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Abstract

This dissertation is concerned with the problem of describing the singing voice within the audio signal
of a song. This work is motivated by the fact that the lead vocal is the element that attracts the attention
of most listeners. For this reason it is common for music listeners to organize and browse music
collections using information related to the singing voice such as the singer name.

Our research concentrates on the three major problems of music information retrieval: the local-
ization of the source to be described (i.e. the recognition of the elements corresponding to the singing
voice in the signal of a mixture of instruments), the search of pertinent features to describe the singing
voice, and finally the development of pattern recognition methods based on these features to identify
the singer.

For this purpose we propose a set of novel features computed on the temporal variations of the
fundamental frequency of the sung melody. These features, which aim to describe the vibrato and the
portamento, are obtained with the aid of a dedicated model. In practice, these features are computed
on the time-varying frequency of partials obtained using the sinusoidal model.

In the first experiment we show that partials corresponding to the singing voice can be accurately
differentiated from the partials produced by other instruments using decisions based on the param-
eters of the vibrato and the portamento. Once the partials emitted by the singer are identified, the
segments of the song containing singing can be directly localized. To improve the recognition of the
partials emitted by the singer we propose to group partials that are related harmonically. Partials are
clustered according to their degree of similarity. This similarity is computed using a set of CASA cues
including their temporal frequency variations (i.e. the vibrato and the portamento). The clusters of
harmonically related partials corresponding to the singing voice are identified using the vocal vibrato
and the portamento parameters. Groups of vocal partials can then be re-synthesized to isolate the
voice. The result of the partial grouping can also be used to transcribe the sung melody.

We then propose to go further with these features and study if the vibrato and portamento charac-
teristics can be considered as a part of the singers’ signature. Previous works on singer identification
describe audio signals using features extracted on the short-term amplitude spectrum. The latter fea-
tures aim to characterize the timbre of the sound, which, in the case of singing, is related to the vocal
tract of the singer. The features we develop in this document capture long-term information related
to the intonation of the singer, which is relevant to the style and the technique of the singer. We pro-
pose a method to combine these two complementary descriptions of the singing voice to increase the
recognition rate of singer identification. In addition we evaluate the robustness of each type of feature
against a set of variations. We show the singing voice is a highly variable instrument. To obtain a rep-
resentative model of a singer’s voice it is thus necessary to build models using a large set of examples
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covering the full tessitura of a singer. In addition, we show that features extracted directly from the
partials are more robust to the presence of an instrumental accompaniment than features derived from
the amplitude spectrum.
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Chapter 1

Introduction

Many auditors have a remarkable ability to identify the singer of a new song as long as they have
already heard some songs performed by the same singer. When the singer is unfamiliar it is common
for listeners to attempt to characterize the singer’s voice by finding singers with similar vocal charac-
teristics. The most remarkable thing is that these judgments of similarity seem to be consistent across
a large number of auditors. This remark suggests that there are some characteristics of the singing
voice, perceived by most people, which clearly define the identity and the type of voice of singers.
Humans also have an incredible ability to distinguish different instruments playing simultaneously.
Everyone is capable of detecting when a singing voice is present in a mixture with a high rate of pre-
cision. The capacity to separate the different sources of a mixture may be at the basis of this capacity
of music listeners to recognize singers independently of the band with which they perform. We note
that it is far more complex, even for experienced music listeners, to recognize a given instrumentalist
(e.g. a guitarist, a bassist, a drummer, etc.) through different music bands. One of the elements that
make the recognition of a singer in familiar and new contexts easier is the fact that the instrument and
the performer are not separable in the case of the singing voice.

The purpose of our research is to study the characteristics of the singing voice that make the voice
differ from other musical instruments and to study the characteristics of the singing voice that can be
used to define the signature of a singer. The motivation of this research is to develop systems able to
automatically detect the presence of a singing voice in the signal of a mixture of instruments and to
automatically identify the singer of a given song.

In most studies conducted on the detection of the singing voice and on the recognition of singer,
the singing voice is described by means of features extracted from the amplitude spectrum and its
envelope. The envelope of the (short-term) amplitude spectrum conveys information related to the
timbre. As explained by the source-filter model, the spectral envelope estimated on signals of speech
and singing gives an estimation of the transfer function of the vocal tract, which filters the sounds
created by the vibration of the vocal folds and is assumed to be responsible for the vowel quality and
the overall color of the sound produced. Audio features derived from the spectral envelope, such as
the Mel Frequency Cepstral Coefficients have been successfully used in tasks of speaker recognition.
It is thus reasonable to assume that the same features can be used to describe the “instrument” of the
singer; its vocal tract. This statement remains valid as long as the “timbral” features are extracted
from the signals of sounds produced by a unique vocal source.

11



12 CHAPTER 1. INTRODUCTION

When these features are extracted from the signal of a song (i.e. a singing voice accompanied
by other instruments) they describe the overall spectral characteristics of the whole mixture and it
is almost impossible to derive information directly related to the singing voice from this analysis.
However, if one wants to build an accurate singer identification system, it is necessary to work with
information that describes only the singing voice. Otherwise the system is trained to recognize the
artists rather than the singer themselves. In other words, such a system cannot recognize singers
independently of the band with which they perform.

In this document we propose a novel approach to describe the singing voice, which extracts fea-
tures directly related to the singing voice from the signal of a mixture. This approach is based on
the interpretation of musical signals given by the harmonic sinusoidal model. This model describes
the harmonic sounds as a sum of sine waves evolving slowly over time. Ideally, each sine wave, or
partial, corresponds to one harmonic of one tone played by a single instrument and is described by a
support (onset/offset), a time-varying frequency, a time-varying amplitude and a phase. This signal
representation allows a separation of the spectral components played by the different instruments of a
mixture. In this dissertation, we propose a method to distinguish partials corresponding to the singing
voice among partials of other instruments using two characteristics of the singing voice: the vocal
vibrato, which occurs naturally on sustained sung tone and the portamento, which occurs when two
successive notes with distinct pitches are sung without interruption. These elements are known to be
features of the singing voice that add richness and expression to the musical content. In our research
we propose to model these temporal variations of frequency and use the parameters of the vibrato and
portamento as new features to describe the singing voice. We show though different experiments that
these features capture information related to the style and the technique of the singer and can thus be
used to describe a part of the signature of a singer in tasks of singer identification. This novel ap-
proach to describe the singing voice provides information complementary to the information related
to the timbre of the voice. Finally, we propose a method to combine this complementary information
to improve the recognition rate of singer identification.

1 Structure of the document

The document is organized as follows:
Chapter 3 - Reminder of classification techniques involving combination of information. Most

of the experiments conducted in this dissertation rely on supervised machine learning techniques. To
lighten the description of our experiments we present the theoretical backgrounds and the machine
learning algorithms that will be used in the remainder of this document in a separated chapter. Beside
the presentation of the classifiers, this chapter discusses the following points of supervised classifica-
tion: the selection of the best set of features for a given problem, the choice of appropriate measures to
report classification performances, and the use of information combination to improve classification
performances.

Chapter 4 - Singing voice: production, models and features. The goal of this chapter is to
introduce the features used in this document to describe the singing signals. This chapter starts with a
general presentation of the mechanisms involved in the production of sung sounds and presents some
specific aspects of singing, such as the vocal vibrato and the portamento. Then, the two major models
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for sound representation, the source-filter model and the sinusoidal model, are presented. We propose
to take advantage of these two models to derive two complementary types of features to describe
the singing voice. The source-filter model, which describes the vocal production as an excitation
produced by the vibration of the vocal folds filtered by the vocal tract, is used to obtain information
related to the timbre of the singer. The sinusoidal model, which interprets the harmonic sounds as a
sum of partials whose frequency and amplitude vary slowly over time, is used to extract information
related to the intonation of the singer that is assumed to be linked with the style and the technique of
the singer. The latter features are obtained with the aid of a dedicated model described and evaluated
in this chapter.

Chapter 5 - Singing voice localization and tracking in polyphonic context. This chapter presents
a set of methods to distinguish the partials corresponding to the singing voice among the other par-
tials of a polyphonic mixture. First we present a method to directly identify the partials emitted by
the singing voice. This method differentiates the vocal partials from the partials emitted by the other
instruments using a set of decisions made by evaluating the characteristics of the vocal vibrato and
portamento. The result of this simple method is used to localize the segments of a song containing
a singing voice. We propose to improve the recognition rate of the vocal partials by exploiting the
harmonic nature of the singing voice. In this chapter we present a method to group the partials emitted
at the same instant by the same instrument based on some CASA cues (common onsets, harmonicity
and common variations of the frequency based on the parameters of the vibrato and portamento). The
groups of harmonically related partials corresponding to the singing voice are then identified using
the vibrato and portamento criteria. Once the groups of vocal partials are identified they can be used
to isolate the voice from the instrumental accompaniment and/or to transcribe the melody performed
by the singer.

Chapter 6 - Singer identification In this chapter, we propose to evaluate the capacity of “timbral”
and “intonative” features to capture information related to the signature of a singer. This evaluation
is conducted through a series of singer identification experiments performed on lyric and pop-rock
singers. The underlying problem of singer identification is to find an invariant “voiceprint” in the
signals of song of a given singer, characterizing the voice of said singer. This task is challenging
because the voice is a highly variable instrument that can produce an extremely large variety of sounds.
We propose in this chapter to evaluate if the features related to the timbre and the intonative features
are robust against the variations of pitch and loudness. Since the voice is usually accompanied by
other instruments we also evaluate the capacity of these features to capture information related to
the singing voice when they are extracted directly from a mixture. Finally, we present a method to
combine the information conveyed by timbral and intonative features to increase the recognition rate
of singer identification.

Chapter 7 - Conclusion. The last chapter discusses the results of this dissertation, draws some
conclusions and suggests some directions for future works.

2 Outlines

The interest of the work presented in this document relies mainly on the development and the utiliza-
tion of novel features describing some intonative and/or expressive attributes of the singing voice.



14 CHAPTER 1. INTRODUCTION

1. The model developed to extract the intonative features is presented in Chap.4: Sec.2.3. This
model describes the time-varying frequency of a partial as the sum of a continuous variation,
representing the portamento, and a quasi-sinusoidal modulation, representing the vibrato. One
specificity of the vocal vibrato, the presence of an amplitude modulation which occurs passively
in presence of a frequency modulation is presented in Chap.4: Sec.2.4. The characteristics of
the temporal variations of amplitude and frequency constitute the set of the intonative features
as explained in Chap.4: Sec.3.2.

2. The proposed method to localize the vocal segments of a song using the direct recognition of
partials emitted by the singing voice is presented in Chap.5:Sec.3.

3. In Chap.5: Sec.4.1 we propose to improve the recognition of vocal partials by grouping the
partials emitted at the same instant by the same instrument. The proposed approach is based on
the definition of a similarity between partials, which is computed using the parameters of the
vibrato and portamento. This method is presented as a novel approach for the extraction of the
singing voice.

4. Finally, the proposed method developed to exploit the synergy offered by the intonative and
timbral feature for the singer identification task is presented in Chap.6: Sec.3.1.2. This method
uses the intonative features to refine the decisions made on the timbral features to increase the
recognition rate of singer identification.



Chapter 2

Introduction- French Version

1 Introduction

La plupart des mélomanes sont capables d’identifier le chanteur d’une chanson qu’ils n’ont jamais
entendu sous peu qu’ils connaissent au préalable d’autres chansons du même chanteur. Quand le
chanteur ne leur est pas familier, il est commun que les auditeurs essaient de caractériser cette nouvelle
voix en la comparant à des voix de chanteurs connus. L’aspect le plus remarquable de ces compara-
isons se trouve dans le fait que la plupart des auditeurs fassent les mêmes jugements de similarités.
Cette consistance à travers les jugements des auditeurs laisse à penser qu’il existe des caractéristiques
vocales, perçues par tous, qui définissent clairement l’identité et le style vocal d’un chanteur. Par
ailleurs, on note que les êtres humains sont capables de distinguer et reconnaître avec précision les
différents instruments qui composent un ensemble instrumental. On peut supposer que la capacité des
être humains à identifier et séparer les différentes sources qui composent une mixture instrumentale est
à la base de la capacité qu’ont les mélomanes à reconnaître un chanteur indépendamment du groupe
avec lequel il se produit. On remarque qu’il est beaucoup plus compliqué, même pour des mélomanes
expérimentés, de reconnaître un instrumentiste donné (ex. un guitariste, un percussionniste, un pi-
aniste, etc.) indépendamment de l’ensemble instrumental avec lequel il joue, spécialement dans la
musique pop-rock. Outre le fait que la voix est souvent l’instrument le plus mis en avant dans une
chanson, il est possible que le fait que l’instrument et l’instrumentiste soient deux éléments indissocia-
bles dans le cas de la voix chantée rende l’identification des chanteurs plus aisée que l’identification
des autres instrumentistes.

La recherche présentée dans cette thèse s’attache à l’étude des caractéristiques vocales. On étudie
d’une part les caractéristiques vocales qui rendent la voix chantée si différente des autres instruments
de musique. D’autre part, on étudie les caractéristiques vocales qui permettent de définir la signature
d’un chanteur, c’est à dire les éléments qui permettent de différencier les chanteurs entre eux. Cette
recherche s’inscrit dans le développement de systèmes capables de détecter automatiquement les pas-
sages d’une chanson qui contiennent du chant et capables de reconnaitre automatiquement le chanteur
d’une chanson donnée.

La plupart des études menées dans ce sens décrivent les signaux contenant de la voix chantée à
l’aide de descripteurs audio extraient du spectre d’amplitude et/ou de son enveloppe. L’enveloppe
du spectre d’amplitude (à court terme) contient une information relative au timbre du son étudié.

15
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Comme expliqué par le modèle source-filtre, l’enveloppe spectrale estimée sur des signaux audio
contenant de la parole (et par extrapolation du chant) peut être considérée comme une estimation
de la fonction de transfert du conduit vocal, lequel filtre les sons créés par la mise en vibration des
cordes vocales. Il a été montré que le conduit vocal est responsable de la qualité des voyelles et de la
couleur des sons produits par l’organe vocal. Les descripteurs audio dérivés de l’enveloppe spectrale,
tels que les MFCC (Mel Frequency Cepstral Coefficients) ont été utilisés avec succès dans les taches
de reconnaissance de locuteurs. Il est donc raisonnable de penser que ces coefficients peuvent être
utilisés pour décrire l’instrument du chanteur : son conduit vocal. Cette supposition reste valide tant
que les descripteurs de timbre sont extraits sur des signaux qui ne comportent qu’une seule source
vocale, c’est à dire des signaux a cappella.

Lorsque les descripteurs basés sur l’enveloppe spectrale sont calculés sur des signaux polyphoniques,
comme le signal d’une chanson (chant + instruments), ils décrivent les caractéristiques spectrales glob-
ales du mélange d’instruments et il est quasiment impossible de retrouver l’information correspondant
au chant à partir de cette analyse. Or, pour construire un système de reconnaissance de chanteur qui
soit capable de reconnaître un chanteur indépendamment du groupe avec lequel il se produit il est
nécessaire de trouver des éléments dans le signal qui décrivent la voix chantée indépendamment de
l’accompagnement instrumental. Si les descripteurs audio décrivent la mixture d’instruments le sys-
tème est alors capable de reconnaître des artistes (groupe de musiciens identifiés par un nom unique)
mais pas les chanteurs directement. Evidement si le groupe de musiciens ne contient qu’un chanteur
il est possible de retrouver le nom du chanteur à partir de l’identification des artistes, cependant le
problème de reconnaître un même chanteur à travers plusieurs artistes demeure.

Dans ce document, nous proposons une nouvelle approche pour décrire la voix chantée. Cette
approche est basée sur l’extraction de caractéristiques vocales obtenues directement dans le signal de
la mixture. La méthode proposée est basée sur l’interprétation des signaux musicaux donnés par le
modèle sinusoïdal harmonique. Ce modèle décrit les sons harmoniques par une somme de sinusoïdes
dont les paramètres évoluent lentement au cours du temps. Dans le cas idéal, chaque sinusoïde (aussi
nommé partiel) correspond à une harmonique d’un son joué par un unique instrument et est décrite
par un support (c’est à dire un indice de début et de fin), une fréquence et une amplitude qui évoluent
au cours du temps plus une phase à l’origine. Cette représentation de signaux musicaux permet de
séparer les composantes spectrales jouées par les différents instruments d’une mixture. Dans cette
thèse, nous proposons une méthode pour différencier les composantes spectrales correspondant à la
voix des composantes spectrales produites par les autres instruments de musique. Cette méthode
s’appuie sur deux caractéristiques de la voix chantée: le vibrato vocal, qui apparait naturellement
sur les notes tenues chantées et le portamento, qui apparait naturellement lorsqu’un chanteur passe
d’une note à une autre de façon continue (c.-à-d. sans reprendre sa respiration). Il a été montré,
dans des études perceptives, que le vibrato et le portamento aident la voix à être perçue distinctement
d’un accompagnement instrumental, même lorsque celui-ci est bien plus puissant que la voix. Dans
nos recherches, nous proposons de modéliser ces variations de fréquences et d’utiliser les paramètres
du vibrato et du portamento comme nouveau descripteurs pour la voix chantée. Nous montrons à
travers une série d’expériences que ces descripteurs capturent une information relative au style et à la
technique des chanteurs et qu’ils peuvent être utilisés pour décrire en partie la signature d’une voix
dans des taches de reconnaissance de chanteurs. Cette nouvelle approche pour décrire la voix chantée



2. RÉSUMÉ ÉTENDU PAR CHAPITRE 17

permet d’extraire des informations complémentaires aux informations données par les descripteurs
de timbre utilisés habituellement pour décrire les instruments de musique et la voix parlée. Nous
proposons dans cette étude une méthode pour combiner ces informations afin de rendre les systèmes
d’identification de chanteurs plus performants.

On présente dans la suite un résumé de chaque chapitre de cette thèse.

2 Résumé étendu par chapitre

Chapitre 3 - Rappel des techniques de classification supervisées impliquant la combinai-
son d’information

Le but de la recherche présentée dans ce document est d’évaluer quelles sont les caractéristiques
de la voix qui permettent à la fois de différencier le chant des autres instruments et qui permettent
également de décrire la signature d’un chanteur. L’importance et la pertinence de ces caractéristiques
sont évaluées à travers deux taches de classification caractéristiques. La différenciation de la voix
parmi les autres instruments de musique sera évalué à travers une tache de segmentation d’un morceau
de musique en parties chantées et non-chantées. La caractérisation des chanteurs (et leur identité)
sera évaluée à travers une tache d’identification de chanteurs. Ces deux taches, la localisation des
segments qui contiennent de la voix chantée et la reconnaissance des chanteurs, sont généralement
approchées par des méthodes de classification supervisées. Le premier chapitre de cette thèse présente
les différentes techniques de classifications supervisées utilisées dans le reste de ce document.

Un système de classification supervisé s’appuie sur deux éléments majeurs: les descripteurs, qui
sont supposés représenter de façon compacte l’information pertinente des données pour le problème
donné, et un classifieur qui est entrainé pour apprendre à reconnaître et/ou distinguer chaque classe
du problème. Le problème de sélection et de transformation de l’espace de descripteurs utilisé pour
représenter les données est discuté en détail (Sec.1.1) ainsi que les problèmes liés à l’évaluation de
ces taches en fonction de la représentation des classes dans le problème donné. On remarque qu’un
problème de classification peut être traité par une multitude d’approches, soit en variant les descrip-
teurs soit en variant les classifieurs (Sec.1.2). Il est cependant difficile lors de l’évaluation de dissocier
la contribution des descripteurs de la contribution du classifieur dans la performance finale (Sec.1.3).
Pour cette raison, entre autres, il est difficile voir impossible de clamer la supériorité d’un système de
classification (descripteurs + classifieur) par rapport à un autre. Afin de contourner ces problèmes et
d’utiliser au mieux les aspects positifs de chaque système de classification, de nombreuses méthodes
ont été développées pour combiner les systèmes de classification (Sec.2). Le but de ces méthodes est
de combiner les points forts de plusieurs systèmes de classification sans pour autant en combiner les
défauts. En règle générale, trois choix sont possibles : (1) combiner directement les descripteurs, (2)
combiner les classifieurs ou (3) combiner les résultats (c.-à-d. les décisions) des classifieurs (Sec. 2.1).
Les méthodes de combinaison de descripteurs permettent de fournir une description plus complète des
signaux étudiés si les descripteurs combinés sont complémentaires (ou orthogonaux). Ces méthodes
sont néanmoins rarement applicables car elles sont contraintes par de nombreux problèmes souvent
liés à la taille (au sens de la dimension) et à la nature (ordre de grandeurs et types) des descripteurs.
La combinaison de classifieurs n’est possible qu’avec un nombre limité de classifieurs. Les méthodes
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les plus polyvalents, et donc les plus utilisées, combinent les résultats de différents systèmes de classi-
fication. Ces systèmes peuvent être basés sur des descripteurs différents, des classifieurs différents ou
encore des systèmes de classification semblables mais dont les paramètres internes varient. Les sys-
tèmes qui combinent les sorties de classifieurs, aussi nommés systèmes de combinaison ou fusion de
décisions, peuvent être répartis en deux catégories : les combinaison séquentielles et les combinaison
parallèles (Sec.2.2).

Dans un schéma séquentiel, le problème à traiter par chaque système de classification est déter-
miné par le classifieur précédent. Le principal inconvénient de ce schéma et que si à une étape de la
classification une mauvaise décision est prise il est impossible de corriger cette erreur et la classifi-
cation finale ne peut pas être à son tour correcte. Dans un schéma de combinaison parallèle, tous les
systèmes de classification ont le même problème à résoudre, c’est a dire ils ont les même données à
classer dans le même ensemble de catégories. Ce type de combinaison analyse les décisions de tous
les classifieurs et applique des règles prédéfinies pour trouver la décision la plus consensuelle. Afin
de garantir une amélioration en utilisant une combinaison parallèle il est nécessaire de connaître plus
ou moins la performance des systèmes de classifications lorsqu’ils sont appliqués indépendamment
afin de pondérer les décisions de chacun en fonction de leurs performances respectives. Il est possible
d’apprendre le comportement de ces classifieurs (Sec.2.3) en utilisant un méta-classifieur mais cette
technique favorise les risques de sur-apprentissage. Dans nos recherches nous utilisons deux types
de descripteurs pour caractériser les voix chantées. Pour améliorer la reconnaissance de chanteurs,
on propose de combiner ces informations afin d’obtenir une description plus complète de la signature
d’un chanteur. Comme les schémas parallèles et séquentiels connus ne fournissent pas d’amélioration
significatives dans notre cas nous proposons une nouvelle méthode de combinaison. Cette méth-
ode commence par une approche séquentielle afin de déterminer les classes les plus probables. Sur
l’ensemble des classes restantes, la décision finale est prise en appliquant les règles classiques de
combinaison parallèle. Les résultats fournis par cette méthode seront détaillés dans le chapitre sur la
reconnaissance de chanteurs.
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Chapitre 4-Voix chantée: production, modèles et descripteurs.

Le deuxième chapitre de cette thèse a pour but de présenter les descripteurs utilisés dans nos
expériences pour décrire les signaux contenant de la voix chantée. Dans nos travaux, nous proposons
deux types de descripteurs issus des deux principaux modèles de descriptions du sons : le modèle
source-filtre et le modèle sinusoïdal.

La production vocale (Sec.1) peut être interprétée comme une succession temporelle d’impulsions
vocale, créées par le flux d’air produit par les poumons, traitées par les cordes vocales et modifiées
par le conduit vocal dont la configuration varie constamment. Le conduit vocal filtre la source à la
sortie des cordes vocales pour produire une voyelle avec une couleur particulière qui dépend des pro-
priétés morphologiques du chanteur. Cette interprétation de la production vocale est formalisée par le
modèle source-filtre (Sec.2.1). La fonction de transfert du conduit vocal est en pratique donnée par
l’enveloppe du spectre d’amplitude à court terme. Il existe deux approches principales pour estimer
cette enveloppe : les méthodes basées sur la prédiction linéaire et les approches basées sur le cep-
stre. Les coefficients donnés par les méthodes de prédiction linéaires, qui correspondent aux pôles
de réponse impulsionnelle du filtre que constitue le conduit vocal, peuvent être directement utilisées
comme descripteurs pour donner une représentation compacte des informations pertinentes sur le con-
duit vocal du chanteur. A contrario, les enveloppes obtenues par les méthodes basées sur le cepstre
contiennent autant de coefficient que le spectre analysé. Pour compresser cette information et retenir
un nombre réduit de coefficient contenant l’information la plus utile (dans ce cas les bases fréquences
du cepstre) il est nécessaire d’appliquer des méthodes de transformation telles que la DCT (Discrete
Cosine Transform). Pour obtenir une représentation compacte et proche de ce que les être humains
perçoivent l’enveloppe spectrale peut être calculée sur une échelle de fréquence logarithmique, telles
que les échelles de Mel ou de Bark. Cette idée est a l’origine des descripteurs les plus fréquem-
ment utilisés en classification audio : les MFCC (Mel Frequency Cesptral Coefficients). Dans nos
recherches nous proposons un nouveau descripteur de timbre qui s’appuie sur la même idée (com-
pression de l’information extraient du spectre par DCT) mais sur des enveloppes calculées à l aide de
l’algorithme de la “ True Enveloppe ”. Il a été prouvé que l’estimation de l’enveloppe spectrale via
la “ True Enveloppe” fournit une meilleure estimation que toutes les autres méthodes existantes, pour
les signaux de voix parlée dont les fréquences (pitches) sont aiguës. Les coefficients obtenus à partir
de la “True Enveloppe” sont nommés TECC dans le reste du document.

La production vocale peut aussi être interprétée comme un ensemble de fréquences (en réalité une
fréquence fondamentale et ses harmonique) variant lentement au cours du temps (Sec.2.2). A chaque
fréquence est associé une amplitude dont la variation est indépendante de sa fréquence associée. Cette
interprétation de la production musicale est formalisée par le modèle sinusoïdal qui décrit tout signal
harmonique par une somme de partiels. Chaque partiel est défini sur un support, une fonction de
fréquence, une fonction d’amplitude et de phase. Si le partiel correspond à une note soutenue ou à
une transition entre deux notes alors sa fonction de fréquence peut être modélisée par la somme de
deux fonctions variant lentement au cours du temps : une variation lente et continue qui représente
un portamento (un changement continue de fréquence entre deux notes distinctes chantées dans une
même respiration) et une variation périodique de fréquence qui représente un vibrato (Sec.2.3).

La figure 2.1 illustre la segmentation de la fréquence fondamentale de la mélodie chantée en notes
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tenues et transitions entre note. Les figures 2.2 et 2.3 illustrent la décomposition de la fréquence fonda-
mentale d’une note tenue et d’une transition portamento en terme de variations continue et périodique.
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Figure 2.1: Fréquence fondamentale d’une mélodie chantée: Segmentation en notes tenues(N) et
transitions entre notes (T).
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Figure 2.2: Estimation sur une note vibrée
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Figure 2.3: Estimation sur un transition
portamento

Ces deux éléments, le vibrato et le portamento, sont des éléments expressifs de la voix connus
pour apparaître naturellement dans le chant et qui permettent à la voix chantée de passer facilement
au dessus de l’accompagnement instrumental. Par ailleurs, ces modifications de fréquence entrainent
des modulations d’amplitude. Le conduit vocal amplifie naturellement les fréquences proches d’un
formant. Si la modulation de fréquence est périodique alors la modulation d’amplitude crée par le
conduit vocal est elle aussi périodique. L’étude de la corrélation entre les variations périodiques
d’amplitude et de fréquence permet de mettre en évidence le lien entre le modèle source-filtre et
le modèle sinusoïdale harmonique (Sec.2.4). La figure 2.4 illustre la corrélation entre modulation de
fréquence et modulation d’amplitude qui apparaissent sur une note tenue. La modulation de fréquence
est généralement nommée tremolo. La fréquence de modulation, c’est à dire le nombre de cycle de
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modulation par seconde, du tremolo peut être soit égale soit double de la fréquence de modulation
du vibrato. La corrélation entre la fréquence des deux modulations permet d’estimer la position des
formants d’un chanteur, au moins pour les formants dont les fréquences sont proches des multiples de
la fréquence fondamentale.

