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Tässätyössäkäsitelläänsoitintenautomaattistatunnistusta,tavoitteenarakentaajärjestelmä,
joka pystyy “kuuntelemaan”musiikkiäänitystäja tunnistamaansiitä soittimen.Järjestelmän
testauksessakäytettävämateriaalikoostui5286:staorkesterisoitintentuottamastayksittäisestä
nuotista.Kyseisensoitinjoukonäänenväriäon tutkittu hyvin paljon.Työnkirjallisuustutkimus-
osassatarkastellaantutkimuksia,joissaonanalysoitunäidensoitintenääniä,sekäsoitinakustii-
kan tietämystä.Automaattistaäänilähteidentunnistustakäsittelevän kirjallisuuden kanssa
nämä muodostavat pohjan työn tärkeimmälle osuudelle: kuinka akustisista signaaleista
voidaan irrottaa ihmisten kuulohavainnoille tärkeitä piirteitä.

Työssätoteutettiinja kehitettiinuseitaerilaisiapiirteenirrotusalgoritmejasekähahmontunnis-
tusjärjestelmä,jonka osanaalgoritmejakäytettiin.Järjestelmänsuorituskyky testattiinuseissa
kokeissa.Järjestelmäsaavutti 35% suorituskyvyn kokeessa,jossakäytettiin tietokantaa,joka
sisälsiuseitaesimerkkejä 29 eri soittimesta.Soitinperhetunnistettiinoikein kuudenperheen
välillä 77% testitapauksista.Piirrevektorit tässäkokeessakoostuivat kepstrikertoimista ja
ääntenherätettä,kirkkautta,modulaatioita,asynkronisuuttaja perustaajuuttakuvaavista piir-
teistä.

Järjestelmänsuorituskykyä ja sentekemiäsekaannuksiaverrattiinihmistenkykyihin. Vertailun
perusteellajärjestelmänsuorituskyky on huonompi kuin ihmisten vastaavassatehtävässä
(ihmistentunnistustarkkuudeksion ilmoitettu 46% yksittäisillä soittimilla ja 92% soitinper-
heillä [Martin99]), muttaseonverrattavissamuidenrakennettujenjärjestelmiensuorituskykyi-
hin. Järjestelmätekeesamanlaisiasekaannuksiakuin ihmiset,jotenpiirteenirrotusalgoritmeilla
on onnistuttumittaamaanihmisten havainnoille oleellista informaatiotaakustisistasignaa-
leista.



v

Abstract

TAMPERE UNIVERSITY OF TECHNOLOGY

Department of Information Technology

Institute of Signal Processing

ERONEN, ANTTI: Automatic musical instrument recognition

Master of Science Thesis, 69 pages

Examiners: Prof. Jaakko Astola, MSc Anssi Klapuri

Funding: Tampere University of Technology, Institute of Signal Processing

October 2001

Keywords:Automaticmusicalinstrumentrecognition,soundsourcerecognition,timbrerecog-
nition, audio content analysis, computational auditory scene analysis

This thesisconcernsthe automaticrecognitionof musical instruments,wherethe idea is to
build computersystemsthat “listen” to musicalsoundsand recognizewhich instrumentis
playing.Experimentalmaterialconsistedof 5286singlenotesfrom Westernorchestralinstru-
ments,thetimbreof which have beenstudiedin greatdepth.Theliteraturereview partof this
thesisintroducesthestudieson thesoundof musicalinstruments,aswell asrelatedknowledge
on instrumentacoustics.Togetherwith thestate-of-the-artin automaticsoundsourcerecogni-
tion systems,theseform thefoundationfor themostimportantpartof this thesis:theextraction
of perceptually relevant features from acoustic musical signals.

Severaldifferentfeatureextractionalgorithmswereimplementedanddeveloped,andusedasa
front-endfor a patternrecognitionsystem.The performanceof the systemwasevaluatedin
several experiments.Using featurevectors that included cepstralcoefficients and features
relating to the type of excitation, brightness,modulations,asynchronityand fundamental
frequency of tones,an accuracy of 35 % was obtainedon a databaseincluding several
examplesof 29 instruments.The recognitionof the family of the instrumentbetweensix
possible classes was successful in 77 % of the cases.

The performanceof the systemand the confusionsit madewere comparedto the results
reportedfor humanperception.The comparisonshows that the performanceof the systemis
worse than that of humansin a similar task (46% in individual instrumentand 92% in
instrumentfamily recognition[Martin99]), althoughit is comparableto the performanceof
otherreportedsystems.Confusionsof thesystemresemblethoseof humansubjects,indicating
that the featureextractionalgorithmshave managedto captureperceptuallyrelevant informa-
tion from the acoustic signals.
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1   Introduction

Automaticsoundsourcerecognitionplaysanimportantrole in developingautomaticindexing
and databaseretrieval applications.Theseapplicationshave potential in saving the humans
from time takingsearchesthroughhugeamountsof digital audiomaterialavailabletoday. For
instance,it would be most useful if we could find soundsamplesthat “sound similar” as a
given soundexample. Music contentanalysisin generalhas many practical applications,
including e.g. structuredcoding,automaticmusicalsignal annotation,and musicians’tools.
Automatic musical instrument recognition is a crucial subtaskin solving these difficult
problems,andmay alsoprovide useful information in othersoundsourcerecognitionareas,
suchasspeaker recognition.However, musicalsignalanalysishasnot beenable to attainas
muchcommercialinterestas,for instance,speaker andspeechrecognition.This is becausethe
topics aroundspeechprocessingare more readily commerciallyapplicable,althoughboth
areasareconsideredasbeinghighly complicated.Throughconstructingcomputersystemsthat
“listen”, we mayalsogain somenew insightsinto humanperception.This thesisdescribesthe
constructionand evaluation of a musical instrument recognition system that is able to
recognize single tones played by Western orchestral instruments.

A centralconceptin our study is the quality of sound,i.e. what somethingsoundslike. A
musicalsoundis saidto have four perceptualattributes:pitch, loudness, duration andtimbre.
Thesefour attributesmake it possiblefor a listenerto distinguishmusicalsoundsfrom each
other. Pitch, loudnessand duration are better understoodthan timbre and they have clear
physicalcounterparts.For musicalsounds,pitch is well definedandis almostequalto thefun-
damentalfrequency. Thephysicalcounterpartof loudnessis intensity, which is proportionalto
thesquareof theamplitudeof theacousticpressure.Thethird dimension,perceivedduration,
correspondsquitecloselyto thephysicaldurationwith tonesthatarenot very short.Timbreis
the leastunderstoodamongthe four attributes.Traditionally, timbre is definedby exclusion:
the quality of a soundby which a listenercantell that two soundsof the sameloudnessand
pitch are dissimilar [ANSI73]. We are fortunatein the sensethat many psychoacousticians
have exploredthe underlyingacousticpropertiesthat causedifferentsoundquality, or timbre
sensations.Basedon this information,andaddingtheknowledgeaboutthephysicalproperties
of soundproducinginstruments,we cantry to constructalgorithmsthatmeasurethis informa-
tion from digitally stored acoustic signals.

Systemshave beenbuilt that try to extract perceptuallyrelevant information from musical
instrumentsoundsandrecognizetheir sources.However, theimplementedsystemsarestill far
from beingapplicableto real-world musicalsignalsin general.Most of the systemsoperate
either on isolated notes or monophonicphrases.Brown has shown that it is possibleto
recognizefour woodwind instrumentsin monophonicrecordingswith an accuracy that is
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comparableto humanabilities[Brown99].Marquesconstructeda systemcapableof discrimi-
natingbetweeneight instrumentswith 70% accuracy. Martin’s systemrecognizeda wider set
of instruments,although it did not perform as well as human subjectsin the sametask
[Martin99]. Generally, whenthe amountof instrumentsis increased,humansoutperformthe
machinesespeciallyin recognizingmusicalinstrumentfamilies, i.e., higher-level instrument
categories.

Musicalinstrumentrecognitionis relatedto many otherfieldsof research.Themethodsusedin
implementingmusical instrumentrecognition systemsare drawn from different technical
areas.The preprocessingand featureextraction techniquescan be taken from speechand
speaker recognition.Commonly, classificationis performedwith statisticalpatternrecognition
techniques. Also neural networks and other soft computing techniques have been applied.

Musical instrumentrecognitionandsoundsourcerecognitionin generalareessentialpartsof
computationalauditorysceneanalysis(CASA). In this field, the goal is to analyzecomplex
acousticenvironments,including the recognitionof overlappingsoundevents,andthustheir
sources.In musicalsynthesis,themodelparametersareoftenanalyzedfrom anacousticsignal.
There might be potential in combining thesetwo fields, using physical model synthesis
parametersfor musicalinstrumentrecognitionandbringingnew methodsfor featureextraction
from musical instrument recognition to physical modeling.

A recentmultimediadescriptionstandardMPEG-7,developedby theMoving PicturesExpert
Group,hastwo differentobjectivesrelatingto instrumentrecognition[Herrera99,Peeters00].
The first, music segmentationaccording to the played instrument,requiresan operating
instrumentrecognitionsystem.The second,segmentationaccordingto perceptualfeatures,
meansthat no universallabelsareassignedto the segments,but the segmentationis accom-
plishedusingsomedistancemetrics,suchasdistancesbetweenfeaturevaluesmeasuringper-
ceptuallyrelevant informationcalculatedfrom the sample.In multimediaapplications,some
higherlevel informationis likely to beavailable,suchasstructuralandsemanticinformation,
temporal data, notes, chords or scales.

1.1   Motivation for this work

This researchoriginatedfrom theneedto build a functionalblock into anautomatictranscrip-
tion systembeingconstructedat the Instituteof SignalProcessingat TampereUniversity of
Technology. Theprojectwasinitiatedby AnssiKlapuri who hasdescribedthe initial stepsin
his MSc thesis[Klapuri98], andthecurrentstateof theprojecthasbeenrecentlypresentedin
[Klapuri00, Klapuri01a,Klapuri01b]. The latestpaperalso describesthe first stepstowards
integratingautomaticmusicalinstrumentrecognitioninto the otherblocksof the transcriber.
Whencomplete,thisapplicationshouldbeableto transformanacousticsignalinto asymbolic
representation consisting of notes, their pitches, timings and the instrument label.

The secondmotivation relatesto the moregenericproblemof soundsourcerecognitionand
analysisof auditoryscenes.Theideais to compilea toolboxof genericfeatureextractorsand
classificationmethodsthatcanbeappliedto avarietyof audiorelatedanalysisandunderstand-
ing problems.In fact, someof the methodsimplementedfor this study and the knowledge
gained have been already used in [Peltonen01b].
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1.2   Defining the problem and selecting an approach

Thereexistsanenormousvarietyof musicalinstrumentsin theworld. In practicalapplications,
we naturally train the systemwith the classesof instrumentsthat are most likely for that
particularapplication.In this thesis,Westernorchestralinstrumentsare considered.This is
done for two reasons.First, the timbre of theseinstrumentshas beenextensively studied,
providing insightsinto theinformationthatmakesrecognitionpossibleandshouldthereforebe
attemptedto extract from the sounds.Second,recordingsof theseinstrumentsare easily
available,whereasin the casesof moreexotic instrumentswe would first have to make the
databases.

In definingthe musicalinstrumentrecognitiontask,several levels of difficulty canbe found.
Monophonicrecognitionrefersto therecognitionof solomusicor solonotes,andis themost
often studied.This study usesisolatednotesas test materialmainly becausesampleswith
annotationswereavailablewith areasonableeffort, andtherewerepublishedisolatednoterec-
ognitionsystemswith which theperformancecouldbecompared.However, this canbegener-
alizedto monophonicphrasesby introducinga temporalsegmentationstage.We presentalso
analternative approachusingGaussianmixturemodelsthatdoesnot requireexplicit segmen-
tation into notes.

Polyphonicrecognitionhasreceivedmuchfewerattempts.It is notevenclearhow theproblem
shouldbe approached.One way would be to separatethe soundsof individual instruments
from the mixture and then classify them individually using algorithms developed for
monophonicrecognition.In this case,thepolyphonicmusicalinstrumentrecognitionproblem
would culminateinto reliable soundseparation,and the main task of the recognizerblock
would be to cope with possibly corruptedseparatedsounds.This is the approachwe will
pursue.However, theseparationapproachhasreceivedsomecriticism, too. It hasbeenargued
than humansdo not separatea single musical instrumentfrom a mixture but more or less
consideramixtureof musicalsoundsasawhole[Scheirer00].Sincethereexistsalgorithmsfor
polyphonic pitch estimation [Klapuri01], separation of concurrent harmonic sounds
[Virtanen01],andrecognitionof musicalinstrumentsfrom theseparatedtones[Eronen01],it is
natural to try the separation approach.

1.3   Organization of this thesis

In Chapter2, we describea literaturereview on automaticmusicalinstrumentrecognitionand
relatedfields of interest.Chapter3 presentsan overview of the implementedsystemand
discussesthe selecteddesignphilosophy. Chapter4 is devoted to the descriptionof feature
extraction algorithms, which include both common front-ends in different audio content
analysisapplications,andalgorithmsdevelopedfor this thesis.Following theflow of informa-
tion in therecognitionsystem,Chapter5 describestheback-endof thesystem,which consists
of alternative classificationalgorithms.In Chapter6, thesystemis evaluatedin differenttasks,
andits performanceis comparedto reportedsystemsandhumanabilities.Finally, Chapter7
summarizes the observations made in this study and suggests some directions for future work.
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2   Literature review

A literature review was conducted, studying the automatic musical instrument recognition
literature and the relating fields of interest. Quite soon it became apparent that we have to go
deeper than just the existing feature extraction algorithms and classification techniques for
musical instrument recognition, because the field was, and still is, an immature one. In addition
to machine hearing, pattern recognition, and digital signal processing, the foundation of this
work relies on studies in psychoacoustics and instrument acoustics.

The reasons why human perception is studied in some depth in this thesis are well motivated.
Audition reveals what is relevant and irrelevant, and tells about the subjective importance of
certain properties. Considering human perception in musical applications is especially
important, since musical sounds are designed merely for human audition. Finally, the auditory
system is very successful; thus it operates as a benchmark for sound understanding systems. If
we could imitate the performance of human audition, we would do extremely well [Ellis01].

We start with a discussion on the current knowledge on how humans recognize sound sources.
Then we introduce the first benchmark for our system: studies on the human abilities in recog-
nizing musical instruments. Based on the human abilities, we then present criteria for the
evaluation of sound source recognition systems, and then introduce the current state-of-the-art
in sound source recognition. This is followed by a short comparison to human abilities. The
next topic considers about what is the relevant and irrelevant in sounds; first the dimensions
affecting sound quality are discussed. Then, we present a model of sound production in order
to find explanations on what causes these properties, and describe the musical instruments as
sound producing objects. The literature review is concluded with a discussion on several per-
ceptually salient acoustic features that can be used for musical instrument recognition, drawn
from the human perception experiments and known acoustic properties of musical instruments.

2.1   Psychoacoustics of sound source recognition

Many events and objects can be recognized based on the produced sound alone. Recognition
means that what is currently being heard corresponds in some way to something that has
already been heard in the past [McAdams93], as for example, when a voice on the telephone,
or the footsteps of someone walking down the hall, or a piece of music on the radio are each
recognized. However, little is known about how the human sound source recognition actually
works [Martin99]. In the following, we will look at some of the ideas presented on how
humans perceive sounds and what makes it possible for us to recognize sound sources.

The basic problem in sound source recognition is contextual variation. Sound waves produced
by a certain source are different produced at each event. If they were similar, then the recogni-
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tion couldtake placesimply by comparingthewavesinto somecharacteristictemplatesstored
into memory. In therealworld, thewavesproducedatdifferenttimesareverydifferent.This is
dueto thefact that thephysicalprocessgeneratingthesoundis very seldomexactly thesame
at different times. In addition, the position of a sourcewith respectto a listener, and the
acoustic characteristics of the environment affect the sound waves.

The listenermustuseinformationthat is characteristicto a sourceandremainsconstantfrom
one time to another. We call this information acoustic invariants [Handel95,McAdams93,
Martin99]. Soundproducingobjectshave acousticproperties,which are the result of the
productionprocess.Thesepropertiesenableus to recognizesoundsourcesby listening.The
propertiesincludee.g.the typeof excitation, thephysical construction,thematerials,andthe
shapeandsizeof the resonancestructures.The type of excitation variesfrom instrumentto
another, and has significant influence on the sound. The resonancestructuresaffect the
spectrumof the resultingsound,the temporaldevelopmentof spectralpartials,andsoon. By
using featuresthat are affected by the invariants,it is possibleto move backwards to the
invariants themselves, and to the identity of the sound source [Martin99].

However, the situationis complicatedby a few things.The acousticpropertiesevolve over
time, typically quiteslowly andcontinuously. Theauditoryworld is transparentandlinear;the
soundwavesfrom differentsourcesaddtogetherandform largersoundsources.For example,
the sound of an orchestra is a mixture of the sounds of all the instruments. [Handel95]

Recognitionrequireslearnedexperience.An auditory perceptis evoked by acousticwaves,
which are the result of the physical processesof the source.We humanstend to hear the
processthat hasgeneratedthe sound,or “see throughthe sound” into the soundgenerating
mechanism.But for the sake of coping with environmental variation and changesin the
productionprocesses,we needto learn the connectionbetweendifferentacousticproperties
andtheir sources.We learn,for instance,how differentenvironmentsaffect somesound.Then,
the final recognitionis obtainedby matchingthe information in the soundheardwith some
representation in the long term memory, i.e. a lexicon of sound forms [McAdams93].

McAdamspresentsrecognitionasa multistageprocessillustratedin Figure1 [McAdams93].
He hypothesizesthatthelink betweentheperceptualqualitiesof thesoundsource,its abstract
representationin memory, its identity andthemeaningsandassociationswith otherobjectsin
the environment is a result of a sequentialprocesswith somefeedbackconnections.In the
following, we will briefly discuss the steps in McAdams’s model.

