to this in thecleandatabase.Ideally, theoriginalversionof eachcorruptedsongshould
be the first songreturned.Table6 shows thepercentageof timesthe original songis
returnedasoneof the 1, 5 and10 closestsongswhenthe corruptedversionis used
as the query. We seethat thesenumbersarequite high indicating that our distance
measurehassomerobustnessto this typeof corruption.

4 Conclusions and Future Work

Wehavedescribedamethodto comparesongsbasedsolelyon theiraudiocontent.We
have evaluatedour distancemeasureon a databaseof over 8000songs.Preliminary
objectiveandsubjectiveresultsshow thatourdistancemeasurepreservesmany aspects
of perceptualsimilarity. For 20 songsjudgedby two users,wesaw thaton average2.5
out of thetop 5 songsreturnedareperceptuallysimilar. We alsosaw thatour measure
is robustto simplecorruptionof theaudiosignalandthatit couldbeusedto visualize
thedatain ameaningfulway.

Ongoingwork is focusedin threemainareas.First,wearestill refiningtheparam-
etersof our distancemeasureover all genresandinvestigatingthe effect of different
clusteringtechniquesto obtainthesongsignatures.Second,weareexploringthemany
heuristicsthatcanbeusedto selectthebestplaylist givena querysongor songs.Fi-
nally, we areinvestigatingtheaugmentationof our similarity measureby otheraudio
andnon-audioinformation.

5 Acknowledgments

We would like to thankScottBlackwell andJean-ManuelVan Thong for their help
writing the interfacefor usertests.Thanksarealsodueto T. M. Murali for bringing
theEMD to ourattentionandTamaraMunznerfor adviceon visualizationtechniques.
We alsothankthemembersof theCRL speechgroupfor many usefuldiscussions.



REFERENCES 11

References

[1] Workshopon collaborative filtering. Proceedings,University of California at
Berkeley, March1996.

[2] S.Blackburn andD. De Roure.A tool for contentbasednavigationof music. In
ACM Multimedia, 1998.

[3] T. L. Blum, D. F. Keislar, J.A. Wheaton,andE. H. Wold. Methodandarticle of
manufacture for content-basedanalysis,storage, retrieval, andsegmentationof
audioinformation. U.S.Patent5, 918,223,1999.

[4] R. Duda,P. Hart,andD. Stork.PatternClassification. JohnWiley & Sons,2000.

[5] J.T. Foote.Content-basedretrieval of musicandaudio.In SPIE, pages138–147,
1997.

[6] A. Ghias,J. Logan,D. Chamberlin,andB. Smith. Queryby humming. In ACM
Multimedia, 1995.

[7] M. Goto. A predominant-F0estimationmethodfor CD recordings:MAP es-
timation using EM algorithm for adaptive tone models. In ProceedingsIEEE
InternationalConferenceon Acoustics,Speech, andSignalProcessing, 2001.

[8] Z. Liu andQ. Huang.Content-basedindexing andretrieval by examplein audio.
In ICME 2000, 2000.

[9] B. Logan. Mel frequency cepstralcoefficientsfor musicmodeling. In Interna-
tional Symposiumon MusicInformationRetrieval, 2000.

[10] K. D. Martin. Transcriptionof simplepolyphonicmusic: Robust front endpro-
cessing. In the Third Joint Meetingof the AcousticalSocietiesof Americaand
Japan, 1996.

[11] R. McNab,L. Smith,I. Witten,C. Henderson,andS.Cunningham.Towardsthe
digital music library: Tune retrieval from acousticinput. In Digital Libraries
1996, pages11–18,1996.

[12] D. Pelleg andA. Moore. X-means:Extendingk-meanswith efficient estimation
of thenumberof clusters.In ICML 2000, 2000.

[13] L. R. RabinerandB. H. Juang.Fundamentalsof Speech Recognition. Prentice–
Hall, 1993.

[14] Y. Rubner, C. Tomasi,andL. Guibas.TheEarthMover’sDistanceasametricfor
imageretrieval. Technicalreport,StanfordUniversity, 1998.

[15] F. W. YoundandR. M. Hamer. MultidimensionalScaling: History, Theoryand
Applications. Erlbaum,1987.



12 A WELL-KNOWN SONGS

A Well-known Songs

Genre Artist Song
Jazz BobbyMcFerrin Don-tWorry- Be Happy
Jazz LouisArmstrong Hello Dolly
Rock Alanis Morissette You OughtaKnow
Rock Bob Dylan Blowin- in theWind
Rock JohnLennon OhYoko-
Rock Ween I-m HoldingYou

Comedy TomLehrer TheVaticanRag
Comedy Monty Python LumberjackSong
Classical WolfgangAmadeusMozart Requiem
Classical JeanSibelius PelleasetMelisande-Melisande
Techno VariousArtists Believe

Jazz DukeEllington Midrif f
Jazz JohnColtrane SeraphicLight

Country PalaceMusic OhioRiverBoatSong
Vocal FrankSinatra I-veGot You UnderMy Skin
Blues Howlin Wolf RedRooster
Rock R-E-M- Shiny HappyPeople
Rock TheBeatles All My Loving
Rock ArethaFranklin Think
Rock Radiohead Creep
Rock Sting If You Love SomebodySetThemFree
Rock TheBeachBoys Help Me- Rhonda
Rock Bananarama Venus
Rock Madonna Like a Virgin
Rock SpiceGirls Wannabe
Rock ThePolice Messagein a Bottle
Rock Blondie HeartOf Glass
Rock Eagles HotelCalifornia

Country Charley Pride After me,afteryou
Country Don Williams Fly Away
Country RebaMcEntire Betweena Womananda Man

Rap PublicEnemy B SideWins Again
Blues BB King SweetLittle Angel
Blues CelineDion All By Myself

Classical Beethoven Allegretto
Classical Brahms PianoConcertoNo 2 in B flat, Op83
Classical JohannSebastianBach Allegro

Rock ABBA DancingQueen
Jazz Miles Davis Bluesfor Pablo
Jazz Earl Klugh Winter Rain
Jazz Ella Fitzgerald& LouisArmstrong Cheekto Cheek
Jazz NatalieCole As Time GoesBy

Country Kenny Rogers TheGambler
Blues RayCharles Hit TheRoadJack
Rock Art Garfunkel Bright eyes
Rock Neil Diamond SeptemberMorn
World Ravi Shankar, Ali AkbarKhan RagaPalasKafi
World BuenaVistaSocialClub Candela
Folk JoniMitchell CarOn A Hill
Folk SimonAnd Garfunkel BridgeOver TroubledWater

Table7: Songswith genreandartistwhich arevisualizedin Figure2
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