Nous proposons dans la suite de cette étude d’utiliser les paramètres du vibrato, du trémolo
(vitesse et amplitude des modulations) et les paramètres du portamento (décrit par les coefficients
d’un polynôme de degré 3) comme nouveaux descripteurs pour la voix chantée. Dans la suite du
document, ces paramètres sont nommés: descripteurs d’intonation (INTO).
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Chapitre 5 - Localisation et suivi de la voix chantée dans un contexte polyphonique.

Dans le troisième chapitre de ce document, nous nous intéressons au problème de différencier
la voix chantée des autres instruments de musique à travers la tache de détection de voix chantée.
La détection de la voix chantée dans une chanson, aussi nommée localisation de la voix chantée ou
localisation des segments chantés, consiste à segmenter une chanson en partie “ chantées ” et “non-
chantées ” (Sec.1). Les segments non-chantés peuvent être des parties purement instrumentales ou
des parties silencieuses de la chanson. La localisation des segments chantés est à la base de la plupart
des recherches sur la voix chantée. Ainsi, de nombreuses méthodes ont été proposées pour résoudre
ce problème. En effet dans le schéma le plus courant de chanson, disons dans la musique pop-rock,
il existe des moments ou la voix est absente (typiquement l’introduction, l’outro et les ponts entre
couplets et refrain). Pour tous les travaux s’attachant à retrouver des informations correspondants à la
voix dans une chanson il est nécessaire de localiser avec précision les moments où le chant est présent.

Les méthodes développées pour cette tache peuvent être réparties en quatre catégories (Sec.2).
Les deux approches les plus directes sont (1) les méthodes qui considèrent que le problème est une
tache de classification binaire ou les deux classes sont “ chantée ” et “ non-chantée ” et (2) les méth-
odes qui considèrent que la détection de la voix chantée est un cas particulier de la reconnaissance
d’instruments. Il est également possible de résoudre ce problème en utilisant des approches basées sur
la séparation de source. Celles-ci sont en général plus complexes à mettre en œuvre mais permettent
d’extraire des informations plus complètes sur le “ lead vocal ” de la chanson car leur réel but est
d’extraire la voix de l’accompagnement instrumental. Le problème de séparation de la voix peut être
en grande partie résolu si l’on connaît la fréquence fondamentale de la mélodie chantée principale.
Ainsi le problème de localisation des segments chantés dans une chanson peut être traité par des ap-
proches de (3) séparation de source et/ou (4) des méthodes de transcription de la mélodie chantée (ou
de la mélodie principale).

Dans ce chapitre nous proposons une nouvelle approche pour résoudre ce problème (Sec.3) qui
est inspirée à la fois des méthodes de reconnaissance d’instruments et des méthodes de séparation de
sources basées sur les principes de CASA (Computational Auditory Source Analysis). Dans sa config-
uration la plus simple (Sec.3.1), la méthode proposée dans ce chapitre reconnaît directement les par-
tiels émis par la voix chantée en utilisant des critères sur les paramètres de vibrato/trémolo et de porta-
mento. Cette méthode a comme principal avantage qu’elle ne nécessite pas de phase d’apprentissage
à proprement dit et que la reconnaissance est effectuée à l’aide d’un simple ensemble de seuils. Ainsi,
pour détecter les segments chantés, tous les partiels de la chanson sont extraits. Les partiels qui com-
portent un vibrato dont la vitesse (rate) est comprise entre 4 et 8 Hz et l’amplitude est relativement
élevée (supérieure à 16 cents) et qui présentent également une modulation d’amplitude périodique
(trémolo) sont considérés comme étant des partiels chantés correspondant à des notes tenues. Les
partiels qui présentent une forte déviation continue de fréquence (supérieure à 85 cents) sont con-
sidérés comme étant des partiels chantés qui correspondent à des transitions entre notes portamento.
Les supports des partiels reconnus comme partiels chantés sont utilisés pour déduire directement les
segments de la chanson qui contiennent du chant. Cette méthode est évaluée (Sec.3.2) sur un en-
semble de 90 chansons de genres variés qui contiennent toutes du chant. Les résultats obtenus avec
cette approche simple et directe sont comparables aux résultats obtenus avec des méthodes classiques
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d’apprentissage supervisés, c’est à dire des méthodes basées sur des descripteurs audio extraient des
deux classes (chanté et non-chanté) pour entrainer des modèles qui classent automatiquement les nou-
velles données en les comparant aux modèles obtenus lors de la phase d’apprentissage. Sur l’ensemble
des signaux testés les segments de voix chantées sont localisés avec un F-measure de 77%. La méth-
ode proposée est extrêmement précise (Précision 85%) mais souffre d’un Recall relativement bas
(Recall 71%). Comme cette méthode est basée sur des seuils, il est possible de modifier le compromis
entre Recall et Precision en variant les valeurs de ces seuils comme illustré sur la figure 2.5.
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Figure 2.5: Exemples de courbe PR obtenues en variant un seuil

Nous proposons d’étendre cette méthode (Sec.4) afin de retrouver tous les partiels émis par le
chanteur durant la chanson ; en d’autres termes améliorer le Recall de la méthode précédente. Pour
augmenter le taux de reconnaissance des partiels chantés nous proposons de grouper les partiels émis
par une même source à un instant donné. Pour ce faire, nous proposons de calculer une distance
entre partiels qui tend vers zéro lorsque les partiels sont vraisemblablement émis par la même source
ou même instant, (c.-à-d. si les partiels correspondent à deux harmoniques du même son) et est
bornée par 1. Cette distance est définie comme une fonction multicritères qui compare chaque paire
de partiels sur leurs supports et leurs variations en fréquence. En théorie, des partiels harmoniques
commencent et finissent au même instant et ont des trajectoires de fréquence égales à une constante
multiplicative près. Ainsi la mesure de similarité entre deux partiels prend en compte ces différents
éléments. On note que les partiels émis par la voix sont modulés en amplitude de façon indépendante,
qui est déterminée par la position en fréquence du partiel par rapport au conduit vocal. Pour cette
raison les partiels ne sont pas comparés sur leur fonction d’amplitude car il n’existe pas de corrélation
prédéterminée entre les amplitudes de deux harmoniques du même son. Les critères sur lesquels sont
comparés les partiels trouvent des équivalents dans les “ cues ” des méthodes CASA. Finalement les
partiels correspondant à deux harmoniques du même son sont groupés automatiquement en utilisant
les techniques classiques de “ clustering ” hiérarchique agglomérative. La distance entre deux groupes
de partiels, ou clusters de partiels, est donnée par la moyenne des distance entres toutes les paires de
partiels ou chaque paire est formée de partiels appartenant à des clusters différent (average linkage
method). Le processus d’agglomération des partiels en cluster est stoppé lorsque la distance entre
cluster dépasse un certain seuil déterminé par le critère VIF (Variance Inflation Factor). Le résultat



24 CHAPTER 2. INTRODUCTION- FRENCH VERSION

fournit par cette méthode appliqué sur un signal de voix accompagnée par un piano est illustré sur la
figure 2.6 ou chaque cluster est représenté par une couleur différente.
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Figure 2.6: Exemple de groupement des partiels obtenus sur un signal réel: voix + piano

Afin d’évaluer la qualité de ce groupement de partiels par source, nous proposons de mesurer
la pureté des clusters obtenus (Sec.4.2), c’est à dire de mesurer si les partiels des clusters obtenus
proviennent du même instrument. Afin de disposer d’une référence pour procéder à l’évaluation,
nous travaillons avec un ensemble de 15 chansons dont nous possédons les enregistrements des pistes
séparées. Les partiels sont extraits sur les pistes de chant, guitare, guitare basse et piano de chaque
chanson et sont combinés pour former un unique ensemble de partiels par chanson. Sur ces ensembles
de partiels, qui simulent les partiels d’une chanson avec plusieurs sources, nous appliquons la méthode
décrite précédemment. Lorsque que l’on considère que chanson contient deux sources (voix et non-
voix) la pureté des clusters est égale à 89%. Lorsque l’on considère que les chansons ont 4 sources,
c’est à dire chaque instrument est considéré indépendamment, la pureté des clusters est de 82%. Ces
bons résultats montrent que la méthode proposée est efficace pour grouper les partiels par source.

Nous proposons d’appliquer cette méthode aux chansons étudiées précédemment pour la tache de
détection de la voix chantée (Sec.4.3). Une fois les partiels groupés par source, les clusters correspon-
dant au chant sont détectés en utilisant des critères similaires à la méthode précédente (seuil sur les
paramètres du vibrato/trémolo et du portamento). Le support des clusters vocaux détermine directe-
ment les segments de chanson qui contiennent du chant. Cette méthode améliore considérablement le
Recall (qui passe de 70% a 83%) car elle reconnaît plus de partiels chantés, par contre la Precision est
diminuée (de 85% à 75%). Au final la F-measure est légèrement améliorée. L’amélioration obtenue
est illustrée sur la figure 5.4 qui représente un cluster de partiel. Les partiels en pointille rouge cor-
respondent au partiels détectés comme chanté avec la première méthode. Etant donné que tous les
partiels représentés sur cette figurent appartiennent au même cluster, la seconde méthode reconnait
tous les partiels de ce cluster comme chantés.
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Figure 2.7: Comparaison des méthodes de détection des partiels vocaux : méthode directe vs.
groupement des partiels

Si l’amélioration, pour la tache de détection de la voix chantée, n’est pas spectaculaire cette méth-
ode présente néanmoins un réel intérêt pour la séparation de source et la transcription de la mélodie
principale (Sec.4.4).
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Chapitre 6 - Identification des chanteurs.

Le dernier chapitre de cette thèse s’intéresse au problème de l’identification de chanteurs. Ce
problème est généralement traité comme un problème de classification dont le problème sous-jacent
est de trouver dans le signal des chansons d’un chanteur donné une empreinte vocale qui caractérise
de façon univoque la voix du chanteur. Une part de la solution du problème réside dans le choix
et le développement de descripteurs appropriés pour décrire la voix d’un chanteur. Une autre part
de la solution du problème se trouve dans le choix d’outils statistiques appropriés pour obtenir des
modèles de chanteurs fiables et robustes. Dans le chapitre précédent, nous avons montré que les
descripteurs d’intonation (INTO) peuvent être utilisés pour discriminer avec une précision élevée la
voix des autres instruments de musique. L’idée principale de ce chapitre est d’évaluer si les éléments
d’intonation contribuent à la signature d’un chanteur et peuvent être utilisées efficacement dans des
taches de reconnaissance de chanteurs.

Le problème de reconnaissance de chanteurs a fait l’objet de nombreuses recherches (Sec.2). En
effet, le “lead vocal” est l’élément d’une chanson qui concentre l’attention de la plupart des auditeurs
car la mélodie chantée est sans doute l’élément que la plupart des auditeurs retiennent d’une chanson.
De plus il est commun que les auditeurs reconnaissent un groupe (au sens artiste) en identifiant le
chanteur du groupe. Pour ces raisons, ils est très intéressant en terme de MIR (Music Information
Retrieval) de reconnaître automatiquement le chanteur d’une chanson afin d’organiser et de classer
les collections de musique automatiquement. Dans notre approche on distingue la reconnaissance
d’artistes de la reconnaissance de chanteurs.

Les premières études menées sur l’identification des chanteurs s’attachent, de notre point de vue,
à reconnaître des artistes plutôt que des chanteurs dans la mesure ou elle s’appuient sur des descrip-
teurs extraient de la mixture instrumentale. Par la suite, de nombreuses méthodes ont été proposées
pour obtenir des informations directement reliées à la voix d’une chanson afin d’obtenir des systèmes
capables de reconnaître les chanteurs. Généralement, ces méthodes utilisent un système pour détecter
les parties de la chanson qui contiennent de la voix sur lesquels sont appliqués des techniques de sépa-
ration de source afin d’isoler la voix de l’accompagnement. C’est sur la voix isolée que les techniques
classiques de classification audio sont appliquées. Malgré les efforts mis sur la séparation de source,
les résultats obtenus ne permettent pas d’isoler la voix en préservant toutes ses caractéristiques.

Nous proposons dans ce chapitre d’évaluer la capacité des descripteurs de timbre et d’intonation
à décrire la signature d’un chanteur sur des enregistrements de voix a cappella dans un premier temps
(Sec.3). Nous montrons également qu’il est possible de combiner les informations contenues par cha-
cun de ces descripteurs pour obtenir un meilleur système de reconnaissance de chanteurs. Dans un
second temps, (Sec.4), nous proposons d’évaluer si ces descripteurs restent invariants à travers un
certain nombre de modifications inhérentes à la voix telles que le changement de hauteur (pitch) et
le changement d’intensité (loudness). Ces variations qui peuvent apparaitre au cours d’une unique
phrase musical sont nommées variations “ intra-chanson ”. Pour finir nous proposons d’évaluer si ces
descripteurs capturent une information relative à la voix lorsqu’ils sont extraient sur des signaux de
voix accompagnés par d’autres instruments. En d’autres termes, nous proposons d’évaluer si ces de-
scripteurs sont robustes aux variations “ inter-chanson ” créés par le changement d’accompagnement
instrumental.
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Les évaluations menées dans ce chapitre sont réalisées sur deux ensembles d’enregistrements a
cappella. Le premier ensemble, LYR, est constitué d’enregistrements de notes isolées chantées par 17
chanteuses lyriques. Pour chaque chanteuse, nous disposons des même enregistrements : 3 hauteurs
{La, Ré, Sol}, 3 intensités : {p, mf, f } et chaque couple (hauteur, intensité) est répété trois fois. Ainsi
pour chaque chanteur nous disposons de 27 enregistrements de notes isolées. Le second ensemble
de données, POP, est constitué des pistes du “lead vocal” de chansons pop-rock produites par 18
chanteurs (10 femmes, 8 hommes). Pour chaque chanteur nous disposons de 3 chansons différentes
à partir desquelles nous avons manuellement segmentés des notes tenues et des transitions entre note.
Au final, l’ensemble POP est constitué de 2592 notes isolées. Sur chaque ensemble de données,
les expériences d’identification de chanteurs sont réalisées avec les outils classiques d’apprentissage
supervisé. Afin d’obtenir une estimation de la performance des descripteurs indépendamment du
classifieur, les expériences sont menées avec trois types de classifier (kNN pour l’approche “instance
based”, GMM pour l’approche “générative” et SVM pour l’approche “discriminative”). Pour chaque
évaluation, menée indépendamment sur la base POP et la base LYR , les données sont divisées en
trois sous ensembles. L’apprentissage est réalisé sur les données de deux sous ensembles et la vali-
dation est réalisée sur les données du troisième sous-ensemble. L’expérience est répétée trois fois en
faisant tourner les ensembles d’apprentissage et de validation (3 folds cross-validation). Les résultats
reportés dans la suite correspondent à la moyenne des trois Accuracy (pourcentage de notes assignées
correctement à son chanteur) obtenus au cours de la validation croisée.

Dans une première série d’expériences (Sec.4.2.2) nous montrons que les descripteurs d’intonation
contiennent une part de l’identité des chanteurs. Pour chaque ensemble de données (POP et LYR)
les systèmes basés sur les descripteurs d’intonation obtiennent un taux de reconnaissance 10 fois
supérieur à la performance aléatoire (soit une Accuracy comprise entre 45% et 50% pour 17 et 18
chanteurs). Sur ces mêmes segments a cappella, les descripteurs de timbre atteignent une performance
avoisinant les 75%. Nous montrons dans ce chapitre que les deux types de descripteurs peuvent être
combinés astucieusement pour améliorer les performances de reconnaissance de chanteur. La méth-
ode de combinaison proposée dans ce chapitre obtient une performance proche de 90% pour chaque
ensemble de données. L’ensemble des résultats est illustré sur la figure 2.8 pour l’ensemble LYR et sur
la figure 2.9 pour l’ensemble POP. On note qu’il est loin d’être facile d’améliorer une performance de
75% en ajoutant une information qui atteint seulement 50% de bonne classification. Ces expériences
montrent qu’il est possible de construire des systèmes d’identification de chanteurs fiables si le chant
est parfaitement isolé de l’accompagnement. Pour que ces systèmes soient robustes il est nécessaire
de sélectionner avec précaution les données utilisées pour l’apprentissage des modèles.

La voix est un instrument hautement variable dont les caractéristiques peuvent changer de façon
significative en l’espace de quelques secondes. Lors de nos expériences nous avons montré que la plu-
part des descripteurs ne sont pas invariants aux changements de hauteur et d’intensité. Par exemple,
sur l’ensemble LYR lorsque les modèles des chanteurs sont entrainés sur des échantillons couvrant
tous les hauteurs et les intensités présentent dans la base les descripteurs TECC obtiennent une clas-
sification correcte à 95%. Lorsque les modèles sont appris sur les enregistrements de deux hauteurs
distinctes (ex. la et ré) et que la validation est effectuée sur des notes ayant une autre hauteur (ex.
sol) la taux de reconnaissance chute à 38%. Ainsi, pour obtenir des modèles de chanteurs fiables
il est nécessaire que ces modèles soient entrainés à partir d’exemples sonores qui couvrent toute la
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Feature I TECC
Feature II SVM (84.97) kNN (83.22) GMM (77.56)

SVM (42.48) 89.11 87.8 84.97

Into GMM (42.70) 86.93 86.27 84.97

kNN (39.22) 87.58 87.8 81.7

Feature I MFCC
Feature II SVM (73.42) kNN (72.55) GMM (65.36)

SVM (42.48) 79.3 78.21 76.69

Into GMM (42.70) 79.52 80.39 76.69

kNN (39.22) 78.21 77.12 73.86

Feature I LPC
Feature II SVM (80.61) kNN (77.78) GMM (69.06)

SVM (42.48) 86.93 84.97 79.3

Into GMM (42.70) 86.93 83.88 79.74

kNN (39.22) 84.97 83.88 74.29

Figure 2.8: Résultats de la combinaison pour l’identification des chanteurs lyriques (LYR)

Feature I TECC
Feature II SVM (73.57) kNN (69.02) GMM (69.60)

SVM (50.12) 78.97 72.92 74.07

Into GMM (46.91) 70.72 68.29 72.80

kNN (43.25) 73.92 69.80 71.99

Feature I MFCC
Feature II SVM (64.66) kNN (59.26) GMM (56.21)

SVM (50.12) 71.37 67.94 56.05

Into GMM (46.91) 64.97 61.00 60.03

kNN (43.25) 67.01 63.70 61.81

Feature I LPC
Feature II SVM (69.10) kNN (63.81) GMM (56.17)

SVM (50.12) 74.85 69.60 66.05

Into GMM (46.91) 69.92 66.74 61.23

kNN (43.25) 70.41 65.97 64.37

Figure 2.9: Résultats de la combinaison pour l’identification des chanteurs pop-rock (POP)

tessiture et l’amplitude d’une voix. Idéalement les exemples utilisés pour l’apprentissage devraient
aussi contenir tous les phonèmes possibles qu’une voix peut produire. Les résultats des expériences
pour les variations “intra-chansons” étudiées obtenus avec comme classifieur des GMM sont illustrés
sur la figure 2.10.

Dans une dernière série d’expériences (Sec.4.2.3) nous avons évalué si les systèmes de reconnais-
sance sont toujours capables de reconnaître un chanteur lorsque les extraits utilisés pour l’apprentissage
et la validation sont accompagnés par différents instruments. Par exemple, lorsque les modèles sont
appris sur de la voix isolé et sur de la voix accompagné par un piano et que la validation est effectuée
sur des signaux de voix accompagnés par de la guitare. Les résultats obtenus lors de ces expériences
montrent que la performance des descripteurs de timbre (MFCC, TECC), pour cette tache, varie en
fonction de la nature des accompagnements instrumentaux comme illustré sur la figure 2.11. Plus
l’accompagnement est dense et riche harmoniquement plus les performances sont dégradées. Ce qui
semble logique. Les résultats obtenus montrent également que les descripteurs d’intonation sont plus
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Figure 2.10: Classification Accuracy pour les variations de hauteur et d’intensité obtenus avec des
GMM. Résultats obtenus après vote (V) sont tracés avec des lignes pointillées

robustes à la présence d accompagnement que les descripteurs de timbre.
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Figure 2.11: Classification Accuracy obtenus pour différents accompagnements instrumentaux avant
vote
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Chapitre 7 - Conclusion et Perspectives

L’originalité du travail présenté dans cette thèse se trouve dans le fait de décrire la voix à l’aide
de descripteurs à long terme basés sur les variations temporelles de la fréquence fondamentale de la
mélodie chanté. Ces éléments décrivent les éléments expressifs de la voix tels que le vibrato et le por-
tamento. Cette idée vient de l’observation de spectrogrammes, sur lesquels il est assez facile de recon-
naitre et suivre les éléments spectraux correspondant au chant: les notes tenues sont reconnaissables
par la présence d’harmoniques dont les trajectoires fréquentielles suivent une variation périodique et
les transitions entre notes sont reconnaissables par des variations continues de fréquence fondamentale
(et de ses harmoniques) entre les deux notes distinctes. L’importance de ces variations de fréquence a
été démontré dans des études sur la perception mais aucune recherche sur la caractérisation de la voix
chanté n’a utilisé ces éléments comme descripteurs de la voix.

Dans cette thèse nous avons démontré que les variations de fréquence fondamentale, en partic-
ulier les variations créées par le vibrato, permettent de distinguer la voix des autres instruments de
musique. De plus nous avons montré que les paramètres de ces variations peuvent être utilisés pour
décrire une part de l’identité d’un chanteur et que cette description est complémentaire à la description
fournie par les descripteurs de timbre habituellement utilisés. L’idée développée dans cette thèse est
que les descripteurs d’intonation, c’est à dire les descripteurs calculés sur les variations temporelle
de fréquence, capturent une information lié au style et à la technique des chanteurs alors que les de-
scripteurs de timbre capturent une information liés à “l’instrument du chanteur” (son conduit vocal).
Les expériences menées dans cette thèse mettent en évidence la complémentarité de ces deux types
de descripteurs et montrent que la combinaison des informations portées par ces descripteurs permet
d’obtenir une description de la signature d’un chanteur plus complète que les descriptions uniquement
basées sur les descripteurs extraient du spectre d’amplitude.

Perspectives

Les performances des méthodes proposées dans cette thèse pourrait être améliorées en utilisant
une meilleure estimation des paramètres de vibrato. Pour être appliquées dans des cas réels il est
également nécessaire de développer une méthode capable de déterminer automatiquement les seg-
ments de la fréquence fondamentale de la mélodie chantée qui sont les plus adaptés pour extraire des
informations sur l’intonation d’un chanteur. Par ailleurs, la performance des systèmes d’identification
de chanteur peut être grandement amélioré si les segments ou la voix domine les autres instruments
sont détectés automatiquement.

Nous notons que l’analyse des variations temporelles de la fréquence fondamentale peut être
poussée plus loin. L’analyse des variations temporelles à une plus petite échelle peut être utilisé
pour extraire des informations sur la qualité vocale tels que le Jitter et le Shimmer. Les variations peu-
vent également être analysées à une plus grande échelle pour déterminer des patterns de séquences de
notes; qui peuvent être caractéristiques chez certains chanteurs. De tels modèles peuvent être obtenus
à l’aide de chaines de Markov cachées (HMM) basées sur les descriptions de notes et de transitions
entre notes proposées dans ce document.

Les descripteurs proposés dans ce document peuvent par ailleurs être utilisés pour décrire d’autres



2. RÉSUMÉ ÉTENDU PAR CHAPITRE 31

instruments, en particulier les instruments à cordes avec lesquels il est également habituel de produire
des notes vibrées. Contrairement à la voix chantée, la production de notes vibrées pour les instru-
ments à cordes n’est pas liée aux propriétés de résonance de l’instrument mais dépend uniquement de
la technique du musicien. Ainsi, il serait intéressant d’évaluer si les descripteurs d’intonation permet-
tent de différencier et reconnaitre deux musiciens jouant la même oeuvre sur le même instrument. De
façon plus générale il serait intéressant d’évaluer si ces descripteurs permettent d’améliorer la recon-
naissance d’instruments, en particulier en étudiant la corrélation entre les variations de fréquence et
les variations d’amplitude.

Les expériences menées dans ce document montrent l’importance du vibrato comme caractéris-
tique de la voix chantée. Les éléments sur la nature du vibrato; sa vitesse, son amplitude, l’apparition
de variations périodique d’amplitude, etc., pourrait aussi être utilisés pour améliorer la qualité des
voix chantées de synthèse. En particulier il pourrait être intéressant de développer des modèles de vi-
brato pour chaque style de voix. Ces modèles pourrait être utilisés également pour corriger certaines
imperfections dans des enregistrements de voix tout en préservant l’expression du chanteur.
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Chapter 3

Reminder of classification techniques
involving combination of information

The past two decades have been characterized by the development of the internet, resulting in rapidly
growing collections of data, including musical data. It became evident that it was necessary to develop
systems able to classify music collections automatically. The research on the automatic organization
of music collection is often referred to as Music Information Retrieval (MIR). MIR research has two
main goals: to develop systems able to transcribe the score of a given song (e.g. transcribe the melody,
the chords, the rhythm, etc.) and generate playlists of music automatically (e.g. music recommenda-
tions based on user specifications: music genre, music mood, tempo, decade of production, etc.).

In Pop-rock music most of the musical production is made of songs. A song can be defined as
a lead vocal, carrying the main melody and the lyrics, accompanied by a set of musical instruments.
The vocal lead and by extension the singer’s voice is the element that attracts the attention of many
listeners. Naturally, it has been proposed to organize, browse, and retrieve popular music recordings
using information related to the singer’s voice (e.g. the singer name, the type of voice, the gender
of the singer, the lyrics of the song, etc.). However, the quasi-systematic presence of an instrumental
accompaniment makes the extraction of information relative to the singer’s voice rather difficult.

Any system developed to extract information on the sung melody or on the identity of the singer
requires locating the portions of the song where the singing voice is present. The problem of singing
voice localization (Chap.5) is generally viewed as a problem of classification with two classes: the vo-
cal and the purely instrumental classes. The problem of singer identification (Chap.6) is also regarded
as a problem of classification where each class represents one singer. In this document we deal with
these two problems using supervised machine learning techniques.

The goal of this chapter is to introduce the theoretical backgrounds and the different methods that
will be used in the different experimentations of this document. The details of the steps involved
in supervised machine learning techniques are described in Sec.1. In the present work we attempt
to describe the characteristics of singing voice using different types of information. To take into
consideration the maximum aspects of the singing voice, it is necessary to combine this information at
a stage of the class training process. We present in Sec.2 different techniques to combine information
for classification problems.

33
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1 Supervised pattern recognition

The goal of classification is to assign unlabeled patterns to a number of known categories. A system
of classification is based on both an appropriate description of the patterns and on a statistical algo-
rithm trained to learn the specificities of each pattern for the given problem. A system of supervised
classification can be summarized as shown in Fig.3.1.