The first stage,sensorytransductioninvolves the transmissionof acousticvibration to the

sensory
transduction

auditory
grouping

analysis of
features

matching
with lexicon

meaning and
significance

lexicon of
names

Recognition

Figure 1. Stages of auditory processing in sound source recognition (after [McAdams93]).
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cochlea,which is a shell-shapedorganin theinnerear. Thecochleaperformsinitial frequency
analysisanddynamiccompression.Acousticvibrationis transmittedto amembraneinsidethe
cochlea,namely basilar membrane,of which different frequenciesof the input signal set
differentpartsinto motion. From the basilarmembrane,the movementat differentpoints is
transducedinto neuralimpulsesthat aresentthroughthe auditorynerve to the brain. In the
auditory grouping phase,the streamof input information is then processedinto separate
auditory representations,one for eachsoundsourcein the environment [Bregman90].This
meansthatthecomponentsconstitutingthesoundof eachsourcearesegregatedfrom theinput
information(which describesthe whole soundmixture), andthe componentsbelongingto a
certainsoundsourceareintegratedinto a group.Now we have representationsfor the sound
sources,andanalysisof featurescanbegin. It is supposedthat in this stage,thebrainprogres-
sively analyzes the perceptual features relevant to listening at a given moment.

By this point, the initial auditory representationhasbeenchangedinto a group of abstract
propertiescharacterizingtheacousticinvariantsof eachsource,suchasthespectral,temporal
or onsetcharacteristics.In thephaseof matchingwith auditorylexicon, the input representa-
tion is matchedto classesof similar soundsourcesandeventsin memory, andthestimulusis
recognizedastheclassgiving thebestmatch.In thenext phase,informationof theclasswith
respectto thesituation,or context, andthelisteneris available,makingit possibleto reactto an
unknown sound,for example.If a verbaldescriptionis known for suchanevent,thefinal rec-
ognition is obtained as a name for the sound source from a verbal lexicon of names.

The feedbackloopsin Figure1 arerequiredto explain somephenomenain auditorypercep-
tion. For example,one’sown nameis easilyrecognizedevenfrom averynoisybackground,or,
a muchbettersignal-to-noiseratio is requiredfor understandingforeign languagesthanone’s
own native language.Oneof the bestexamplesis phonemicrestoration,meaningthat words
with corruptedor removedphonemesareheardasif they werenot corruptedat all. Bregman
refers to theseeffects as schema-basedprocessing,meaninginfluencefrom later stagesof
processing to auditory grouping and to analysis of features [Bregman90].

2.2   Human accuracy in musical instrument recognition

This sectionreviews somemusical instrumentrecognitionexperimentsmadewith human
subjects.Unfortunately, only a few researchershave usedrealistic stimuli for the listening
experiments;the reportedstudieshave mainly usedisolatednotesfrom few instrumentsand
with very limited number of pitches (often from the same pitch).

In [Brown01],Brown summarizestherecognitionaccuraciesin somehumanperceptionexper-
iments. The percentageof correct identificationsand the numberof instrumentsusedare
presentedin Table1. The five earlieststudieshave usedisolatedtones,the five most recent
have usedmonophonicphrases[Campbell78,Kendall86,Brown99,Martin99,Brown01]. We
will now discussthe two most recentstudiesin more detail. The first includespreliminary
resultsfrom a listening test conductedby Houix, McAdams and Brown [Brown01]. They
conducteda free identificationexperiment,wherefifteenmusicianswereasked to classify60
samplesinto categories,whosenumberwasnot told beforehand.Thematerialconsistedof solo
musicexcerptsof the oboe,saxophone,clarinetandflute, which wereon the averagea few
secondsin duration.Theobtainedrecognitionpercentageswere87for theoboe,87 for thesax,
71 for the clarinet, and 93 for the flute. The average recognition accuracy was 85%.
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With regard to our computer simulations in Chapter 6, the studies reported in [Martin99] are
the most relevant. Martin conducted two listening experiments with a wide range of instru-
ments and samples. Fourteen subjects participated in Martin’s test, all of whom were either
performing musicians or other musical experts. In the first test, 137 isolated notes from the
McGill collection [Opolko87] were used, including tones at ten different pitches. The subjects
were asked to select the instrument among 27 possibilities. Fourteen instruments were
included in the test set: violin, viola, cello, double bass, flute, piccolo, oboe, English horn,
bassoon, b-flat clarinet, trumpet, French horn, tenor trombone and tuba. In this test, the overall
recognition accuracy was 46 % for individual instruments, and 92 % for instrument families.
Martin’s instrument families were the strings, brass, double reeds, clarinets and flutes. In the
second experiment using 10-second excerpts, the accuracies increased to 67 % and 97 % with
individual instruments and families, respectively. In this test, examples of 19 instruments were
included in the test set.

In Martin’s isolated tone test, the subjects often made confusions within the instrument
families. In the string family, there were confusions between the violin and viola, the viola and
cello, and the cello and double bass [Martin99, pp. 125]. Within the flute family, the flute was
confused as alto flute, and the piccolo as flute. The oboe as b-flat clarinet, English horn as
oboe, bassoon as contrabassoon, and b-flat clarinet as oboe were common within the
woodwind family (Martin divided these into double reeds and clarinets, though). Within the
brass family, the most frequent confusions were as follows: trumpet as cornet, French horn as
trumpet or tenor trombone, tenor trombone as bassoon or French horn, and tuba as French horn
or tenor trombone. In instrument family classification, the recognition accuracies were best for
the strings and flutes [Martin99, pp. 127].

Table 1: Summary of recognition accuracies in human perception experiments (after
[Brown01]).

Study
Percentage

correct
Number of instruments

[Eagleson47] 56 9

[Saldanha64] 41 10

[Berger64] 59 10

[Clark64] 90 3 flute, clarinet and oboe

[Strong67] 85 8

[Campbell78] 72 6

[Kendall86] 84 3 trumpet, clar. and violin

[Brown99] 89 2 oboe and sax

[Martin99] isolated tones 46 27

10-second excerpts 67 27

[Brown01] 85 4 oboe, sax, clar. and flute
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In solo segments, the subjects made very few confusions outside families, as indicated by the
high average family recognition accuracy (97 %). The confusions within the families were
between the violin and viola, oboe and English horn, and between the saxophones. In addition,
the alto and tenor trombone were confused as the French horn. The only instrument family
recognized under 90 % accuracy was the double reeds.

2.3   Sound source recognition systems

This section first presents criteria for evaluating sound source recognition systems, and then
reviews some of the most relevant systems.

Criteria for system evaluation

Martin has presented several criteria for evaluating sound source recognition systems
[Martin99]. First, the systems should be able to generalize, i.e. different instances of the same
kind of sound should be recognized as similar. Systems should be robust, they should be able
to work with realistic recording conditions, with noise, reverberation and even competing
sound sources. Scalability means that the system should be able to learn to recognize
additional sound sources without decrement in performance. In addition, when the conditions
become worse, the performance of systems should gradually degrade. A system should be able
to introduce new categories as necessary, and refine the classification criteria as it gains more
“experience”. Finally, the simpler out of two equally accurate systems is better.

Environmental sound recognition

Let us start with the most general case: recognition of environmental sounds and sound effects.
It is a very broad field, however, here we will review only a couple examples. Klassner’s Sound
Understanding Testbed (SUT) was built to recognize specific household and environmental
sounds [Klassner96]. It was a trial application for the Integrated Processing and Understanding
of Signals (IPUS) architecture [Lesser95], which simultaneously searches for an explanation
of a signal and a suitable front-end configuration for analyzing it. SUT had a library of 40
sounds, from which models were derived by hand. The test material was constructed by
placing four independent sounds from the library on a five-second recording, and the system’s
task was to recognize which event happened and when. Depending on whether all models were
used as references, or just the ones actually put on the recording, the accuracies were 59 % and
61 %, respectively.

Zhang and Kuo tested a query-by-example scheme for the recognition of sound effects
[Zhang00]. The sound effect classes were such as applause, footstep, explosion and raining.
With 18 sound effect classes, a performance of 86 % was reported. Dufaux et.al. used hidden
Markov models (HMM) for classifying six different classes of impulsive sounds: door slams,
glass breaks, human screams, explosions, gun shots, and stationary noises [Dufaux00]. Their
front-end consisted of a median-filter based detection stage, and a uniform frequency
resolution filterbank whose channel energies were used as features. With a database consisting
of 822 sounds, the system was rather robust towards Gaussian noise. It achieved a recognition
rate of 98 % at 70 dB signal-to-noise ratio (SNR), and 80 % at 0 dB SNR.

Several systems have tried to recognize vehicles, or other sources of noise. Wu et.al. used
features derived from a power spectrum via the principal component analysis (PCA) to cluster
car, truck and motor cycle sounds [Wu98]. They did not report any recognition rates, but the
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system managed to cluster the sounds from different classes into separable clusters using a
small database. Jarnicki et.al. used a filterbank front-end as an input to a nearest neighbour
classifier [Jarnicki98]. Their system was capable of classifying between military vehicles,
transporters and civilian vehicles with over 90 % accuracy. However, little details were given
on the amount of testing and training material. A more advanced system was built by Gaunard
et.al [Gaunard98]. They used a database of 141 noise events for training, and 43 events for
testing. Their classes were car, truck, moped, aircraft and train. Linear prediction (LP) cepstral
coefficients, or a 1/3-octave filterbank were used as a front-end for a HMM classifier. The best
reported recognition accuracy (95 %) was obtained using ten LP cepstral coefficients and a
five-state HMM. The system performed slightly better than six human subjects in a listening
test using a subset of the same material.

The problem with environmental sound source recognition systems is that they operate with a
very limited set of sounds, while they should be able to handle an enormous variety of different
sound sources. Nevertheless, the field is important. Successful computational auditory scene
analysis will require the recognition of individual sound sources in the mixture. Recently,
Peltonen et.al. presented a human perception experiment concerning a subtask of CASA,
where the task was to recognize the acoustic context in which the recording has been made
without necessarily interpreting the sounds of single sources [Peltonen01]. However, the
results of the study showed that for human subjects, single prominent sound events are the
most salient cues for determining the environment.

Human voice recognition

Speaker recognition is the most studied sound source recognition problem [Martin99]. The
human voice recognition task differs from the musical instrument recognition task in various
respects. While the number of different instruments is quite limited, there are millions of
voices. On the other hand, the fundamental frequency range produced by humans is relatively
limited compared to the playing range of most instruments. Nonetheless, a single voice can
produce a much greater variety of sounds than a single instrument [Handel95].

In speaker recognition, the idea is to identify the inherent differences in the articulatory organs
(the structure of the vocal tract, the size of the nasal cavity, and vocal cord characteristics) and
the manner of speaking [Mammone96]. The possible cues for voice identification include the
average fundamental frequency as well as the frequency range and contour of the vocal fold
vibration [Handel95]. Features relating to the vocal tract include the strengths, frequencies and
possibly the bandwidths of the formants, i.e., the resonances of the vocal tract. However, in
practice the implemented systems have utilized only features relating to the vocal tract charac-
teristics.

The features used in speaker recognition systems are usually cepstral coefficients based on
linear prediction or discrete Fourier transform (DFT), and sometimes include the first and
second-order derivatives of these coefficients over time. With the LP coefficients, there is a
strong theoretical motivation for modeling the vocal tract as an all-pole filter, as will be seen
later in this chapter.

The objective of speaker recognition may be recognition or verification. In the latter, the task is
to verify if the person is the one he or she claims to be. The recognition task can be further
divided into text-dependent or text-independent with regard of the possible vocabulary. The
first approach for speaker recognition used long term average statistics derived from frame-
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based features, with the motivation that averaging would discard the phonemic variations and
retain only the speaker dependent component. In practice, however, speaker dependent infor-
mation is lost, too. More recent methods aim at comparing the features between similar
phonetic sounds within the training and test sets. This is achieved either via explicit segmenta-
tion; using a HMM based continuous speech recognizer as a front-end, or through implicit seg-
mentation. The latter method is the most commonly used today, and it involves unsupervised
clustering of acoustic features during training and recognition. The most commonly used sta-
tistical model is the Gaussian mixture model (GMM). Potential fields of further research in
speaker recognition are the use of fundamental frequency information and the speech rhythm.

The problems is speaker recognition include that the performance of systems suffers when
acoustic conditions vary from those during testing [Murthy99, Alonso00]. The performance
also suffers as interfering sounds are mixed with the speech signal, or when the population size
grows [Reynolds95]. As an example, Reynolds reported a system that used 20 mel-frequency
cepstral coefficients calculated in 20-ms frames, and used GMMs as the back-end
[Reynolds95]. With clean recordings, including only one recording of a particular speaker, the
recognition performance was almost perfect for a population of 630 speakers. But under
varying acoustic conditions, e.g. using different handsets during training and testing, the per-
formance suffered. With 10 talkers, an accuracy of 94 % was reported, and with 113 talkers,
the accuracy was 83 %. However, speaker recognition systems are still the ones closest to
practical applicability among the areas of sound source recognition, and the methods are the
most developed.

2.4   Musical instrument recognition systems

Various attempts have been made to construct automatic musical instrument recognition
systems. Researchers have used different approaches and scopes, achieving different perfor-
mances. Most systems have operated on isolated notes, often taken from the same, single
source, and having notes over a very small pitch range. The most recent systems have operated
on solo music taken from commercial recordings. Polyphonic recognition has also received
some attempts, although the number of instruments has still been very limited. The studies
using isolated tones and monophonic phrases are the most relevant in our scope.

Generation of timbre spaces

A number of experiments has been done in order to generate timbre spaces (i.e. to cluster
musical sounds into some space having perceptually relevant dimensions) with techniques
attempting to model the human auditory system. These can be considered as relating to
instrument recognition. They have hardly shown any performance for actual classification of
musical instruments, but give an idea of what could be achieved with this approach. Many of
these studies have usually used an auditory model of some kind as an input to a Kohonen self-
organizing map (SOM) [Feiten91, DePoli93, Cosi94, Feiten94, Toiviainen95, Toiviainen96,
Depoli97]. For instance, De Poli and Prandoni used mel-frequency cepstral coefficients
calculated from isolated tones as inputs to a SOM, with their aim to construct timbre spaces
[Cosi94, DePoli97]. One tone per instrument was used, all of the same pitch. Six mel-
frequency cepstral coefficients (MFCC) from a 27-band filterbank were used as an input to the
SOM. In some cases, dimensionality was reduced with principal component analysis (PCA). In
[Cosi94], also some other features were used. Unfortunately, the actual performance in classi-
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fying the tones was not reported. Feiten and Guntzel trained a Kohonen SOM with spectral
features from 98 tones produced by a Roland Sound Canvas synthesizer. The authors suggest
that the system can be used for retrieval applications, but provide no evaluable results
[Feiten94].

Recognition of single tones

These studies have used isolated notes as test material, with varying number of instruments and
pitches.

Studies using one example of each instrument

Kaminskyj and Materka used features derived from a root-mean-square (RMS) energy
envelope via PCA and used a neural network or a k-nearest neighbor (k-NN) classifier to
classify guitar, piano, marimba and accordion tones over a one-octave band [Kaminskyj95].
Both classifiers achieved a good performance, approximately 98 %. However, strong conclu-
sions cannot be made since the instruments were very different, there was only one example of
each instrument, the note range was small, and the training and test data were from the same
recording session. More recently, Kaminskyj ([Kaminskyj00]) has extended the system to
recognize 19 instruments over three octave pitch range from the McGill collection [Opolko87].
Using features derived from the RMS-energy envelope and constant-Q transform ([Brown92]),
an accuracy of 82 % was reported using a classifier combination scheme. Leave-one-out cross
validation was used, and the pitch of the note was provided for the system and utilized in
limiting the search set for training examples.

Table 2: Summary of recognition percentages of isolated note recognition systems using
only one example of each instrument.

Study
Percentage

correct
Number of instruments

[Kaminskyj95] 98 4 guitar, piano, marimba and
accordion

[Kaminskyj00] 82 19

[Fujinaga98] 50 23

[Fraser99] 64 23

[Fujinaga00] 68 23

[Martin98] 72 (93) 14

[Kostek99] 97 4 bass trombone, trombone,
English horn and contra bassoon

81 20

[Kostek01] 93 4 oboe, trumpet, violin, cello

90 18
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Fujinaga and Fraser trained a k-NN with features extracted from 1338 spectral slices of 23
instruments playing a range of pitches [Fujinaga98]. Using leave-one-out cross validation and
a genetic algorithm for finding good feature combinations, a recognition accuracy of 50 % was
obtained with 23 instruments. When the authors added features relating to the dynamically
changing spectral envelope, and velocity of spectral centroid and its variance, the accuracy
increased to 64 % [Fraser99]. Finally, after small refinements and adding spectral irregularity
and tristimulus features, an accuracy of 68% was reported [Fujinaga00]. Martin and Kim
reported a system operating on full pitch ranges of 14 instruments [Martin98]. The samples
were a subset of the isolated notes on the McGill collection [Opolko87]. The best classifier was
the k-NN, enhanced with the Fisher discriminant analysis to reduce the dimensions of the data,
and a hierarchical classification architecture for first recognizing the instrument families.
Using 70 % / 30 % splits between the training and test data, they obtained a recognition rate of
72 % in individual instrument, and after finding a 10-feature set giving the best average perfor-
mance, an accuracy of 93 % in classification between five instrument families.

Kostek has calculated several different features relating to the spectral shape and onset charac-
teristics of tones taken from chromatic scales with different articulation styles [Kostek99]. A
two-layer feed-forward neural network was used as a classifier. The author reports excellent
recognition percentages with four instruments: the bass trombone, trombone, English horn and
contra bassoon. However, the pitch of the note was provided for the system, and the training
and test material were from different channels of the same stereo recording setup. Later,
Kostek and Czyzewski also tried using wavelet-analysis based features for musical instrument
recognition, but their preliminary results were worse than with the earlier features [Kostek00].
In the most recent paper, the same authors expanded their feature set to include 34 FFT-based
features, and 23 wavelet features [Kostek01]. A promising percentage of 90 % with 18 classes
is reported, however, a leave-one-out cross-validation scheme probably increases the recogni-
tion rate. The results obtained with the wavelet features were almost as good as with the other
features.

Table 2 summarizes the recognition percentages reported in isolated note studies. The most
severe limitation of all these studies is that they all used only one example of each instrument.
This significantly decreases the generalizability of the results, as we will demonstrate with our
system in Chapter 6. The study described next is the only study using isolated tones from more
than one source and represents the state-of-the-art in isolated tone recognition.