DATA
Features 
Extraction

Selection  
Transform

Training 
set

Testing 
set

Classifier 
Design

Evaluation
Classes 

attribution fn

Figure 3.1: Basic steps of supervised classification

The problem starts with a set of data and a set of known classes. We assume in the following
that each item of the data set belongs to one and only one class. The data set is described by a set
of features, which put the important data points for the problem into a concise form. Features can be
selected and transformed to increase the performance of the classification. This point is discussed in
Sec.1.1. The set of data is split into training examples and testing samples 1. A supervised learning
algorithm analyzes the training examples and produces an inferred function, which is called a classi-
fier. Different types of classifiers are presented in Sec.1.2. Once trained, the classifier is then used to
predict the class of the examples of the testing set. In practice, the true classes of the testing patterns
are known. The performance of the system of classification (features + classifier) is measured by
comparing the predicted class of the testing examples with their true classes. Different measures to
evaluate and compare the performance of classification systems are presented in Sec.1.3. The same
classification problem can be solved with an infinite number of systems of classification (either by
changing the features or the classifier). Each system has its own strengths and weaknesses leading
to a bounded performance. In Sec.2 we present some methods to combine different systems of clas-
sification. The aim of these methods is to increase the classification performance by combining the
strengths of different systems of classification without accumulating their weaknesses.

1.1 Features transformation and selection

We assume in the following that the features have already been extracted from the original data. Then
the data is represented by a feature space, which is a compact representation of the salient aspects
of the data for the given problem. Because of the curse of dimensionality it is often desirable to
reduce the size of features in the feature space. In addition, it is necessary to delete non relevant
features because they can deteriorate the classification performance significantly. To increase the
performance of classification systems numerous methods have been developed to find the minimal set
of informative and non-redundant features.

Feature selection methods are grouped into three categories [MBN02]. Filter methods select
features independently of the classifier using statistical tests or criteria of class separability. Embedded

1It is also possible to have a third part referred to as development set on which internal parameters of the classifiers can
be optimized. In this presentation we assume that this optimization is realized with a cross-validation on the training set of
samples.
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methods perform feature selection during the training process. They are specific to some classifiers.
Wrapped methods select the best subset of features for a given classification task by minimizing the
prediction error on the training data set. The subset of features returned by these methods is specific
to a given classifier. Filter methods, applied as a pre-processing step, have the advantage of being
very fast. Wrapped methods can be computationally expensive, however they offer the advantage of
measuring the relevance of each feature (and each combination of features) for the given problem.
These measures can be used backwards to ascertain the most discriminative aspects of the pattern
studied, which can be very useful if the original features have a clear physical or perceptual meaning.
A detailed overview of feature selection methods is presented in Fig.3.2 extracted from [SIL07].

incorporate this search in the added space of feature subsets in
the model selection.
In the context of classification, feature selection techniques

can be organized into three categories, depending on how they
combine the feature selection search with the construction of
the classification model: filter methods, wrapper methods and
embedded methods. Table 1 provides a common taxonomy of
feature selection methods, showing for each technique the most
prominent advantages and disadvantages, as well as some
examples of the most influential techniques.

Filter techniques assess the relevance of features by looking
only at the intrinsic properties of the data. In most cases a
feature relevance score is calculated, and low-scoring features
are removed. Afterwards, this subset of features is presented as
input to the classification algorithm. Advantages of filter
techniques are that they easily scale to very high-dimensional
datasets, they are computationally simple and fast, and they are
independent of the classification algorithm. As a result, feature
selection needs to be performed only once, and then different
classifiers can be evaluated.

Table 1. A taxonomy of feature selection techniques. For each feature selection type, we highlight a set of characteristics which can guide the choice
for a technique suited to the goals and resources of practitioners in the field

Model search Advantages Disadvantages Examples

Filter

FS space

Classifier

Univariate

Fast Ignores feature dependencies !2

Scalable
Independent of the classifier

Ignores interaction with
the classifier

Euclidean distance
i-test
Information gain,
Gain ratio (Ben-Bassat, 1982)

Multivariate

Models feature dependencies
Independent of the classifier
Better computational complexity
than wrapper methods

Slower than univariate techniques
Less scalable than univariate
techniques

Ignores interaction
with the classifier

Correlation-based feature
selection (CFS) (Hall, 1999)

Markov blanket filter (MBF)
(Koller and Sahami, 1996)

Fast correlation-based
feature selection (FCBF)
(Yu and Liu, 2004)

Wrapper

FS space
Hypothesis space

Classifier

Deterministic

Simple
Interacts with the classifier
Models feature dependencies
Less computationally
intensive than randomized methods

Risk of over fitting
More prone than randomized
algorithms to getting stuck in a
local optimum (greedy search)

Classifier dependent selection

Sequential forward selection
(SFS) (Kittler, 1978)

Sequential backward elimination
(SBE) (Kittler, 1978)

Plus q take-away r
(Ferri et al., 1994)

Beam search (Siedelecky
and Sklansky, 1988)

Randomized

Less prone to local optima Computationally intensive Simulated annealing
Interacts with the classifier
Models feature dependencies

Classifier dependent selection
Higher risk of overfitting
than deterministic algorithms

Randomized hill climbing
(Skalak, 1994)

Genetic algorithms
(Holland, 1975)

Estimation of distribution
algorithms (Inza et al., 2000)

Embedded

FS U hypothesis space

Classifier

Interacts with the classifier Classifier dependent selection Decision trees
Better computational
complexity than wrapper methods

Models feature dependencies

Weighted naive Bayes
(Duda et al., 2001)

Feature selection using
the weight vector of SVM
(Guyon et al., 2002;
Weston et al., 2003)

Y.Saeys et al.
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Figure 3.2: A taxonomy of feature selection methods from [SIL07]

The first idea to reduce the size of a feature space is to eliminate the redundancies that can exist
between the original features. Methods like the Principal Component Analysis [Jol02] project the
original features space into a space in which the features are not correlated. The uncorrelated features
are ordered in decreasing order of variance and the features with the highest variance are selected to
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form a new feature space. This type of method compresses the information of the original features
space into a smaller set of features. Nothing ensures that the new feature space is more adapted for
the classification.

To optimize the classification performance, features can be selected according to their capacity
to separate the classes of the problem. This idea is exploited in the Linear Discriminant Analysis
[DHS01] that computes the linear transformation that maximizes the ratio of the between-class to the
within-class variance. The LDA returns a feature space whose dimension cannot be higher than the
number of classes minus one. Thus, it cannot be applied when the number of informative features is
higher than the number of classes. The IRMSFP (Interna Ratio Maximization using Feature Space
Projection) algorithm [Pee03] proposes another method to compute a criterion of class separability for
each feature of the original feature space. Then the features that best separate the classes are selected
by fixing a threshold on the values of the separability criterion. The LDA and IRMSFP algorithms
offer the advantage of preserving the original values of the features selected, which can be very useful
for the interpretation of the model. We note that LDA and IRMFSP return the k best features of the
feature space. Nothing ensures that the k best individual features form the best subset of k features
for the problem.

As far as we know, the only way to find the best subspace of features is to use an embedded
feature selection method. To find the best combination of k features of an original space of N features
there are CkN cases to evaluate, which is in most cases not feasible. Numerous alternatives have been
proposed to accelerate the search. According to [JZ02], the most effective feature selection technique
is the sequential floating search methods. There are two main approaches of floating search methods:
the Sequential Forward Search (SFFS), which starts with an empty set and at each step one feature is
added to the current feature set as well as the Sequential Backward Search (SFBS), which starts with
the full set of features, and discards one feature at each step. At each step, features are selected by
minimizing a criterion function (e.g. the classification error rate). SFFS and SFBS algorithms proceed
without backtracking: when one feature is added (or discarded) it cannot be removed, (or re-added)
even if at a highest level in the search this feature would minimize the cost function. A possible
improvement is to add and/or discard more than one feature at each step as done by the “plus-l-take-
away-r” algorithm. In this method, l features are added one at a time and r features are removed from
the expanded set. When l > r, the algorithm is a forward search, otherwise it is a backward search.
The results obtained with this last approach are closer to the optimal solution than the results of the
SFFS or SFBS algorithms. In the worst case they return the same subset. A complete description of
these methods is given in [SPN+99]. These embedded methods can be applied on the output of any
classifier.

1.2 Classifiers architecture

There are a very large collection of classifiers. In this section we present three classifiers (GMM,
SVM and kNN) that will be used in the experiments in the rest of this document. These classifiers are
representative of the three main approaches for supervised classification: (a) the generative approach
that learns the properties of each class, (b) the discriminative approach that learns the boundaries
between the classes and (c) the instance-based approach that uses the training examples as references.
We present in Table 3.1 an example of these three categories of classifiers accompanied by a brief
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description. A complete description of these classifiers can be found in [DHS01] or [Bis06].

Type Generative Discriminative Instance-based

General
Idea
Principles Build one model per class Learn the boundaries be-

tween the classes
Compare item

Example Gaussian Mixture Model Support Vector Machine k-Nearest Neighbors
GMM SVM kNN

Classif. Likelihood for each class Distances to the margins Distance to the closest
neighbors

Output Posterior probability Distance Distance

Table 3.1: Examples of (a) generative (b) discriminative and (c) instance-based approaches for
supervised classification

1.2.1 Generative approach: GMM

Gaussian Mixture Models have been widely used in audio classification tasks. They have been proven
to be particularly efficient for the problem of speaker recognition [C+97] and instruments identifica-
tion [BHM01]. In the GMM classifier, the conditional probability density function (pdf) of the feature
vector with respect to the different classes is modeled as a linear combination of multivariate Gaussian
distributions. Each distribution pi models a specific region of the feature space (or a different cluster).
This is why GMMs are particularly suited to model data whose distribution cannot be modeled by a
single cluster. The GMM for the class ωi and a D dimensional feature vector x, can be written as:

p(x|ωi) =

M∑
i=1

cipi(x) (3.1)

where M is the number of components and ci are non-negative weights that sum up to unity (∑M
i=1 ci = 1). In the case of a mixture of gaussians, each pi(x) is a multi-dimensional gaussian

defined by a mean vector µi of length D and a D-by-D covariance matrix Σi as shown in Eq.(3.2):

pi(x) =
1

(2π)
D
2 |Σi|

1
2

e−
1
2

(x−µi)T Σ−1
i (x−µi) (3.2)

Thus, p(x|ωi) is entirely defined with the parameters: (ci, µi,Σi) for i = 1 . . .M . These pa-
rameters can be learned on a large set of training examples belonging to ωi with the Expectation-
Maximization algorithm [DLR+77]. This algorithm iteratively estimates the GMM parameters to
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increase monotonically the likelihood of the estimated model for the observed feature vectors (i.e. to
maximize p(x|ωi)). The covariance matrix Σi can be chosen to be full, diagonal or also spherical. In
practice, the full covariance matrix leads to better results, but is constrained by a conditioning prob-
lem encountered by the matrix inversion of Eq.(3.2). Full covariance matrix requires a large amount
of data to train efficiently. Using a diagonal covariance matrix clearly simplifies the matrix inversion
problem. The precision of a density modeling obtained with an M-component GMM with a full co-
variance matrix can be equaled by a GMM with a diagonal covariance matrix with a higher order (M’
> M).

An unknown pattern, represented by a feature vector x, is assigned to the class that maximizes
p(ωi|x). We have:

ŵ = arg max
ωi∈Ω

p(ωi|x) (3.3)

If the classes have the same prior probability, using Bayes rule we have:

ŵ = arg max
ωi∈Ω

p(x|ωi)P (ωi)

p(x)
(3.4)

ŵ = arg max
ωi∈Ω

p(x|ωi) (3.5)

Finally, an unknown pattern is assigned to the class that maximizes the likelihood p(x|ωi). With
GMM, we can compute a (pseudo) posterior probability for each class of the problem. We will discuss
the interest of this point in the section dedicated to the fusion of classification.

• Advantages of GMM:

– GMM is based on a well understood statistical model

– They also present the advantage of being computationally inexpensive

• Disadvantages of GMM:

– The tuning of GMMs is not straightforward: the number of mixtures, the training method
and the choice of the covariance matrix type can be optimized using a cross-validation
process on the training data set (but it increases the risk considerably to obtain over-fitted
models).

1.2.2 Discriminative approach: SVM

The SVM classifier has also been widely used in MIR related classification tasks. In general, the
SVM classifier is chosen to solve classification problems where the boundaries between the classes
are complex. The goal of SVM is to find the best separator to discriminate two classes as shown in
Tab.3.1.

In its simplest version, SVM uses a linear separating hyperplane to create a classifier between two
classes linearly separable. If the data is not linearly separable the SVM classifier maps the original
feature space into a higher dimensional space where a linear separating hyperplane can be found.
The mapping is done by the mean of a kernel function. In the linear case, the solution is given in
terms of inner products. In the non-linear case, there is no need to compute the explicit mapping.
The only requirement is to find a kernel function that is an inner product in the mapped space. This
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requirement can be tested with the condition of Mercer. The radial basis function (RBF) is commonly
used as kernel. As shown in [HCL+03], the RBF performs well in a wide variety of circumstances. A
complete description of the most common kernel can be found in [HCL+03].

In the definition of the SVM, the hyperplane is considered optimal if it maximizes the margin,
which is given by the sum of the minimum distances between the decision boundary and the instances
of each class. These instances, known as the support vectors, are given by the samples that are the
closest to the boundary. The maximization of the margin can be formulated as a convex optimization
problem and can be solved using standard methods. However, in many circumstances the classes are
not perfectly separable and some samples of the training set lie on the “wrong” side of the boundary.
In this case the best separation is found by minimizing a cost function that takes into consideration
the margin and the classification error rate on the training data.

Though the basic formulation of SVM uses two classes, SVM can be generalized to problems
involving multiple classes by finding the mean of a set of binary classifiers [Bur98]. The “one-versus-
one" method trains a classifier for each pair of classes resulting in N(N-1)/2 binary classifiers for a
problem with N classes. Then, the classification is done by max-wins voting strategy. Each binary
classifier assigns the query sample to one of its two possible classes and its decision is considered as a
vote for one class. In the end, the query sample is assigned to the class with the maximum number of
votes. The other common method for multi-class SVM is the “one-versus-all" approach. In this case
N classifiers are trained to discriminate one class against all other classes. During the test, the query
sample is assigned to the class that has obtained the maximum output value within the set of binary
classifications. The “one-versus-one" method is computationally more expensive but its performance
is significantly better [SG96].

These versions of the multi-classes SVM provides a “hard" label. To compute pseudo posterior
probability for each class of the problem the methods proposed, [WLW04] and [GTA08] can be ap-
plied.

• Advantages of SVM:

– SVM indicates which examples are particularly important to classification through their
support vectors.

– SVM have high capacity and can typically generalize well to new data.

– SVM seems to be less sensitive to other classification methods to the choice of the feature
space (selection and transformation of the feature set).

• Disadvantages of SVM

– Although SVMs have good generalization performance, they can be abysmally slow in
the test phase.

– SVM has a high algorithmic complexity and requires an extensive memory.

– Perhaps the biggest limitation of the support vector approach lies in the search of an ap-
propriate kernel function for a particular application and particular set of features.
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1.2.3 Instance-based approach: k-NN

The k-nearest neighbor algorithm is the simplest example of an instance-based classification algo-
rithm. It is a simple, intuitive and elegant algorithm that belongs to the category of non-parametric
classifiers. Contrary to generative and discriminative classifiers, instance-based classifiers do not try
to make any generalization on the training data. Instead, training examples are considered prototypes
of the classes to which they belong. An unlabeled example is assigned to a class by measuring the
similarity of these examples to the prototypes. Typically, the similarity is defined by the mean of a
distance computed in the feature space. For this reason, the most similar prototype is called the closest
neighbor.

In it simplest version, 1-NN, a query example is labeled with the class of its closest neighbor.
For a number of neighbors k > 1, the k nearest neighbors are retrieved from the training samples
and the query sample is assigned to the class that is the most represented among the k labels. In the
weighed version of k-NN the distances between the query example and its k closest neighbors are
used as weights to determine the closest set of prototypes. In all cases, k-NN returns a unique class
label for the tested examples. As previously mentioned, in many circumstances it is necessary to have
an estimation of the posterior probability for each class of the problem. These measurements can be
obtained with the probabilistic version of the k-NN.

In the probabilistic version of k-NN, we suppose that the distance between examples is given by
a Euclidean distance. We denote by R the hypersphere of volume VR containing exactly k training
examples. The unconditional probability density function (pdf) of a query sample represented by x
can be approximated by:

p(x) ≈ k

NVR
(3.6)

where N is the number of samples in the training set. If ki denotes the number of samples in R
that belong to the class ωi, and Ni the number of elements from class ωi in the training set, then the
class-conditional pdf in R for the class ωi is given by:

p(x|ωi) ≈
ki

NiVR
(3.7)

If the prior probability of each class is given by the percentage of elements from class ωi in Ω

(P (ωi) = Ni
N ), the posterior probabilities can be computed, using the Bayes rule, as follows:

p(ωi|x) =
p(x|ωi)P (ωi)

p(x)
=
ki
k

(3.8)

In this probabilistic version of the k-NN, the regionR and the volume VR depends on x and on the
training set. However, the k-NN classification rule, which assigns the class label using the labels of
the neighbors, does not depend on volumeVR. The k-NN is optimal (i.e. minimizes the Bayes error)
when N →∞ and VR → 0 which is equivalent to k →∞ and k/N → 0.

Different metrics define different regions hypersphere R. But for any metric, the k-NN rule is
applied in the same way and the choice of the metric does not affect the property of the k-NN classifier
because the shape of R is not fixed.

• Advantages of k-NN
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– The main advantage of the k-NN algorithm is it simplicity of interpretation and imple-
mentation

– kNN is well adapted to problems where the boundary between the classes

• Disadvantages of k-NN

– The results of k-NN highly dependent on the choice of the distance. Some distances are
highly influenced by the values of the features. So that, it is necessary to adapt the feature
space to the chosen distance.

– The computational cost grows with the dimension of the feature space and the size of the
training set. Some techniques, like feature vector pruning, can be applied to limit storage
and computation.

– This algorithm is greatly sensitive to the local presence of noise in the training-data.

– The choice of the number of neighbor k is not straightforward. Choosing a large k reduces
the effect of noise on the classification but makes the boundary between the classes less
distinct. A good value of k for a given problem can be selected using a cross-validation
evaluation on the training set. It is generally recommended to chose an odd k such as
k <
√
N .

1.3 Performance of classification

The goal of any classification problem is to retrieve the class of each pattern composing the testing-set.
The performance of a system of classification is always measured by comparing the predicted classes
with the real classes of the testing samples. However, multiple points can be taken into consideration
when evaluating the performance of a classification. If the problem is presented as an identification
problem, i.e. the test samples have to be assigned to one of the N possible classes and the N classes
are of equal importance, then the measure of performance should be computed as a combination of
the performances for each class. If the problem is presented as a detection problem, then the measure
of performance should focus on the performance of the class to be detected. The detection case can
always be considered a binary classification.

Here we present some of these alternatives to measure the performance of the recognition problem
that will be used in the rest of this document.

For a problem with two classes (Positive and Negative) the result of a classification process can
be stored in a confusion matrix as shown on Fig.3.3.

Positive Negative
Positive tp fp
Negative fn tn

     ESTIMATION

R
EF

Figure 3.3: Confusion matrix for two classes
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1.3.1 Measure of performance

Accuracy The most intuitive measure to evaluate the performance of a classification is the measure
of accuracy, which is given by the percentage of sample of the testing set assigned to their true class.
For a problem with N samples, we denote by Ncorr the number of sample correctly classified (i.e the
sum of the element on the diagonal of the confusion matrix), the accuracy is given by:

acc =
Ncorr

N
(3.9)

For a problem with two classes, Eq.(3.9) can be written as:

acc =
tp+ tn

tp+ fp+ fn+ tn
(3.10)

We note that the accuracy does not take into consideration the distribution of the classes of the
problem. Then, this measure gives a good indication of the performance of a classification if the
classes of the problem occur with the same probability.

Recall, Precision and F-measure When the classes of the testing-set are not equilibrated, the classi-
fication performance can be assed by measuring the recall, the precision and/or the F-measure. These
measures are computed independently for each class as follows. For a given class, let’s consider the
positive class, the recall indicates the percentage of the samples of that class that are successfully
retrieved:

recall =
tp

tp+ fn
(3.11)

The precision indicates the percentage of the samples assigned to the given class that really belong to
the class:

prec =
tp

tp+ fp
(3.12)

Finally, the F-measure combines the recall and the precision to give an overall measure of the classi-
fication performance:

Fmeasure =
2.recall.prec

recall + prec
=

2.tp

2.tp+ fn+ fp
(3.13)

For a problem involving two classes, the recall, prec and Fmeasure of the “negative” class can be
deduced from the recall and prec of the “positive” class if, and only if, the distribution of the classes
is known.

In practice, none of these measure should ever be given without the prior probability of the class
studied. On Fig.3.4 we plot the Fmeasure associated with the positive class of pseudo random classi-
fiers in function of the proportion of the positive class. The pseudo random classifiers correspond to
classifiers that randomly generate binary classifications with q% of samples belonging to the positive
class. As shown in this plot, the Fmeasure does not vary linearly with the proportion p of the positive
class. If the classes are well balanced (p = 0.5), a random classifier that assigns half of the samples
to the positive class (q = 0.5) has a Fmeasure equal to 0.5, which is what everyone expects. The same
classifier (q = 0.5) applied on a data set where p = 0.8 obtains a Fmeasure equal to 0.63. For a data set
where the positive class is over-represented (p > 0.5) a dummy classifier that assigns most elements
to the positive class (q > 0.5) will always obtain a very high Fmeasure. For instance, on a data set
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where p = 0.8, a classifier that assigns all samples to the positive class (q = 1) obtained a Fmeasure
of 90%. The same classifier on the same data set will have a very low Fmeasure for the negative class.
However, the mean of the Fmeasure of both class is not equal to 0.5 because the Fmeasure is not linear.

From our experiments, the best measure to report the overall performance of a classifier on a
problem with multiple classes that is not well balanced is the mean of the recalls of each class. This
measure is definitely the best measure to take the recognition of rare events into account. Intuitively,
if the recall of each class is weighted by the proportion of the class then the mean of the weighted
recalls is equal to the accuracy presented in the previous paragraph.
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Figure 3.4: Fmeasure in function of the proportion of the positive class

PR-curves For the case of binary classification, if all samples are assigned to the “positive" class,
then the recall for this class is maximized and the precision is equal to the proportion of samples
belonging to this class. On the other hand, if a very few samples are assigned to this class the precision
will be maximized at the expense of the recall. If the decision is based on a threshold, it is possible
to draw on a graph a point p = (recall, precision) for each threshold tested and then to plot the curve
passing through all the operating points. The curves obtained are usually named Recall-Precision
curve (PR-curve). The best configuration for the classifier (i.e. the best threshold) is given by the
point that is closer to the top-right corner of the figure.

The PR-curves can be plotted for the multi-classes problems using the mean recall and the mean
precision through classes.

ROC curves A similar idea, applied when two classes are well balanced, is used in the Receiver-
Operator Curve (ROC). A full explanation on the ROC curves can be found in [Faw04]. This repre-
sentation shows how the number of samples of the positive class correctly classified (tp) varies with
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the number of miss-classified samples from the negative class (fp). In practice, the fp rate, called
specificity in ROC terminology, is plotted on the abscissa and the tp rate, called sensibility, is plotted
on the ordinate. The ROC curve of a random classifier is the diagonal y = x if the two classes are well
balanced. ROC curves are very convenient to compare the performances of different classifiers (or
different configurations of one classifier). The classifier whose curve is closer to the top-left corner of
the plot has a better performance. The relation between the PR and ROC curves is fully explained in
[DG06].

In many situations, it is preferable to report the performance of a classification using a single
value. It is common to characterize the performance of a classifier using the area under the curve
(AUC) as explained in [Bra97]. No realistic classifier should have an AUC less than 0.5.

DET curves The ROC and PR curves introduced above are a mean of representing and comparing
the performance of classifiers for tasks of identification. In recognition problems there is also another
task closely related to the identification task, referred to as verification. In a verification problem,
each test samples come with a “claimed" class and the task is to verify if the sample really belong to
the class or not. The verification paradigm, widely used in problems of speech recognition, is fully
detailed in [vLMPB06].

In verification tasks, two errors are considered: False acceptation FA which correspond to a False
Positive (fp), i.e accept the class of the test sample when the claimed class is not correct and Miss
detection MD i.e reject a valid class (fn).

In general, to evaluate the performance of a verification system, a certain number of trials are
given as inputs to the system. The system has to distinguish between true-trials (the sample is from the
claimed class) and false-trial (the sample is not from the claimed class). The acceptation or rejection
of the claimed class is based on a threshold τ . For a given threshold τ , the numbers (or rates) of FA
and MD are coupled to form an operating point p = (FA, MD). By varying τ , we obtain a set of points
that can be plotted to draw a Detection Error Tradeoff (DET) curve. DET curves are plotted using a
non-linear axis which spreads out the plot which improves the readability (compared to ROC curves).

To compare performances of verification systems, a DET curve for each system is plotted and the
curve that is closer to the bottom-left corner of the plot corresponds to the best system. In general,
to report the performance of any task, a single value is preferred. The performance of verification
systems is expressed in terms of Minimum Detection Cost (MDC) or in terms of Equal Error Rate
(EER). This last term corresponds to the threshold τ that obtains an equal number of MD and FA. The
Minimum Detection Cost is found by minimizing a detection cost function specified in terms of cost
of misses and the cost of false alarms as well as the prior probability for the target hypothesis. Unlike
ERR, the minimum detection cost depends on the particular application-dependent parameters of the
cost function.

1.4 Comparison of classification performances

For each system of classification there is one configuration (feature selection and transformation +
choice of classifier parameters) that yields the best performance. Depending on the nature of the
classifier and on the size of the feature space, it may be computationally expensive to find the optimal
configuration. Many factors can influence the performance including the choice of training and testing
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set, the internal randomness of the training algorithm and random classifier errors [Die98]. We also
remark that it is not possible to decorrelate the contribution of the feature space from the contribution
of the classifier in any measure of performance presented above.

Before comparing the elements (features + classifier) of two systems of classification based on
the same training and testing data sets, one may be sure that a pseudo optimal configuration has been
reached. As mentioned in Sec. 1.2, any classifier has some internal parameters that can be optimized
using a cross-validation on the training set of data and the feature space can be optimized using the
methods presented in 1.1 .

Once these pseudo optimal configurations have been found, the classification systems can be
compared using any of the curves presented in the previous paragraph (PR, DET or ROC) depending
on the problem stated and the application (choice of a cost function). When several classifications
lead to equivalent accuracies, tests such as McNemar (for 2 classifiers) and Cochran’s Q (for K > 2

classifiers) can be applied to test if the difference between their accuracies is significant [KHDM02] .
As mentioned in this section, it is possible to solve the same problem of classification with an

infinite number of approaches. Each system has its own strengths and weakness that vary with the
problem to be solved. In addition, ensuring the superiority of one approach over others is not straight-
forward. In many cases, combining the results of different systems of classification leads to better
performance than using a single classification. In the next section we introduce some of the most
common strategies developed to combine different information relative to the same problem.