A study using several examples of each instrument

Martin used a wide set of features describing the acoustic properties discussed later in this
chapter, which were calculated from the outputs of a log-lag correlogram [Martin99]. The
classifier used was a Bayesian classifier within a taxonomic hierarchy, enhanced with context
dependent feature selection and rule-one-category-out decisions. The computer system was
evaluated with the same data as in his listening test which we already reviewed in Section 2.2.
In classifying 137 notes from 14 instruments from the McGill collection, and with 27 target
classes, the best accuracy reported was 39 % for individual instrument, and 76 % for
instrument family classification. Thus, when a more demanding evaluation material is used, the
recognition percentages are significantly lower than in the experiments described above.
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Recognition of monophonic phrases

The four following systems have operated on solo music taken from commercial recordings.

A study using one example of each instrument

Dubnov and Rodet used cepstral and delta cepstral coefficients which were calculated from 18
musical pieces from as many instruments [Dubnov98]. The sequence of features was first
vector quantized and then fed to a statistical clustering algorithm. The clustering results were
promising since the features from different instruments were clustered into different clusters,
however the authors do not report any quantitative recognition rates.

Studies using several examples of each instrument

The following three systems represent the state-of-the-art in monophonic musical instrument
recognition. They all used material taken from compact disks, and several different examples
of each instrument were included. Marques built a system that recognized eight instruments
based on short segments of audio taken from two compact disks [Marques99]. The instruments
were bagpipes, clarinet, flute, harpsichord, organ, piano, trombone and violin. Using very
short, 0.2-second segments she reported an accuracy of 70 % using 16 mel-frequency cepstral
coefficients and a support vector machine as a classifier. In classifying 2-second segments, the
classification accuracy increased to 83 %.

Brown has used speaker recognition techniques for classifying between oboe, saxophone, flute
and clarinet [Brown01]. She used independent test and training data of varying quality taken
from commercial recordings. By using a quefrency derivative of constant-Q coefficients she
obtained an accuracy of 84 %, which was comparable to the accuracy of human subjects in a
listening test conducted with a subset of the samples. Other successful features in her study
were cepstral coefficients and autocorrelation coefficients. In an earlier study, her system
classified between oboe and saxophone samples with a 94 % accuracy [Brown99].

Martin evaluated his system, which we just described above, with 10-second excerpts from
solo recordings. The conditions were the same as in the listening test in Section 2.2: 19
different instruments in the test set, and a forced choice between 27 instruments. The best
reported accuracies were 57 % in individual instrument, and 75 % in instrument family classi-

Table 3: Summary of recognition accuracies in experiments using monophonic phrases

Study
Percentage

correct
Number of instruments

[Dubnov98] not given 18

[Marques99] 0.2 seconds 70 8

2 seconds 83 8

[Brown99] 94 2 oboe, saxophone

[Brown01] 84 4 oboe, sax, flute and clarinet

[Martin99] 57 (75) 27
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fication. The system outperformed three out of the fourteen subjects in the listening tests.

Table 3 summarizes the results from studies using solo phrases. The two remaining tasks in
musical instrument recognition are content based retrieval, and polyphonic recognition, which
are now briefly introduced.

Content based retrieval

The MPEG-7 standard presents a scheme for instrument sound description, and it was
evaluated in a retrieval task as a collaboration between IRCAM (France) and IUA/UPF (Spain)
in [Peeters00]. The evaluated features, or descriptors in MPEG-7 terminology, were calculated
from a representation very similar to our sinusoid envelopes, which are later discussed in
Chapter 4. The authors performed an experiment, where random notes were selected from a
database of sound samples, and then similar samples were searched using the descriptors, or
just random selection. The subjects were asked to give a rating for the two sets of samples
selected in the alternative ways. A “mean score” of approximately 60 % was obtained using
one descriptor, and approximately 80 % when using five descriptors.

Polyphonic recognition

In the field of CASA, interesting work has been done that can be considered as first polyphonic
musical instrument recognition systems. Godsmark and Brown used a “timbre track” represen-
tation, in which spectral centroid was presented as a function of amplitude to segregate
polyphonic music to its constituent melodic lines [Godsmark99]. In assigning piano and
double bass notes to their streams, the recognition rate was over 80 %. With a music piece
consisting of four instruments, the piano, guitar, bass and xylophone, the recognition rate of
their system decreased to about 40 %. However, the success of this task depends also on other
metrics. Nevertheless, the results are interesting.

The work of Kashino et.al. in music transcription involves also instrument recognition. In
[Kashino95], a system transcribing random chords of clarinet, flute, piano, trumpet and violin
with some success was presented. Later, Kashino and Murase have built a system that tran-
scribes three instrument melodies [Kashino98, Kashino99]. Using adaptive templates and
contextual information, the system recognized three instruments, violin, flute and piano with
88.5 % accuracy after the pitch of the note was provided. More recently, the work was
continued by Kinoshita et.al. [Kinoshita99]. The authors presented a system that could handle
two note chords with overlapping frequency components using weighted template-matching
with feature significance evaluation. They reported recognition accuracies from 66 % to 75 %
with chords made of notes of five instruments.

Although the number of instruments in these studies has still been quite limited, these systems
present the state-of-the-art when multiple simultaneous sounds are allowed. The task is
definetely more challenging than monophonic recognition, and using only a few instruments
makes the problem addressable with a reasonable effort.

Discussion

Based on the discussion here, the problem in assessing the performance musical instrument
recognition systems is that there is great variation in the methods of evaluation. Only few
systems have used material that includes several examples of a particular instrument recorded
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in different environments. There is no guarantee of the ability to generalize with those systems
that use material from a single source for training and testing. Unfortunately, the evaluation of
musical instrument recognition systems will be difficult until there exist publicitly available
databases, on which tests can be made. The McGill collection [Opolko87] is commonly used,
unfortunately it includes only solo tones and one example of each instrument, and therefore
poses only a minor challenge for recognition systems if used as the only source for evaluation
data.

For these reasons, drawing conclusions of the relative performance of various features and
classification methods is also difficult. The only feature reported succesful in all experiments
that have used it are the mel-frequency cepstral coefficients. However, good results have been
obtained without using cepstral features at all in [Martin99]. In Chapter 6, we experimentally
evaluate a wide selection of the features used in these studies in a solo tone recognition task.
The effect of classification methods on the recognition performance is probably minor
compared to the effect of features, as has been reported for example in the field of speech/
music discrimination [Scheirer97].

2.5   Comparison between artificial systems and human abilities

The current state-of-the-art in artificial sound source recognition is still very limited in its
practical applicability. Under laboratory conditions, the systems are able to successfully
recognize a wider set of sound sources. However, if the conditions become more realistic, i.e.
the material is noisy, recorded in different locations with different setups, or there are interfer-
ing sounds, the systems are able to successfully handle only a small number of sound sources.
The main challenge for the future is to build systems that can recognize wider sets of sound
sources with increased generality and in realistic conditions [Martin99].

In general, humans are superior with regard to all the evaluation criteria presented in
Section 2.3 [Martin99]. They are able to generalize between different pieces of instruments,
and recognize more abstract classes such as bowed string instruments. People are robust recog-
nizers because they are able to focus on a sound of a single instrument in a concert, or a single
voice within a babble. In addition, they are able to learn new sound sources easily, and learn to
become experts in recognizing, for example, orchestral instruments. The recognition accuracy
of human subjects gradually worsens as the level of background noise, and interfering sound
sources increases.

Only in limited contexts, such as discriminating between four woodwind instruments,
computer systems have performed comparable to human subjects [Brown01]. With more
general tasks, a lot of work needs to be done.

2.6   Perceptual dimensions of timbre

The most essential question with regard to human perception here is: what are the qualities in
musical instrument sounds making the recognition of their sources possible. There are four
main dimensions in sounds; pitch, loudness, duration, and timbre.

The fourth dimension, timbre, or sound “colour”, is the most vague and complex of these
dimensions. It is defined as something that enables discrimination when the three other
dimensions are equal. Based on the current knowledge, timbre is a complex and multidimen-
sional property. It is unlikely that any one property or a fixed combination of properties
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uniquely determines timbre. A considerable amount of effort has been done in order to find the
most salient acoustic attributes affecting the perception of timbre. Some examples include
[Saldanha64, Wedin72, Plomp76, Grey77, Grey78, Wessel79, Iverson93, McAdams95]. Often
these studies have involved multidimensional scaling (MDS) experiments, where a set of
sound stimuli is presented to human subjects, who then give a rating to their similarity or dis-
similarity [McAdams93]. The stimuli usually consists of a small number of tones with equal
pitch, loudness and duration. On the basis of these judgements, a low-dimensional space which
best accommodates the similarity ratings is constructed and a perceptual or acoustic interpreta-
tion is searched for these dimensions. Another technique is discrimination experiments, where
the sound samples are modified in some way and then the subjects are asked whether they can
hear any differences [McAdams93]. If they cannot, the removed property has been irrelevant
with respect to sound quality.

The two acoustic properties described in MDS experiments have usually been spectral centroid
and rise time [Grey77, McAdams93, Handel95, Lakatos00]. The first measures the spectral
energy distribution in the steady state portion of a tone, which corresponds to the perceived
brightness. The second is the time between the onset and the instant of maximal amplitude.
The psychophysical meaning of the third dimension has varied, but it has often related to
temporal variations or irregularity in the spectral envelope. Good reviews over the enormous
body of timbre perception literature can be found in [McAdams93, Handel95]. These available
results provide a good starting point for the search of features to be used in musical instrument
recognition systems.

2.7   A model of sound production

Acoustic properties of sound sources are another source of information on relevant features.
Let us start by considering a model of sound production presented in [Handel95]. It consists of
two, possibly interacting components: the sourceand the filter. The source is excited by energy
to generate a vibration pattern to the source, which is then imposed on the filter. For instance,
in a guitar the vibrating strings are the source, the pluck from the finger is the excitation, and
the body is the filter. The filter acts as a resonator, having different vibration modes. Each
mode affects the spectrum of the sound going through the resonator, causing peaks in the
frequency spectrum at resonant frequencies.

Effects of the excitation and source

The source vibration determines the frequency contents of the sound. The relative amplitude of
frequency partials can be affected by changing the method and strength of excitation. In
plucked strings, the excitation is very short. When plucked with a finger, the high frequencies
are dampened because the pluck is soft. Contrariwise, when a guitar is strongly plucked with a
plectrum, the sound is sharp and bright, with rich spectrum of prominent high frequencies.
With some instruments, the player can vary the source by introducing vibrato, which is
periodic frequency modulation between 4 Hz and 8 Hz [Fletcher98]. For example, a violin
player can push a string downwards onto the fingerboard, and then periodically bend his or her
finger along the direction of the strings, causing the length of the string, and thus the
wavelength of the vibration to vary at the same rate.
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Effects of the filter

The filter has two effects on the resulting sound: it changes both the strength and the time
relations of frequency partials. Each vibration mode of the resonator, or filter, can be character-
ized by its resonance frequency and its quality factor Q. The resonance frequency of each
mode is the frequency at which the amplitude of vibration is at maximum. The value of Q is
defined as the ratio of the system’s resonance frequency to the -3 dB bandwidth of the
frequency response of the mode. Q measures the sharpness of tuning and the temporal
response of a system: the frequency response of a mode with high Q is narrow, and flat for a
mode with low Q.

In addition to causing a hearable boosting at the resonance frequency into the frequency
spectrum of the sound, a resonance with high Q also causes a longer time delay into the signal
components passing through the mode. Generally, as the driving vibrator sharply increases or
decreases its amplitude, so does the amplitude of the mode. In a mode with high Q and sharp
peak in the spectrum, the amplitude of the vibration changes slowlier than the amplitude of the
driving vibrator, thus causing a time delay. This is important, since humans are capable of
hearing even a few millisecond time differences in the amplitude patterns of signal components
[Karjalainen99]. Similarly, the rate of decay as a response to a sudden decrease in the
amplitude of vibration of the source with a mode with high Q is also slower than with a mode
with low Q.

In natural systems, the filter contains a multitude of vibration modes, which are usually at
inharmonic frequencies and each have a different quality factor [Rossing90, Handel95]. In this
case, the modes will have asynchronous temporal patterns, as the modes with low Q reach the
maximum amplitude earlier than modes with high Q. If the damping of all the modes is
roughly equal, then the modes will reach their maximum amplitudes almost simultaneously.

The sound can be changed by altering the filter characteristics. For example, a trumpet player
can use different kinds of mutes to change the resonance characteristics of the tube and the
radiation characteristics of the bell.

The resulting sound

The final sound is the result of the effects caused by the excitation, resonators and radiation
characteristics. In sound producing mechanisms that can be modeled as linear systems, the
transfer function of the resulting signal is the product of the transfer functions of the partial
systems (if they are in cascade), mathematically

, (1)

where and are the z-transforms of the output and excitation signal, respectively, and
are the z-transforms of the N subsystems. This model works well for the human sound

production, however, most musical instruments are characterized by a highly nonlinear
behavior, which will become apparent in the next section. In voice modeling, the excitation is
the vibration at glottis, and the following subsystems are the vocal tract and the reflections at
lips. Correspondingly, the sound of a guitar is the result of the plucking excitation, string
source, bridge resonator, body resonator and the radiation characteristics [Karjalainen99]. The
string, bridge and body resonator are in cascade, but the individual strings in parallel. Actual

Y z( ) X z( ) H i z( )
i 1=

N

∏=

Y z( ) X z( )
H i z( )
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physical modelingof musicalinstrumentsis out of the scopeof this thesis,andan interested
reader is referred to [Välimäki96] for an overview of this field.

2.8   Physical properties of musical instruments

Western orchestralinstrumentshave a representative set of sound types and production
mechanismsthat have certainbasicproperties.Traditionally, the instrumentsaredivided into
threeclasses:thestrings,thebrassandthewoodwinds.Thesoundof theinstrumentmembers
within eachfamily are similar, and often humansmake confusionswithin, but not easily
between,thesefamilies.Examplesincludeconfusingtheviolin andviola, theoboeandEnglish
horn, or the tromboneandFrenchhorn [Martin99]. In the following, we briefly presentthe
differentmembersof eachfamily andtheir physicalbuild. However, in orderto gain a deeper
understandinginto the effects of different sound production mechanisms,AppendixA
discusses the acoustics of musical instruments in more detail.

The strings

Themembersof thestringfamily includetheviolin, viola, cello anddoublebass,in theorder
of increasingsize.Thesefour form a tight perceptualfamily, andhumansubjectsconsistently
make confusionswithin this family [Martin99]. The fifth string instrumentconsideredin this
thesis is the acoustic guitar, which differs from the four other string instruments.

The string instrumentsconsistof a woodenbody with a top andbackplateandsides,andan
extendedneck.The stringsarestretchedalongthe neckandover a fingerboard.At the other
end,thestringsareattachedto thebridgeandat theotherendto thetuningpegswhich control
the string tension.The stringscanbe excited by plucking with fingers,drawing a bow over
themor hitting themwith thebow (martele styleof playing).Thestringsitself movevery little
air, but thesoundis producedby thevibrationof thebodyandtheair in it [Rossing90].They
aresetinto motionby thestringvibrationwhich transmitsto thebodyvia thecouplingthrough
thebridge.Themotionof thetop plateis thesourceof themostof thesound,andis a resultof
theinteractionbetweenthedriving forcefrom thebridgeandtheresonancesof theinstrument
body [Rossing90].

Theacousticguitar is commonlyusedin popularmusic.Its constructionis basicallythesame
asthatof theWesternorchestralstringinstrumentsjustpresented.It is playedby pluckingwith
a finger or with a plectrum.

The brass

The membersof the brassfamily consideredin this thesisinclude the trumpet, trombone,
Frenchhorn,andtuba.The brassinstrumentshave the simplestacousticstructureamongthe
threefamilies.They consistof a long,hardwalledtubewith a flaring bell attachedat oneend.
Thesoundis producedby blowing at theotherendof thetube,andthepitch of theinstrument
canbevariedby changingthelip tension.Theplayercanusemutesto alterthesound,or insert
his hand into the bell with the French horn.

The woodwind

The woodwind family is more heterogeneousthan the string and brassfamilies, and there
existsseveralacousticallyandperceptuallydistinct subgroups[Martin99]. Thesubgroupsare



19

the single reed clarinets, the double reeds, the flutes with an air reed, and the single reed saxo-
phones. In wind instruments, the single or double reed operates in a similar way as the players
lips in brass instruments, allowing puffs of air into a conical tube where standing waves are
then created. The effective length of the tube is varied by opening and closing tone holes,
changing the pitch of the played note. [Fletcher98]

Double reeds

The double reed subfamily consists of the oboe, English horn, bassoon and contrabassoon, in
the order of increasing size. These instruments have a double reed which consists of two halves
of cane beating against each other [Rossing90]. The reed is attached into a conical tube. These
instruments are commonly played with vibrato [Martin99].

Clarinets

The clarinets have a single reed mouthpiece attached to a cylindrical tube [Fletcher98]. There
exists several different sized clarinets, the E-flat, B-flat, bass and contrabass clarinets are the
members considered in this study. The B-flat clarinet is the most common, and the bass and
contrabass clarinets are larger than the B-flat clarinet. The E-flat clarinet is a very small, bright
sounded instrument.

Saxophones

The members of the saxophone family include the soprano, alto, tenor and baritone saxophone.
Although nowadays made of brass, the saxophones are single reed instruments with a conical
bore.

Flutes

The members of the flute or air reed family include the piccolo, flute, alto flute and bass flute in
the order of increasing size. They consist of a more or less cylindrical pipe, which has finger
holes along its length. The pipe is stopped at one end, and has a blowing hole near the stopped
end [Fletcher98].

2.9   Features for musical instrument recognition

This section presents various features that can be used for recognizing musical instruments,
summarizing the observations from constructed recognition systems, timbre studies and
instrument acoustics.

Spectral shape

A classic feature is spectral shape, the time varying relative amplitude of each frequency
partial [Handel95]. Various measures can be used to characterize spectral shape. The spectral
energy distribution measured with the spectral centroid has been an explanation for the results
of many perception experiments [Grey77, Iverson93, Plomp76, Wedin72, Wessel79, Poli97,
Toiv96]. It relates to the perceived brightness of tones [Wessel79], and measures also harmonic
richness. Sounds that have few harmonics sound soft but dark, and those with lots of
harmonics, especially strong high harmonics, have a bright and sometimes sharp tone.

Formants are characteristic for many instruments. Their frequencies would be one character-
ization. However, the exact frequencies are hard to measure reliably, therefore the formant
information is usually represented with an approximation of the smooth spectral envelope. We
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will discuss this in more depth in the description of cepstral analysis algorithms in Chapter 4.

Variance of component amplitudes, or spectral irregularity (IRR) corresponds to the standard
deviation of the amplitudes from the spectral envelope [Krimphoff94]. This has been also
referred as the spectral flux or spectral fine structure [Kostek99], or spectral smoothness
[McAdams99]. Irregularity of the spectrum can indicate a complex resonant structure often
found in string instruments. A mathematical formulation for IRR will be given in Section 4.10.
Another measures are the even and odd harmonic content, which can be indicative of the cylin-
drical tube closed at one end used in clarinets [Martin99].

Measuring the spectrum over different portions of the tone reveals information on different
properties. In the quasi-steady state (or almost steady state), information on formants is
conveyed in the spectrum. During the onset, the spectral shape may reveal the frequency
contents of the source vibration, and the differences in the rate of rise of different frequency
partials.

Onset and offset transients, and the amplitude envelope

Onset and offset transients can provide a rich source of information for musical instrument rec-
ognition. Some instruments have more rapid onsets, i.e. the duration of the onset period (also
called rise time) is shorter than with others. Rapid onsets indicate tight coupling between the
excitation and resonance structures. For instance, the flute has a very slow onset, while other
wind instruments generally have quite rapid onsets. Rise time has often been a perceptually
salient cue in human perception experiments [McAdams93, Handel95, Poli97].

The differences in the attack and decay of different partials are important. For string instru-
ments, the differences are due to variations in the method of excitation, whether bowed or
plucked, or variations in the damping of different resonance modes. With the wind instruments,
nonlinear feedback causes differences in the development of different partials. A property
characterizing the onset times of different partials is onset asynchrony, which is usually
measured via the deviation in the onset times and durations of different partials. The absolute
and relative onset times of partials reveal information of the center frequencies and the Q
values of resonance modes of the sound source [Martin99].

However, there are some problems in using onset features for musical instrument recognition.
Iverson and Krumhansl investigated timbre perception using entire tones, onsets only, and
tones minus the onsets [Iverson93]. Based on subjects’ ratings, they argue that subjects seem to
be making judgments on the basis of acoustic properties that are found throughout the tone.
Most likely the attack transients become less useful with melodic phrases than with isolated
notes, since the music can be continuous having no clear onsets or offsets. In addition, the
shapes of onsets and offsets of partials vary across sounds, depending on the pitch and playing
style [Handel95].

Pitch features

The pitch period indicates the vibration frequency of the source. Absolute pitch also tells about
the size of the instrument. Large instruments commonly produce lower pitches than smaller
instruments. Also, if we can reliably measure the pitch, and know the playing ranges of
possible instruments, pitch can be used to rule out those instruments that cannot produce the
measured pitch [Martin98].



21

Variations in the quasi-steady state of musical instruments convey lots of information of the
sound source. Vibrato playing is characteristic for many instruments, but it also reveals infor-
mation of the resonance structures [McAdams93, Martin99]. The frequency modulation causes
the instrument’s harmonic partials to interact with the resonances, which again causes
amplitude modulation, and by measuring this, information of the resonance structure is
obtained. The stability of source excitation and the strength of the coupling between the
excitation and resonance structures is indicated by random variations or fluctuations in pitch
[Martin99]. For example, the onset of brass instruments have an unstable period during the
onset, until the pitch stabilizes into the target value. The unstable interaction between the bow
and string causes the tones of string instruments to have high amounts of pitch jitter.

Amplitude and loudness features

Besides pitch, amplitude variations in the quasi-steady state of tones convey lots of important
information. Differences in amplitude envelopes contributed to similarity judgements in
[Iverson93], furthermore, the dynamic attributes were present not only in the onset, but also
throughout the tone. Tremolo, i.e. periodic amplitude modulation is characteristic for many
instruments. For instance, flutes produce strong tremolo. In addition, playing flutes in flutter
style introduces characteristic amplitude variation into the tones.

Information on the dynamics of an instrument could also aid recognition. The dynamic range
of an instrument is defined as the relation between the level of a sound measured when played
forte fortissimo, and the level when played piano pianissimo. Of the Western orchestral instru-
ments, the brass instruments produce the largest sound levels, the strings are about 10 dB
quieter. The woodwind instruments produce slightly louder sounds than the strings. [Kostek99]

Using information on the dependence of the qualities of tone on the playing dynamics might be
used for recognition. Beauchamp has suggested using the ratio of spectral centroid to intensity;
as tones become louder, they become brighter in a relationship that is characteristic for a
particular instrument [Beauchamp82].

Noise and inharmonicity

Many instrument sounds are characterized by initial noise when the excitation is first applied to
the source. For instance, bowing a violin creates an initial high frequency scratch before the
bowing stabilizes [Handel95]. Continuous noise can be found from flute sounds, where
blowing across the mouthpiece creates a “breathy” sound. Inharmonicity is an important char-
acteristic for many instruments, i.e. for plucked strings and the piano.

Neither noise nor inharmonicity properties have been applied for musical instrument recogni-
tion so far. A possible approach might be to use sinusoidal modeling techniques to separate the
harmonic parts from the signal and analyze the remaining noise residual [Serra97, Virtanen01].
Also, with a reliable algorithm for determining the frequencies of partials, measures for inhar-
monicity could be obtained.

Transitions between sounds and higher level knowledge

Transitions between sounds may be significant for recognition [Handel95, Brown01]. On one
hand, the overlap of decay and attack of successive tones may mask transient properties
making it impossible to use this information. On the other hand, the interaction of the patterns
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of successive notes may create unique acoustic information not heard in isolated tones.

Generally, a short piece of musical phrase leads to a far better recognition than isolated tones
[Kendall86, Martin99]. However, this is more likely due to the use of higher level inference,
instead of low level acoustic information at the transition points. For instance, if we hear a jazz
piece played by some wind instrument, we often anticipate that it is a saxophone.

Dependence on context

Based on the research on human subjects, we know that a large number of acoustic properties
can determine the qualities of a tone and the identification of instruments. Moreover, no single
feature is the reason for recognition; some level of recognition performance will be obtained
with a single property. The listeners, or machines, should use those cues that lead to best per-
formance in the given context and task. [Handel95]

There will be correlation in the acoustic cues due to the interactive nature of sound production;
the physical sound production processes are hardly isolated, linear processes. In addition, the
combination and interaction of the properties of single objects in the mixture of sounds will
generate new, emergent properties that belong to the larger entity, such as an orchestra. Most
importantly, the cues leading to best performance will depend on the context: the duration,
loudness and pitch of tones, the set of training sounds, the task, and with humans, on their
experience. The features are also redundant; parts of the sound can be masked and still identifi-
cation is possible. [Handel95]

These aspects in human perception and also the fact that many features have been explored
especially in musical timbre studies provide a starting point for the construction of automatic
sound source recognition systems. Thus, although there are no sight of the ultimate definition
of which are the relevant acoustic features for humans in recognizing sound sources and
events, artificial sound source recognition systems may still utilize the several proposed cues
for recognition, implementing a vast number of them and selecting the most suitable for the
given task at hand.
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3   Overview of the system

This chapter presents an overview of the implemented system before giving a more detailed
description in the coming chapters.

3.1   Functional components

Figure 2 presents a block diagram of the main components of the implemented system.
Acoustic signals have been recorded into data files for the ease of training and testing the
system. The format of most samples is standard CD quality, 44.1 kHz 16-bit fixed point with
the exception that some guitar samples are in 48 kHz format (see Section 6.1). If a real-time
implementation was made, we would need a microphone and an analog-to-digital (AD)
converter.

In the preprocessing stage, the mean is removed from the input signal, and its amplitude is
linearly scaled between -1 and 1. The input signal that is fed to discrete Fourier transform
(DFT) analysis and LP analysis is also filtered with a high pass filter 1 -0.97z-1. This flattens
the sound spectrum, and is useful to do prior to measuring the overall spectral envelope
because the spectrum of natural sounds has high concentration of energy at low frequencies.

The next four components transform the signal into some compact representation that is easier
to interpret than the raw waveform. The representations used were the LP coefficients, outputs
of a mel-filterbank calculated in successive frames, sinusoid envelopes, and a short-time RMS-
energy envelope. The calculation and limitations of these representations is presented in the
next chapter.

In the feature extraction stage, various characteristic features are extracted from the different
representations. The mid-level representations containing hundreds or thousands of values
calculated at discrete time intervals is compressed into around 1-50 characteristic features for
each note (or for each time interval if we are using frame-based features). This means that after
this stage, each observation from a class is represented as a point in a space with limited
number of dimensions. Chapter 4 is devoted to the detailed description of various feature
extraction algorithms.

Model training either stores the feature vectors corresponding to the class of the labeled input
signal as a finite number of templates, or trains a probabilistic model based on the observations
of the class. In the classification step, the feature stream of the input signal is compared to the
stored templates, or a likelihood value is calculated based on the probabilistic models of
trained classes. The recognition result is given as the class giving the best match. Chapter 5
describes the used classification methods in more detail.
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3.2   Discussion on the approach

Some studies have put emphasis on using a single auditory model as a mid-level representation
that tries to emulate the operation of the sensory transduction stage at McAdams’s model in
Figure 1 [Cosi96, Toiviainen96, Martin99]. This is well motivated if the purpose is to gain
understanding into the operation of human perception [Martin99]. For the purpose of our
research, we chose not to try to imitate the operation of human perception by using an auditory
model, but instead utilize psychoacoustic knowledge in our feature extraction algorithms.

One of our central objectives was to examine different possible features for instrument recog-
nition. Since we do not know what features should be used, we chose not to limit ourselves into
any particular mid-level representation. When integrated into a larger entity, such as a tran-
scription system, we should use those representations that are available, such as the amplitude
and frequency tracks of a sinusoidal modeling block. Therefore, we use several different repre-
sentations, utilize psychoacoustic knowledge in calculating them by using perceptual
frequency scales, for example, and in finding the set of features to be extracted.

The third reason for abandoning auditory models is the fact that the proposed models are com-
putationally very intensive and some information is lost in the process.

Pre-
processing

Energy
envelope

Classification

Feature
extraction

DFT+
mel-filterbank

(W)LP
analysis

Sinusoid
envelopes

Model
training

s(n)

input
signal

Figure 2. Block diagram of the implemented musical instrument recognition system.

recognition
resultMid-level representations
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4   Feature extraction

In this part,a wide selectionof perceptuallyrelevantacousticfeaturesfor soundsourcerecog-
nition arepresented.Along with these,thecalculationof the representationsusedasan input
for the featureextraction are described.We intentionally give little detail in describingthe
featureextraction algorithms,besidesthe cepstralfeatures.The cepstralfeatureextraction
methodsarewell developedin the speechandspeaker recognitionliterature,andthuscanbe
presentedin greatdetail. The other algorithmshave received only a little development,and
eachauthorhaspresenteda different, intuitively motivatedway of measuringthe different
propertiesknown to beimportantfor theperceptionsof humansubjects.Therefore,mathemat-
ical detailsaregivenonly asmuchasis necessarywith thesealgorithms.Thedevelopmentof
robustfeaturedetectionalgorithmsfor thesevariousfeaturesis a fertile areaof futureresearch,
andis likely to bethemainsourceof performanceincreasefor musicalinstrumentrecognition
systems,sincemany authorshave emphasizedthe importanceof a setof salientfeaturesover
sophisticated classification schemes.

4.1   Cepstral coefficients

Formantsare spectralprominencescreatedby one or more resonancesin the soundsource.
They representessentialinformationfor speechandspeaker recognition,andalsofor musical
instrumentrecognition.A robust featurefor measuringformant information,or the smooth
spectral envelope, are cepstral coefficients. The cepstrum of a signaly(n) is defined as

, (2)

whereF standsfor thediscreteFouriertransform(DFT). Calculatingcepstralcoefficientsfrom
the above equationis not very efficient, sincetwo fastFourier transforms(FFT) areneeded.
The coefficientscanbe moreefficiently calculatedfrom a mel-frequency filterbank,or from
linear prediction coefficients.

Anotherreasonfor not usingtheabove equationis theutilization of psychoacousticfrequency
scales.DFT useslinearfrequency resolution,sowe mustusesomekind of warpingtransform
to convert thelinearfrequency scaleinto a perceptualscale.Also theconventionalLP analysis
hasthis limitation, but oneway to overcomethe problemis to usewarpedlinear prediction
(WLP) based features.

4.2   Mel-frequency cepstral coefficients

Mel-frequency cepstral coefficients ([Davis80]) have become one of the most popular
techniquesfor the front-end feature-extraction in automatic speechrecognition systems.

c n( ) F
1–

F y n( ){ }log{ }=
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Brown hasutilized cepstralcoefficientscalculatedfrom a constant-Qtransformfor therecog-
nition of woodwindinstruments[Brown99,Brown01].Wewill useheretheconventionalFFT-
basedmethodutilizing a mel-scalingfilterbank.Figure3 shows a block diagramof theMFCC
featureextractor. The input signal is first pre-emphasizedto flatten the spectrum.Next, a
filterbankconsistingof triangularfilters spaceduniformly acrossthemel-frequency scaleand
their heights scaled to unity, is simulated. The mel-scale is given by

, (3)

wheref is the linear frequency value.To implementthis filterbank,a window of audiodatais
transformedusing the DFT, and its magnitudeis taken. By multiplying the magnitude
spectrumwith each triangular filter and summing the values at each channel,a spectral
magnitudevalue for each channel is obtained. The dynamic range of the spectrumis
compressedby takinga logarithmof themagnitudeateachfilterbankchannel.Finally, cepstral
coefficientsarecomputedby applyinga discretecosinetransform(DCT) to the log filterbank
magnitudesmj as follows:

. (4)

DCT decorrelatesthe cepstral coefficients, thereby making it possible to use diagonal
covariance matrices in the statistical modeling of the feature observations.

In mostcases,it is possibleto retainonly thelowerordercepstralcoefficientsto obtainamore
compactrepresentation.The optimal order is examinedin our simulationsin Chapter6. The
lower coefficientsdescribetheoverall spectralshape,whereaspitch andspectralfine structure
information is included in higher coefficients. The zeroth cepstralcoefficient is normally
discarded, as it is a function of the channel gain.

The dynamic,or transitionalpropertiesof the overall spectralenvelopecanbe characterized
with delta cepstralcoefficients [Soong88,Rabiner93].A first order differential logarithmic
spectrum is defined by
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Figure 3. Block diagram of the MFCC feature extractor.
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, (5)

where is the cepstralcoefficient n at time t [Rabiner93,Young00].Usually the time
derivative is obtainedby polynomialapproximationover a finite segmentof the
coefficient trajectory, sincethecepstralcoefficientsequence doesnothaveany analytical
solution.In thecaseof fitting a first orderpolynomial into a segmentof thecepstral
trajectorycn(t), t=–M, –M+1,..., M, the fitting error to be minimized is expressed as

. (6)

The resulting solution with respect to is

, (7)

andis usedasanapproximationfor thefirst timederivativeof cn [Rabiner93],whichwedenote
by . This givesa smootherestimateof the derivative thana direct differenceoperation.
The curve fitting is doneindividually for eachof the cepstralcoefficient trajectoriescn, n=1,
2,..., L.

More featurescan be obtainedby estimatingthe secondorder derivative, and the resulting
featuresare referred as accelerationcoefficients in the speechrecognition literature. The
efficiency of MFCCsis dueto themel-basedfilter spacingandthedynamicrangecompression
in the log filter outputs,which representthe mechanismspresentin humanhearing in a
simplified way [DePoli97].

4.3   Linear prediction

Linear prediction analysisis anotherway to obtain a smoothapproximationof the sound
spectrum.Here, the spectrumis modeledwith an all-pole function, which concentrateson
spectralpeaks.Thehumanearis known to berelatively insensitive to zeros.Linearprediction
is particularlysuitablefor speechsignals,but canbeappliedalsoto musicalinstrumentrecog-
nition, althoughmusical instrumentsrarely can be modeledas linear systems,as became
apparentbasedon the discussionin Chapter2. Schmid applied LP analysis to musical
instrumentrecognitionalreadyin 1977[Schmid77].We first describethe conventionallinear
prediction,andsolving the coefficientsusingthe autocorrelationmethod.Thenwe discussa
meansto modify the LP featureextractorwith a cascadeof all-passfilters to obtainwarped
linear prediction based features.

Conventional forward linear prediction

In classicalforward linear prediction, an estimatefor the next sample of a linear,
discrete-time system, is obtained as a linear combination ofp previous output samples:
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, (8)

whereai arethepredictorcoefficients,or linearpredictioncoefficients.They arefixedcoeffi-
cients of a predictor all-pole filter, whose transfer function is

. (9)

The goal of linear predictionis to find the setof predictorcoefficients that
minimize the short-time mean-squared prediction error

, (10)

where denotesexpectation.By definition,e is alsothe predictionerror power. Several
algorithmsexist for minimizing e andsolving the predictorcoefficientsai, but herewe will
consider only the most popular approach, the autocorrelation method [Rabiner93].

To solve theabove minimizationproblem,thepartialderivativesof e with respectto ai areset
to zero:

. (11)

This leads us to a system of normal equations:

, k=0, 1,..., p–1. (12)

The autocorrelation function at timeu is defined as

. (13)

We can express Equation12 in terms of the autocorrelation as:

. (14)

Theseequationsare also called the Yule-Walker equations.By applying the structureof the
matrix R, which is asymmetricToeplitzmatrix, theYule-Walkerequationscanbesolvedin an
efficient manner. The most efficient is known as the Durbin’s method[Rabiner93,pp.115],
and can be given as follows (the subscriptu onRu(k) is omitted for clarity):
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(15)

, (16)

(17)

, (18)

. (19)

Equations16-19aresolvedrecursively for . Thefinal solutionis givenat thepth

iteration as the LP coefficients  = , and as the reflection coefficientskj.

Now, accordingto thedefinition,thelinearpredictioncepstrumcouldbecalculateddirectly as
theFourier transformof thefilter coefficients.However, the requiredcepstralcoefficientscan
be more efficiently computed using the recursion [Rabiner93]

 for , (20)

wherea0 = 1 andak = 0 for k > p.