2 Combination of information for classification problems

The ultimate goal in classification combination is to combine the strengths of the different approaches
without combining their weaknesses. The classification combination problem (also referred to as
fusion of information) has received considerable attention in recent decades and is now considered a
new direction for the development of highly reliable recognition systems.

There are an infinite number of ways to combine information for a given classification task. First,
the combination of information can be performed at every stage of the classification process. The
different levels of fusion are presented in Sec.2.1. Howeve, in many situations, it is only possible to
combine the decisions of the classifiers. The two main schemes of decision combination (parallel
and sequential combination) are presented in Sec. 2.2. Most combination methods are based on pre-
defined rules but it is also possible to learn the combination using the outputs of classifiers as new
features. The difference between trainable and non-trainable combiners is presented in ??.

Notations

The problem of classification combination generally involves multiple descriptions of the same pattern
and multiple classifiers used to learn the specificities of the class for the given problem. In this
overview of methods, for the combination of information for classification, we use the following
notations:

• Each pattern z is assigned to one of the N possible classes: Ω = {ω1 . . . ωN} .
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• Each pattern can be described using different sets of features, the set of all available descrip-
tions Di is denoted by D = {D1 . . . DL} .

• The set of classifiers is denoted by C = {C1 . . . CM} .

• A system of classification is composed of one description and one classifier: S(k) =
(
D(k), C(k)

)
where D(k) ∈ D and C(k) ∈ C .

2.1 Levels of combination

To improve the classification accuracy using combining of information it is necessary to have comple-
mentary information on the same problem. For a given classification problem different information
can be obtained by choosing different data sets, different descriptions of the data, or different classi-
fiers. The combination can thus be performed at different stages of the classification process. Fig.3.5
summarises the different levels of combination. Each level of combination is further described in the
following paragraphs.
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Figure 3.5: Level of combination

A. Data-sets combination Different sets of data can be used to obtain different knowledge pertain-
ing to the same problem. Bagging [NH91] can be viewed as data-set combination. In general, if the
same description Di is used to train the same classifier Cj on different data -sets, the information
conveyed by the different S(k) may be different, but not complementary.
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Working with complementary (but not contradictory) information is the necessary requirement to
improve the classification performance by combination. Maybe, the best way to ensure the synergy is
to use complementary descriptions of the same data set (generally descriptions with different physical
meanings).

B. Features combination Combination of descriptions, or “feature fusion”, consist of combining
different descriptions of the same pattern to form a unique description: D(z) = ∪Ml=1Dl(z).

This type of combination can be applied only if all descriptions to be fused have the same dimen-
sions. If each description of an instance of the data set is given by a single feature vector, then the
different vectors can be concatenated into a matrix to form a single, and more complete, description
of the instance. In many cases, the pattern to be described is sampled into small portions and a feature
vector is computed on each portion. As a result the pattern is described by a feature matrix. A major
effect of this kind of sampling is the reduction of the noise that can be created by errors in the descrip-
tion. If two descriptions of the same pattern are not based on the same sampling, the different feature
matrices have different dimensions and it is not feasible to concatenate them without adding redundant
information or deleting a part of the information. Moreover, even if the dimensions of all descriptions
to be combined are equals, the varieties in forms (scales of the values, continuous/discrete variables,
binary/multi variables) and meanings of the features can create some problems for the feature space
conditioning. Unless care is taken, the unique description obtained by concatenating the different
descriptions can be sparse or ill conditioned. For these reasons, it is often preferable to train different
classifiers, each of them using its own feature space, and combine their decisions afterwards.

C. Classifiers combination Boosting [FS95] is the most popular example of classifier combination.
Weak classifiers (i.e. classifiers with low accuracies) are used to build a final “ strong" classifier by
learning the different strengths and weakness of each weak classifier. The process is iterative and weak
classifiers are added to learn the specificities of samples that previous weak classifiers misclassified.

D. Decisions combination The combination of classifier outputs, also referred to as decisions com-
bination, is the most popular scheme of combination because it can be applied to any problem. A
classifier can return as much or as little information as you want about the class membership of the
instance to be classified, as shown previously in the presentation of classifiers. The minimum in-
formation returned by a classifier is the predicted class. Additional information can be obtained by
returning a ranked list of the possible classes. The maximum information a classifier can return is a
measure of membership for each class of the problem. In any case the ranked list of classes can be
deduced from the membership values and the predicted class can be deduced from the rank list. For
more details on the output types of classifiers, we refer the reader to [XKS02]. In the next paragraph
we present methods to combine the outputs of different classifiers for each type of output.

2.2 Schemes for combination of classifiers decisions

Combination methods based on the output of classifiers can be grouped into two categories. The first
category, parallel combination, combines the outputs of classifiers dealing with the same problem
(i.e the same original data set to be classified into the same known categories). The second category
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combines the outputs of classifier runs one after another, where the set of classes for each classifier is
determined by the previous classifier. This type of combination is reffered to as sequential combina-
tion in the following calculations.

2.2.1 Parallel combination

Parallel combination method deals withK systems of classification trained to solve the same problem.
Then for an instance to be classified, we need to combine the K outputs that can be single label,
ordered list of classes, or a vector of membership measurements for each class.

A: Single class For classifiers whose outputs are the predicted class, the combination can be per-
formed using voting methods or the Knowledge-Behavior Space approach [HS93]. When the clas-
sifiers to be combined have different levels of performance, the decision of the classifiers can be
weighted to obtain a better combination. Combining classifiers with single class output is limited,
especially when K = 2. Often it is necessary to work with classifiers that can handle additional
information about potential alternatives.

B: Ranked list Instead of returning a single decision, some classifiers are developed to return a
ranked list of the possible classes. There are several methods to combine K ranked lists. The goal of
these methods is to re-order the K ranked lists so that the true class is ranked higher than any other
class. From these methods, we retain the Highest rank, the Borda count and the Logistic regression
detailed in [HHS02b].

The highest rank analyzes the K lists to derive possible sub-sets of classes. Then, the union
of these subsets is re-ordered according to their old ranks in each subset. The Borda count is a
generalization of the majority vote. For each class candidate different scores are given according to
its position on each list. The class that obtains the highest score is designated as the predicted class.
This method does treat all classifier outputs equally. Some variations of this approach are described
in [VES00]. The Logistic regression is a modification of the Borda count where weights are given to
scores produced by each classifier. Additional information can be considered by using membership
measurements instead of list of classes.

C: Vector of membership measurements Some classifiers, such as GMM, return a membership
measure for each possible class. As we discussed in Sec.1.2 numerous methods have been developed
to derive membership values for each class of the problem for classifiers that are originally developed
to return a single class (such as the methods discussed for the SVM and kNN). If we consider that
the K classifiers to be combined return a vector and membership measurements, then these vectors
can be stored in a single decision matrix called decision profile matrix [Kun04]. Each column of the
matrix contains the measurement vector of one classifier. As shown in section 1.2, these membership
measurements can be (pseudo)-posterior probability (GMM) or a distance (SVM, kNN).

The variety in the form of the outputs can be problematic for the combination. Some requirements
have to be carefully considered before applying the combination rule on classifier outputs. According
to [KHDM02] there are two scenarios of combination.
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1. Scenario I : All systems use the same feature space and the same classifier. The different
decisions are obtained by varying the parameters of the classifier (e.g. the number k or the
distance for kNN, the kernel for SVM, or the number of Gaussians for GMM, etc.). In this case,
each classifier produces an estimate of the same membership measurements and they can be
directly combined with no risk.

2. Scenario II: The different systems of classification have different feature spaces or different
classifiers. The main interest of this scenario is the possibility of integrating complementary
information into the data. In this case, it is not longer possible to combine the outputs directly,
since the classification is done on different feature spaces, or the output returned by the classifier
ranges in different intervals.

To solve the problem of combination for scenario II, there are many transformations that can
be applied to the outputs of the classifiers. We can consider, without lost of generality, that
all these values are in the interval [0, 1] and that the membership values are pseudo-posterior
probability. The transformation of classifier outputs into pseudo-posterior probability can be
done using the softmax method proposed in [DHS01]. The bin method has also been proposed
to calibrate the output of classifiers such as the decision tree, naive Bayesian classifiers, [ZE01]
and SVM [Dri01]. A detailed description of the classifier outputs transformation methods can
be found in [Liu05].

When membership measurements have comparable scales they can be combined using classical
rules such as: sum-rule, product-rule, max-rule, min-rule or median-rule. The sum-rule and the
median-rule generally perform better than the three other ones if the classifiers to be combined are
not fully independent [KHDM02]. The Dempster-Shafer Theory [MS88] can also been used as an
alternative for the combination of decisions.

The difficulties encountered in combining decisions increases with the amount of information
handled by the outputs. The single label-based combination is straightforward, while the combination
on class membership measurements requires considerable precautions. Ranked list of classes is a
good compromise. From these lists we can derive subset of possible classes and train new classifiers
on these subsets to simplify the task. This idea is at the basis of sequential combination methods.

2.2.2 Sequential combination

We define sequential decision combination classification schemes, where the classification systems
are applied one after another, and where the problem treated at one stage is defined by the previous
system. The decision of a multi-stage classifier can be conveniently described by the mean of a
decision tree as demonstrated in [Kur88]. The terminal nodes of the tree (the leaves), represent the
classes and every interior node is connected with an appropriate set of classes accessible from that
node. The root represents the entire set of classes into which a pattern may be classified. Then the
classification process traverses the path of the tree starting at the root. At each non-terminal node
encountered one aught to make a decision about the continued path in the tree until a terminal node
is reached. To deal with decision trees, two components have to be defined beforehand: (a) The
skeleton of the tree (i.e. the set of possible alternative at every stage) and (b) the decision rules at
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every interior node. Depending on the choice of (a) and (b), we can group the multi-stage classifier
into the following categories.

A: Hierarchical combination A hierarchical classification involves a set of classes organized with
a predefined taxonomy. At each step a classifier has to choose the best family of classes. A specific
features set can be used by each classifier at each step of the process. In general, classifiers are trained
to drive the instance to be classified towards the most specific classifier that makes the final decision
[GN02]. The successive choices form a set of decisions that can be interpreted as an automatic in-
dexing system with different granularity levels. Real life data often has a hierarchical or clustered
structure. For such data, using a hierarchical system of recognition can improve the performance and
the rapidity of the classification process especially for problems involving a large number of classes
[SBC+02]. Hierarchical classification can be regarded as a sub-class recognition problem. To define
the hierarchical organization of the classes, some clustering methods can be applied.

B: Cascade classification At each stage of a cascade classification a new classifier is used to either
accept or reject the input instance. When the classifier accepts the instance is assigned directly to one
class. Otherwise, when the instance is rejected, it is given to the next classifier for further processing.
Each classifier is trained with a feature set defined beforehand. These methods have been proven to
improve the classification performance and the recognition of rare events [ZBS07].

C: Multi-stage classification We refer to this as multi-stage2 classification, which is a system of
classification that, at each stage, reduces the set of possible classes and does not require any specific
organization of the data. The goal of class set reduction is to derive a subset from the original class
set such that is as small as possible and contains the true class. In general, class-set reduction meth-
ods attempt to derive a threshold on the ranks according to the worst-case ranks of the true classes
[HHS02a]. The two main class-set reduction methods (intersection of large neighborhood or union of
small neighborhood) use the rankings of all classifiers obtained on the training data set to determine
the thresholds. This threshold is determined by the worst position of the true class. This kind of ap-
proach can suffer from over-fitting problems. The final decision is made when one only class remains
possible or is given by the last classifier available.

2.3 Trainable .vs. non-trainable combiners

Most of the methods mentioned previously use a fixed rule, (parallel combination) or a set of rules
(sequential combination) to combine the outputs of classifiers. It is possible to find a better combi-
nation by learning the behavior of the different classifiers. We refer to non-trainable combiner as
schemes of combination that have no extra parameter that needs to be trained. The combination can
be performed directly on the decisions of the classifiers. These are opposed to trainable combiner,
which are classifiers that use the decisions of classifiers as new features to train a new classifier. This
new classifier, or meta-classifier, is trained to learn the best combination rule. These trained-rules

2The term multi-layer is also found to refer to this type of combination.
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show very good accuracy, but they introduce a new problem regarding the separation of the data into
training and testing data, as shown on Fig.3.6.
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Figure 3.6: Possible data set reorganization to train class models and combination rules

The case 0 illustrates a non-trainable combination. The two options for trainable combination are
illustrated in case 1 and 2. In case 1, the training set is split into two parts. The first part (1) is used
to learn information about the different classes. The resting part (2) is temporarily used as testing set.
The membership measurements obtained from part (2) are used to learn the combination rule tested
on part (3). To be accurate, such a system requires a very large amount of data. In case 2, the same
data set is used to acquire information about the classes and about the combination rule. However, we
know that membership measurements obtained on the training set are not necessarily comparable to
the ones obtained on new testing data. This strategy can suffer from over-fitting consequences.

Non-trainable parallel combination schemes are simple and efficient to combine classifier deci-
sions when the systems to be combined have comparable accuracies. Even a system with a lower
accuracy can handle complementary information on the problem, but to be incorporated into the
decision-making process, special care must be taken. When the classification systems have different
degrees of performance they can be combined using a meta-classifier. Otherwise sequential combi-
nation can be used to combine different descriptions of the data. If the studied data has taxonomy,
hierarchical classification can be applied. Otherwise, classification can be performed in cascade.

3 Conclusions

Supervised classification methods are powerful tools to solve problems involving the recognition of
predefined patterns. In this document we use these methods to detect the singing voice (Chap.5) and to
identify singers (Chap.6). For both problems we propose to describe the signals of singing voice with
two independent sets of features that describe two distinct aspects of the singing voice. These features
are described in (Chap.4). For each experiment, the best features (within their respective feature set)
are selected with the IRMFSP or the “plus-l-take-away-r” algorithms presented in Sec.1.1. The results
of the feature selection methods are interpreted to evaluate the relevance of each feature for the given
problem. All experiments are conducted with the classifiers presented in Sec.1.2 where the internal
parameters of each classifier are chosen so that they minimize the classification error on the training
set using a cross validation on this set. To avoid bias in the performances of our experiments we chose
to work with data sets with well balanced classes. For the task of singer identification, we propose
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to improve the recognition performance by combining the information conveyed by the two sets of
features. For this combination we develop a specific method, mingling the sequential and parallel
combinations of decisions.



Chapter 4

Singing voice: production, models and
features

The goal of this chapter is to introduce the audio features used in the rest of this document to describe
signals containing the singing voice. As mentioned in the previous chapter, problems involving pattern
recognition (e.g. tasks of detection or identification) require representing the pertinent information of
the data for a given problem in terms of a compact set of parameters. These parameters, referred to
as audio features, should have a clear physical or perceptual meaning to allow an interpretation of the
class models obtained with the statistical tools presented in the previous chapter.

In this work we describe signals containing signing voice using features derived from two of
the major models developed for sound representation: the source-filter and the sinusoidal models.
The source-filter model is used to extract information on the vocal tract of the singers, by means of
a compact representation of the spectral envelope. This information is related to the timbre of the
singer’s voice. On the other hand, the sinusoidal model is used to extract information on the style and
the technique of the singer by analyzing the temporal variations of the frequency and amplitude of
partials.

We present in Sec.1 the basics of vocal production on which rely the interpretability of the source-
filter and sinusoidal model. In this section we also present some elements that make singing differ
from speech. Special attention is paid to the vocal vibrato. Then, in Sec.2 we give the details of the
source-filter and the sinusoidal models and present some methods to estimate the parameters of these
models. In this section we also present a model to interpret the temporal variation of the frequency
(and amplitude) of the partials obtained using the sinusoidal model. Different methods to estimate
the parameters of this model, called “intonative model”, are presented and compared. Finally, Sec.3
reviews the features used to describe signals of the singing voice.

1 Singing voice production

A large number of studies have been conducted to understand the mechanisms involved in the pro-
duction of speech. Some of these researches have been motivated by the desire to create synthetic
voices. The level of current understanding allows the synthesis of intelligible and natural speech. The
understanding of speech production is at the basis of the understanding of the singing production since
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speech and singing production involve similar mechanisms. The similarity is such that the boundary
between singing and speech is very fuzzy. However, in many cases, signals of the singing voice are
heard as clearly different from speech. There is clearly a difference in the prosodic (i.e. the duration
of the sounds, the rhythm, etc.) and intonative (i.e. the pitch movements) attributes of the vocal pro-
duction between speech and singing. Beyond this melodic aspect of singing, some peculiar aspects
of singing, such as the capacity of singing to pass over a loud orchestra, have attracted researchers’
attention. Some of the elements that make singing so different from speech are presented in Sec.1.2
after a presentation, in Sec.1.1, of the basics of the vocal production involved in the production of
speech and singing.

1.1 Vocal production

The voice organ is generally composed of three structures: the respiratory system, the vocal folds and
the vocal and nasal tracts. The voice sounds originate from an airstream formed in the lungs, which is
possibly interrupted by the vocal folds and then filtered by the vocal and nasal tracts.

During the phonation, the respiratory system (the lungs and the diaphragm muscle) acts as a
compressor and controls the pressure under the glottis. When a certain amount of pressure is reached
the vocal folds (located within the larynx at the top of the trachea) are triggered to vibrate and act as an
oscillator. This phenomenon is called the phonatory process, or voicing. The oscillation of the vocal
folds modulates the pressure and the flow of the air through the larynx. The resulting flow of air is a
pulsating airstream named the voice source (or glottal source). The spectrum of the voice source is
a harmonic spectrum whose fundamental frequency (f0) is determined by the frequency of the vocal
folds oscillation. Each harmonic component has a frequency located at an integer multiple of the f0.

If the vocal folds are sufficiently close to each other, or if they are under too much or too little
tension and pressure, the vocal folds do not oscillate. The sound produced in this case is qualified as
voiceless (or unvoiced). For instance, in whispering, vocals folds are too tense to vibrate normally, but
they form a narrow passage that makes the airstream become turbulent and generate an audible noise.
By definition, unvoiced sounds have no pitch. During the creation of unvoiced sounds, different parts
of the vocal organ work as sound sources.

In both cases, the sounds created are filtered by the vocal tract, which is composed of everything
located above the vocal folds: the supra-glottic larynx, the pharynx, the mouth, the vocal cavities,
etc. The vocal tract acts as a resonator by enhancing certain frequencies. These resonances, and the
corresponding enhanced frequency regions of the speech short-time spectrum, are commonly called
formants. These resonances are created by the cavities of the vocal tract. Thus, by modifying the
shape of the vocal tract, i.e. by changing the configuration of the articulators (the tongue, the soft
palate, the jaw), the frequencies of the formants are modified. Each configuration of the vocal tract
creates a different acoustic filter. In particular, this leads to the different vowels, and gives a special
color to the overall sound. In practice, each vowel is essentially characterized by the frequency of the
two first formants. The filtered sound is then radiated by the two outputs of the vocal tract: the nose
and the lips.

This description of voice production is at the basis of the source-filter model developed by Fant
[Fan81]. We give a description of this model in Sec.2.1. This model, at the foundation of the ma-
jority of the research in the speech processing area, can also been applied to describe sung sounds
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since singing also involves the production of a voice source-filtered by the vocal tracts to produce
the phonemes of the lyrics. However, in the case of singing, this model is sometimes altered. Some
reasons for these modifications are presented below.

A comprehensive description of each step of the singing production can be found in the numerous
works of Sundberg [SR90] and Titze [TM98].

1.2 Some specificities of the singing production

The first noticeable difference between speech and singing is the proportion of voiced sounds. Ac-
cording to [Coo90] 90% of the singing production is voiced compared to 60% in speech.

We review some elements that have been shown to differentiate singing from speech on voiced
sounds. Most of these elements are supposed to help the voice to be powerful, intelligible and stand
out from the instrumental accompaniment. First we present the formant tuning and the singing formant
that result from special modifications of the vocal tract. Then, we present the vocal vibrato and the
portamento that can be observed on the pitch contours of singing.

1.2.1 Formants tuning

The source-filter model supposes the vocal tract and the source are independent of one another. In
other words, it assumes that the frequencies of the formants are independent of the pitch.

In singing, singers are required to produce specific vowels on specific pitches. At the same time,
the sound produced has to be beautiful and audible even in the presence of a loud orchestra. When the
first formant is lower than the pitch, it has been hypothesized [MS90] that singers adjust their formants
such that they coincide with the harmonic partials. With this technique the overall sound level is
increased without raising much vocal effort. This formant tuning, also called vowel modification, is
produced by altering the jaw and/or lips openings to change to shape of the vocal tract [RMW90].
Formant tuning is not limited to high pitches. Male singers, like the baritone studied in [MS90], take
advantage of the formant tuning on the higher partials even when the formant adjustments are not
required by a low fundamental.

The formant tuning offers the advantage of increasing the level of the sound but it has as the main
inconvenience of decreasing the vowel intelligibility. As found in [Sun94], [SSWR83] and [SMS95],
the vowel intelligibility in lyric singers voices (soprano especially) decreases when the pitch increases.
Therefore, formant tuning may not be as commonly used as expected. Some singing teachers prefer
the fixed formant scale, suggesting that the gain in energy associated with the formant tuning is not
sufficient to overcome the intelligibility problems associated with moving the formant [CS92].

1.2.2 Singing formant

The singing formant is an additional formant, around 3000 Hz, noted in the spectrum of many profes-
sional lyric singers. This formant was first noticed in “good” male voice by Bartholomew [Bar34]. It
was latter named singing formant (or singer’s formant) by Sundberg who proposed that the formant is
a clustering of the third, fourth and fifth formants [Sun74]. He also suggests that singers produce this
formant by lowering the larynx and by narrowing the vocal tract just above the glottis. It was later
shown that the singing formant was also present in high voices. In [BP86], Bloothooft explains the
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singing formant in terms of energy in one third of an octave centered around 2500 and 3160 Hz for
female and male singers respectively. In both cases this formant is located in the range of frequency
where the ear is very sensitive. In addition, orchestras have little power in this range. This suggests
that the presence of a singing formant helps the singing voice to be heard above a large orchestra.

According to the results of various studies, this formant appears more often in low voices and is
weaker in soprano voices [WBM+01]. Soprano singers have less need of this formant because their
pitches fall in the range of sensitive human hearing. In addition, high voices have harmonics that are
widely spaced and it is very likely that the singing formant falls between two harmonics. Finally, high
voices can use formant tuning more effectively than other singers, and may therefore have less need
of a singer formant.

The singing formant is considered a desirable property of lyric singers and may not exist in voices
using microphone amplification (typically, pop-rock voices).

1.2.3 Vocal vibrato

The vibrato is considered an expressive attribute of music that adds richness, warmth and emotion
to musical performance[Met32]. It is also considered a feature that helps the voice be heard even in
the presence of a loud orchestra. In [Ras78], Rasch shows that notes with vibrato pass over a set of
non-vibrated tones even if the latter have higher amplitudes or masking components. It has also been
shown that vibrato makes vowels more prominent allowing them to be more easily separated from
background sounds [MM91] [McA84] . An acoustical explanation of this phenomenon is given in
[Mel92].

Utilization of vocal vibrato over history In early music vibrato was mainly used by singers on
sustained notes to reinforce their presence in a musical ensemble and to emphasize some musical
expressions [Tof96]. The continuous use of vibrato began during the 19th century amongst the singers
and was later copied by other musical instruments to imitate the expressive aspect of the singing voice
[Bur01]. Today, vibrato is used 95% of the time on voiced vocal segments [Sea31] performed by lyric
singers. Vibrato is also used by string and wind instruments on sustained tones. The use of vibrato has
changed throughout the periods of music history, along with musical styles and musical traditions.

Definition of vibrato If the term vibrato evokes a common idea for musicians, it remains partic-
ularly difficult to give a precise definition because it covers a number of concepts and techniques.
The first definition was formulated by Seashore ([Sea31], [Sea36]) as follows : “ A good vibrato is
a pulsation of pitch, usually accompanied by synchronous pulsations of loudness and timbre, of such
extent and rate as to give a pleasing flexibility, tenderness, and richness to the tone." The rate and
extent of the periodical modulation are illustrated in Fig.4.1. Physically, a separation can be made
between pitch, amplitude and timbre modulations, but they are often fused into one perception of
vibrato movement because their separation is not feasible perceptually [DHAT99].Theoretically, the
term vibrato should refer to the modulation of frequency only (FM) and the modulation of amplitude
(AM) should be referred to as tremolo.
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Figure 4.1: Rate and Extent of sinusoidal modulation

Production of vocal vibrato It is relatively easy to understand the interaction between the physical
control of string players and the production of vibrato. The mechanisms involved in the production
of vocal vibrato (and vibrato of wind instruments) still remain unclear. Numerous explanations have
been given which suggest that vibrato enters vocal production as a relaxant principle. It is generally as-
sumed that vocal vibrato result from neuromuscular excitation of the laryngeal mechanism [BZSJ09].
“Vibrato is the result of a balance between muscle systems in antagonistic relation to each other during
phonation. When this balance occurs, the antagonistic muscle systems develop an alternating pulse
that is a reflection of the continued energy level required of them to maintain equilibrium and muscu-
lar health. In other words, the muscles of the larynx begin to pulse rhythmically in response to tension
and sub-glottic pressure, which produces the characteristic vibrato sound. It occurs naturally in order
to protect the vocal folds.” 1

This explanation justifies the presence of the frequency modulation in the definition given by
Seashore. It has been shown in many studies that the modulation of amplitude occurs passively when
the fundamental frequency of the sung tone (and its harmonics) coincides with the upward and down-
ward slopes of the vocal tract transfer function of the singer. This phenomenon is known as “resonance
harmonic interaction" [TSSL02], [HH88]. The third part of the modulation, the modulation of timbre,
is the result of the combination of the amplitude modulations of each harmonic partials independently
[SM91] [Leb99].

Parameters of vocal vibrato As all (quasi) sinusoidal modulation, the vibrato can be described
with the following parameters: extent (or amplitude), rate (or frequency), waveform, and regularity.
Because the vibrato is not instantaneous, the following elements can also be considered: the time
delay until the vibrato onset and the percentage of vibrato presence over the duration of a sustained
note.

Most studies on the vocal vibrato have focused on the characterization of the modulation of fre-
quency of lyric singers. In the following paragraphs we present the results of these studies.

• FM Extent
The extent of the frequency modulation is given by the distance of the fluctuation of pitch
above and below the mean pitch as shown in Fig.4.1. The extent is generally measured in
cents (1 semi-tone = 100 cents). In Table 4.1 we report the values of the pitch vibrato extent
found in various studies. On average, the vibrato extent ranges from ± 50 et ± 100 cents.
According to a perceptual evaluation of vibrato [Cas93], this value should not exceed a semi-
tone, otherwise it would be perceived as an ornamentation (vocal trill). The extent value under

1http://www.singwise.com/cgi-bin/main.pl?section=articles&doc=Vibrato

http://www.singwise.com/cgi-bin/main.pl?section=articles&doc=Vibrato
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which the modulation is not perceived may exist but it has never been measured. It is likely that
the perception of vibrato varies according to the listeners.

The extent of the FM is much larger for lyric voices than pop-rock voices. It has been shown in
[BS03] that the extent FM value increases when the loudness increases.

• FM Rate
The vibrato rate, i.e. the number of modulation cycles per second, is measured in Hertz. The
studies on vibrato rate measurement show that the rate of the vocal vibrato varies between 5
and 8 Hz. The rate is quasi constant per singer [Sun95] and on average the value is higher for
female singers ([DHS95], [SLS80]). The vibrato rate is not always constant along the duration
of the sung tone. According to [VGD05] the vibrato rate increases towards the end of notes. In
many studies it is found that the vibrato rate varies with the pitch but remains invariant against
changes in loudness.

The values found across various studies are reported in Table 4.2

• FM Waveform
The frequency modulation of the vocal vibrato is a quasi sinusoidal modulation with small
fluctuations [Sea31]. In [Hor89], four classical waveforms are suggested for the vocal vibrato:
sinusoidal, triangular, trapezoidal and non-identifiable.

• FM Regularity
The regularity between the different cycles of a vibrated tone can be used as an indication on the
level of performance of the singer. According to [Sun94] singers with a high level of practice
have a more regular vibrato than novice singers. A measure of the vibrato regularity can be
computed using a correlation coefficient measured between two adjacent cycles, as suggested
in [SCB81].

The amplitude modulation, which occurs passively in the presence of a frequency modulation, has
been the subject of fewer studies than the frequency modulation. According to [Sea31] the amplitude
modulation is present at 70% of the time when there is a frequency modulation.

Control of vibrato parameters In [SR90], Sundberg shows that singers can not modify their vi-
brato voluntarily, suggesting that the vibrato parameters remain constant for a given singer. Ssingers
and singing teachers alike admit that singers develop their own vibrato naturally and subconsciously
when their vocal technique is appropriated [SSH84]. When student singers force their vibrato it often
results in a too slow (called wobble) or an overly fast (called bleat) vibrato that sounds more like errors
in pitch than expressive effects. In particular, a wobble is picked up by the human ear as a succession
of separate pitches and is perceived as unpleasant.

In several other studies, it is mentioned that singers adapt their vibrato with the tempo [Ven67]. In
[MB90], it is suggested that the control of the vibrato’s parameters is a good indication of the singer’s
skill and flexibility. In an extended study on the vibrato and note’s transition [Mah08], it is suggested
that the vibrato rate is adapted to facilitate the note’s transition (i.e. the last vibrato cycle is at its
bottom-most point when the next tone has a lower pitch, and vice versa).
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Ref min extent max extent instru Notes
[Sea31] ±10 ± 160 ± 50 The extent value does not vary with the loud-

ness, the pitch, the gender or the musical
mode. Children have a lower extent. The ex-
tent is constant for a given singer.

[Win53] The value change with the phonation and the
loudness

[SLS80] ± 80 ± 200 mean: ± 120 for lyric singers
[SCB81] varies with the loudness
[Mil86] ± 66 ± 100
[Hor89] ± 50 ± 200
[SR90] ± 100
[Cas93] ± 100 ± 150
[Sun95] ± 10 ± 100 ± 50 choir singers: much lower extent ± 10 cents.
[Pra97] ± 50 ± 150 vary with the pitch and the loudness
[TD00] ± 60 ± 200 ± 20 -

± 35
The value for instru corresponds to string in-
struments

Table 4.1: Extent values (in cents) for vocal FM found across different studies

Ref min rate max rate Instru Notes
[Sea31] 6 7 for 50% of singers: there is no relation be-

tween the vibrato rate the pitch, the loudness,
the vowel or the sex of the singer.

[Sea38] ≈ 6.6 ≈ 6.6 Bellow 4.5 Hz the modulation is not perceived
by the auditors, but this value depends on the
listeners.

[Win74] 5.5 7.7 median = 6.9 Hz for vocal vibrato
[SLS80] male: 4.7

female: 4.9
male 6.3,
female 6.6

the rate varies with the age of the singers,
their sex, their emotional implication and the
vowel. For 10 opera singer there is not rela-
tion between the pitch and the rate

[Ben81] The rate varies with the pitch.
[Pra94] ≈ 6 ≈ 6 The vibrato rate increases at the end of the

sustained notes. (variation ± 8%).
[Sun95] 5 7 The rate is constant per singer.
[TD00] 5.5 8
[DHAT99] 6 7 de 4 - 12 increases towards the end of the note.

Table 4.2: Vibrato rate values across different studies
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We now present another feature of the singing voice, still occurring on the pitch contour, that helps
to distinguish the voice from the instrumental background during the transitions between two notes.

1.2.4 Portamento and Legato

In singing, when two distant tones are sung in the same breath, it is common to glide smoothly and
continuously from one pitch to another. This technique is called “portamento”. The same effect
can be used by other musical instruments and is referred to as a glissando. When the two notes are
spaced apart by an interval smaller than a third this effect is referred to as “legato”. Musicians also
use the term legato to refer to smooth repetitions of the same note. In [Pol02], Pollastri defines the
latter as spikes. Spikes are characterized as a monotonically increasing sequence of pitches followed
by a monotonically decreasing one. They appear on note repetitions and are sometimes used as an
ornamentation. In our representation and modeling of singing pitch contours, all of these effets (por-
tamento, legato, spikes) are modeled as portamento.

We note that the use of portamento is much more popular in singing than for any other instrument.
It is considered an attribute of the bel canto technique and is used less today than in the past [Pot06].

2 Models for voiced sounds

In this section we present several models to describe the voiced sounds of singing. During the pro-
duction of pitched sounds the periodicity of the voice source is never constant due to the fact the voice
organ is a complex system with many variables that evolve constantly through time. Considering these
points, a voiced utterance can be interpreted as:

1. a temporal succession of voice pulses modified by a time-varying configuration of the vocal
tract or as

2. a set of time-varying frequencies (with harmonic ratio to the fundamental) whose amplitudes
vary over time.

These two interpretations correspond respectively to the source-filter model and the sinusoidal model.
These dual representations of voiced sounds are described in the next sections. For each model, we
also present some methods to estimate their parameters.

2.1 Source-filter model

2.1.1 Model description

The source-filter model, introduced by Fant [Fan81], describes speech production as a two stage
process involving the generation of a voice source (with its own spectral shape and spectral fine
structure) which is filtered by the resonant properties of the vocal tract. If the voice source (also called
excitation signal) is denoted by e(t) and the impulse response (or transfer function) of the filter is
denoted by h(t), then the voiced signal resulting from e(t) is passed through the filter whose impulse
response h(t) is given by:

x(t) = e(t) ∗ h(t) (4.1)
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In the frequency domain Eq.4.1 becomes:

X(ω) = E(ω)H(ω) (4.2)

The source-filter model is compelling because it reflects the physical mechanism of vocal pro-
duction. It has been used as an underlying representation of signals in numerous studies on speech
synthesis, speech recognition and speech transformation. These studies consider the voice source to
be related to the qualities of the vocal folds (length, mass, tension), and they suggest that the filter is
related to the physical shape of the vocal tract. The contribution of the source and the filter are gen-
erally separated using inverse filter techniques where h(t) is given by the estimation of the spectral
envelope of |X(ω)| the amplitude spectrum of the signal. The source-filter model as presented here is
a simplified model since it does not consider the radiation given off by the nose and the lips.

This model supposes the source and the filter clearly independent, in practice there are always non-
linear interactions between the two components [AF82]. It is possible that the interaction between the
source-tract interaction is more complex in singing than in speech [HdD01]. It is also noted in [Hen01]
that the source-filter model is not appropriate for singing voice signals. However, these statements are
not demonstrated and the source-filter model has been used successfully to synthesize singing voice in
[Lu02]. We note that the inverse filtering techniques yield worse results as the fundamental frequency
increases. For high-pitch sounds the envelope estimation can be critical because the harmonics are
widely spaced and they excite the vocal tract on a reduced number of frequency bands. As a result,
the spectral envelope can be properly estimated on a reduced number of frequencies. In [AC04] it is
suggested that the source-filter model (as all other non-interactive models) could model the singing
voice and the reason for the failures of inverse filtering techniques found in [Hen01] is due to the high
pitches achieved by female singers.

2.1.2 Estimation of the vocal transfer function

There are two main approaches to estimate the transfer function of the vocal tract: the first approach
finds the position of the formants directly by mean of linear prediction [MG76] and the second set
of methods are based on the real cepstrum whose aim is to estimate the spectral envelope of sounds
[OSB+89].

Linear prediction analysis Linear prediction estimates a signal at a given instant n using a linear
combination of its p previous samples. We have:

x(n) =

p∑
k=1

akx(n− k) + e(n) (4.3)

The transfer function of the filter, in the frequency domain, is deduced from Eq.(4.3) and Eq.(4.2) as
follows:

H(z) =
X(z)

E(z)
=

1

1−
∑p

k=1 akz
−k =

1

A(z)
(4.4)

whereH(z) is the z-transform of the vocal tract filter h(n). This function is an all-pole filter as shown
in Eq.(4.4).
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The goal of the linear prediction is to determine the set of coefficients ak that provides the best
estimation of the samples of the signal. These coefficients are estimated by minimizing the error
between x(n) and the values predicted from the p past samples. The two most common methods to
solve this problem of minimization, the covariance matrix and the auto-correlation, are described in
[Mak75]. The values ofA(z) can be factored to determine the location of the poles, which correspond
to the formant location. This is one of the greatest advantages offered by the LP analysis: it estimates
coefficients that are directly related to the physical properties of the person who emitted the sound.

The selection of the order of the model (the number of poles) is quite critical: if p increases,
the estimated envelope starts to follow the peaks of the harmonic signal instead of its overall shape.
An appropriate model order can be chosen using the physical properties of the vocal tract filter as
explained in [Osh87]. Even though, the all-pole model suffers from systematic errors for high-pitched
signals.

These errors have been addressed in [EJM91] where the discrete all-pole (DAP) model is presented
as an alternative for these cases. The idea of the DAP model is to fit the all-pole model using a finite
set of spectral locations that are related to the harmonic position of the fundamental frequency. This
method requires the estimation of the f0.

Cepstral analysis The second set of spectral envelope estimation methods, based on the cepstrum,
is also inherited from the source-filter model. The cepstrum, originally presented in [BHT63], is given
by the inverse Fourier transformation of the log-amplitude spectrum of the signal. The main advantage
of the cepstral domain is that it transforms the convolution of two signals into the addition of their
cepstra. Thus, the cepstrum of a vocal signal is the addition of the cepstrum of the vocal tract response
and the cepstrum of the excitation signal. If F−1 denotes the inverse fourier fransformation, and the
real cepstrum of x(t) is given by:

C(ω) = F−1(log(|E(ω)H(ω)|)) = F−1(log(|E(ω)|)) + F−1(log(|H(ω)|)) (4.5)

The spectral envelope is considered a smooth version of the amplitude spectrum. The simplest
mean to estimate this envelope is to set all high frequency components of the cepstrum to zero and to
retain only the low frequency components. This filtered version of the cepstrum creates an envelope
that follows the mean of the amplitude spectrum but not the contour of the spectral peaks.

To preserve the original values of the harmonic’s amplitudes, Galas [GR91] and then Cappe
[CM96] propose a new method named the discrete cepstrum. This method is more robust than the
traditional cepstrum, but it is very complex, computationally expensive and requires a fundamental
frequency analysis to preselect the spectral peaks.

There is also another method based on the cepstrum used to estimate accurately the peak contours:
the true envelope estimation method. This method has been introduced in [IA79] and then improved
in [Röb05]. The true envelope estimation is based on iterative cepstral smoothing of the log-amplitude
spectrum. LetX(ω) be the spectrum of the signal and Vi(ω) be the cepstral representation at step i (i.e
the Fourier transformation of the filtered cepstrum). The algorithm starts with A0(ω) = log(|X(ω)|)
and V0(ω) = − inf and iteratively updates the smoothed input spectrum using the maximum of the
original spectrum and the current cepstral representation.

Ai(ω) = max(Ai−1(ω), Vi−1(ω)) (4.6)
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The algorithm stops if for all bin, the relation Ai(ω) < Ci(ω) + τ is satisfied where τ is a fixed
threshold. With this procedure, the valley between the peaks will be filled by the filtered cepstral
representation and the estimated envelope will gradually grow until the peaks are covered.

2.2 Harmonic sinusoidal model

2.2.1 Model description

The harmonic sinusoidal model is another model that is widely used to interpret harmonic signals. In
the harmonic sinusoidal model, the glottal source is represented as a sum of sine waves that, when
applied to a time-varying vocal-tract filter, leads to the desired sinusoidal representation of speech or
singing waveform.

The sinusoidal models have their origin in the vocoder developed by Dudley [Dud39]. The first
harmonic sinusoidal model is presented by McAulay and Quatieri in [MQ86] where they describe
speech sounds as the sum of sine waves, with amplitude and frequency evolving slowly over time.
This model was then improved in [GL+88]. As a next step, the harmonic sinusoidal model was
extended by means of a dedicated noise model [SS90]. Thus, the sinusoidal model given by Eq.(4.7)
was completed.

x(t) =

H(t)∑
h=0

ph(t) + b(t) where (4.7)

ph(t) = ah(t) cos(2πfht+ φh,0) (4.8)

In Eq.(4.8), ph(t) is a sinusoid with a slow time-varying amplitude ah(t), a slow time-varying
frequency fh(t) and a phase at the origin φh,0. In Eq.(4.7), x(t) is the signal that consists of a sum
of sinusoidal components with slow time-varying amplitude and frequency (also called partials) plus
an additive noise. If x(t) is the signal of a tone produced by a monotonic instrument, such as the
singing voice, the H components are harmonics and their frequencies are in harmonic ratio to the
fundamental. In practice, the number of components varies over the duration of the sustained tone.

The sinusoidal components of the sinusoidal model can vary in amplitude and frequency inde-
pendently. Thus, the model can be used to represent signal modulations such as the vibrato or the
portamento.

To represent a signal with the sinusoidal model it is necessary to estimate the parameters ah(t),
fh(t) and φh,0 for each instant of the signal. In practice, the signal is discretized and we assume
the parameters constant on each discrete interval. In others words, we make the assumption that the
amplitude and the frequency vary slowly over time.

2.2.2 Sinusoidal model parameters estimation

To estimate the parameters of the sinusoidal model, the values fh(n), ah(n) and φ0,h(n) are estimated
on each discrete portion of the signal on which the signal is supposed to be stationary. The number
of sinusoidal components H(n) on each frame has to be determined. Then, the trajectories of each
partial’s frequency and amplitude are determined using a continuation algorithm.
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We describe in the next paragraph a method to estimate these parameters. We start with the
estimation of the parameters for a single sinusoid (H = 1), which is the basic case. This simple
estimation method is then extended to the case of signals with multiple components.

Simplified case: monochromatic stationary signal We consider the simplest case of sinusoidal
model, i.e. a stationary signal with a single component. Such a signal is written as:

x(t) = a.cos(2πft+ φ0) (4.9)

where f , a and φ0 are the frequency, the amplitude and the phase of the modulation we need to esti-
mate. In practice, if f is known, the other parameters of the modulation are estimated by minimizing
the modeling error.

• Frequency estimation
The frequency f is usually estimated by analyzing the spectrum |X(f)| of the signal x(t). The
value of f is given by the position of the highest peak of the spectrum.

If we consider the discrete version of x, defined on a finite number of sample N, its spectrum
is approximated by the Discrete Fourier Transform whose equation is given in Eq.(4.10). This
function is evaluated on a finite set of frequencies: f = k/N for k ∈ {0, . . . , N − 1}.

X

(
k

N

)
=

N−1∑
n=0

x(n) · e−2iπ k
N (4.10)

The estimation of f is given by the value of the bin where the spectrum is maximal. For a signal
of size N sampled at frequency fs we have:

k̂ = arg maxk(|X(k/N)|) (4.11)

f̂ =
k̂

N
· fs (4.12)

In practice, the DFT is computed on a centered version of the signal to remove the constant
component (X(0) =

∑N−1
n=0 x(n)). Otherwise, the highest peak could lead to an estimation of

the constant. The original signal is weighted with a window (Rectangular, Triangular, Ham-
ming,Hanning, Blackman, Kaiser, Harris, etc.[Har78], [Nut81]) to reduce the side-lobes in the
spectrum.

• Amplitude and phase estimation
The amplitude associated to the modulation of frequency f̂ is given by the amplitude value of
the (normalized) spectrum at bin k̂. The estimation of a is given by:

â =
1

H(0)

∣∣∣∣∣X
(
k̂

N

)∣∣∣∣∣ (4.13)

where H(ω) is the Fourier Transform of the window used to segment the original signal into a
set of pseudo stationary signals with finite duration.
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Finally, the phase of the sinusoidal modulation is given by the angle of the DFT at this point:

φ̂0 = ∠X

(
k̂

N

)
(4.14)

The estimation of the sinusoidal parameters relies entirely on the good estimation of k̂, which is
constrained by the limitation of the Fourier analysis: the precision and the resolution.

Improvement of parameters estimation:

• The spectral precision is limited by the number of points used to compute the DFT. For a
DTF computed on M points, only the frequency multiples of fs

M can be estimated exactly. For
the other frequencies, their estimation is given with a precision equal to fs/M . The spectral
precision can be increased by using a DFT computed with a larger number of points: M >

N . This technique, called zero padding, is equivalent to a quasi perfect interpolation in the
frequency domain. However, this technique has a very limited effect in the sense that it is
necessary to add an incredibly large number of points (which is computationally very expensive)
to obtain a weak improvement of the spectral precision.

• The spectral resolution indicates the ability to discriminate two close frequencies. The spectral
resolution is limited by the width of the main lobe of the smoothing window. The ability to
distinguish two close frequency components increases as the main lobe of the window narrows.
The main-lobe bandwidth reduces as the length of the window increases. For each classical
widow the bandwidth of the main-lobe is given by: Bω = Cω/L where Cω is a parameter
defined for each window and L is the size of the window. To estimate the sinusoidal parameters
of a monochromatic signal the resolution has no influence, but it can become a serious issue
when the signal is composed of several sinusoidal components.

Numerous alternatives have been developed to overcome the problem of spectral precision and
resolution. There are methods based on techniques of interpolation ([SS87], [AKZ99]), regression
methods [MD92] and techniques of spectral reassignments ([KGV78], [Aug95]).

Another set of techniques, not based on the amelioration of the Fourier transformation, has been
developed: the High Resolution (HR) methods. As their name indicates, these methods offer a much
better spectral resolution than any method based on the Fourier transformation. HR methods found
their origins in the early works of Prony [Pro95] and Pisarenko [Pis73] which aim to estimate the
parameters of a sum of exponentials with techniques of linear prediction. When the signal is not
corrupted by any noise the HR methods have a virtually infinite resolution and precision (even when
the analyzed signal has a very few points). The first HR methods, proposed in [Pro95] and [Pis73],
were not robust to the presence of additive noise. Some alternatives to the high resolution parametric
subspace methods, such as MUSIC ([Sch86]) and ESPRIT ([RPK86]) have been proposed to increase
the performance in the presence of noise. The underlying idea of these methods is to separate the data
into signal (sinusoidal) and noise subspaces via eigenvalue decomposition of the covariance matrix
or the singular value decomposition of the raw data matrix. The main advantage of the HR methods
is that they are not constrained by the time-frequency compromise. The main drawback is that the
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number of sinusoidal components has to be pre-estimated and these methods can be computationally
expensive since they require the inversion of matrices.

Multiple sine waves stationary signal When multiple sinusoids are present on a frame of the signal,
the method presented for monochromatic signal is applied iteratively on the highest peaks of the
signal. Once the parameters of the sinusoid corresponding to the highest peak of the spectrum have
been estimated, the process is iterated with the second highest peak and so on untilH peaks are found.

The problem of defining H for each frame remains. Peaks can be selected with an amplitude-
based threshold. A global threshold generally leads to non-uniform results: the difficulty is to reject
spurious peaks in the high amplitude region without removing valid peaks in the lower amplitude
region. Thresholds based on local amplitude produce better results because the number of tracks can
vary considerably from frame to frame.

Estimation of the time-varying frequency and amplitude Once the parameters of the sinusoidal
model are estimated for each frame they have to be connected to form coherent sine wave frequency
and amplitude trajectories. Several strategies have been explored to realize this task.

In [MQ86], a simple sinusoidal continuation algorithm is proposed: each spectral peak is con-
nected to its closest peak in the next frame. This algorithm may create unreasonable jumps and is
often unable to track frequency trajectories with a significant frequency modulation without introduc-
ing numerous false connections.

This algorithm was improved upon in [SS90] by using a set of frequency guides to create sinu-
soidal trajectories. The values of the frequency guides are obtained from the peak value and their
context, such as surrounding peaks and fundamental frequency. If the sound to be modeled is known
to be harmonic, the frequency guides are initiated according to the harmonic series corresponding to
the estimated fundamental frequency.

Another strategy, proposed in [ABLS02] compares amplitude and frequency difference for the
candidates to connect. This algorithm connects only the peaks that do not exceed a minimum variation
for both parameters. Unconnected peaks belong to dying partials. Peaks with no connection may
represent a newborn sinusoid. Some other methods, based on Hidden Markov Models or the Viterbi
algorithm have also been proposed. These models are told to be very efficient to find the trajectories
of partials in polyphonic mixtures and inharmonic signals.

Alternative approaches for sinusoidal parameters estimation Some models have been proposed
to directly estimate the time-varying frequency f(t) and time-varying amplitude a(t) on a non station-
ary signal. In the method proposed in [Lar89], the amplitude of the signal is described by a polynomial
with complex coefficients. This polynomial, chosen with an order equal to 2 [Pee01], is sufficient to
describe the variations in frequency and amplitude independently. This method, however, assumes
the frequency of the modulation known is a priori and the coefficients of the polynomial are estimated
by a least-squares error minimization. In some simple cases, when the variations of amplitude and
frequency are linear, the coefficients of the linear variations can be estimated by a polynomial interpo-
lation of the instantaneous amplitude and frequency respectively (the order of the polynomial is equal
to 1).
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At the end of the sinusoidal parameter estimation process each partial h present in the signal is
described with:

• an onset and an offset

• a function of frequency fh(t)

• a function of amplitude and ah(t)

• a phase Φ0

The greatest advantage of the sinusoidal method is that it describes the temporal variations of
each sinusoidal component independently. It also supposes that the amplitude and frequency are
independent components. These temporal variations of frequency (and amplitude) can be interpreted
as prosodic elements in speech and as intonative elements in singing. Next we present a parametric
model to estimate the parameters of vibrato and/or portamento from a time-varying function fh(t).
The model can also be applied to estimate the parameters of a tremolo from an amplitude function
ah(t).

2.3 Intonative model

In the description of the source-filter model presented in Sec.2.1 we have shown that the spectral en-
velope of speech and singing sounds is commonly used to extract information on the speaker/singer.
In the same way, we believe that an appropriate model to extract information from the partials ob-
tained with the sinusoidal model can be used to extract additional information on the singer. The
characteristics extracted are related to the style and the technique of the singer.

2.3.1 Model description

We suppose that f(t) is the time-varying frequency of a partial covering a sustained note or a contin-
uous transition between two notes. As shown in Fig.4.2, the fundamental frequency of a sung melody
can be decomposed into these two types of events.
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Figure 4.2: Fundamental frequency of a sung melody: Segmentation into sustained notes (N) and
transitions (T)
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On f(t), we can expect two types of variation: a periodic modulation associated to the vibrato
and a continuous (and slow) variation associated with the portamento. Typically, the vibrato occurs
on sustained notes and the portamento appears during the transition between two notes. However, it
is also common to observe a slow continuous variation of frequency over the duration of a sustained
tone.

Considering these points, we propose to model the frequency trajectory of a partial as the sum
of the periodic modulation xf (t) plus a slow continuous variation df (t). An additional error ε(t) is
also comprised in the model. With f̄ denoting the mean frequency (the perceived pitch), f(t) can be
written as:

f(t) = f̄ · (df (t) + xf (t)) + ε(t) (4.15)

In Eq.(4.15), the two frequency variations are given in terms of relative variations so that these
variations are similar for two partials in harmonic ratio to the same fundamental.

If we assume a vibrato rate of r and extent a 2constants over the duration of the tone, the periodic
modulation xf (t) can be written as:

xf (t) = a. cos(2πrt+ φ0) (4.16)

In practice, the rate of the vibrato remains quasi constant over the duration of the tone, but the
amplitude can vary significantly. For some singers, the amplitude increases consistently at the begin-
ning of the notes and for some other singers the amplitude decreases towards the end of the notes. To
allow a more flexible model of vibrato we propose to describe the amplitude of the modulation with
an exponential. Thus the vibrato model is given by:

xf (t) = a0.e
a1.t. cos(2πrt+ φ0) (4.17)

If a1 is positive, Eq.(4.17) represents vibrato whose extent decreases over the duration of the note.
Conversely, if a1 is negative, Eq.(4.17) describes a vibrato whose amplitude increases over time.

2.3.2 Model parameters estimation

• It is first necessary to compute f̄ the mean frequency, which corresponds to the perceived
pitch. This value is simply given to be the average value of f(t) over the time. The other
parameters are estimated on f(t)/f̄ . This is so that when two partials are harmonics of the
same fundamental, the parameters of the model (except f̄ ) have the same magnitude.

• The relative frequency deviation df (t) is given by the overall shape of f(t). In practice, it is
given by the low-pass filtered version of f(t)/f̄ . To preserve the modulation associated with
the vibrato, whose minimal rate is around 5Hz, we chose a cutoff frequency of fc = 4 Hz.
If f(t) is the fundamental frequency of a sustained note with vibrato only, then the frequency

2To avoid the confusion between the meanings of amplitude and frequency, used both to refer to the frequency modula-
tion (FM) and amplitude modulation (AM) as well as to qualify the speed and the width of a sinusoidal modulation. The
parameters of the vibrato xf (t) are named rate (frequency) and extent (amplitude)



2. MODELS FOR VOICED SOUNDS 69

deviation is null. If f(t) covers a note transition, then the frequency deviation has up to two
points of inflections. For these reasons, we chose to model the frequency deviation with a third
order polynomial (with real coefficients).

• The sinusoidal part of the f(t) is estimated by subtracting the relative frequency deviation df
from the normalized version of the frequency trajectory:

x̂f (t) =
f(t)

f̄
− d̂f (t) (4.18)

xf (t) is a sinusoidal modulation, which can be written with Eq.(4.16). This equation is similar
to Eq.(4.9). Thus, the parameters of the modulation (rate, extent and phase) can be estimated
with any method presented in Sec.2.2.2.

The same model can be applied on amplitude trajectory a(t). Contrary to the frequency mod-
ulation, the amplitude modulation of two harmonically related partials do not have any predefined
relation because each harmonic partial is modulated according to its frequency position in the vocal
tract.

The function of amplitude can be written as:

a(t) = ā.(da(t) + xa(t)) + ε (4.19)

where ā is related to the global dynamic of the sound ({p,mf, f, . . . }), da(t) transcribes a possible
variation of dynamic (for instance a crescendo) and xa(t) represents the amplitude modulation. The
parameters of Eq.(4.19) can be estimated with the methods presented above.

2.3.3 Model evaluation

We evaluate the ability of the proposed model to fit the time-varying frequency function of partials.
The performance of the method relies on two elements: the estimation of the parameters of the sinu-
soidal modulation and the estimation of the continuous variation of frequency.