4.4   Warped linear prediction based feature extraction

The conventional LP-analysissuffers from a uniform frequency resolution.Especially in
widebandaudio applications,poles are wastedto the higher frequencies[Härmä00a].In
widebandaudio coding,WLP hasproved out to outperformconventionalLP basedcodecs
especiallywith low analysisorders[Härmä00a].Motivatedby this, usingcepstralcoefficients
basedon linear predictionon a warpedfrequency scalewas experimented,and the perfor-
manceis experimentallyevaluatedin Chapter6. We begin by reviewing thetheorybehindthe
frequency warpingtransformobtainedby replacingtheunit delaysof a discrete,linearsystem
with first-order all-passelements.Then we describea modified LP featureextractor. The
discussionherequite slavishly follows the one presentedin [Härmä00a].The techniqueof
warped linear prediction was first proposed by Strube in 1980 [Strube80].

Obtaining the frequency warping transform

Thenormalizedphaseresponseof a first-orderall-passfilter whosetransferfunction is given
by

, (21)

is shown in Figure4afor somerealvaluesof λ. Figure4bshows thegroupdelaysfor thesame
filters. For λ=0, D(z) reducesto a single unit delay having linear phaseand constantgroup
delay
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If we feeda signalinto a cascadeof all-passelementswith positive λ, thenonuniformgroup
delayof the elementsmakes low frequency componentsproceedslower andhigh frequency
componentsfasterthanin achainof unit delays.Now if we form anew sequenceof thevalues
from the outputs of the all-pass chain, we frequency dependently resample the signal.

The resultingmappingfrom the naturalfrequency domainto a warpedfrequency domainis
determined by the phase function of the all-pass filter, which is given by

, (22)

where  and  is the sampling rate [Härmä00a].

The temporalstructureof theoriginal signalalsochangesin thewarpingtransformation.The
groupdelayfunctionof theall-passfilter controlsthechangein lengthof a sinusoidalsignal.
The turning point frequency ftp can be expressed as

, (23)

andis equalto thepoint wherethegroupdelayis equalto onesampleperiod.At this point, a
warpedsinusoidis aslong astheoriginal sinusoidandfrequency warpingdoesnot changeits
frequency [Härmä00a].

The frequency transformationcanbe madeto approximatethe mappingoccurringin human
earby selectingthevalueof λ. TheBark ratescalemappingfor a givensamplingfrequency fs
is given by the expression [Smith99]

. (24)

In our simulations,the value of was 0.7564 for 44.1kHz samplingrate. The mapping
occurring in the all-pass chain is a very good approximation of the Bark rate scale mapping.
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Figure 4a. Phase response of a first-order all-
pass filter for several values ofλ.

Figure 4b. Group delay of a first-order all-
pass filter for several values ofλ.
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Frequency warpedsignalsand systemscan be producedby replacingthe unit delaysof the
original systemby first orderall-passelements.This canbeinterpretedin thez domainby the
mapping

. (25)

Warped linear prediction

Thez-transform of Equation8 is

. (26)

Now, accordingto theabove discussion,theunit delayz-1 is replacedby a first-orderall-pass
filter D(z), given in Equation21, to warp the system:

. (27)

In the time domain,D(z) is interpreted as a generalized shift operator which is defined as

, (28)

where denotesconvolution and is the impulse responseof D(z). Furthermore,
. Now we can write the mean-squared prediction error estimate

. (29)

The normal equations can be written as
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, k=0,...,p–1. (30)

SinceD(z) is an all-pass filter,

, (31)

and the samecorrelation values appearin both parts of Equation30 [Härmä00a].It can
thereforebeseenasa generalizedform of theYule-Walker equationsandcanbesolvedusing
theautocorrelationmethoddescribedpreviously. Theautocorrelationvaluescanbecomputed
usingtheautocorrelationnetwork shown in Figure5. Thenetwork consistsof a cascadeof all-
pass elements (higher part) and blocks for autocorrelation calculation (lower parts).

Now we have meansto modify the conventional linear-predictionbasedfeatureextraction
schemein orderto obtainamoreperceptuallymotivatedanalysis.A blockdiagramof theWLP
feature extractor is shown in Figure6. The autocorrelationmethod of solving the linear
predictioncoefficientsis modifiedin sucha way that the autocorrelationnetwork is replaced
with the warped autocorrelationnetwork. The rest of the feature extractor, such as the
conversionto cepstralcoefficientsanddeltacepstralcoefficientcalculation,arekeptthesame.

TheWarpTBtoolboxby HärmäandKarjalainenwasusedfor implementingthewarpedlinear
predictioncalculation[Härmä00b].It consistsof Matlab andC implementationsof the basic
functions, such as the warped autocorrelation calculation.

4.5   Cepstral feature vector formation

For isolatedmusicaltones,it hasbeenfoundthattheonsetportionis importantfor recognition
by humansubjects.Motivatedby this, thecepstralanalysesweremadeseparatelyfor theonset
and steadystateportionsof the tone.Basedon the RMS-energy level of the signal, it was
segmented into onset and steady state parts. This is described in more detail in Section4.7.

For theonsetportionof tones,bothLP andmel-cepstralanalyseswereperformedin approxi-
mately20mslonghamming-windowedframeswith 25% overlap.In thesteadystatesegment,
framelengthof 40 mswasused.If theonsetwasshorterthan80ms,thebeginningof steady
statewasmoved forward so that at least80ms wasanalyzed.For the MFCC calculationsa
discreteFourier transformwasfirst calculatedfor thewindowedwaveform.The lengthof the
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transform was 1024 or 2048 samples for 20 ms and 40 ms frames, respectively. For both LP
and mel-cepstral analyses, the median values of cepstral coefficients were stored for the onset
and steady state segments. The median was selected instead of the mean for robustness consid-
erations. For instance, if the segmentation scheme failed, few disturbed coefficient values
might significantly change the mean of coefficients. For the delta-cepstral coefficients, the
median of their absolute value was calculated. We also experimented with coefficient standard
deviations in the case of the MFCCs.

For use with Gaussian mixture models, the cepstral and delta-cepstral coefficients were also
stored as observation sequences from adjacent frames. Energy thresholding was used here to
prevent the silent partitions at the beginning and end of a single note from disturbing the
feature values. The frames that had an RMS-energy more than 10 dB below a mean energy
were dropped.

4.6   Spectral centroid

Spectral centroid (SC) is a simple but very useful feature. Research has demonstrated that the
spectral centroid correlates strongly with the subjective qualities of “brightness” or “sharp-
ness”. It can be calculated from different mid-level representations, commonly it is defined as
the first moment with respect to frequency in a magnitude spectrum. However, the harmonic
spectrum of a musical sound is hard to measure, as we will soon see, therefore more robust
feature values are obtained if spectral centroid is calculated from the outputs of a filterbank.
We calculated spectral centroid according to the following equation

, (32)

where k is the index of a filterbank channel, whose RMS-power is P(k), and center frequency
f(k), and B is the total number of filterbank channels. We used 1/6-octave bands, meaning that
there are six spectral lines per octave. The filterbank was simulated via the FFT. In practise, in
the lower frequencies the resolution converged into the linear resolution of the FFT, and at the
higher bands the power of the band became the RMS-power of the FFT bins in that channel.
The relative spectral centroid was also used, and is defined as

, (33)

where f0 is the fundamental frequency of a harmonic sound, as given by the algorithm
developed by Klapuri [Klapuri99a]. Another way of estimating spectral centroid is to calculate
it from the outputs of the mel-frequency filterbank, which slightly simplifies the implementa-
tion. However, using 1/6-octave bands gave slightly better results (although not statistically
significant), and was used in the final simulations.

The SC of the signal was calculated as a function of time in approximately 20 ms windows
with 50 % overlap. Depending on the classifier, the spectral centroid and the relative spectral
centroid were stored as a sequence for each note, or the mean and standard deviation were
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calculated from the observation and used to characterize a note. Standard deviation of spectral
centroid and relative SC can be considered as a measure for vibrato. It should be noted that
these features depend on the overall colorations of the signal, as well as the pre-processing, or
high-pass filtering used.

4.7   Amplitude envelope features

Amplitude envelope contains information for instance about the type of excitation; e.g.
whether a violin has been bowed or plucked. Tight coupling between the excitation and
resonance structure is indicated by short onset durations. The amplitude envelope of a sound
can be calculated by half-wave rectification and lowpass filtering of the signal. Another means
is the calculation of the short time RMS-energy of the signal, which we found to be more a
more straightforward way of obtaining a smooth estimate of the amplitude envelope of a
signal. The latter was used in the simulations. We estimated rise-time, decay-time, strength and
frequency of amplitude modulation, crest factor and detected exponential decay from a RMS-
energy curve calculated in 50 % overlapping 10 ms hanning-windowed frames.

Onset duration

Rise time, i.e. the duration of onset, is traditionally defined as the time interval between the
onset and the instant of maximal amplitude of a sound. However, from natural sounds the
maximal amplitude can be achieved at any point, therefore some thresholds have to be used.
We implemented a relatively simple algorithm which is based on energy thresholds. First, the
starting point of the attack portion is searched, and it is defined as the point where the short-
time RMS-energy rises above the -10 dB point below the average RMS-energy of the note.

For onset duration calculation, the 10-base logarithm is taken of the RMS-energy envelope,
and multiplied by 10. Then the obtained logarithmic short-time RMS-energy curve is
smoothed by convolving it with a 45-ms hanning window. Then a maximum is searched from
the smoothed envelope, and the point where the RMS-energy achieves the -3 dB point of the
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maximum is taken as the end of attack. Since the point is an index to a frame, we linearly inter-
polate the end point in samples.

Some ad-hoc rules were added to the algorithm in order that it would cope with different types
of notes, pizzicato, sustained and with those where the onset or offset has been removed. For
instance, if the onset is very fast, the curve is not convolved at all.

Other features describing the amplitude envelope

An algorithm quite similar was used to measure the decay time from single note signals. The
end of steady state is defined as the point where the short-time RMS-energy goes permanently
below the -3 dB point from the maximum. The -10 dB fall after this point is defined as the
decay, and its duration as the decay time. For pizzicato tones, this is shorter than for long,
sustained tones, however it fails if very short sustained tones are presented for the system, or if
the decay portion is removed.

To measure the slope of amplitude decay after the onset, a line is fitted into the amplitude
envelope on a logarithmic scale. The fitting was done for the segment of the energy envelope
that was between the maximum and the -10 dB point after that. Also, the mean square error of
that fit is used as a feature describing exponential decay. Crest factor, i.e. the maximum of
amplitude envelope / RMS of amplitude envelope is also used to characterize the shape of the
amplitude envelope. These three features aim at discriminating between the pizzicato and
sustained tones: the former ones decay exponentially, and have a higher crest factor than
sustained tones. The error of line fit may be small for sustained tones with very little fluctua-
tion in the quasi-steady state, however, if there exists amplitude modulation, or some changes,
the value becomes larger than with exponentially decaying tones. In addition, the very slow
amplitude beating often encountered with plucked strings causes problems. For example, the
amplitude of guitar tones often first decays exponentially but then starts to grow again, and a
linear fit fails to characterize this decay. Figure 7 shows amplitude envelopes for guitar and
violin, and the line fitted after the onset period.

Amplitude modulation extraction

The RMS-energy envelope, now on a linear scale, is also used to extract features measuring
amplitude modulation (AM) properties. Strength, frequency, and heuristic strength (term used
by Martin [Martin99]) of amplitude modulation (AM) is measured at two frequency ranges.
Rates from 4 to 8 Hz measure tremolo, i.e. AM in conjunction with vibrato, and rates between
10–40 Hz correspond to “graininess” or “roughness” of the tone. The RMS-energy envelope is
first windowed with a hanning window. Then, FFT analysis is performed on the windowed
envelope, and maxima are searched from the two frequency ranges. The frequency of AM is
the frequency of the maximum peak. The amplitude features are calculated as the difference of
the peak amplitude and the average amplitude, and the heuristic amplitude is calculated as the
difference of the peak amplitude and the average amplitude of the frequency range under con-
sideration. Thus, when performed for these two frequency ranges we end up with a total of six
features describing AM characteristics. However, the heuristic strength of AM at the range 10-
40 Hz was found irrelevant and was not used in the simulations.

4.8   Sinusoid envelopes and onset asynchrony features

Transforms such as FFT or constant-Q transform are designed to give precise frequency infor-
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mation in one frame, but are not effective in measuring the precise time evolution of frequency
components. With these transforms, the calculation becomes very inefficient if short analysis
steps are needed. Sinusoid envelopes is a representation that was employed to obtain a repre-
sentation capable of describing the detailed time evolution of harmonic partials. It is quite
straightforward to calculate. However, it has some drawbacks which we will soon discuss.

Calculating the envelope of a single sinusoid

The discrete Fourier transform X(k) of a sampled time domain signal y(n) is calculated as
[Ifeachor93]

, (34)

where k is a discrete frequency bin and N is the length of the analysis frame. The most common
use of this transform is to calculate it over the whole frequency range from k = 0 to k = N/2,
i.e. half the sampling rate using the FFT. However, the transform can also be effectively
calculated for a certain frequency bin in successive time instants.

When calculating the transform for a certain frequency bin, the length of the time domain
analysis frame can be adjusted to be a multiple of the wavelength of that frequency, and we
refer it as pitch synchronous analysis. In this case, the frequencies of the harmonic components
correspond to the frequencies of the DFT components. In addition, the length of the time frame
may be very short, e.g. 3 waves, and the windowing function in the time domain is not needed.
Now, a precise sample-by-sample amplitude envelope of that frequency can be extracted
through time. First, we calculate the transform for a certain frequency bin as usual, and store
all the elements of the sum in Equation 34. Now the transform for the same bin in a time frame
one sample later is calculated by subtracting the first element of the sum in the previous frame,
and adding a new element calculated by

, (35)

where n now points to the sample right after the previous frame.

Calculating the representation

The process is then repeated for the different partials in the sound. Thus, this algorithm is
asymptotically O(rm), where r is the number of sinusoids, and m is the length of the analyzed
signal, which is not necessarily equal to N. For characterizing only the attack portions, 500 ms
of the signal would be sufficient. However, in our simulations we calculated the representation
for whole signals for the extraction of features relating to the fluctuations in the steady state.
The number of sinusoids was limited to r = 40 in our simulations.

However, it is not perceptually relevant to analyze the high frequency partials independently
since the ear’s sensitivity is lower for high frequencies. Therefore, we use a representation
having Bark frequency resolution. For each 24 Bark scale bands, we first calculate whether any
harmonic frequencies are found on the current band. Then the envelopes are calculated for
each harmonic component on that band. If there are more than one components, the resulting
band-amplitude is calculated as the mean of the band-amplitudes. Then, an estimate of the
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intensity in that band is calculated by multiplying the band-amplitude with the center
frequency of that band. The intensities are decimated by a factor of about 5 ms to ease the
feature computations and smoothed by convolving with a 40 ms half-hanning (raised-cosine)
window. This window preserves sudden changes, but masks rapid modulation. Figure 8
displays intensity versus Bark frequency plots for 261 Hz tones produced by flute and clarinet.

The sinusoid envelope representation is relatively compact but still bears high perceptual
fidelity to the original sound. However, the problem becomes how to reliably measure the fre-
quencies to be tracked. We can use a fundamental frequency estimation algorithm to find the
fundamental frequency of a tone, and then analyze the frequencies equal to the fundamental
and its integer multiples. However, musical sounds are only quasi-harmonic, and errors
unavoidably occur in the process. There exist methods for following the frequencies of partials,
but their description is not relevant in our scope. Another significant source of uncertainty and
errors are the failures in estimating the fundamental frequency. Despite these limitations, this
representation is a useful first attempt towards measuring the time evolution of partials. The
MPEG-7 standard uses a quite similar representation, although the DFT is calculated in frames
[Peeters00], which causes limitations with the feasible time resolution. With regard of future
developments of our system, using a filterbank instead of sinusoid envelopes would be a
simpler and more robust approach.

Calculating features from the representation

Onset asynchrony refers to the differences in the rate of energy development of different
frequency components. The sinusoid envelope representation is used to calculate the intensity
envelopes for different harmonics, and the standard deviation of onset durations for different
harmonics is used as one feature. For the other feature measuring this property, the intensity
envelopes of individual harmonics are fitted into the overall intensity envelope during the onset
period, and the average mean square error of those fits was used as feature. A similar measure
was calculated for the rest of the waveform. The last feature calculated is the overall variation
of intensities at each band.
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note C4, 261 Hz.
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4.9   Fundamental frequency and frequency modulation

Different types of frequency modulation are characteristic to some sound sources. The term
vibrato refers to periodic modulations, and jitter to random modulations. These features are
quite difficult to measure, because many pitch-tracking algorithms require quite a long time
frame. This makes especially rapid modulations hard to detect reliably. One interesting
approach might be to modify the RAPT algorithm [Talkin95] for modulation tracking. An
initial estimate of the fundamental frequency (F0) would be given first, and then a more
accurate estimate for the F0 would be searched using cross-correlation in two short windows.
Martin estimated frequency modulation from the outputs of a log-lag correlogram [Martin99]

Two of our features were indirect measures of frequency modulation. The standard deviation
of spectral centroid, and the standard deviation of F0 estimated in successive frames. However,
measuring jitter is not feasible with the current implementation, since the F0-estimation
algorithm requires at least a 40 ms window. We used the algorithm presented by Klapuri in
[Klapuri99a], whose detailed description is out of the scope of this thesis. A pitch envelope
was calculated in 40 ms hanning windowed frames with 50 % overlap, and the mean and
standard deviation of F0 estimates were used as features, and also to rule out classes in the first
experiment in Section 6.2.

4.10   Additional features and discussion

The list of features used in this study are summarized in Table 4. Here we briefly discuss some
of the most promising other features presented in the literature which, however, are not
evaluated in this study.

Spectral irregularity (IRR) corresponds to the standard deviation of time-averaged harmonic
amplitudes from a spectral envelope, and is introduced in [Krimphoff94] as:

, (36)

where Ak is the amplitude of the kth partial, and r is the number of partials. This has been used
in musical instrument recognition by [Kostek99] and [Fujinaga00]. Jensen has presented a
modified version

. (37)

Recently, Brown used a feature relating to these [Brown01]. In her experiments, the bin-to-bin
differences in constant-Q coefficients and a quefrency domain derivative gave excellent results
in recognizing four woodwind instruments. These features could be calculated from the
sinusoid envelope representation, or alternatively from the outputs of a perceptual filterbank
implemented either in time or frequency domain.

IRR 20 10 Ak

Ak 1– Ak Ak 1++ +

3
---------------------------------------------–

k 2=

r 1–

∑
 
 
 

log=

IRR

Ak Ak 1+–( )2

k 1=

r

∑

Ak
2

k 1=

r

∑
-------------------------------------------=



39

Table 4: List of features implemented in this study and the sections in text where they
were described.

Feature Feature

Onset duration (4.7) Strength of AM, range 10-40 Hz (4.7)

Post onset slope (post onset line fit, 4.7) Standard deviation of component onset
durations (4.8)

Exponential decay (goodness of fit, 4.7) Mean error of the fit between steady state
intensities and intensity envelope (4.8)

Decay time (4.7) Mean error of the fit between onset intensi-
ties and onset intensity envelope (4.8)

Time between the end of attack and the
maximum of RMS-energy (4.7)

Overall variation of intensities at each band
(4.8)

Crest factor (4.7) Fundamental frequency (4.9)

Mean of spectral centroid (SC, 4.6) Std of fundamental frequency (4.9)

Mean of relative SC (4.6) Linear prediction cepstral coefficients (4.3)

Max of relative SC (4.6) Linear prediction delta cepstral coeffi-
cients (4.2)

Std of SC (4.6) Reflection coefficients (based on LP, 4.3)

Std of relative SC (4.6) Warped LP cepstral coefficients (4.4)

Frequency of AM, range 4-8 Hz (4.7) Warped LP delta cepstral coefficients (4.2)

Strength of AM, range 4-8 Hz (4.7) Reflection coefficients (based on WLP, 4.4)

Heuristic stregth of AM, range 4-8 Hz (4.7) Mel-frequency cepstral coefficients (4.2)

Frequency of AM, range 10-40 Hz (4.7) Mel-frequency delta cepstral coefficients
(4.2)
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5   Classification methods

This chapter presents the different classifiers applied in our experiments. Two main types of
classifiers were used: distance-based classifiers and probabilistic classifiers.

5.1   Distance-based classifiers

The k-nearest neighbors (k-NN) classifier is a typical example of a distance-based classifier. It
stores all the training examples and then calculates a distance between the test observation and
all the training observations, thus it employs lazy learning by simply storing all training
instances. The class of the most closest training example is given as the classification result (1-
NN), or the class appearing most often among the k nearest training observations (k-NN).

A suitable distance metric needs to be chosen with the k-NN. We used the Euclidean distance
metric in a normalized space that was obtained with the discrete form of the KL-transform
[Parsons87]. The transform is a special case of the principal component analysis if none of the
dimensions is dropped. It is also equal to using the Mahalanobis distance with the same
covariance matrix for all classes which is estimated from the whole data, and calculating the
distance to all the training examples instead of class means. In the normalized space, the
features are uncorrelated and the range of variation of each feature is the same. A mathematical
formulation of the transform can be found in [Parsons87, pp. 183].

The k-NN classifier is straightforward to implement, and it can form arbitrarily complex
decision boundaries. Therefore it was used in many of our simulations. The problem of the k-
NN classifier is that it is sensitive to irrelevant features which may dominate the distance
metric. In addition, the calculation requires a significant computational load if a large number
of training instances is stored.

5.2   Probabilistic classifiers

The statistical classifiers used in this thesis assume that the data follows a certain distribution,
and try to estimate the parameters of the class distributions from the training observations.
Knowing the probability density function of the assumed distribution, the likelihood of each
class distribution of generating the test observation can then be calculated.

Multinormal Gaussian

Let us consider M pattern classes each of which is governed by the multivariate Gaussian dis-
tribution:
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, (38)

with mean vector mi and covariance matrix Σi. x is a D-dimensional observation vector and
are the conditional probabilities of x given the class . According to

the Bayes theorem, the decision function for class can be chosen as
[Tou74]. However, often it is not desirable to use the a priori proba-

bilities , but they are assumed equal and thus can be discarded. Also the term is
the same for all classes and can be discarded.

With small data sets, the remaining problem is in reliably estimating the training data statistics
[Tou74]. The amount of training data required grows exponentially with respect to the number
of dimensions. Another problem with this classifier is that real feature data often does not
follow a Gaussian distribution, however, sometimes the logarithm of the feature follows a
Gaussian distribution better.

Gaussian mixture model (GMM)

A Gaussian mixture model presents each class of data as a linear combination of several
Gaussian densities in the feature space. The parameters of the component densities can be iter-
atively estimated with the well-known expectation maximization (EM) algorithm [Moon96].
Reynolds introduced the use of Gaussian mixture models for speaker recognition
[Reynolds95]. His first motivation was that the individual component densities would be able
to model some underlying acoustic classes, such as vowels, nasals or fricatives. Second, a
linear combination of Gaussian basis functions is capable of forming smooth approximations
of arbitrarily shaped densities. Brown has successfully applied Gaussian mixture models for
the recognition of woodwind instruments [Brown99, Brown01].

A Gaussian mixture density is a weighted sum of M component densities as given by the
equation [Reynolds95]

, (39)

where x is a D-dimensional feature or observation vector, , are the
component densities and pi the mixture weights. Each component density is a D-variate
Gaussian function of the form defined in Equation 38. The mean vectors, covariance matrices
and mixture weights of all Gaussian functions together parameterize the complete Gaussian
mixture density. These parameters are collectively represented by the notation

. (40)

The mixture weights satisfy the constraint

. (41)

During the training process, the maximum likelihood (ML) estimation is applied to determine
the model parameters which maximize the likelihood of the GMM given the training data. For
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a sequence ofT training vectors , the GMM likelihood can be written as

. (42)

Sincethis expressionis a nonlinearfunction of the parametersλ, direct optimizationis not
possible.Therefore,the ML estimatesof the GMM parametersare obtainediteratively by
usinga specialcaseof the EM algorithm.The algorithmbegins with an initial modelλ and
estimatesa new model suchthat . At eachiteration,thefollowing reesti-
mation formulasare usedwhich guaranteea monotonicincreasein the model’s likelihood
value [Reynolds95].

• Mixture weight update:

(43)

• Mean vector update:

(44)

• Covariance matrix update:

(45)

Since we are using diagonal covariancematrices,we need to updateonly the diagonal
elementsin the covariancematrices.For an arbitrarydiagonalelement of the covariance
matrix of theith mixture, the variance update becomes:

(46)

where thea posteriori probability for theith mixture is given by

(47)

and , xt, andmi refer to individual elements of the vectors , , and , respectively.
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Initialization of Gaussian mixture models

Several factors must be considered in training the Gaussian mixture model [Reynolds95].

Selecting the parameters of the model. First, the order M of the model must be large enough to
represent the feature distributions. However, too large a value will cause problems in the
training process, as the amount of data becomes insufficient for a statistical model of many
parameters, and the computational cost becomes excessive. In practise, the order needs to be
experimentally determined. In Chapter 6, we evaluate the performance of the model using
several different orders. Second, the type of covariance matrices for the mixture distributions
needs to be selected. In our experiments, we used diagonal covariances since they simplify the
implementation and are computationally more feasible than models with full covariances. In
addition, a modeling capability of a set of full covariance Gaussians can be equally achieved
by using a larger set of diagonal covariance Gaussians [Reynolds95].

Initialization of the model. The EM algorithm is guaranteed to find a local maximum
likelihood model regardless of the initialization, but different initializations can lead to
different local maxima. Since Reynolds found no significant differences in speaker recognition
performance among single, random initialization schemes and more elaborate methods, we
decided to leave the comparison of initialization methods outside the scope of this thesis. In
our experiments, the initial means were randomly selected among the samples from the
training data, and then followed by a single iteration of the k-means clustering to initialize the
component means, nodal variances and mixture weights.

Variance limiting. When there is not enough training data to sufficiently train the variances of
the components, or the data is corrupted by noise, the variance values can become very small
in magnitude, which causes singularities in the model’s likelihood function. To prevent this, a
variance limiting constraint was applied to the estimated variances after each EM iteration.
Now the variance estimate  for an arbitrary element of mixture ith variance vector becomes

(48)

where is the minimum variance value. In our experiments, the value used was
.

The H2M Toolbox by Olivier Cappe [Cappe01] was used as an implementation for the
Gaussian mixture models. It consists of a combined Matlab and C implementations of the basic
structure of the model and the EM-algorithm.

5.3   Feature selection and dimensionality reduction

Often when implementing a wide set of features some of them prove out to be irrelevant and
may cripple the classification system even if the other features were good. Furthermore, with a
small set of high dimensional data we are not able to reliably estimate the parameters of a sta-
tistical model. An obvious problem is how to find the relevant features and discard the others.
Several techniques have been proposed and applied in the context of musical instrument recog-
nition. Some techniques transform the feature space into a new with reduced number of
dimensions which best explain the information in the data, such as the PCA [Kaminskyj95] or
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the Fisher discriminant analysis [Martin98]. Another technique is to use feature selection or
weighting algorithms. In order to find good feature combinations, genetic algorithms have
been applied in [Fujinaga98]. We assumed that many of our features were irrelevant, thus a
feature selection scheme seemed suitable. Two simple feature selection algorithms were imple-
mented and tested.

The sequential forward generation (SFG) starts with an empty set of features and adds features
from the set of available features one by one [Liu98]. At each round, the feature the addition of
which gives the best performance is selected. This is continued until the performance does not
improve, or a desired level of performance is obtained. This algorithm is straightforward to
implement, and a ranked list of features can be obtained. However, the algorithm often
converges to a suboptimal solution.

Correspondingly, the sequential backward generation (SBG) starts removing features one by
one from the set of all available features [Liu98]. The least relevant feature is removed at each
iteration, i.e. the feature whose removal most improves the classification performance, or does
not make it worse. However, in many cases this algorithm does not give the minimal set of
features.

These two algorithms complement each other. If the number of relevant features is smaller than
D/2, where D is the number of available features, SFG is quicker, and if it is greater than D/2,
SBG performs faster. In our simulations, the SBG gave better results, the SFG often converged
to a suboptimal solution. In our second experiment in Chapter 6, we report a subset of features
that gave the best performance, and which was obtained with the SBG.
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6   System evaluation

This chapter describes the experiments which were done to evaluate the system with varying
amounts of data, and with different features and classification schemes. We first introduce the
evaluation database. Then the computer simulations and results are presented. We present three
experiments each with different issues of study. The first is a preliminary experiment with a
subset of the evaluation material. Its purpose was to compare the selected approach to earlier
reporter experiments using the same material, and to experiment with a hierarchic classifica-
tion framework. The second experiment is the most relevant with regard of the research
problem and evaluating the implemented methods. It introduces a realistic performance
evaluation with a comprehensive acoustic material. In the third experiment, an alternative
approach for the research problem is presented using speaker recognition techniques.

6.1   Acoustic material

Samples from five different sources were included in the validation database. The first two
sources include the samples from the McGill University Master Samples Collection (MUMS)
[Opolko87], as well as recordings of an acoustic guitar made at Tampere University of Tech-
nology. The other sources of samples were the University of Iowa website [UIowa00], IRCAM
Studio Online [SOL00], and a Roland XP-30 synthesizer. There are different instruments and
playing styles included in the instruments from different sources. Table 5 summarizes this
information, and along with this the number of independent sources for that particular instru-
ments presented, as well as the pitch range. The pitch range differs slightly from source to
source, and is here presented according to the MUMS samples.

The pitch range is presented as MIDI numbers. The conversion from MIDI number d to funda-
mental frequency f0 in Hz can be made according to the following equation:

. (49)

In the following, we shortly summarize the available information on the samples from different
sources.

McGill University Master Samples (MUMS). Most sounds on the MUMS library were
recorded directly to a Sony PCM 3202 DASH recorder. High quality B & K condenser micro-
phones were employed, along with matched B & K microphone pre-amplifiers. Most MUMS
samples were recorded in a recording studio. The studio was acoustically neutral, and had a
reverberation time of approximately 0.4 seconds. The strings and the piano were recorded in a
concert hall with reverberation time varying from 2.5 to 5 seconds.

f 0 440 2

d 69–
12

---------------

⋅=
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University of Iowa Musical Instrument Samples (UIowa) were recorded in the Anechoic
Chamber in the Wendell Johnson Speech and Hearing Center at The University of Iowa on the
following equipment: Neumann KM 84 Microphones, Mackie 1402-VLZ Mixer and
Panasonic SV-3800 DAT Recorder. The samples were transferred through digital lines to an
editing workstation. Three non-normalized dynamic levels are included: piano pianissimo,
mezzo forte, and forte fortissimo.

Roland XP-30 synthesizer (XP30). These samples were played on the keyboard of a Roland
XP 30 synthesizer, and transferred into a Silicon Graphics Octane workstation via analog lines.
Samples from several sound banks are included. The dynamic keyboard was switched on,

Table 5: The evaluation database

Instrument MIDI # Playing styles # sources # notes

French Horn 38-74 normal, muted 4 373

C Trumpet 54-87 3 153

Bach Trumpet 59-91 1 32

Bass Trombone 29-53 2 38

Tenor Trombone 40-75 normal, muted 3 204

Alto Trombone 65-77 1 13

Tuba 28-67 3 118

Bass Saxophone 32-39 1 8

Baritone Saxophone 36-48 2 39

Tenor Saxophone 48-61 3 54

Alto Saxophone 61-74 vibrato, non vibrato 4 254

Soprano Saxophone 73-87 vibrato, non vibrato 3 237

English Horn 52-81 2 90

Oboe 58-89 normal, vibrato 4 233

Contra Bass Clarinet 30-54 1 25

Bass Clarinet 37-61 2 38

B-flat Clarinet 50-86 4 146

E-flat Clarinet 55-86 2 292

Contra Bassoon 22-53 1 32

Bassoon 34-65 normal, vibrato 4 286

Bass Flute 48-73 normal, flutter tongued 1 42

Alto Flute 55-84 1 30

Flute 60-96 vibrato, non vibrato, flutter
tongued

4 466

Piccolo 74-103 normal, flutter tongued 2 83

Double bass 24-64 bowed, martele, muted,
plucked, normal mute

3 487

Cello 36-79 bowed, martele, muted,
plucked, normal mute

3 429

Viola 48-86 bowed, martele, muted,
plucked, muted (normal, lead)

3 446

Violin 55-96 bowed, martele, muted,
plucked, muted (normal, lead)

3 441

Acoustic guitar 40-81 3 197

Piano 21-108 1 88
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causing clear differences in the dynamics of these samples, although an attempt was made to
keep the dynamics as constant as possible. Based on our observations, the quality of the syn-
thesized samples varies, other are very similar to their acoustic counterparts, other of varying
quality.

IRCAM Studio-On-Line (SOL) samples were recorded in a recording studio, and were
originally stored at 24-bits 48 kHz format. When downloaded from the Internet site, a down-
sampling program was used to convert the samples into 16-bit / 44.1 kHz quality. There were
different recording setups available, we downloaded the mono, close microphone channel. The
samples from SOL include only the first 2 seconds of the played note, and the end is clipped,
thus there is no natural decay.

The guitar samples recorded at Tampere University of Technology were recorded in a small
room with soft walls, thus having little reverberation. They were recorded with a Sony TCD-
D10 DAT recorder and AKG C460B microphones, and then transferred into a Silicon Graphics
Octane workstation through digital lines. These samples are in 48 kHz and 16-bit format.

All the samples, except for the SOL samples which were already single tones, were first stored
in longer files, each containing a chromatic scale of an instrument. These longer files were then
segmented into single notes using a Matlab program which detected the notes using energy
thresholds, and stored into separate wave-files. The format of the samples is the standard CD
quality of 44.1 kHz / 16-bit, except for our own guitar recordings.

6.2   Recognition within a hierarchic framework

After developing several feature extractors, we wanted to evaluate their efficiency. At this
point, only the MUMS samples were available for testing. The purpose of this experiment was
to:

• Test the set of implemented features
• Propose the simultaneous use of cepstral coefficients and other features
• Analyse a hierarchical classification framework for musical instrument recognition, pro-

posed by Martin in [Martin99].
• Compare the performance to earlier reported experiments employing the same data set

[Martin98, Fujinaga98, Fraser99, Fujinaga00]

The results of this study were originally published in [Eronen99].

Features

All the implemented features were used in this experiment. Eleven cepstral coefficients were
calculated separately for the onset and steady state segments based on conventional linear
prediction with an analysis order of 9. Thus, the length of the feature vector calculated for each
isolated tone included a total of 44 features.

Hierarchical classification

Musical instruments form a natural hierarchy, where instrument families form an intermediate
level. In many applications, classification down to the level of instrument families is sufficient
for practical needs. For example, searching for music with string instruments would make
sense. In addition to that, a classifier may utilize a hierarchical structure algorithmically while
assigning a sound into a lowest level class, individual instrument.
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Using a hierarchical classification architecture for musical instrument recognition has been
proposed by Martin in [Martin98]. In the following, we give a short review of his principles. At
the top level of the taxonomy, instruments are divided into pizzicato and sustained. Second
level comprises instrument families, and the bottom level are individual instruments. Classifi-
cation occurs at each node, applying knowledge of the best features to distinguish between
possible subclasses. This way of processing is suggested to have some advantages over direct
classification at the lowest end of the taxonomy, because the decision process may be
simplified to take into account only a smaller number of possible subclasses.

In our system, at each node a Gaussian or a k-NN classifier was used with a fixed set of
features. The Gaussian classifier turned out to yield the best results at the highest level, where
the number of classes is two. At the lower levels, the k-NN classifier was used. The features
used at a node were selected manually by monitoring feature values of possible subclasses.
This was done one feature at a time, and only the features showing clear discrimination ability
were included into the feature set of the node.

We implemented a classification hierarchy similar to the one presented by in [Martin98] with
the exception that his samples and taxonomy did not include the piano. In our system, the
piano was assigned to an own family node because of having a unique set of some features,
especially cepstral coefficients. According to Martin, classification performance was better if
the reeds and the brass were first processed as one family and separated at the next stage. We
wanted to test this with our own feature set and test data and tried the taxonomy with and
without the Brass or Reeds node, which is marked with an asterix in Figure 9.