Position of the problem The parameters of the sinusoidal modulation can be estimated with any
method presented in Sec.2.2.2, where the number of sinusoidal components is fixed to one. Numerous
studies have been conducted on the comparison of sinusoidal parameter estimation methods. However,
the time-frequency resolution constraints encountered by these methods to track partials or to extract
the parameters of partials are different. In the case of partial tracking, the parameter estimation is
conducted on signals with a rather high sampling rate (usually between 11 and 44 kHz) in order to
estimate frequencies produced by the instruments of the mixture (whose frequencies range from 60
to 5000 Hz). When these methods are applied to estimate the intonative model parameters, the signal
under analysis has a low sampling rate (whose value is determined by the hop size of the STFT used in
the partial tracking) and the frequency to be estimated is between 4 and 8 Hz (these values correspond
to the lower and upper rate of vibrato). Since we want to estimate frequency ranging from 4 to 8 Hz,
it is very important to have an extremely precise estimation (contrary to the frequency estimation of
partial tracks an error of 1 Hz will be very important).
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Considering these points, we propose to compare the classical sinusoidal parameters estimation
methods for signals corresponding to the frequency of a vibrated note. We chose to compare the
following methods:

• M0: Basic method based on the Fourier transformation of the signal described in Sec.2.2.2,
where the Fourier transformation is computed with a zero padding factor equal to 4.

• M1: QIFFT method proposed in [SS87]. This method uses a quadratic interpolation of the
three samples surrounding a spectral peak to refine the estimation of the position of the spectral
peak with the maximal amplitude. This method is applied on a spectrum obtained with a zero
padding factor equal to 4, and the phase is given by a linear interpolation.

• M2: The high resolution subspace method ESPRIT proposed in [BDR06].

• M3: The method based on complex polynomials proposed in [Lar89]. This method requires an
estimation of the frequency of the modulation as input. In our case, this estimation is given by
the results of the QIFFT method.

M0, M1 and M2 have the assumption that the rate and extent are constant along the duration of
the modulation. The method ESPRIT supposes the rate constant and the extent exponentially damped.
M3 considers the rate and the extent linearly variable. We summarize the settings of the methods in
Table 4.3.

Method Base Window Rate Extent
M0: TF TF , padding 4 hanning f a0

M1: QIFFT TF, padding 4 hanning f a0

M2: ESPRIT Sub-space, order: N/2 f a0 · eδt

M3: POLY QIFFT Gaussian r0 + f1.t a0 + a1.t

Table 4.3: Methods and parameters used in the evaluation

Data We evaluate these methods on three distinct sets of signals representing the fundamental fre-
quency f(t) of vibrated sung tones. The first set, denoted by S1, is composed of sinusoidal modulation
with a constant rate and extent. S2 is composed with sinusoidal modulation whose extent and rate vary
linearly over the time. The third set is composed of a fundamental frequency estimated from “real” a
cappella recordings with the YIN algorithm [dCK02] and checked manually. The synthetic signals of
S1 and S2 are generated with the parameters presented in Table4.4.

The parameters of Table 4.4 are chosen for the following reasons:

• 1. The vocal vibrato extent is chosen between 1/5 and 1 semi tone

• 2. The vocal vibrato rate is comprised between 4 and 8 Hz ([VGD05])

• 3. The phase is randomly chosen between −π and π.

• 4 and 5. The values chosen correspond to the linear variation coefficients of extent and rate
measured in spoken sounds [AS05]. These values may not be larger for sung sounds but we
chose the values measured in speech utterances in order to have reasonable values. The linear
variation of rate and amplitude are set equal to zero in the signals of S1.
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Indice Name Parameter Distribution Unit Intervalle
1 extent a0 Uniforme cents [10, 100]

2 rate r0 Uniforme Hz [4, 8]

3 phase φ0 Uniforme rad [−π, π]

4 damped factor a1 Gaussian cents/sec−1 N(0, 10)

5 linear factor f1 Gaussian rad/sec2 N(0, 100)

6 length N ∗ Fs Uniforme sec [0.3, 1]

Table 4.4: Values of parameters for synthetic vibrato

• 6. The sampling rate is chosen equal to 1000 Hz, which is the sampling rate of the signals of
S3. The duration of the signal is comprised between 0.3 and 1 sec. These values correspond to
the duration of a quaver and a minim at an allegreto tempo (120 bpm).

We evaluate the performance of the method for the estimation of the vibrato parameters on S1 and
S2. The performance of the estimation of all parameters of the model is evaluated on the signals of
S3.

Results - Sinusoidal modulation estimation - S1 and S2 We evaluate the performance of the meth-
ods presented in Table 4.3 for the signals of S1 and S2 in the presence of an additive noise. The
experiments are conducted for a signal-to-noise ratio (SNR) varying from -10 to 80 decibels.

For all evaluations we compare the Mean-Square Error (MSE) of the estimation with the Cramer-
Rao Bound (CBR) [VT68]. The CRB is an indicator of quality that gives the lower bound on the error
variance of unbiased estimator. If CRB(P̂ ) denotes the Cramer Rao Bound of the estimation of P
and σ2

P denotes the variance of an unbiased estimator then we have:

CRB(P̂ ) ≤ σ2
P

In practice, most estimators are biased. Their comparison with the CBR remains possible if the bound
is compared to the mean square error. The MSE can be decomposed into square bias and variance:

MSE(P̂ ) = E
[
(P̂ − P )2

]
=

1

N

N∑
n=0

(
P̂ − E(P̂ ) + E(P̂ )− P

)2
(4.20)

=
1

N

N∑
n=0

(
P̂ − E(P̂ ) +BP

)2
= σ2

P +B2
P (4.21)

where B2
P is an indicator for systematic errors while σ2

P is an indicator for noise sensitivity. For
biased and unbiased estimators, the minimal value of the MSE is given by the CRB. The theoretical
computation of the CRB for the sinusoidal parameters can be found in [Kay88]. These values for a
sinusoidal modulation of length N and amplitude A in the presence of an additive Gaussian noise with
variance σ2

B are given in Table 4.5.
We evaluate the quality of the estimators on signal of S1 with various durations (3, 1 and 0.3

second). The performance of the frequency estimators are plotted in Fig.4.3 - 4.3 and 4.5. The
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Amplitude CRB(â) =
2σ2

b
N +O

(
1
N2

)
Frequency CRB(f̂) =

6σ2
b

4π2N3A2 +O
(

1
N4

)
Phase CRB(φ̂0) =

2σ2
b

NA2 +O
(

1
N2

)
Noise CRB(σ̂b) =

2σ2
b

4N +O
(

1
N2

)
Table 4.5: Theoretical CRB for sinusoidal parameters estimation (stationary case)

performances for the amplitude estimation are plotted on Fig.4.6 - 4.7 and 4.8. Finally the performance
for the phase estimation are given in Fig.4.9 - 4.10 and 4.11.
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Figure 4.3: CRB : S1- frequency - (0.3sec)
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Figure 4.4: CRB : S1 - frequency - (1sec)
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Figure 4.5: CRB : S1 - frequency - (3sec)
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Figure 4.6: CRB : S1 - amplitude - (0.3sec)
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Figure 4.7: CRB : S1 - amplitude - (1sec)
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Figure 4.8: CRB : S1- amplitude - (3sec)

We conduct the same evaluation for the signal of S2, i.e. sinusoidal modulation with rate and
extent varying linearly. The performance is evaluated on signal with length 1 and 0.3 seconds.

The closer the curve to the CRB, the better the estimator. When the curve associated with the
estimator follows the CRB, the error is dominated by the variance. We observe that after a given SNR
threshold, the variance of the estimator errors saturates at a fixed level given by the estimator bias.

The frequency estimation is the central part of the algorithm. Phase and amplitude use the fre-
quency to determine their estimate. The frequency estimate is influenced more by the noise so that it
shows the largest sensitivity to noise.

For both sets of signals, we can see that the length of the signals has a high influence on the perfor-
mance of the estimation. On the signals of S1, where the modulation is stationary, the method based
on the complex polynomials proposed by Laroche (POLY) can be considered an unbiased estimator
on signals of 3 and 1 sec. On these signals, the basic method (M0) has a much higher bias than the
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Figure 4.9: CRB : S1 - φ0 - (0.3sec)
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Figure 4.10: CRB : S1 - φ0 - (1sec)
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Figure 4.11: CRB : S1 - φ0 - (3sec)

QIFFT algorithm. On these “long” signals, the QIFFT method performs better than HR and for a low
SAR this method performs better than POLY. On shorter signals (0.3 sec), POLY is biased for SNR
higher than 40 dB. On these short signals, the HR method performs better than the basic and QIFFT
method. We note that the amelioration given by the interpolation in the QIFFT method on “long” sig-
nals disappears on “short” signals. The relative performances of the methods evaluated remain more
or less similar on signals of vibrato with varying rate and extent. In general, POLY provides the best
estimation. We note that the bias of the amplitude estimation is much larger for the signals of S2 than
the signals of S1.
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Figure 4.12: CRB - S2 - frequency - (1sec)
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Figure 4.13: CRB - S2 - frequency - (0.3sec)
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Figure 4.14: CRB - S2 - amplitude - (1sec)
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Figure 4.15: CRB - S2 - amplitude - (0.3sec)
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Figure 4.16: CRB - S2 - φ0 - (1sec)
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Figure 4.17: CRB -S2 - φ0 - (0.3sec)

Results - Entire note model estimation - S3 The performance on real signals (S3) cannot be eval-
uated with the CRB since the parameters of the sinusoidal modulation are not known a priori. In this
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case, we measure the performance with the RMS error computed between the original f(n) and the
estimate f̂(n):

RMSf =

√√√√ 1

N − 1

N∑
n=0

|f(n)− f̂(n)|2 (4.22)

We illustrate the different steps of the estimation (estimation of the deviation df , then estimation of
the sinusoidal part x̂ and finally the estimation of the parameters of x̂ ) on a vibrated note and a
portamento note transition in Fig.4.18 and Fig.4.19.
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Figure 4.18: Estimation on a vibrated tone
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Figure 4.19: Estimation on a portamento (note
transition)

The model assumes that the input f(t) covers a sustained tone or a note transition. In practice,
the partial tracking algorithm returns partials whose onset and offset do not meet these requirements.
To obtain partials satisfying these constraints we propose to segment partials using the BIC criterion
[Sch78]. The BIC criterion is applied to detect significant changes in the frequency function f(t).

For f(n) defined on N points f(n) = {x1, . . . , xT } the BIC criterion (for a problem in dimension
1) is computed for each n as follows:

BIC(n) = R(n)− λlog(T ) (4.23)

where λ is the penalty term and R(n) is the value of the likelihood function for the estimated model.
In dimension 1, R is given by:

R(n) = T log(σ2
f )− (n log(σ2

l ) + (N − n) log(σ2
r )) (4.24)

where l(n) and r(n) corresponds to the left and right sides of f split at instant n: l(n) = {x0, . . . , xn−1}
and r(n) = {xn, . . . , xN−1}. The terms σ2

f , σ2
l , σ2

r indicate the variances of f , l and r respectively.
The term λ is introduced to avoid over-fitting problems. In our problem, we use a large λ (λ = 5) to
detect significant changes in f . This value was found empirically.

If BIC(n) > 0 then f is better modeled using the separated parts l and r obtained by splitting
f at sample n. Fig.4.20 and 4.21 show the enhancement provided by the BIC criterion for the mod-
eling of time-varying frequencies. On these figures, we plot the estimation of f(t) obtained using a
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single model and the estimation obtained by concatenation of two distinct models. The vertical line
represents the point of separation returned by the BIC criterion.
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Figure 4.20: Two vibrated notes
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Figure 4.21: Vibrated notes linked +

portamento

We report in Table 4.6 the RMS error values for the 4 methods tested on a set of 1000 partials
(S3) segmented with the BIC criterion when it was necessary. The methods HR and POLY have been
tested for fixed and varying amplitude and extent.

Method Base QIFFT HR HR POLY POLY
Model A(t) a a a a0.e

a1.t a a0 + a1.t

Model F (t) f f f f f f0 + f1.t

RMS (Hz) 4.11 3.81 3.48 3.01 6.85 6.79

Table 4.6: RMS errors for various estimation methods

The method based on the complex polynomial (POLY), that showed better results than any other
method on S1 and S2 performs very poorly on real signals. On the synthetic signals, we showed that
POLY is rather robust to the presence of additive noise and is very accurate to estimate the parameters
of a sinusoidal modulation whose parameters vary linearly. We assume from the results obtained on
S3 that the POLY method is not robust to non-linear variations of the rate and extent of the sinusoidal
modulation. On these signals, the HR method with an exponentially damped amplitude has the best
performance. In average, the method has an RMS error of 3 Hz, which is relatively low. In the rest of
the document, the parameters of the vibrato are estimated with the high-resolution method.

2.4 Relation between intonative and source-filter model

The vibrato is an interesting feature of the singing voice which has been presented by Arroabarren
[AC04] as the link between the source-filter and the sinusoidal models. As mentioned in Sec.1.2.3,
the frequency modulation creates an amplitude modulation on each harmonic partial. The amplitude
of each partial is modulated according to its frequency in the vocal tract. Considering this point, by
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analyzing the amplitude modulation occurring along a few cycles of a frequency modulation, it is
possible to deduce interesting information on the frequency of the formants.

To be reliable, this analysis has to be conducted on “ideal” recordings. First of all, it is important
that the signal is recorded in a room with a low reverberation. Indeed, the presence of a reverberation
modifies the values of partials’ amplitude. In addition, the vocal tract must be invariant along the
duration of the signal analyzed. Finally, the portion of the signal considered must have a quasi-
constant loudness (i.e. there is no major change in dynamics, such as a crescendo). The last two
assumptions are fairly reasonable since the analysis is performed on a very short portion of the signal.

In the following we propose a simple method to measure the position of the formants on an
excerpt of singing. We start with some observations and then present a simple method to estimate
the formants’ frequencies.

2.4.1 Estimation of the formant position from a cycle of frequency modulation

Data We analyze a sound emitted by a female singer on an A5 (880 Hz) on the vowel /a/. We plot
in Fig.4.22 the six first harmonic partials of this sound. We note that the theoretical formants value
for the vowel /a/ pronounced by a female are : f1 = 600 Hz and f2 = 1100 Hz [SR90].
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Figure 4.22: Frequency trajectories of the six first partials.

In the following, we study the amplitude modulation of one cycle of the frequency modulation
corresponding to the bold part, i.e. for the samples between 16 and 42.

Illustration of the amplitude modulations We propose to illustrate the amplitude modulation
against two variables: the frequency and the time. The variations of amplitude in function of the
frequencies are plotted on the top plot of Fig.4.22. The bottom plot of Fig.4.22 represents the ampli-
tude variations along the time axis. For both representations, the variations of the first six partials are
presented on a third axis. The first half of the modulation is plotted with a plain line and the second
half with dashed lines. On both plots, the amplitude of each partial is normalized so that the maximum
amplitude of each partial is equal to one.
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Figure 4.23: Evolution of the amplitude of six partials:
Amplitude .vs. Frequency (top), Amplitude .vs. Time (bottom)
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Observations From the plots of Fig.4.23 we can deduce that we have three categories of partials:

• The amplitude variations of partials 2, 4 and 5 demonstrate similar behaviors. As shown on the
top plot, the amplitude increases while the frequency decreases and the maximum amplitude
value is reached for the minimum frequency. This observation can also be deduced from the
bottom plot where the amplitude of these partials is maximal in the middle of the modulation.
From these plots we can deduce the presence of a formant close to the minimum frequency of
partials 2, 4 and 5. Finally, we have 3 formants around 1750 Hz, 3500 Hz and 4400Hz.
• We can observe the opposite phenomenon on partials 3 and 6. The amplitude of these partials

increases when the frequency increases and the amplitude is minimal in the middle of the cy-
cle. For both partials we can deduce that there is a formant located just above the maximum
frequency covered by each partial. Finally, we can deduce a formant slightly above 2800 Hz
and a formant slightly above 5500 Hz.
• The amplitude of the first formant does not vary along the duration of the modulation cycle. In

this case, the mean frequency of the partial coincides with a formant whose bandwidth is larger
than the frequency range covered by the partial. For this reason, there is no significant amplitude
modulation. We can assume As explained previously, the presence of a formant around 880 Hz
is the result of the formant tuning process.

If the bandwidth of the formant is narrower than the range of frequency covered by the partial,
then the amplitude modulation appears and its rate is twice the rate of the frequency modulation as
illustrated in Fig.4.24. On this plot the frequency and amplitude of a single partial are normalized,
scaled and superimposed to highlight the relationship between the rates of the modulations.

0 200 400 600 800 1000 1200 1400 1600
0

0.2

0.4

0.6

0.8

1

Sample

Am
pl

itu
de

 (r
el

at
iv

e)

Frequency (relative)

Figure 4.24: Correlation between AM and FM rate. Green dashed line: normalized amplitude; Blue
plain line: normalized frequency

The rates of FM and AM, computed with the intonative model on all partials of a sung sound, can
thus be used to give a rough estimate of the formant frequencies of a singer. In Chap.6 we will further
show that this information, i.e. the correlation between the AM and FM rate for a given frequency,
can be use to identify singers without computing the exact positions of the formants. In a study on the
singing synthesis [MB90], it has also been proven that the correlation between the two modulations
has an important effect on the natural aspect of singing synthesis.
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Method to estimate the position of each formant Like the problem of envelope estimation, the
estimation of formant frequency is rather difficult on high-pitched signals because of the width space
between each of the harmonics. On Fig.4.25, we plot the amplitude against the frequency of all partials
composing a G4 sung by a female singer on the vowel /a/. Clearly, this plot shows a sampled version
of the spectral envelope on a finite number of frequencies.
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Figure 4.25: Samples of the vocal tract transfer function

With minimum information on the vocal production, the frequency and the bandwidth of the for-
mants can be easily deduced from such a plot. From our experiments, a voice can be re-synthesized
accurately using a formant-based synthesizer (such as CHANT [RPB84]) which requires the fre-
quency and the bandwidth of formants as input. As observed before, there are two main situations for
the formant estimation:

• The partial’s frequencies crosses the formant: In this case, the frequency and the bandwidth
of the formant can be easily deduced as illustrated in Fig.4.26. The frequency of the formant
is simply given by the position of the peak with the maximum amplitude. The bandwidth is
measured by first estimating the slope of the formant, and then by finding the point whose
amplitude is equal to the amplitude of the formant minus three decibels.

On Fig.4.26 we have a formant at P1 = (1212,−6.8) and we can deduce that the bandwidth
of this formant is equal to 74 Hz. The bandwidth is equal to twice the distance between the
frequency of P1 and P3.

• The formant is missing: When a formant is comprised between two partials, in most situations
the frequency of the formant can be deduced from the slopes of the amplitudes of the partial
surrounding the formant as illustrated in Fig.4.27. It is however not possible to measure the
bandwidth of these formants accurately. In this case the bandwidth can be set with theoretical
values.
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Figure 4.26: Measure of the bandwidth of the formant for the second partial, ∆f = 74 Hz
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Figure 4.27: Computation of the location of a missing formant

We report the frequency and bandwidth values of the firsts 8 formants for the analysis of the
Fig.4.25 in Table 4.7.

Formant Number 1 2 3 4 5 6 7 8
Frequency (Hz) 595 1212 1950 3462 4035 4430 5535 6153
Amplitude (dB) -7.85 -9.26 -32 -32 -30.62 -35 -55.15 -54.5

Table 4.7: Formants values for the sound sample illustrated in Fig.4.25

The idea of modeling the vocal tract of a singer using the instantaneous frequency and amplitude
of partials has been further exploited in the Composite Transfer Function. This method was first
presented in [Mel01] and then improved in [Bar04]. The studies performed by Arroabarren [AC04]
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go even further and suggest that the vibrato can be used to de-correlate the glottal source and the
vocal tract transfer function. In [AC04], the amplitude modulation is presented as the element solving
the problem of filtering an inversion encounter on high-pitched signals. This study concludes that
the instantaneous amplitude and frequency obtained by sinusoidal modeling provide more, as well as
complementary, information about the vocal tract function than known analysis methods.

3 Features for singing voice

In this section we present several features, deduced from the source-filter model and the intonative
model, to describe the signals of singing voice. Features derived from the spectral envelope of sounds
are referred to as “timbral” features because their purpose is to characterize the timbre of the sound.
Features extracted from the time-varying frequency of partials are named “intonative” features.

3.1 Timbral features

In Sec.2.1.2 we presented a set of methods to estimate the spectral envelope. Methods based on linear
prediction techniques represent the spectral envelope with a reduced set of coefficients (the poles of
the filter) that can be used directly as features. Estimation methods based on the cepstrum lead to
an envelope which has the same number of coefficients as the original spectrum. In this section we
present different methods that have been proposed to increase the performance of the linear prediction
coefficients or to compress the information conveyed by the envelope estimated with cepstrum-based
approaches.

Linear Predictive Coefficients and their variants Linear predictive coefficients (LPC) and their
variants have been widely used in problems involving speech and singing processing. The main
disadvantage of the traditional LPC is that it treats all frequencies equally on a linear scale. Numerous
methods have been proposed to compute these coefficients on a frequency scale closer to human
perception.

The Warped Linear Predictive Coefficient, computed on a Bark scale, have been used in [KW02]
for a task of singing detection. Similar coefficients have been used for the same task in [BE01] where
they are named Perceptual Linear Predictive coefficients (PLPC).

It has also been proposed to derive Cepstral Coefficients from the LPC using a recursion formula
[RS78]. The coefficients obtained are named Linear Predictive Cepstral Coefficients (LPCC). This
set of coefficients have been used to detect the singing voice in [Zha03] and to model singer identity in
[NSW04]. The LPCC are supposed to more be robust to noise than the cepstral coefficients obtained
directly from the spectrum.

Mel Frequency Cepstral Coefficients As explained in Sec.2.1.2 the other major idea we explored
to estimate the spectral envelope is based on the cepstrum. In the cepstral representation of a sound
(see Eq.4.5) the envelope is estimated using the low cefrencies of the cepstrum. In general, the Dis-
crete Cosine Transform (DCT) is applied to the cepstrum in order to concentrate the most useful
information into a set of few coefficients. Thus, the estimated envelope is parameterized by the first
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coefficients of the cepstrum DCT. Similarly to the LPC, it has been suggested that, by changing the
frequency scale, one could enhance the envelope coding. The most popular envelope coding is cer-
tainly the Mel Frequency Cepstral Coefficients, which are coefficients obtained from the DCT of
the cepstrum computed on the Mel scale. This scale is, as the Bark scale used in the WLPC, used to
approximate the response of the human auditory system.

The majority of studies in speech and singing processing describe the audio contents (on pseudo
stationary segment) with the MFCC or the LPC. It is also common to complete the description by
using the first and second derivatives of these coefficients.

Cesptral Coefficients derived from the True Envelope From the last envelope estimation method
presented in Sec.2.1.2, the True Envelope estimator, we propose a new set of coefficients to describe
the timbre of a sound. As done for the MFCC, the essential information of the true envelope is
compacted into a few coefficients by applying the DCT.

Timbral features, in particular the MFCC, have been widely used for speech and musical signal
representation. In the case of speech or singing signals, the spectral envelope is supposed to convey
information about the vocal tract. Most generally, when the signal is composed of a single source, the
spectral envelope conveys information related to the timbre of the instrument. A contrario, is rather
difficult to give a clear meaning of spectral envelopes estimated on sounds created by a mixture of
instruments. The post-processing effects can modify the overall spectral characteristics of a sound
significantly. As a results, two sounds with clearly different timbres, but post-processed with the
same effects can have rather similar timbral features. This problem, known as the “album effect” or
“produced effect”, is further described in Chap.6.

3.2 Intonative features

The vibrato and the portamento are among the most important features of singing voice. For each
sustained note or note transition, the time varying frequency and amplitude are modeled with the
method presented in Sec.2.3. This method can be applied on segments of the fundamental frequency
covering either a transition between two notes or a sustained note.

On each portion of the fundamental frequency we obtain the following set of coefficients:

• The mean frequency

• The mean amplitude

• 4 real coefficients for the three order polynomial representing the slow frequency deviation

• 4 real coefficients for the three order polynomial representing the slow amplitude deviation

• 3 coefficients (extent, amplitude at the origin and amplitude decay) to describe the sinusoidal
frequency modulation of type SEM

• 3 coefficients to describe the sinusoidal amplitude modulation of type SEM

Finally, a set of 16 coefficients is obtained to characterize the varying frequency and amplitude
associated with a portion of f0. Per our analysis, not all these features are relevant in regards to char-
acterizing the voice. The most important criteria are the vibrato (FM) rate and the vibrato extent. The
rate of the amplitude modulation is also important. In the evaluation conducted in the next chapter, we
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will show that the simultaneous presence of the frequency and amplitude modulation is characteristic
of singing. Other musical instruments can produce tones with a vibrato (string instruments, some
wind instruments) or a tremolo (some wind instruments) but they do not have the two modulations
occurring simultaneously. The vibrato and tremolo rate (given with the mean frequency) are features
that are singer specific. They depend upon the technique (vibrato rate at a given mean frequency) and
the vocal tract (ratio of AM and FM rate for a given mean frequency) of the singer. In Chap.6, we will
show that these features can be used to identify singers.

4 Summary and Conclusions

The vocal production can be interpreted as a temporal succession of voice pulses, created by an airflow
produced by the lungs and processed by the vocal folds, modified by an instantaneous configuration
of the vocal tract. The vocal tract filters the voice source to give a particular vowel quality with
a particular color which depends upon the physical characteristics of the singer. The source-filter
model formalizes this interpretation of vocal production. The transfer function of the vocal tract is
given by the envelope of the amplitude spectrum computed on stationary portions of the signal. There
are two main approaches to estimate the spectral envelope: the linear predictive approach and the
cepstrum-based approaches. The coefficients given by the linear prediction can be used directly as
a compact representation of the vocal tract of the singer. The envelopes estimated via the cepstrum
can be compacted using compression algorithms such as the DCT to concentrate the most informative
elements into a set of few coefficients. To lead to a representation of sounds closer to what humans
hear, the spectral envelope can be computed on logarithmic frequency scales, such as the Mel or the
Bark scales. This idea is at the origin of the most commonly used features for sound descriptions: the
MFCC. We proposed in this chapter to compute similar coefficients on an envelope computed with
the true envelope estimation method. This method has been proven to be more efficient than any other
method to estimate the envelope of sounds with high pitches that occur frequently for alto and soprano
voices.

The vocal production can also be interpreted as a set of frequencies varying slowly over time
whose amplitudes also vary over time. This interpretation is formally given by the sinusoidal model,
which decomposes the signal into a sum of partials. Each partial is defined on a support (onset, offset)
by a frequency function f(t), an amplitude function a(t) and a phase. If the partial covers a sustained
note or a transition between two notes, then the time-varying frequency f(t) can be modeled by the
sum of a slow, continuous variation and a periodic modulation. This model allows the interpretation
of each f(t) in terms of portamento and vibrato, which are characteristics of singing known to add
expression and help the voice stand out from the musical accompaniment. The function of the vocal
tract implies that some frequencies are naturally enhanced. So when f(t) follows a periodic modula-
tion, the associated amplitude function a(t) also follows a regular modulation. The conjoint analysis
of f(t) and a(t) applied on all harmonically related partials of a sung sound can be used to obtain in-
formation on the vocal tract of the singer. The parameters of the continuous variation and the periodic
modulation can be used directly as features to describe some intonative and expressive components of
sung sounds.

Finally, for each singing signal we propose the extraction of two types of features. These are
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features related to the vocal tract of the singer, capturing information on the timbre of the sound.
Features obtained on the analysis of the temporal variation of the sinusoidal components of harmonic
sounds capturing information related to the style and the technique of the singer.

In the remainder of the documents we will use the vibrato as criterion to detect the voice. Since
the vibrato also exists in other instruments, we will detect vocal vibrato by analyzing the frequency
and amplitude modulations of each sinusoidal component of a sound. Since the vibrato is supposed to
be a natural attribute of singing that can hardly be modified voluntarily by the singer, we will examine
if the vibrato is a relevant feature to classify singers.