Results

The validation database consisted of the MUMS samples only. The material included 1498
solo tones covering the entire pitch ranges of 30 orchestral instruments with several articula-
tion styles (e.g. pizzicato, martele, bowed, muted, flutter). All tones were from the McGill
Master Samples collection [Opolko87], except the piano and guitar tones which were played

Instrument

SustainedPizzicato

Strings Reeds BrassPiano Strings Flute or

Brass or *
Reeds

Guitar
Violin
Viola
Cello
Double

Violin
Viola
Cello
Double

Bass Flute
Alto Flute
Flute
Piccolo

Contra Bassoon
Bassoon
Contrabass Clarinet
Bass Clarinet
Bb Clarinet
Eb Clarinet
Oboe

English Horn
French Horn
Bass Trombone
Alto Trombone
Tenor Trombone
Trumpet
Bach Trumpet
Tuba
Bass Sax
Baritone Sax
Tenor Sax
Alto Sax
Soprano Sax

Piano

Piccolo

Figure 9. The taxonomy presented by Martin in [Martin98] with the
exception that the Piano node is added. Instrument families are bolded,
and individual instruments are listed at the bottom level.
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by amateur musicians and recorded with a DAT recorder. In order to achieve comparable
results to those described by Martin in [Martin98], similar way of cross validation with 70 % /
30 % splits of train and test data was used. A difference to the method of Martin was to
estimate the fundamental frequency of the test sample before classification, which was then
compared to the pitch ranges of different instruments, taking only the possible ones into classi-
fication.

In Table 6, the classification results made in the three different ways are presented. Hierarchy 1
is the taxonomy of Figure 9 without the Brass or Reeds node. In the No-hierarchy experiment,
classification was made separately for each classification level. The Hierarchy 2 proved out to
yield slightly better results, like Martin reported in [Martin98]. But interestingly, in our experi-
ments direct classification with the k-NN in one pass performed best at both tasks, which was
not the case in Martin’s experiments where Hierarchy 2 yielded the best results. This is
probably due to the fact that in this implementation, classification result at the lower level of
hierarchy is totally dependent on the results of the higher levels, and the error cumulates as the
classification proceeds. In his thesis, Martin obtained the best results with a hierarchical
classifier when it was allowed to calculate all the possible paths through the hierarchy
[Martin99]. This, however, contradicts the basic idea of the hierarchic that only possible
subclasses are taken account as the classification proceeds.

The achieved performance both in instrument family and individual instrument classification
was better than reported by Martin in [Martin98]. His system’s classification accuracies were
approximately 90 % in instrument family and 70 % with individual instruments, while the data
set consisted 1023 samples of 15 different instruments, being a subset of our data. Also, when
compared to the accuracy of 68 % with 1338 samples of 23 instruments from the MUMS
collection reported by Fujinaga and Fraser [Fujinaga98, Fraser99, Fujinaga00], our system
performs better.

Discussion

Great care should be taken when interpreting these results. Only one example of each instru-
ments is included in the MUMS collection, which is a severe limitation of this study and sig-
nificantly lifts the recognition percentages. With a more realistic data set, the system’s
performance is significantly worse, as demonstrated in the next experiment. Any study,
including this one, using material only from one source has only little value in terms of
assessing the performance in realistic conditions. Only a careful conclusion can be made; the
achieved performance and comparison to earlier results demonstrates that combining the
different types of features succeeded in capturing some extra information about instrument
properties.

Table 6: Results using different classification architectures

Hierarchy 1 Hierarchy 2
No

hierarchy

Pizzicato / sustained 99.0 % 99.0 % 99.0 %

Instrument families 93.0 % 94.0 % 94.7 %

Individual
instruments

74.9 % 75.8 % 80.6 %
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6.3   Comparison of features

A crucial notion in making evaluations is that a system must be able to recognize several
instances of an instrument played by different performers in different locations as belonging to
the same class. This may be trivial for humans but not for recognition systems. The issues of
study in this experiment were

• How does the system perform with a honest task definition and demanding evaluation mate-
rial that includes several examples of each instrument and both acoustic and synthetic tones

• What are the accuracies obtained with different features and what is the best feature subset
• Is warped linear prediction (WLP) cepstrum a useful feature in musical instrument recogni-

tion
• How does the recognition performance of different LP-based features depend on the analy-

sis order
• How is the performance affected by the use of more than one note for recognition
• How does the system perform in comparison to human subjects in a similar task

The results presented here have been accepted for publication in [Eronen01].

Experimental setup

The whole database described in Section 6.1, except for the piano, was used for testing the
system, and cross validation aimed at as realistic conditions as possible with this data set. On
each trial, the training data consisted of all the samples except those of the particular performer
and instrument being tested. In this way, the training data is maximally utilized, but the system
has never heard the samples from that particular instrument in those circumstances before.
There were 16 instruments that had at least three independent recordings, so these instruments
were used for testing. Table 5 showed the instruments used in the test and train sets. The
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Figure 10. Classification performance as a function of analysis order for different LP-
based features.



51

database includes a total of 5286 single tones of 29 instruments, out of which 3337 samples
were used for testing. The classifier made its choice among the 29 instruments. In these tests, a
random guesser would score 3.5 % in the individual instrument recognition task, and 17 % in
family classification. In each test, classifications were performed separately for the instrument
family and individual instrument cases. For the sake of simplicity, we did not use the hierarchic
classification architecture in this experiment. The k-NN classifier was used, and the values of k
were 11 for instrument family and for 5 individual instrument classification.

Results

Different orders of the linear prediction filter were used to see the effect of that on the perfor-
mance of LP and WLP-based features. The results for instrument family and individual
instrument recognition are shown in Figure 10. The feature vector at all points consisted of two
sets of coefficients: medians over the onset period and medians over the steady state. The
optimal analysis order was between 9 and 14, above and below which performance degraded.
The number of cepstral coefficients was one less than the LP analysis order. WLP cepstral and
reflection coefficients outperformed the conventional LP cepstral and reflection coefficients at
all analysis orders calculated. The best accuracy among all LP-based features was 33 % for
individual instruments (66 % for instrument families), and was obtained with WLP cepstral
coefficients (WLPCC) of order 13. There is a peculiar drop in performance at order of 11,
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Figure 11. Classification performance as a function of features. The features printed in
italics were included in the best performing configuration.
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where the accuracy in recognizing the strings is worse than at the neighboring orders. We could
not figure out the reason for this behavior.

In Figure 11, the classification accuracy of different features is presented. Some features
performing below the random guess level are omitted. The cepstral parameters are the mel-
frequency cepstral coefficients or their derivatives. The optimal number of MFCCs was 12,
above and below which the performance slowly degraded. By using the MFCCs both from the
onset and steady state, the accuracies were 32 % (69 %). Because of the computational cost
considerations the MFCC were selected as the cepstrum features for the remaining experi-
ments. Adding the mel-frequency delta cepstrum coefficients (DMFCC) slightly improved the
performance, using the MFCCs and DMFCCs of the steady state resulted in 34 % (72 %)
accuracy.

The other features did not prove out very successful alone. Onset duration was the most
successful with 35 % accuracy in instrument family classification. In individual instrument
classification, spectral centroid gave the best accuracy, 10 %. Both were clearly inferior to the
MFCCs and DMFCCs. It should be noted, however, that the MFCC features are vectors of
coefficients, and the other features consist of a single number each.

The best accuracy 35 % (77 %) was obtained by using a feature vector consisting of the
features printed in italics in Figure 11. The feature set was found by using a subset of the data
and the sequential backward generation algorithm. If the MFCCs were replaced with order 13
WLPCCs, the accuracy was 35 % (72 %).

In practical situations, a recognition system is likely to have more than one note to use for clas-
sification. A simulation was made to test the system’s behavior in this situation. Random
sequences of notes were generated and each note was classified individually. The final classifi-
cation result was pooled across the sequence by using the majority rule. The recognition
accuracies were averaged over 50 runs for each instrument and note sequence length. Figure 12
shows the average accuracies for individual instrument and family classification. With 11
random notes, the average accuracy increased to 51 % (96 %). In instrument family classifica-
tion, the recognition accuracy for the tenor saxophone was the worst (55 % with 11 notes),
whereas the accuracy for the all other instruments was over 90 %. In the case of individual
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instruments, the accuracy for the tenor trombone, tuba, cello, violin, viola and guitar was
poorer than with one note, the accuracy for the other instruments was higher.

The recognition accuracy depends on the recording circumstances, as may be expected. The
individual instrument recognition accuracies were 32 %, 87 %, 21 % and 37 % for the samples
from MUMS, UIowa, Roland and SOL sources, respectively. The UIowa samples included
only the woodwinds and the French horn. For these instruments, the average recognition
accuracy for the samples from all sources is 49 %. Thus, the recognition accuracy is clearly
better for the UIowa samples recorded in an anechoic chamber. The samples from the other
three sources are comparable with the exception that the samples from SOL did not include
tenor or soprano saxophone. With synthesized samples the performance is clearly worse,
which is probably due to the fact that no synthetic samples of that particular instrument were
present in the training set when XP30 samples were tested.

The confusion matrix for the feature set giving the best accuracy is presented in Figure 13.
There are large differences in the recognition accuracies of different instruments. The soprano
saxophone is recognized correctly in 72 % of the cases, while the classification accuracies for
the violin and guitar are only 4 %. French horn is the most common target for misclassifica-
tions. Quite interestingly, a similar phenomenon was reported by Martin in [Martin99].

Comparison to human abilities

It is interesting to compare the behavior of the system to human subjects. As a reference,
Martins test described in Section 2.2 is used. In his test, fourteen subjects recognized 137
samples from the McGill collection, a subset of the data used in our evaluations. The differ-
ences in the instrument sets are small, Martin’s samples did not include any saxophone or
guitar samples, but had the piccolo and the English horn, which were not included in our test
data. In his test, the subjects recognized the individual instrument correctly in 45.9 % of cases
(91.7 % for instrument families). Our system made more outside-family confusions than the
subjects in Martin’s test. It was not able to generalize into more abstract instrument families as
well as humans. In individual instrument classification, the difference is smaller.

The within-family confusions made by the system are quite similar to the confusions made by
humans. Examples include the French horn as tenor trombone and vice versa, tuba as French
horn, or B-flat clarinet as E-flat clarinet. The confusions between the viola and the violin, and
the cello and the double bass were also common to both humans and our system. In the
confusions occurring outside the instrument family, confusions of the B-flat clarinet as soprano
or alto sax were common to both our system and the subjects.

Discussion

Warped linear prediction based features proved to be successful in the automatic recognition of
musical instrument solo tones, and resulted in a better accuracy than that obtained with corre-
sponding conventional LP based features. The mel-frequency cepstral coefficients gave the
best accuracy in instrument family classification, and is the best selection also from the point
of view of computational complexity. The best overall accuracy was obtained by augmenting
the mel-cepstral coefficients with features describing the type of excitation, brightness, modu-
lations, synchronity and fundamental frequency of tones.

Care should be taken while interpreting the presented results on the accuracy obtained with
different features. First, the best set of features for musical instrument recognition depends on
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the context [Handel95, Martin99]. Second, the extraction algorithms for features other than
cepstral coefficients are still in their early stages of development. However, the accuracy
clearly improves by adding these features.

Comparison to other systems is difficult because of the wide variety of data sets and cross-
validation methods used. The most direct comparison can be made with Martin’s system which
used the same data as in the listening test above [Martin99]. His best accuracies with this data
were 38.7 % and 75.9 %, which are very close to our results (35 % and 77 %). It should be
noted, however, that his test set included 137 tones, whereas we tested 3337 tones. In addition,
our feature extractors are far simpler than those in Martin’s implementation. Nevertheless, the
similarity in the performance of these two systems is indicative of the difficulty of the problem
of recognizing single tones. Another interesting thing are the feature sets used by our system
and that of Martin’s: our best features were the MFCCs, whereas Martin did not use cepstral
coefficients at all. He does not give any details whether his best features (or most often selected
by the context dependent feature selection) were related to the spectral shape or if they were
more temporally related. Therefore, it remains unclear whether the information describing the
spectral shape has been the most relevant information in these two experiments. Nevertheless,
there certainly exist different features giving the same recognition accuracy, and the approach
of combining a wide set of features and using the most suitable in the current context seems to
be the most promising.

6.4   Using Gaussian mixture models for instrument recognition

Our final simulations tested the use of Gaussian mixture models for the data set described in
the previous experiment. This approach is different from the one we used for single tone recog-
nition, since here we model the sounds with sequences of observation calculated in adjacent
frames, instead of segmenting the music into notes and calculating one feature vector per note.
Therefore, the GMM approach is directly applicable to solo music. The earlier described
approach could also be applied to musical phrases, however it requires first an integration with
an onset detection algorithm, such as the one proposed by Klapuri in [Klapuri99b].

In this experiment, only a subset of our features was used. These were the MFCCs, DMFCCs,
and the spectral centroid. The most important criterion in selecting these features was that the
feature must be calculated within a single time frame. On the other hand, the MFCCs and the
SC were among the best performing features in the previous test. The frame length in this test
was 40 ms, which is rather long, and is likely to destroy some information in rapid attack tran-
sients.

Evaluation method

Test and training sets slightly differ from that used in the previous experiment. Using in each
test run all the samples other than those of the current instrument instance would have caused
an excessive computational load, and therefore four different training and testing set combina-
tions was formed, according to the four main sources for the samples (MUMS, UIowa, XP30
and SOL). For instance, the training set for all test samples from the MUMS collection
consisted of the samples from the UIowa, XP30 and SOL sources.

We tested the system with different note sequence length. A longer sequence was formed by
catenating the feature vectors from adjacent notes in a chromatic scale using different note
sequence lengths L. In each evaluation, the chromatic scale was proceeded in steps of L notes,
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and each subsequence was classified. Using adjacent notes probably gives the classifier less
information for recognition than if random notes were used, and thus decreases the recognition
accuracy, but this way the computational load is reasonable and all notes are certainly tested.
The final classification result is calculated as the percentage of correctly classified L-length
sequences of the total number of sequences from that chromatic scale.

Results and discussion

Tables 7 and 8 present the recognition results with varying features, note sequence lengths and
model orders for individual instrument and instrument family recognition tasks, respectively.
The best results at each note sequence length are bolded. For single notes (L=1), the best rec-
ognition accuracy in individual instrument recognition was 36 %, obtained with a GMM with
16 component densities and the MFCCs and DMFCCs as features. The best accuracy in
instrument family recognition, 58 %, is obtained by using a GMM with 8 components, and
adding the spectral centroid to the set of features. The accuracy of the k-NN method using the
same test and training sets, and the best set of features in the previous experiment, is
39 % (68 %). Thus, the GMM performs slightly worse keeping in mind that the k-NN would
neither achieve as good performance with longer sequences as in the previous experiment due
to the worse performance in the single note case.

Brown reported that combining cepstral coefficients neither with delta cepstral coefficients nor
the spectral centroid increased the accuracy in recognizing the oboe, saxophone, clarinet and
flute [Brown01]. Our results suggest that in some cases using the delta cepstrum increases per-
formance. Also, adding the spectral centroid would seem to slightly increase the accuracy in
instrument family recognition, but the differences are indeed too small to make strong conclu-
sions. But these results would again suggest the fact that the relevant features depend on the
context, as is apparent based on the discussion of human perception in Chapter 2.
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Table 7: GMM recognition accuracies - individual instrument task.

Features
used

Model
Order

Test sequence length / notes

L=1 L=3 L=5 L=7 L=11 L=23

MFCC M=2 31.8 35.8 38.7 41.5 47.1 54.6

M=4 32.9 38.2 42.2 45.0 49.1 55.1

M=8 31.7 37.2 38.8 41.3 44.7 52.5

M=16 34.1 38.4 42.2 43.8 46.0 49.1

M=32 32.6 36.7 38.7 40.1 42.2 49.3

MFCC +
DMFCC

M=2 34.4 38.2 41.5 43.9 48.6 55.2

M=4 34.8 39.0 41.3 43.3 46.8 53.1

M=8 34.8 39.9 41.1 42.7 46.2 54.5

M=16 36.1 41.0 43.4 46.0 47.1 51.7

M=32 35.1 40.1 42.5 44.4 46.8 51.3

MFCC +
DMFCC +
SC

M=2 33.6 38.7 41.5 43.0 48.4 57.3

M=4 34.9 40.0 41.8 43.6 48.3 55.1

M=8 35.6 40.9 42.8 44.9 47.2 52.6

M=16 35.9 40.9 42.2 43.7 45.7 50.1

M=32 35.5 40.1 42.4 43.2 45.9 52.3

MFCC +
SC

M=2 29.5 34.7 37.6 39.4 44.4 55.9

M=4 32.9 37.7 40.3 42.6 47.2 55.5

M=8 32.8 36.2 38.1 39.6 42.5 52.1

M=16 31.5 35.7 37.8 39.3 42.8 48.7

M=32 29.7 35.5 37.1 40.1 42.7 46.5

SC M=2 6.4 7.9 8.3 9.3 11.3 15.9

M=4 6.5 8.3 9.6 10.8 12.1 15.6

M=8 7.8 8.7 9.6 10.7 12.3 16.6

M=16 7.6 9.2 10.0 10.3 12.1 17.1

M=32 7.9 9.2 10.4 10.7 12.0 18.5
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Table 8: GMM recognition accuracies - instrument family task.

Features
used

Model
Order

Test sequence length / notes

L=1 L=3 L=5 L=7 L=11 L=23

MFCC M=2 51.4 55.7 58.2 61.0 66.8 73.6

M=4 51.2 56.3 60.7 63.2 66.7 72.8

M=8 50.8 56.9 58.3 60.3 64.2 71.5

M=16 52.9 56.6 59.4 60.4 62.7 65.9

M=32 52.1 56.1 57.4 58.8 60.9 67.1

MFCC +
DMFCC

M=2 54.2 58.4 61.2 63.5 69.2 74.6

M=4 55.7 59.5 61.9 63.9 66.7 70.2

M=8 55.1 60.4 62.1 63.8 67.3 73.0

M=16 57.5 62.5 65.1 67.2 68.6 72.0

M=32 55.5 59.7 61.9 63.7 65.9 69.0

MFCC +
DMFCC +
SC

M=2 55.2 60.6 62.8 64.2 68.9 76.7

M=4 56.0 61.9 64.2 65.9 69.7 73.4

M=8 57.6 62.6 64.8 66.8 69.1 72.9

M=16 56.0 61.2 62.3 64.0 66.2 69.2

M=32 55.7 59.3 61.3 61.9 64.5 70.5

MFCC +
SC

M=2 51.0 56.1 59.1 60.6 66.2 77.1

M=4 52.5 57.7 60.5 62.6 66.8 72.4

M=8 52.5 56.1 58.3 59.7 62.4 70.6

M=16 51.3 55.6 57.9 59.6 63.3 68.2

M=32 49.3 55.8 57.8 60.8 62.4 64.9

SC M=2 22.6 27.0 29.2 31.4 35.3 40.1

M=4 22.8 26.2 29.2 33.0 36.8 38.0

M=8 23.5 25.8 28.4 31.6 36.4 38.3

M=16 23.6 25.8 28.2 31.0 35.8 39.5

M=32 24.3 26.7 28.9 31.1 35.9 40.8
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6.5   Future work

The main challenge for the construction of musical instrument recognition systems is
increasing their robustness. Many factors influence the features calculated from real sounds.
These include the different playing styles and dynamics that vary the sound spectrum. Very
few features are constant across the pitch range of an instrument. Instruments radiate sound
unevenly at different directions. In addition, the recording environment affects, samples
recorded in an anechoic chamber are well recognized, whereas more realistic environments, or
synthetic samples pose much extra difficulty for the task. The problem of generalizing is by no
means a trivial one: the system must recognize different pieces of violin as belonging to the
same class and different members of the string family as a part of the string class.

We are currently collecting a database of solo music, and will continue with some simulations
with the GMM approach. It is likely that using the MFCCs and DMFCCs is not enough for this
task, and therefore means to effectively combine the various other features with cepstral
features should be examined. The approach of combining classifiers is one interesting alterna-
tive [Kittler98]. For instance, it would be worth experimenting to combine the GMM or the
Hidden Markov Model using cepstral features calculated in frames, and the k-NN using
features calculated for each note, via the voting scheme.

The potential applications will of course partly determine the direction into which a system
should be developed. A preliminary attempt has been made towards streaming together the
sounds coming from a single source in the presence of several sources. A musical piece was
first transcribed, and a separating algorithm then tried to match the harmonic partials with their
sources. A set of separated notes, along with their onset times was then given to our streaming
algorithm. The best set of features reported in the second experiment were calculated from the
tones, and the feature vectors were then k-means clustered [Klapuri01]. Using no time infor-
mation at all, the clustering was rather successful with this song which included notes from a
flute, bass and chords. However, with more complex music, having more different instruments
which may be also more corrupted in the separation process, this straightforward approach will
most likely fail. Therefore, Viterbi-type algorithms finding optimal paths through a sequence
of observations should be deployed.

In polyphonic music the interfering sounds make the recognition task extremely difficult. In
addition to having features that are robust against environment and instrument instance varia-
tions, we will have to cope with different kinds of disturbances caused by other sounds in the
mixture. As even humans cannot recognize solo instruments based on isolated tones better than
with 46 % accuracy, we are sceptical about whether reliable polyphonic recognition of several
instruments from note mixtures will be possible based on low level information only. Using
longer sequences improves the performance with human subjects and with computer systems,
as does limiting the recognition into instrument families. Therefore, recognition of instrument
families from longer pieces of polyphonic music would seem a task that could be approached.
However, we again face the problem of generalizing: it is difficult to find features and models
for a family that would enable generalizing between different members within a single family,
or between different instances of a single instrument class. Moreover, if we choose the
separation approach, unsuccessful separation will destroy important information. Therefore,
recognition of mixtures of notes without separating the notes of single instruments, and inte-
grating top-down knowledge, for instance, in the form of limiting the search space of a musical
instrument recognizer, should also be considered.
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7   Conclusions

We have described a system that can listen to a musical instrument and recognize it. The work
started by reviewing human perception: how well humans can recognize different instruments
and what are the underlying phenomena taking place in the auditory system. Then we studied
the qualities of musical sounds making them distinguishable from each other, as well as
acoustics of musical instruments. The knowledge of the perceptually salient acoustic cues
possibly used by human subjects in recognition was the basis for the development of feature
extraction algorithms. Some alternative approaches were implemented as back-end classifiers:
the hierarchic classification architecture, straight classification at the bottom level with a
distance based classifier, and the Gaussian mixture model approach.

In the first evaluation, a combined use of cepstral coefficients and various other features was
demonstrated. Using the hierarchic classifier architecture could not bring improvement in the
recognition accuracy. However, it was concluded that the recognition rates in this experiment
were highly optimistic because of insufficient testing material. The next experiment addressed
this problem by introducing a wide data set including several examples of a particular instru-
ment. The efficiency of various features was tested, including a feature not used for musical
instrument recognition before, the warped linear prediction cepstrum. The best accuracy was
comparable to the state-of-the-art systems, and was obtained by combining the mel-frequency
cepstral coefficients with features describing the type of excitation, brightness, modulations,
synchronity and fundamental frequency of tones. The within-instrument-family confusions
made by the system were similar to those made by human subjects, although the system made
more both inside and outside-family confusions. In the final experiment, techniques commonly
used in speaker recognition were applied for musical instrument recognition. The benefit of the
approach was that it is directly applicable to solo phrases.

Using warped linear prediction was more successful than conventional linear-prediction based
features. The best selection as cepstral features were the mel-frequency cepstral coefficients.
Most of the performance would have been achieved by applying common speaker recognition
tools for the problem, however, it was shown that the accuracy of this kind of system using
cepstral features can be improved by adding other perceptually relevant features taken from
instrument acoustics and psychoacoustics. Nevertheless, their successful implementation
requires a substantial amount of work and experimentation.

In order to make truly realistic evaluations, more acoustic data would be needed, including
monophonic material. The environment and differences between instrument instances proved
out to have a more significant effect on the difficulty of the problem than what was expected at
the beginning. In general, the task of reliably recognizing a wide set of instruments from
realistic monophonic recordings is not a trivial one; it is difficult for humans and especially for
computers. It becomes easier as longer segments of music are used and the recognition is
performed at the level of instrument families.
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   Appendix A: Acoustics of musical instruments

This appendix discusses the acoustics of musical instrument in some detail, emphasizing the
effects of the different sound production mechanisms on the resulting sound.

The bowed string instruments

When a string instrument is bowed, the interaction between the bow and the strings is a
periodic, but a complex phenomenon. During the greater part of vibration, the friction causes
the bow to stick into the string, and the string is carried along by the bow. Then the string
detaches itself, and moves rapidly back with almost no friction until it is again caught by the
moving bow [Rossing90, Karjalainen99]. This movement continues periodically, and is
referred as the Helmholtz motion according to its discoverer Herman von Helmholtz.

An ideal, completely flexible string vibrating between two fixed end supports would excert a
sideways force with a sawtooth waveform and the harmonics in the spectrum varying in
amplitude as 1/n on the bridge, where n is the number of the harmonic [Rossing90]. However,
the frequency content of the spectrum depends on the pressure of the bow against the string
and the position of the bow with respect to the bridge. Bowing close to the bridge with high
bowing pressure gives a loud, bright tone, whereas bowing further from the bridge produces a
more gentle and darker tone [Rossing90]. Some modes can even be almost completely damped
due to the bowing position. In addition, in a real string the vibration is not exactly triangular,
and variation in the period of the waveform causes frequency jitter [Fletcher98]. During the
attack, the spectrum is not very harmonic [Martin99], and there often is a high frequency
scratch before the bowing stabilizes [Handel95].

The body of string instruments has many different modes of vibration, which consist of the
coupled motions of the top plate, the back plate and the enclosed air [Rossing90]. The modes
cause many narrow resonances with high values of Q. Usually, the low modes are carefully
tuned, often according to the open frequencies of some of the strings [Fletcher98], whereas the
tuning of higher resonances varies in different instrument pieces. The violin has significant
formants at 275, 460 and 700 Hz, and a broad concentration of resonances around 3 kHz,
which corresponds to the singer’s formant with opera singers [Rossing90]. Detailed descrip-
tion of the tuning of the strings and the resonance modes of the other members of the string
family is beyond the scope of this thesis, but an interested reader is referred to [Fletcher98,
Rossing90 and Martin99] for a more detailed discussion. The body of string instruments also
determines the directional properties of the produced sound since the plates and the air cavity
do not radiate in a uniform way to all directions [Fletcher98, Rossing90].

The bridge has a significant effect on the sound of the string instruments, since nearly all of the
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vibration force of the strings must go through the bridge coupling. Its own resonances also
color the sound, for instance, the broad bridge resonances for violin are around 3 and 6 kHz
[Rossing90]. These resonances can be lowered by attaching a mute on the bridge, creating a
darker tone.

Bowed string instruments are often played with vibrato, which is produced by a periodic
rolling motion of a finger on the string, which causes frequency modulation at the range of 5-
8 Hz. Because of body resonances, a frequency deviation also generates amplitude modulation
in the partials, which may be at the vibrato frequency of twice that. The changes in the sound
level due to the amplitude modulation can be of 3 to 15 dB [Fletcher98].

The guitar

In the following, we briefly discuss the basics of sound production in a plucked guitar,
however, these principles also apply to the other strings when plucked.

The spectrum of a plucked string depends on the plucking position and style. If a completely
flexible string with no mass attached to rigid supports is plucked at its center, the vibration
consists of the fundamental plus the odd numbered harmonics [Rossing90]. If it is plucked
from one fifth distance from one end, the fifth harmonic is missing from the spectrum. The
player can alter the tone also by changing the plucking style; a loud tone with a sharp attack is
obtained with a fast pluck, i.e. with large finger velocity [Tolonen98]. Releasing the string to
vibrate with a relatively small initial displacement causes a soft tone.

However, the spectrum of a plucked real string is not completely harmonic. In a stiff string
with a mass, waves of different velocities travel at different speeds along the string, which is
called dispersion [Fletcher98]. This causes the resulting tone to be slightly inharmonic. Also
nonlinearities cause shifts in mode frequencies, see the discussion in [Tolonen98].

The lowest body resonance of an acoustic guitar is typically between 90 and 100 Hz, which
corresponds to the first mode of the air cavity or the Helmholtz mode of the instrument body.
The second one corresponds to the first mode of the top plate, and is located between 170 and
250 Hz. [Tolonen98] A more detailed discussion on guitar body resonances can be found in
[Rossing90].

The brass

In the brass instruments, the sound is produced by blowing at the other end of the tube. In this
process, the player’s tensed lips allow puffs of air into the tube. The pulses travel to the other
end of the tube, and partly reflect backwards at the bell because of the impedance mismatch
caused by the bell, causing standing waves building up in the tube. This is a similar mechanism
to the human sound production system, where the glottis pulses excite the vocal tract. The
difference is that the vibration at glottis is relatively independent of the properties of the vocal
tract. In wind instruments, there generally exists a tight coupling between the excitation and
resonance structures, and they are synchronized. In brass instruments, a positive feedback in
the form of air pulses returning from the bell force the player’s lips to vibrate at the natural
frequency of the tube [Karjalainen99]. The pitch of the instrument can be varied by changing
the lip tension, which changes the vibration mode that is excited. Another way is to change the
length of the tube by pressing valves or moving a slide.

The onsets of brass instruments have some unique characteristics. Before the stable oscillation
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begins, the instrument is not stable. It can take several round trips for the standing waves to
build up [Fletcher98]. The duration of attack is typically 50 ms and does not change signif-
icantly with the pitch of the note [Fletcher98]. Since the bell reflects low frequency energy
more effectively than high, the low energy modes build up more quickly than the high
frequency modes. This causes the onset partials to be skewed; the low energy partials build up
fast and in close synchrony, whereas it takes a longer time for the higher partials [Rossing90].
Another characteristic of the brass instrument onset is the possible wandering of pitch. The
pitch of the note may oscillate around a target value before it stabilizes [Martin99].

In wind instruments, the spectrum of the resulted sound depends both on the spectrum of the
standing waves within the instrument and the portion of the sound energy that leaks outside
[Rossing90]. In brass instruments, the radiation curve of the bell is of high pass type, and it
filters the internal mode frequency spectrum. The resulting steady state spectral envelope of
brass instruments has a cutoff frequency, above which the amplitude of partials decreases
sharply with frequency, and below which all radiated spectral components are approximately
equal or slightly increase with frequency. The rate of fall above the cutoff is typically 15-
25 dB / octave, and the rate of rise below cutoff 2-4 dB / octave [Fletcher98].

However, the spectrum actually perceived by the listener is more complicated. First, the
spectra of brass instruments change substantially with changes in pitch and loudness
[Rossing90]. When the instrument is played more loudly, the partials near and above the cutoff
become stronger [Fletcher98]. The slope below cutoff increases and the slope above cutoff
decreases as the intensity level grows. Second, the bell makes the horn more directional at high
frequencies, causing the perceived spectrum to depend on the angle between the bell’s axis and
the listener’s position [Rossing90].

The player may deliberately modify the sound by using mutes. For example, different types of
mutes can be used in the trumpet and trombone. In general, they are ment to mute the sound of
the instrument, however, the effect is frequency dependent and the sound quality also changes.
Special colorations occur at frequencies above 100 Hz, where the mutes have resonances and
antiresonances [Fletcher98]. A special technique is used with the French horn, as the player
can place his or her hand into the horn. This inhibits the radiation of the bell and increases the
reflection of higher frequencies, making it easier to play the higher notes [Rossing90].

The woodwind

The sound production mechanism in the woodwinds is similar as in brass instruments. Air
pulses propagate from the reed, and a positive feedback synchronizes the vibration of the reed
to that of the tube. However, the reed has almost no control over the frequency, while the
player’s lips have considerable mass allowing substantial level of lip control over the frequency
in brass instruments [Rossing90]. The excitation of the flute is different, in this instrument a
blow of air towards a hole in the tube vibrates at the frequency occurring in the tube
[Karjalainen99]. Of these three major families, the woodwinds tend to have the most rapid
attack transients, except for the flute [Martin99].

An important characteristics of wind instruments is the acoustic cutoff frequency of the air
column, caused by the open tone holes. Below this frequency, sound is reflected back and
resonances build up, but above it sound radiates freely to the environment [Fletcher98]. The
sound outside the instrument is not as clearly of low pass type, since the high partials are
strengthened by the more efficient radiation [Rossing90]. However, this cutoff frequency is

20±
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essential to the tone of the particular instrument, and is quite independent of the pitch of the
note [Martin99]. Fletcher and Rossing present an idealized spectral envelope for reed-
woodwind instruments [Fletcher98]. Below the tone-hole lattice cutoff, the radiated power in
harmonics falls about -3 dB per octave. Above it, the rolloff is from -12 dB to -18 dB per
octave. If the instrument has a cylindrical bore, the power of the even harmonics rises about
3 dB per octave for frequencies below the cutoff.

The directional characteristics of woodwinds are more complicated than with the brasses since
the radiation from the open mouth of the bell is supplemented by radiation from the open
finger holes. The harmonics below the cutoff frequency radiate mainly from the first one or two
tone holes. Higher partials propagate along the open hole part and radiate both from the open
tone holes and the open bell [Fletcher98]. The cutoff frequency also limits the highest note
readily playable on the instrument. We will now look at the subgroups in a little more detail.

Double reeds

The oboe has two broad resonances, the stronger is near 1 kHz and a weaker and more variable
is near 3 kHz [Rossing90]. The first is related to the tone hole lattice cutoff, which is within the
range 1000-2000 Hz for “musically satisfactory” oboes [Fletcher98]. The second is due to the
mechanical properties of the reed [Rossing90]. The radiated spectrum of the oboe rises
gradually with increasing frequency until it starts falling about 12 dB per octave above the
cutoff. The behavior is almost the same with different playing levels, causing a bright and
“reedy” tone [Fletcher98].

The English horn is an alto version of the oboe. It has a prominent resonance near 600 Hz, and
a weaker one near 1900 Hz. Above the resonances, the spectrum rolls off with 20 dB per
octave. [Martin99] The English horn has a pear-shaped bell that effects distinctively notes near
its resonance [Rossing90].

The bassoon is much larger than the oboe and the English horn. The spectrum of bassoon
contains a complete range of harmonics. The radiated fundamental is weak in the low notes
because of the small tube diameter. Because of the relatively low cutoff between 300-600 Hz,
the tone of a bassoon is mellow rather than bright. It has two formants, a strong one at 440-
500 Hz and a weaker one at 1220-1280 Hz. As with the two previous instruments, the lower is
related to the transition at the tone hole cutoff, and the higher is probably due to the reed
[Fletcher98]. The contrabassoon is a larger bassoon, with dimensions about twice that of the
bassoon [Martin99].

Clarinets

The spectrum of clarinets is limited by the tone-hole cutoff, which varies from 1200-1600 Hz
with the B-flat clarinet, depending on the instrument piece [Fletcher98]. The B-flat clarinet,
like all reed woodwinds, is rich in harmonics. The relative strengths of the odd and even
partials depend on their frequencies and on the played note. In the low register below the
cutoff, the odd partials are much stronger than the even partials, the second harmonic may be
almost completely absent from the spectrum [Fletcher98, Martin99].

Saxophones

Saxophones are popular instruments for example in jazz music, but their sound has been
studied only a little [Martin99]. The mouthpiece of a saxophone has a significant effect on the
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tone quality of saxophones. Its resonance is typically comparable to the lattice cutoff
frequency, and causes a clear formant in that frequency. For an alto saxophone, the formant is
around 850 Hz [Fletcher98].

Flutes

In these instruments, the vibrating element is a jet of air blown by the player towards the
blowing hole, and is sometimes called an air reed. As in wind instruments, there exists positive
feedback, however, now the input flow is controlled by the direction of air flow due to standing
waves in the air column, not by pressure pulses [Rossing90].

The onset of a flute has some distinctive characteristics. Generally, the flute has a very slow,
smooth attack which can last over 150 ms [Martin99]. The sound starts with noise due to the
blow, after which the vibration steadily grows. The spectrum of the sound changes during the
onset, as the high frequencies grow slower in the beginning [Karjalainen99].

The steady state spectrum of a flute sound is characterized by strong low harmonics in the low
register and a resonance maximum near 600 Hz, with a high frequency rolloff from 10-30 dB
per octave. The sound is nearly sinusoidal at frequencies above 800 Hz [Martin99].

Players often use a type of vibrato with the flute in the range of 5-6 Hz by introducing a
rhythmic variation into the blowing pressure. The level of the fundamental changes only little,
but the variation in the amplitude of higher harmonics can be remarkable. The frequency
changes very little [Fletcher98]. A unique style of playing is the flutter style, where the player
flutters his or her tongue while blowing air into the hole.
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