Chapter 5

Singing voice localization and tracking in
polyphonic context

A very large portion of the music produced today is composed of songs. A song can be defined as
a lead vocal accompanied by a set of instruments. The lead vocal is the element that attracts the
attention of most of the listeners. First of all, it carries the main melody line, which is clearly the most
memorable element of a song. In addition, the lead vocal, along with the lyrics, conveys the message
of the song.

Because of the importance of the lead vocal, numerous investigations have been conducted to
develop systems able to extract information related to the singing voice within a song. The most
typical examples of these studies involve the following: the extraction of the singing voice (i.e. isolate
the voice from the musical accompaniment), the transcription of the sung melody (i.e. write the score
performed by the singer) and the identification of the singer. The problem of singer identification
is addressed in the next chapter (Chap.6). The present chapter focuses on the general problem of
discriminating within the signal of a song the elements emitted by the singing voice from the elements
produced by the other instruments. In the remainder of this chapter we refer to this problem as
singing voice tracking. Tracking elements produced by the voice within a song is the first step for the
transcription of the sung melody or the singing voice separation. In general, the singing voice is not
present throughout the song. Typically, the introduction of the song, the bridges between the verses
and chorus and the coda of the song are purely instrumental. So that, much research conducted on the
topic of singing voice uses as a first step a system to locate the portions of the song where the voice is
present. This task is generally referred to as singing voice detection or vocal segments localization.

The research presented in this chapter is performed on a simplified scheme of a song. We consider
that only one singer is present in the song. In other words, we work with songs where there are no back
vocals in the accompaniment and where only one singer performs the lead vocal (with no doubling).

In this chapter we investigate the two following points: the localization of the vocal segments
and the tracking of the content produced by the singing voice. First, the two tasks are defined in
Sec.1. Then, in Sec.2 we present a set of works related to these two problems. In Sec.3 we present
and evaluate a novel approach to locate the vocal portions of a song. The method proposed here is
based on the identification of partials likely produced by the singing voice using criterion of vocal
vibrato and portamento. This simple method is next extended to develop a system to track all partials
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produced by the singing voice and to group partials harmonically related. This method, presented in
Sec.4.1, is then used to improve the localization of vocal segments and to transcribe the sung melody
when one other instrument accompanies the voice.

1 Problems statement

In the present chapter we conduct investigations on the following points: 1) locate the vocal portions
of a song and 2) track the content produced by the singing voice within the signal of a song. The
details of these tasks are presented below.

1.1 Singing voice detection

In a song, the singing voice is usually accompanied by other musical instruments. However, there are
moments in the song where the voice is not present. Much research that attempts to extract information
on the sung melody or on the singer requires knowing precisely when the voice is present or not. This
is the overarching goal of the singing voice localization task. In the literature, the terms singing voice
detection, vocal segments localization or also singing voice localization are used independently to
refer to the same task: segment a song into vocal and non-vocal portions. Vocal segments are defined
as portions of a song where the voice is present, whereas non-vocal portions encompass the purely
instrumental and silent portions of a song.

Theoretically, the localization and the detection are slightly different tasks. Given a song, a singing
voice detection system returns for each subunit (e.g. a frame) an indication of the presence or absence
of a singing voice. A system of localization returns the starting and ending instants of each vocal
portion of the song. The localization is generally performed after the detection task by smoothing the
result of the detection stage.

The problem of singing voice detection is commonly viewed as a problem of classification with
two classes: “vocal” and “non-vocal”. There are two main approaches to solving this problem, both
based on supervised learning techniques:

1. The singing voice detection can be considered a problem of binary classification. “Vocal” and
“non-vocal” classes are modeled using salient features extracted on labeled data and a classifier
is trained to recognize and/or discriminate between the two classes. Then, unlabeled songs are
automatically segmented into vocal and non-vocal portions by the trained classifier.

2. The singing voice detection can also be viewed as a specific case of musical instrument recog-
nition in a polyphonic mixture. In this case, the system has to discriminate the singing voice
among all other possible instruments. The recognition of the individual instrument has no im-
portance and the two classes remain more or less the same as in the previous approach: “singing
voice” and “non-singing voice”. Once the singing voice is identified, the vocal portions can be
easily deduced.

Methods developed using these approaches are described in details in the section dedicated to the
related works (see Sec.2.1 and Sec.2.2 ). They are considered the most straightforward approaches to
solving this problem. It is also possible to deduce the position of the vocal segments from the separated
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sources or from the transcription of the sung melody line. To obtain an accurate transcription or
extraction of the lead vocal, it is necessary to retrieve within the signals the elements that are produced
by the voice. We refer to this problem as “singing voice tracking”.

1.2 Singing voice tracking

We define singing voice tracking 1 as the process of finding and following within the signal of a song
all elements produced by the singing voice. In our approach to this problem, this is done by finding
within the set of all partials extracted from the polyphonic signal the ones that are produced by the
voice.

The result of the singing voice tracking can be directly used to re-synthesize the voice (with
additive synthesis) or used as a first step for the transcription of the sung melody. In our approach,
the harmonic content of the voice is tracked within the signal without using any information on the
localization of the singing voice. A contrario, we suggest using the result of the singing voice tracking
to locate the vocal portions.

The singing voice tracking task, as defined here, can be viewed as a step of a source separation
method where two sources (“singing voice” and “instrumental accompaniment”) are considered. The
discrimination of the different sources in the “instrumental accompaniment” has no importance for
the task. A large collection of works has been proposed to solve the problem of source separation.
We present in Sec.2.3 a brief review of the source separation methods related to the Blind Source
Separation (BSS) and the Computational Audio Scene Analysis (CASA) approaches.

When the singing voice has been isolated, the sung melody can be easily transcribed since it is
admitted that techniques developed to find the fundamental frequency of a monophonic source are
highly reliable. However, some other approaches have been proposed to transcribe the sung melody
(or the main melody line) without separating the sources beforehand. These methods usually track the
most prominent melody and suppose that the voice, when present, carries the dominant melody. We
note that, in the case of dominant melody transcription, the results cannot be used directly to locate
the voice. However, it is still possible to derive from the main melody line a system to detect the
presence of voice (e.g. based on the characteristics of the pitch contour of the voice). We review in
Sec.2.4 a set of methods proposed to transcribe the sung melody.

2 Related works

In this section we present different approaches that can be used to locate the singing voice or to track
the elements of the signal produced by the singing voice. We considered that these two problems are
related and can be solved using one or a combination of the following; a vocal/non-vocal detector,
a system of instrument recognition, a source separation approach or a system for dominant melody
transcription. The result of one of these approaches can be used by another approach to reach the final
goal, which is to differentiate between the singing voice and elements produced by other instruments
from within the signal elements.

1The term tracking in this definition is inherited from the general problem of partial tracking (and has no correlation
with real time tracking).
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Each of the four problems mentioned above are complex and each of them could be the subject of
a dissertation. Therefore, it is clear that the reviews proposed here are not exhaustive and are given
in order to provide a general idea of the problems related to the extraction of information from the
singing voice of a song.

2.1 Singing voice localization

The first research on singing voice detection was done with tools originally developed in the field
of speech processing. In [BE01], Berenzweig proposes to detect the vocal segments with a system
originally trained to recognize the phonemes of the English language. Although the singing voice
differs from the natural speech, the study is based on the hypothesis that an acoustic model trained on
speech would respond in a different manner to singing than to any other musical instruments. For each
frame of the signal, a speech recognizer estimates the posterior probability for each possible phoneme.
The posterior probabilities are then used as new features. The method supposes that when the singing
voice is present and pronounces one of the phonemes, then one posterior probability is high and all
other posterior probabilities are relatively low. Conversely, when the voice is not present, all posterior
probabilities are more or less similar. The difference between the two situations is modeled with an
HMM (Hidden Markov Model) with two states. On a test-set composed of 245 audio clips with length
of 15 sec, they obtain 81.2% accuracy for vocal segments. This method is, as far as we know, the only
one based on a speech-processing tool.

The general approach to detecting the voice is to train a classifier to recognize the specificities of
the “vocal” and “non-vocal” classes. In most cases, the classes are modeled using features computed
on the amplitude spectrum of stationary portions of the signal (frame). The underlying idea of this
approach is based on the observation that there is a significant difference in the spectral distribution
of vocal and non-vocal portions. This approach has been successfully employed in many problems of
audio classification including speech recognition, speaker identification and has also proven to be well
suited for numerous MIR tasks. This approach is a frame-by-frame singing voice detection system.
In most cases it provides a rapidly alternating output (detection function) that is meaningless for the
application. To obtain coherent vocal segments, the detection function can be smoothed out using
filtering methods. It is also possible to first decompose the signal into portions with common spectral
characteristics and assign each portion to one class using voting rules on the class labels of the frames
within the portions.

We present here a set of works conducted on the singing voice detection task. We first present
the methods based on “timbral” features (i.e. features derived from the spectral envelope of stationary
audio segments). Then we present some methods that have proposed features specific to the singing
voice: the variation of energy and the harmonicity of the voice. The methods listed below are evaluated
from different data sets and use different measures to report the performance (in general the F-measure
of the vocal class or the global accuracy). Therefore, these methods cannot be compared with one
another directly.

The most common approach for audio classification is to model the classes with GMM trained on
MFCC and then classify each frame of the song using a maximum likelihood criterion. This idea has
been explored by Li in [LW07] where the singing voice localization is processed as a first step for the
singing voice separation. In this approach, the signal is first partitioned into spectrally homogenous
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portions by detecting significant spectral changes. Then each portions is classified as vocal or non-
vocal, based on the overall likelihood given by GMM trained on MFCC. On a test set of 10 songs, the
proposed approach reaches 86.65% accuracy.

This combination of MFCC and GMM has also been used by Lukashevich [LGD07]. In this study,
the frame-by-frame classification is filtered with an ARMA filter. The idea is based on the fact that
the presence of voice tends to be continuous over consecutive frames, so that the presence of voice
in frame i can be partially determined by the presence of voice in the k previous frames (AR model).
In addition, the short-term outliers are removed by smoothing the decision function with a moving
average filter (MA). On a set of 10 songs, the method reaches an accuracy of 72.7% before filtering.
The accuracy is improved to 82% after ARMA filtering .

GMM trained on MFCC have also been used by Tsai [TRW04] where the singing detection is
performed as a first step for singer identification. On a test-set composed with 416 mandarin pop
music songs, the best accuracy achieved is 79.8%.

In the approach proposed by Berenzweig [BEL02], where the singing detection is performed as
a first step for singer identification, the discrimination between the two classes is done with a multi-
layer perceptron fed with a variant of the LPC (the perceptual linear predictive coefficients). On a
test-set of 80 clips of 15 second length the proposed method obtain a F-measure of 40% for the vocal
class.

In a comparative study [RH07] of the performance of features and classifier for the task of singing
detection, Rocamora finds that the best performance is obtained with the SVM classifier trained on
MFCC (78.5% vocal detection accuracy for 46 songs). The study shows that the variation of perfor-
mance is highly influenced by the choice of the features.

An SVM classifier trained on spectral features has also been used by Ramona [RR08]. In this
study, three post-processing methods to smooth the singing voice detection function are compared:
Median filter, HMM trained on the duration of vocal and non-vocal segments and an heuristic rule
based on a fixed length for segments. On a set of 90 songs, the best accuracy (82.2%) is obtained
with the HMM based post-processing, however there is not a large difference with the median filter
method.

In [Zha03] Zhang proposes a method to detect the starting point of the voice using adapted fea-
tures: energy, spectral-flux, harmonicity and zero-crossing rate. Energy and spectral-flux are used to
detect the high variations in the signal created when the voice starts. The average zero-crossing rate
(ZCR) is used to detect consonants. Onsets are detected by comparing the values of these features to
a set of predefined thresholds.

This harmonicity criterion used in [Zha03] was first developed by Chou [CG01] for the problem
of speech and music discrimination. According to [CG01], the higher harmonics are stronger for the
singing voice than for any other instruments. They define a harmonicity coefficient, given by the
maximum value of a linear combination of the temporal and the spectral auto-correlations, which is
supposed to have higher values when the singing voice is present.

Numerous studies have investigated the harmonic character of the voice for its detection. In the
study proposed by Kim [KW02] the voice detection is performed as a first step of a system of singer
identification. For this application, the recall of the method can be neglected in favor of the precision.
In this study, the signal is band-pass filtered to conserve only the frequencies covered by the vocal
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tessitura ([200-2000 Hz]). This is achieved with an IIR digital filter. To remove the frequency com-
ponents related to the other instruments present in the filtered signal an inverse comb-filter is applied
to find the frequency at which the signal is most attenuated. A harmonicity coefficient is then com-
puted on each frame as the ratio of the signal’s energy to the energy of the most attenuated signal.
The assignment of each frame into a vocal or non-vocal class is done with a simple threshold. In the
best case 55.4% of the vocal portions of the song are correctly classified on a test-set composed of 20
songs.

Another technique, named twice-iterated composite Fourier transform technique (TIFCT), has
been proposed by Maddage [MWXW04] to detect the singing voice. The idea of the TIFCT is also
related to the harmonic character of the singing voice. They show that the cumulative energy in
the lower coefficients of the TIFCT is capable of differentiating the harmonic structure of vocal and
instrumental music in higher octaves. Finally, a set of thresholds is applied on these coefficients to
detect the frames where the singing voice is present.

Shenoy [SWW05], also proposes a harmonic coefficient. Like [KW02], the frequencies related to
a given fundamental (in this case, the tonality of the song) are filtered with a series of inverse comb-
filters to remove the majority of the components created by the pitched instruments of the song. They
hypothesize that the energy of the harmonic components corresponding to the singing voice is not
entirely removed because the fundamental frequency associated with the voice always varies through
time because of the vibrato and intonation. Finally, the regions where the energy of the filtered signal
is higher than a certain threshold are classified as vocal. The process is applied on 4 distinct frequency
bands of the signal and the decision is made by considering the decision on all bands. Finally, on a
set of 10 songs they obtain a Recall and a Precision of 89.44% and 77.37% for the vocal class.

2.2 Instrument identification

The detection of the singing voice in a polyphonic mixture can also been considered a special case
of instrument detection (or instrument identification). The problem of instrument identification has
been widely investigated in the Music Information Retrieval field. Early methods of musical instru-
ment identification focus on isolated notes identification performed on solo instrument recordings.
More recent studies have proposed some methods to perform instrument recognition in polyphonic
recording.

In the following paragraphs we present a brief overview of methods developed for the recognition
of instruments in solo (Sec.2.2.1) polyphonic recordings (Sec.2.2.2). There are very few studies that
consider the voice as one of the instruments to be identified. However, methods and features used for
solo and multiple instruments recognition can be adapted for signals containing a singing voice.

2.2.1 Solo instrument identification

The most common approach to recognizing an instrument in a monophonic signal is based on super-
vised learning methods. During a training phase, each instrument of the data set is modeled and a
classifier is trained to learn the specificities of each class. Numerous methods, such as the methods
developed for the singing detection use features derived from the amplitude spectrum and the spectral
envelope.
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Marques and Moreno [MM99] evaluate the performance of GMM and SVM classifiers trained on
LPC, linear spaced cesptral coefficients and MFCC for solo instrument identification. MFCC features
yield the best performances and LPC the worst performances. In general, SVM based classifications
obtained better performance than GMM-based classification. The best performance, on a set of 8
instruments, is found to be 70%. It is shown that the choice of the features has a higher influence on
the overall accuracy than the choice of the classifier.

The importance of features, and the feature dependence, has also been studied by Brown et al.
[BHM01]. They examine the performance of cepstral features based on constant-Q coefficients (pre-
viously used in [Osh87]), spectral smoothness (derived from the constant-Q coefficients), spectral
centroid, average energy and LPC for a kNN classifier. On a set of 4 woodwinds instrument, the
spectral smoothness obtains the best performance (84% of correct classification). The authors suggest
that this result is due to the fact that the instruments studied have distinct formant structures.

Martin and Kim [MK98] have conducted an evaluation on a large set of orchestral instruments. In
their approach, the instrument identification is based on a hierarchic classification inherited from the
taxonomy of musical instruments. The instrument’s family is first identified, and then an instrument
is identified within its family. The classification at each stage is performed by a kNN. Numerous
features are examined included the parameters of vibrato, tremolo, pitch variations, spectral centroid
and harmonic skew. Some of these features require the transcription of the pitch beforehand. The
study shows that the parameters of vibrato and tremolo are salient information for the discrimination
of the family of an instrument. For a set of 37 orchestral instruments, they obtain 71.6% accuracy for
instrument recognition (with 90% of correct family recognition).

The use of the taxonomy of musical instrument has also been examined by Eronen and Klapuri
[EK00] on the same data set as [MK98]. In this study, a very large number of features, independent of
the pitch, are assessed. Contrary to [MK98], the best classification accuracy (80%), is obtained with
a direct classification (i.e. without the taxonomy).

A comprehensive review of the features and the statistical classifiers used for the recognition of
musical instrument as been proposed by Herrera [HBPD03].

The next step for instrument identification is the extension of this technique to polyphonic record-
ings. The recognition of a specific instrument in a polyphonic mixture is close to the task of singing
voice detection.

2.2.2 Multiple instruments recognition in polyphonic recordings

The problem of simultaneous recognition of instruments is much more complex than the solo in-
strument identification. For instance, on a mono source signal, information obtained from the spectral
envelope has a rather clear meaning. In contrast, it is difficult to interpret the information derived from
the spectral envelope of a mixture of instruments. In the case of tonal harmonic music, which repre-
sents a large portion of the musical production, the different instruments play in harmonic accordance
with the tonality of the musical piece. As the result, the harmonics of the tones played simultaneously
coincide on multiple frequency regions. The values of the amplitude spectrum on these regions are
then corrupted by the interfering sounds. It is rather complex to de-correlate the contribution of each
instrument on these frequency bins and obtain an estimation of the spectrum associated to each source.
Next we present some alternatives we propose to solve this problem.



94CHAPTER 5. SINGING VOICE LOCALIZATION AND TRACKING IN POLYPHONIC CONTEXT

The first method for multi-instrument recognition, proposed by Kashino and Murase [KM99] re-
lies on a set of templates computed in the time domain. During a training phase, a template waveform
for each note of each possible instrument is computed. Then, for a mixture composed of two instru-
ments, the tone and the identity of the most prominent instrument are estimated by comparing the
mixture to the predefined templates. The energy of the corresponding waveform is then subtracted
and the process is iterated with the second instrument. When the correct f0 of the two instruments
is given as input to the system, the method achieves a 68% correct classification rate. The study is
limited to the 3 following instruments: flute, violin and piano. The recognition accuracy is improved
to 88% when higher musical knowledge (e.g. voice leading rule) is considered.

A spectral approach has been proposed by Kinoshita et al. [KST99]. In this study, the fundamental
frequencies of the two instruments of the mixture are estimated to determine the frequency regions
where partials of the two instruments coincide. Features related to the sharpness of onset and the
spectral distribution of partials are computed on the mixture and the values corresponding to the
overlapped frequency regions are ignored in the recognition process. It is also proposed to subtract
the values corresponding to the first instrument and keep the remaining values for the recognition of
the second instrument. The classification performance of the proposed approach ranges from 66% to
75%. The performance varies with the interval between the two tones.

The suggestion to discard or modify the features corresponding to frequency regions where har-
monic partials of concurrent sounds coincide has also been examined by Eggink and Brown [EB03].
The proposed approach is based on the missing feature theory that had been successfully applied in the
field of speech and speaker recognition [CGJV01]. Like [KST99], the features obtained on frequency
regions where interfering coinciding tones are marked as unreliable and are excluded in the classifica-
tion process. The study shows that cepstral features computed on a non-linear scale are not compatible
with the missing feature theory since frequency regions rarely have clear counterparts in the cepstral
domain. The evaluation is performed on real recordings. The performance of the method varies with
the instrument: the flute is recognized with 73% accuracy while the accuracy for the clarinet falls to
47% accuracy.

A completely different approach has been proposed by Essid and al. [ERD06]. Contrary to
most methods presented above, this system does not rely on note model or pitch estimation. The
system is trained to recognize the combination of instruments directly. This idea is closer to the
approach presented in Sec. 2 for the singing voice detection. The system is trained using temporal
features (Auto-correlation, zero-crossing rate, amplitude modulation), cepstral features and spectral
features (spectral width, spectral asymmetry, . . . , spectral slope, frequency derivative of the constant-
Q coefficients). Since the number of combinations is infinite, they start by generating taxonomy of
instrument combinations using a hierarchical clustering. A set of SVM classifiers are then trained
on each node of the taxonomy, each of them is trained with a specific set of features determined by
a pair-wise feature selection algorithm. The average accuracy for all combinations of instruments
present in is found to be 53%. This study includes the percussion instruments and the singing voice in
the classes of the problem and deal with the recognition of instrument of jazzy orchestration ranging
from a solo to a quartet.

Other methods for multi-instruments recognition are based on source separation methods. Vincent
[VR04] proposes a method based on an adaptation of the Independent Subspace Analysis (ISA) to



2. RELATED WORKS 95

identify instruments of an excerpt of a duet. In ISA, the short-term spectrum of a polyphonic sound is
represented as a weighted linear combination of “note spectra” plus a background noise. Note spectra,
which are templates of notes in the frequency domain, are learned on solo instrument recordings
for each possible note and each possible instrument. The goal of the ISA method it to span the
best subspace for each original source and decompose the signal into a base of note spectra. The
procedure uses the models of note spectra to perform the identification and the transcription of each
source simultaneously. The study does not report quantitative results on multi-instrument recognition,
but the authors claim that the proposed approach has a performance comparable to existing methods
on solo excerpts and is robust to degradation under reverberant conditions. A similar idea has been
explored by Jincahitra [Jin04].

Martin and al. [MBTL07] also proposed a method for instrument recognition based on a source
separation approach which does not requires the multi-pitch transcription. In this approach the source
separation detects spectral peaks and groups them into clusters using cues inspired by CASA (these
cues will later be explained in Sec.2.3). Finally each cluster is matched to a collection of timbre
models, which are compact descriptions of the spectral envelope (and its temporal evolution) of each
instrument. These models are trained on solo recordings. The proposed approach is evaluated on 54
audio files with up to 4 notes played simultaneously by different instruments. The average F-measure
for all instruments through experiments with 2, 3 and 4 notes is equal to 60%. The performance
decreases with the number of notes: 77% for 2 notes, 50% for 4 notes.

Heittola and al. [HKV09] propose a method for multi-instruments recognition based on source-
filter models and non-negative matrix factorization to separate the sources of a polyphonic mixture.
The mixture is decomposed into a sum of spectral bases modeled as a product of excitation and filters.
The instrument recognition is then performed on solo source using MFCC as features and GMM as
the classifier. The method is evaluated on polyphonic signals randomly generated from 19 instruments
classes. For signals composed with 6 simultaneous sources the recognition rate reaches 56%.

In this section, we have seen that the recognition of instruments in polyphonic context requires
either the pitch transcription of each source present in the signal or the separation of the mixture into
sources. In the next sections we investigate these problems in greater detail in the specific case of
singing voice. In Sec.2.3, we present a series of works conducted on the separation of the voice from
the musical accompaniment. The problem of singing pitch transcription and main melody transcrip-
tion are presented in Sec.2.4.

2.3 Singing voice extraction using source separation approach

The music source separation is the problem of extracting each instrument from a polyphonic mixture.
This problem has been widely investigated in the last decades because it is the key technique in
applications such as automatic music transcription, lyrics recognition and alignments, remixing and
audio content analysis. In the case of signals of tonal music, the different instruments play tones in a
harmonic ratio that makes the separation task more difficult for the same reasons as the ones mentioned
in the recognition of multiple instruments. The specific case of singing voice separation assumes that
the signal is composed of two sources only: the singing voice and the instrumental accompaniment.

We present three categories of singing voice separation methods applied on monaural (single
channel) recordings:
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1. The Blind Source Separation methods, whose aim is to be data-driven and to adapt thanks to a
criterion of the independence of the different sources.

2. The statistical modeling methods, which are based on the adaptation of singing voice and ac-
companiment models.

3. The methods inherited from the Computational Auditory Scene Analysis (CASA) that are based
on signal processing and psycho-acoustic elements. These methods attempt to separate the
sources using a set of simple and coarse cues. A comprehensive review of these methods, in the
general case of polyphonic signal source separation, can be found in [LL09].

2.3.1 Blind Source Separation (BBS) approaches

The most popular approaches for BBS are the Independent Component Analysis (ICA) and the Non-
negative Matrix Factorization (NMF) methods that were originally developed to decompose the source
of stationary signals. Numerous attempts have been made to adapt these methods to non-stationary
signal, such as the signal of singing voice.

Vembu and Baumann [VB05] propose a method for separation of vocals based on ICA for monau-
ral recordings (i.e. signals with a single channel). The method first detects the vocal segments, then
for each frame of the vocal segments, the redundancy information of the time-frequency representa-
tion of the signal is reduced by PCA. Then, ICA is applied to decompose the remaining information
into a matrix of spectral bases (that are elements that occur many times detected by the PCA stage)
and a matrix of time-varying gains (where each spectral base corresponds to one gain). The spectral
bases are then clustered into vocal and non-vocal classes using a set of features known to differentiate
between these classes. The stage performed with the ICA can be replaced by a NMF.

The NMF method, first used for audio source separation in [WP05], has been shown to give good
results without any prior information about each source. The NMF technique has been used in the
case of vocal separation by Chanrungutai and al. [CR08]. In their approach, the STFT of the signal
is computed and analyzed to initialize the NMF input (i.e. the non-negative matrix). Then the signal
is decomposed with NMF to obtain a matrix of spectral bases and a matrix of gains. This stage is
followed by a manual selection of the spectral bases belonging to the singing voice. The selected
elements are then used to recompose a spectrogram containing components related to the singing
voice only. The inverse DFT is computed on each frame of the obtained spectrogram to re-synthesis
the voice.

The system proposed by Virtanen and al. [VMR08] is also based on the NMF. The proposed
approach relies on the singing voice pitch extraction obtained with the method presented in [RK06].
On vocal segments, the harmonic components related to the singing voice melody are masked to
obtain an approximation of the musical accompaniment in vocal segments. NFM is applied on the
results to obtain a model for the musical accompaniment. Like [CR08], the elements corresponding
to the accompaniment are removed and the isolated voice is obtained using spectrogram inversion
re-synthesis technique.

The NFM approach has also been used by Durrieu to extract the vocal line. In [DRDF10], the
NMF technique is combined with a source-filter approach. The singing source, which is supposed to
be dominant in the mixture, is characterized through a source-filter model that allows a first estimation
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of the pitch contour. This estimation of the melody is then processed by the Viterbi algorithm to
improve the quality of the melody tracking. The results of the Viterbi algorithm can be used to re-
estimate the singing source as proposed in [DRD09]. The results of this method are very promising,
as proven by the results of the MIREX’08 evaluation.

2.3.2 Statistical Modeling approaches

Tsai has proposed a method based on statistical modeling. In [TW06] a model of a solo singing voice
is deduced from two GMM models: a music GMM and accompanied-vocals GMM. Both models are
trained respectively on non-vocals and vocal segments estimated in a previous step. The solo voice
model is obtained by attenuating the musical background of the accompanied-vocals model. This step
is realized by subtracting the purely instrumental model to the accompanied-vocals model. It supposes
that the instrumental part is more or less similar during purely instrumental and vocal sections of the
song.

A similar approach has been developed by Ozerov and al [OPGB05]. Their system requires the
use of training data consisting of solo vocal recordings to train a Bayesian model for the singing voice.
Similarly, a set of instrumental tracks is used to train a model of instrumental accompaniment. For a
given song, the non-vocal portions are used to adapt the accompaniment model to better fit the actual
instruments present in the input signal. The obtained model, in conjunction with the singing model,
is then used to separate the vocals.

The method proposed by Raj and Smaragdis [RSSS07] is also based on pure statistical modeling,
but uses an approach close to the spectrogram factorization. The signal is decomposed into time-
frequency components and each component is assigned to either a vocal or accompaniment class
using models trained on both solo voice and purely instrumental recordings.

The three methods mentioned above ([TW06], [OPGB05], [RSSS07]) are based on the hypothesis
that, on a given song, the accompaniment is similar on vocal and non-vocal portions.

2.3.3 Computational Auditory Scene Analysis (CASA) approaches

CASA methods find their origins in the perceptual works of Bregman [Bre90]. One of the Bregman’s
motivations was to build systems, based on humans’ auditory models, able to hear like humans. Com-
pared to other sound separation approaches, CASA makes minimal assumptions about concurrent
sounds. Instead it relies on the intrinsic properties of sounds and therefore has greater potential in
regards to singing voice separation on monaural recordings.

Approaches inspired by CASA can be summarized as follows. 1) The signal is segmented into
units, which likely originate from a single source. These units can be time-frequency components of
the spectrogram (or cochleagram), spectral peaks obtained on each frame of the signal, or directly
partials (or strands) obtained with the harmonic sinusoidal model. 2) These units are grouped, using
ASA principles, to form “auditory events” produced by a single source. 3) Then, events are followed
through time to form “source events". The most common rules for CASA are listed bellow:

• Harmonic concordance

• Spectral proximity (closeness in time and frequency)

• Spatial proximity
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• Synchronous changes of the following components

– Common onsets and offsets

– Common frequency variations

– Common amplitude variations

– Equi-directional movement of spectrum

These elements have been described by Bregman as cues for simultaneous integration (because
they are short-time cues that can be thought of as slices in the same short interval). They have been
proven to be significant for “events” formation in the psychoacoustic and neurophysiologic area. 1

A complete description of evidence for each cue can be found in the detailed work of Mellinger
[Mel92]. The system proposed by Mellinger groups partials produced by the same instrument using
common onset and common frequency variation as cues.

Li and Wang [LW07], propose an approach for singing voice separation based on the CASA
framework: segmentation and grouping. The vocal portions of the song are decomposed into time-
frequency (T-F) units (time frame and frequency channels given by an auditory filter bank). The
estimated pitch contours of the singing voice are used as a cue to label each unit as singing-dominant
or accompaniment-dominant. The T-F units are merged into segments using correlations of features
extracted on units. Finally, the segments where the majority of units are labeled as singing-dominant
are grouped to form the stream associated with the singing voice. This stream is then re-synthesized
to obtain a signal of a solo singing voice.

This method, which is able to separate the voiced sounds of the singing voice, has been improved
by Hsu and Jang [HJ10a] by adding the separation of unvoiced segments of singing. The signal of a
song is on one hand decomposed into accompaniment, singing voiced and singing unvoiced segments
using an HMM. On the other hand, the spectrogram of the signal is decomposed into T-F units using
the same settings as [LW07]. Each T-F unit is labeled as accompaniment, voiced or unvoiced dominant
using jointly the result of the segmentation stage and the contours of the singing pitch. Voiced and
unvoiced units are re-synthesized independently and finally combined to form the separated singing
voice stream. We remark that the method does not use specific rules to group T-F units.

Lagrange and al. [LMMT08] also propose a method for dominant source extraction based on
ASA principles. In this approach, the problem of grouping elements of the spectrogram per source
is casted into a graph cut formulation using the normalized cut criterion. The method uses spectral
peaks as underlying representation of the input signal. The partial tracking and the source formation
are jointly optimized by defining a measure of similarity between peaks based on CASA principles
(amplitude and frequency proximity plus harmonicity). Groups of peaks related to the same source
are automatically formed by applying the normalized cut criterion on the peak similarity matrix. The
overall peak similarity within a cluster is maximized and the similarity between clusters is minimized.
The clusters associated with the most dominant peaks are then re-synthesized to obtain the isolated
voice.

1Psychoacoustic studies have shown that these features are an important part of the scene analysis process. Neurophys-
iological evidences shows that there exist neurons in the auditory system that respond to a certain feature. This evidence
suggests that these features are filtered fairly early in the auditory pathway. Then they can be used as information for event
and source formation.
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Bartsch [Bar04] developed a system named PESCE to group partials produced by the same in-
strument in order to isolate the lead vocal. The method groups partials with common frequency mod-
ulation into sets of harmonically related partials named harmonic complexes. The method is based on
a measure of similarity between two partials given by the normalized correlation of the time-varying
frequencies of the partials computed in the log domain. The maximum score obtained between a given
partial and each partial composing the harmonic complex gives the similarity of a harmonic complex
and a partial. A greedy algorithm, applied on these measurements, is used to group harmonically
related partials automatically.

The idea of grouping partials directly has also been investigated by Wang [Wan94]. In their
approach, the fundamental frequency of the singing voice is given as a prior. Partials harmonically
related to this f0 are grouped using a technique named harmonic-locked loop. The system does not
distinguish singing voice from other musical sounds, i.e. when the singing voice is absent the system
incorrectly tracks partials that belong to another harmonic source. A comprehensive review of CASA
methods for musical signal separation is given in [WB06].

When the vocals are isolated, the transcription of the sung melody can be easily performed since
pitch transcription of monophonic signal is considered a solved problem. Reciprocally, numerous
approaches for singing voice extraction rely on the estimation of the sung melody. Singing voice
separation and sung melody transcription can be considered as “chicken-end-egg” problems. Numer-
ous alternatives have been developed to transcribe the sung melody without separating the sources
beforehand. These methods are presented in the next paragraph.

2.4 Singing melody transcription

The task of singing melody transcription has attracted a lot of attention because it is the first step of
numerous applications such as query-by-humming recognition, detection of copyright, recognition of
cover versions and extraction of singing voice.

In this section we review some methods proposed to transcribe the singing melody that are not
based on source separation methods. In several studies, it is assumed that the most prominent pitch
corresponds to the singing voice on vocal segments. Thus, the transcription of the singing melody
can be realized with methods for dominant melody transcription applied on pre-determined vocal
segments. It is also possible to transcribe the dominant melody on the whole song and then to identify
the portions corresponding to the voice using characteristics of the pitch contours of singing.

A review and a comparison of numerous methods for singing pitch transcription have been pro-
posed in [PEE+07b]. This paper defines a set of measures to evaluate the performance of singing
melody transcription. Goto [Got04] proposes to estimate the melody and bass line of pop and jazz
music. The pitches of each melody are searched in limited frequency ranges. Using adaptive tone
models within a multi-agent architecture, the proposed approach obtains about 88% of pitch accu-
racy for the singing melody line. In this work no attempt was made to distinguish between vocal and
non-vocal sections.

Eggink and Brown [EB04a] propose a method to transcribe the melody performed by the soloist
instrument of a musical piece. They take into consideration that fact that the solo instrument does
not always produce the strongest f0. This is so that they perform a multi-f0 tracking and then apply
a system for instrument recognition ([EB04b]) to determine which f0 corresponds to the soloist’s
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instrument. The method supposes that the soloist instrument is known a priori. Information on the
tessitura of this instrument is added for the f0 selection. Additional high musical knowledge is used to
find the most likely path between the f0 candidates. Using two short excerpts of classical music, on a
frame-by-frame evaluation, they obtain a pitch accuracy of 40% when the f0 is given by the dominant
melody. The performance is improved to 54% by adding the system for instrument recognition. We
note that the improvement given by the knowledge of a priori of the tessitura can probably not be
obtained for singing voice because the range of frequencies covered by the singing voice is very large.

The method proposed by Fujihara and al. [FKG+06] to track the singing melody is also based on
a multi-pitch estimation. For each f0 candidate, they evaluate the vocal probability of the harmonic
structure. This is done by re-synthesizing the harmonic components related to each f0. On the synthe-
sis obtained they extract cepstral (MFCC and derivatives), spectral features (LPC and derivatives) and
features related to the temporal variation of f0. The vocal probability is then estimated by comparing
the features to vocal and non-vocal GMM. Once the most likely vocal f0 have been found, the vocal
melody is tracked using the Viterbi algorithm. They compare the performance of their approach with
the performance of the method proposed by Goto [Got04]. The evaluation is done on a set of 21 songs
performed by 14 different singers (from the RWC Music Database). They obtain a pitch accuracy of
84.3% with their method, compared to 78.1% with the method of Goto.

The research conducted by Li in [LW05] is specially adapted to detect the pitch contours of the
singing voice based on the assumption that the pitch contour of the singing voice tends to be relatively
piece-wise constant (in the sense that notes are sustained on a rather long duration). The signal is
first filtered by an auditory periphery and a correlogram is computed to extract the information of
periodicity on each channel. Then, channels and peaks are selected using a statistical model to retain
only the useful information on periodicity. Finally an HMM followed by the Viterbi algorithm are used
to model the pitch generation process and track the most likely pitch track. In this study they compare
the performance of their method with the multi-pitch approaches developed by Klapuri [Kla03] and
Wu [WWB03]. They conduct the evaluation on 25 short excerpts from 9 songs and report an error rate
of 16.2% for their method compared to 45.3 % and 44.3% for [Kla03] and [WWB03] respectively.

The method proposed by Cao and al. [CLLY07] takes into consideration the fact that the singing
melody can be dominated on some frames by non-singing intrusions and thus local information ob-
tained on frames is corrupted. For each local dominant f0 they detect the associated harmonic struc-
ture. These structures are analyzed forward and backward along frames to determine which f0 cor-
responds to a singing pitch. The method, evaluated on 13 songs, obtains a pitch accuracy of 79.39%
compared to 74.12% obtained with the predominant pitch transcription.

The method proposed by Ryynanen and Klapuri [RK06] estimates the multi-f0 and the note onset
(accent detector) on each frame of the signal. These elements are given as input to an HMM to model
“note events”. Elements extracted on each frame are also used as input of a source separation algo-
rithm. For each source obtained, cepstral features are computed to feed a GMM trained to recognize
the presence/absence of a singing voice. The two elements (HMM and GMM) are used to model
low-level acoustic information. They add another level to model higher-musical knowledge (tessitura
of singing, musical key) to choose between note transition probabilities. Finally, information from
the low-level acoustic model and high level musicological model are given as input of a Viterbi de-
coding system to find the optimal melody track. The melody obtained is transcribed into MIDI for
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the evaluation. On a test-set of 96 songs (using a 3 fold cross validation) they found a recall (% of
MIDI note correctly transcribed) equal to 63% when using low and high level information. Using only
the low-level acoustical information they obtain a recall of 56%. The transcription into MIDI can be
very adapted for applications such as “Query-by-humming”. This representation has the advantage of
being very compact, however it looses all information related to the intonation of the singer.

The method proposed by Salamon for singing melody transcription relies on a time-pitch salience
function defined in [Sal08]. For each spectral peak of short-term spectrum, the salience is computed
as the sum of the weighted energy of the spectral peak found at integer multiple (harmonics) of the
given frequency. Peaks with the maximal salience are selected and connected across frames to form
pitch contours. These contours are finally selected, using criterion on the trajectory of the frequency,
to form the singing melody. The proposed approach obtains the best results (85%) at MIREX’11
[SG11].

The method proposed by Hsu and Jang [HJ10b] starts by removing the percussive elements of the
song. On the remaining harmonic contents, they discriminate the singing partials from the partials
produced by other instruments with the method we proposed in [RP09]. Once vocal partials have
been identified, they evaluate the harmonic structure associated to the lowest partials of each frame
to determine vocal f0 candidates. On the other hand, a normalized sub-harmonic summation (NSHS)
map is used to enhance the harmonic content of the associated spectrogram. By combining these
elements, they propose an accurate method to estimate the singing pitch trend. This method has
obtained the highest performance of the MIREX 10 contest. The average accuracy across all data sets
tested reaches 82.72%.

We present in the next paragraph the method we have developed to identify partials emitted by the
singing voice. This method has been originally proposed to locate the vocal portions of a song.

3 Proposed approach for singing voice detection

In this section we offer a very simple approach to detect the singing voice in a polyphonic mixture.
Like the methods presented in Sec.2, the proposed method relies on the discrimination of two classes:
vocal and non-vocal. Contrary to the methods presented in Sec.2, which discriminate the classes based
on the distribution of their spectral content, the suggested approach performs the discrimination using
the temporal variations of the partials frequency. Vibrato, tremolo and portamento parameters are
computed for each partial, and a partial is assigned to the vocal class if the values of these parameters
correspond to a vocal vibrato or a vocal portamento.

This approach can be viewed as a system of specific instrument recognition in a mixture. As shown
in Sec.2.2 the vibrato has been successfully used to discriminate family of instruments. Contrary
to instrument identification methods based on vibrato, which are able to recognize instrument on
monophonic recordings [MK98], the proposed method detects the singing voice in mixtures directly.
The detection is done by the recognition of partials emitted by the voice. Thus, the proposed method
can also be viewed as variant of the CASA methods, since it searches in the signal components related
to a given source. However, in our case, the problem is simplified. We do not attempt to group the
partials to form note events.

Each step of the proposed approach is described in detail in Sec.3.1. We present in Sec.3.2 the
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results obtained with the method for the task of singing voice detection.

3.1 Description of the proposed approach to localize vocal segments

The proposed approach for vocal segments localization goes through four steps. For each step we
discuss the method utilized to choose the parameters.

3.1.1 Step 1 - Partial tracking and segmentation

The signal is given as input of a partial tracking algorithm. The problem of partial tracking, described
in Sec.2.2, can be summarized as follows: on each frame, sinusoidal components are detected by
selecting peaks of the magnitude spectrum given by the STFT of the signal. The detected peaks are
connected across frames to form coherent partials’ frequency and amplitude trajectories. Finally, a
partial p is characterized by:

• a support given by the starting and ending frames: tbeg and tend
• a vector of time-varying frequency: fp(t)

• a vector of time-varying amplitude: ap(t)

• and a vector of phase: φ0,p(t) (representing the phase at the beginning of each frame)

In practice, we want the system to accurately track partials emitted by the singing voice. These
partials may have large variations in frequency. Therefore, it is necessary to set the parameters of the
tracking algorithm to allow the connection between peaks with a rather large difference in frequency.
However, if this distance is too large, the system starts merging frequency trajectories corresponding to
distinct notes coming from different instruments. In pop-rock music, the harmonic structure of a song
follows simple harmonic rules. As a result, it occurs frequently that partials of different instruments
overlap vertically (notes with common harmonic) and horizontally (a note played by an instrument is
repeated by another instrument on the next beat).

In this work, partials are extracted using pm2 IRCAM’s software with the parameters summarized
in Table 5.1. These parameters, found empirically, provide an accurate tracking of partials with large
frequency variations.

For the next steps, it is necessary that each partial either covers a single note emitted by a unique
instrument, or covers a note transition. This is so that partials are segmented with the methods pre-
sented in Chap.4, Sec.3.2. The rest of the method is then applied on segmented partials.

3.1.2 Step 2 - Extraction of features

For each partial we compute the intonative features using the model presented in Chap.4,Sec.3.2. We
remind that the model decomposes the frequency (and amplitude) trajectory of a partial into the sum
of a monotonic variation dx(t) and a sinusoidal modulation sx(t):

x(t) = x̄ · (dx(t) + sx(t)) + εx(t) with, (5.1)

sx(t) = ex.cos(2.π.rx.t+ φx,0) (5.2)
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Parameters Values
STFT parameters

Sampling Rate 44.1 Khz
Window size (winsize) 80 ms
Window type Blackman
NFFT winsize × 4

Step Size winsize/4

Peak selection parameters
Amplitude threshold
(m)

-60 dB

Number max of par-
tials on each frame (q)

40

Parameters Values
Partial tracking parameters

Relative frequency deviation (devFR) 20 cents
Constant frequency deviation (devFC) 3 Hz
Relative amplitude deviation (devA) 30%
Source partials neighbors (devM) 4
Target partials neighbors (devK) 4

Partial connection parameters
Time gap to connect partials over (Ct ) 0.1 sec
Frequency gap to connect partials over
(Cf)

50 cents

Minimum partial length (L) 0.08 sec

Table 5.1: Parameters values for partial tracking with pm2 IRCAM’s software

where x̄ corresponds to the mean value of x(t) over time and εx(t) denotes the modeling error.
This model applied on the frequency trajectory (x(t) = fp(t)) estimates the parameters of the porta-
mento and vibrato. The same model applied on the amplitude trajectory (x(t) = ap(t)) estimates the
parameters of the tremolo.

At the end of this stage, for each partial we retain the following features:

• rf : vibrato rate (Hz)
• ef : vibrato extent (cents)
• ra: tremolo rate (Hz)
• ea: tremolo extent (relative measurement %)
• ∆f : the maximum frequency deviation which corresponds to the interval (in cents) covered by
df (t) and
• εf : the time-varying frequency modeling error

Then, vocal partials (i.e. partials produced by the voice) are selected using a set of thresholds
applied on the values of these features.

3.1.3 Step 3 - Selection of vocal partials

A partial is assigned to the vocal class if its vibrato has characteristics that correspond to vocal vibrato
and and tremolo parameters correspond to the values of a vocal vibrato or if the partial corresponds
to a portamento. We consider that a vibrato is a vocal vibrato if its vibrato rate is around 6 Hz and its
vibrato and tremolo extents are sufficiently larges. To be considered as a portamento, the frequency
deviation of the partial has to be sufficiently large. These values are deduced from the knowledge of
singing production. We denote by Pvib the set of partials with vibrato and by Ptrem the set of partials
tremolo. Finally, the set of vocal partials, denoted by Pvoc, is given by the union of Pvib and Ptrem:

Pvoc = Pvib ∪ Ptrem

The set of thresholds used for the vocal partial selection is summarized in Table 5.2.
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In practice, partials whose frequency modeling error (εf ) is too high are automatically assigned to
the non-vocal class. We suppose that these partials have a time-varying frequency fp(t) that cannot
be modeled with Eq.(5.1) and thus they are likely not produced by the singing voice.

p has a vocal vibrato (p ∈
Pvib)

its vibrato rate rf is around 6 Hz rf ∈ [6− τ∆r, 6 + τ∆r]

the extent of the vibrato is suffi-
ciently large

ef > τe,f

there is a tremolo with an extent
sufficiently large

ea > τe,a

OR
p is a note transition por-
tamento (p ∈ Pport)

the frequency deviation df (t)

crosses a sufficiently large range
of frequencies

∆df > τ∆df

Table 5.2: Thresholds for vocal partials selection

The classification of a partial into the vocal and non-vocal classes is thus determined by the set
of thresholds: {τ∆r, τe,f , τe,a, τ∆df}. The choice of the threshold values is highly dependent on the
application of the method. We discuss the choice of these parameters for the task of singing detection
in the evaluation proposed in Sec.3.2.

3.1.4 Step 4 - Formation of vocal segments

The positions of vocal segments are given by the supports of the partials of Pvoc. Because the voice
is a highly harmonic instrument, a vocal segment should be covered by several vocal partials that are
harmonically related. We propose to assign a given frame to the vocal class if there is more than one
vocal partial on this frame. The result of this step is a frame-by-frame vocal detection.

As explained in Sec.1.1, a frame-by-fame vocal detection is usually over-segmented. To obtain
coherent vocal segments (i.e. vocal segments that would correspond to the manual annotation) it is
necessary to smooth the frame-by-frame decision. By construction, the proposed method is unable
to determine the vocal sections on which the singing voice produces non-voiced sounds. We can
suppose that unvoiced sounds usually occur between two voiced sounds. Our proposal is to eliminate
short non-vocal sections (with a duration lower than 1 sec) located between two vocal sections. We
chose this value because the analysis of the manual annotation into vocal and non-vocal segments
shows that non-vocal segments with duration lower than a second were not annotated as non-vocal.
This smoothing stage removes non-vocal sections corresponding to short breaks in singing (such as a
breathing break).

3.2 Evaluation

We evaluate the performance of the proposed method to locate the vocal segments of a song.
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3.2.1 Data set

The method is evaluated on a set of 90 popular songs chosen for their variety in artists, languages,
tempi and music genre. They constitute a representative sampling of commercial music. The data set
has been originally used for the singing detection task in [RR08]. All songs of the data set have been
manually annotated by the same person to provide a reference for the position of vocal segments. The
whole set is well balanced: 50.3% of the frames belong to the vocal class and the 49.7% remaining
frames are non-vocal. We note that all files contain singing and instrumental accompaniment.

In the following, 58 songs are used for the training and the evaluation is conducted on the 32
remaining songs. The choice of training and testing songs was given in [RR08].

3.2.2 Results

Evaluations are conducted using a ten folds cross-validation. The performance is given by the F-
measure of the vocal class. This measure is, in the case of a balanced data set, equivalent to the
accuracy of the classification.

Since the method is based on a set of thresholds it is possible to vary the tradeoff between recall
and precision by varying the values of the thresholds. In Fig.5.1 we plot the recall and precision of the
vocal class obtained by fixing all thresholds but one. This figure plots the PR curve obtained for vocal
partials (p ∈ Pvib) whose vibrato rates range from 4 to 6 Hz (i.e. for ∆r = 2 Hz). The green curve is
obtained by fixing all thresholds except for the vibrato extent. The blue curve is obtained by fixing all
thresholds and varying the tremolo extent. The values expressed as percentages in the legend of the
figure can be converted into cents with the formulae given in Eq.(5.3).

xcents = 1200. log 2(x% + 1) (5.3)
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Figure 5.1: Examples of PR-curve obtained when varying one threshold

The thresholds leading to the best F-measure are learned on the training data. Once the partials
have been extracted and parameterized (steps 1-2) the procedure of partials selection (step 3) and vocal
segment localization (step 4) is extremely fast. Thus, an exhaustive search of the best combination
of thresholds can be applied. The ranges of values tested for each threshold are given in Table 5.3.
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The last column of the table summarized the thresholds values leading to the best F-measure on the
training-set.

Threshold Range/set of values tested Best set
τε 10 Hz 10 Hz
τr [0, 4] Hz , step = 0.1 Hz 2 Hz
τe,f [0, 100] cents, step = 5 cents 16 cents
τe,a [1, 20] %, step = 0.5% 9 %
τ∆df [0, 500] cents, step = 5 cents 85 cents
τt {0.5, 1, 1.5} sec 1 sec

Table 5.3: Values tested for each threshold

The results obtained with these thresholds on the testing-set are reported in Table 5.4. These results
are compared to results obtained with a “classical machine learning approach” shown in Table 5.5.
These results are obtained using MFCC and their derivatives, SFM (Spectral Flatness Measure) and
its derivatives as features [Pee07a]. These features are normalized by the inter-quantile-range (IQR).
Features with an IQR equal to zero are discarded. The set of the 40 best features, selected using the
IRMFSP ([Pee03]) are retained to train two GMM (vocal and non-vocal) with 8 components. For both
approaches, the results are given before and after the filtering process (step 4). We note that the same
strategy is applied for smoothing the frame-by-frame classification.

Before filtering After Filtering
Fmeasure 69.85% 76.52%
Recall 60.20% 71.09%
Precision 83.20% 85.45%

Table 5.4: Results of the proposed approach
for the vocal class

Before filtering After Filtering
Fmeasure 75.81% 77.40%
Recall 75.80% 77.40%
Precision 75.81% 77.40%

Table 5.5: Results of the classical machine
learning approach for the vocal class

On Fig.5.2 we plot an example of the segmentation obtained before and after smoothing the vocal
detection on an excerpt of the song “aline.wav” of the test-set.

As shown by Table 5.4 and Table 5.5, the singing voice detection method proposed in this section
achieves a performance close to the “classical” approach. The set of thresholds optimized on the
training set to maximize the F-measure locates the vocal segments very precisely, however some
vocal segments are not detected. We can conclude that vibrato, tremolo and portamento features are
really efficient to detect the voice. However, vocal portions cannot always be detected with these
features. A deeper analysis of the results of vocal partial identification shows that short vocal partials
are not detected with the proposed method. This is due to the fact that it is difficult to obtain a
reliable estimation of vibrato parameters on short segments. Also, partials with a low frequency can
be misestimated due to problems of frequency resolution.

We have come up with a method that overcomes these problems. The aim of the method is to
retrieve all partials corresponding to the singing voice in a mixture. The improvement relies essentially
on a better formulation of the harmonic nature of the singing voice.
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Figure 5.2: Vocal segments before and after smoothing on “aline.wav”

4 Proposed approach to track harmonic contents of the singing voice

We present in this section a method to group partials produced simultaneously by each instrument of
a polyphonic audio mixture. The proposed method is adapted for pitched (harmonic) instruments and
is specially designed to group vocal partials harmonically related. The primary goal of the method
is to retrieve all partials produced by the voice in a mixture. The result of the method can be used
directly to isolate the lead vocal. The groups of vocal partials can also be used to precisely determine
the vocal portions of the song and to transcribe the singing melody.

The proposed approach is based on some CASA principles: common onsets, synchronous varia-
tions of frequency and harmonicity. Like the methods presented in Sec.2.3, the method uses partials
as input. The main idea of the method is to define a similarity measure between partials based on
the parameters of vibrato and portamento. Then the groups of partials are formed automatically using
traditional clustering techniques.

The details of the proposed method are given in Sec.4.1. The ability of the method to group
harmonically-related partials is evaluated in Sec.4.2. Then, we present two applications of this method.
In Sec.4.3 we evaluate if groups of partials can be used to locate the vocal segment of a song. Finally,
in Sec.4.4, we propose a method to deduce the fundamental frequency associated with a group of
partials and then evaluate how the group of partials can be used to transcribe the vocal melody on a
polyphonic excerpt.

4.1 Description of the method to group harmonically related partials

Before giving the details of the different step of the method, we first review the theoretical fundamen-
tals on which the method is based.
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4.1.1 Theoretical fundaments

To be fully characterized, a partial is described by a frequency and an amplitude functions plus an
interval of time (i.e., an onset and an offset). Thus, a partial can be defined as follows:

p(t; a(t), f(t), tbeg, tend) =

{
a(t) cos(2π

∫ t
0 f(τ)dτ + φ0) if tbeg ≤ t ≤ tend
0 otherwise

(5.4)

where a(t) is the time-varying amplitude and f(t) the time-varying frequency of the partial. Both
functions are defined between the onset tbeg and the offset tend. The support of the partial p is denoted
Ip = [t(p,beg), . . . , t(p,end)].

Based on this definition, the signal associated with a single harmonic source with H harmonics,
for one “note event", can be written as:

s(t) =
H∑
h=0

ph(t; ah(t), fh(t), Ih) + ε(t) (5.5)

where ε is the modeling error. This equation is equivalent to the harmonic sinusoidal model presented
in Sec.2.2.

Theoretically, for any harmonic instrument, all time-varying frequency functions fh(t) follow the
same trajectory. If f0(t) denotes the fundamental frequency of the sound, (i.e., the lowest harmonic
of the sound) the relation between the fh at each instant t is given by:

fh(t) = (h+ 1).f0(t) , ∀h ∈ H (5.6)

This relation has motivated a number of CASA cues such as: common frequency variations and
harmonic concordance. And theoretically, all harmonic partials associated to the same source have
the same support:

Ih = I0 , ∀h ∈ H. (5.7)

This last relation is at the basis of the common onset and offset ASA cues. In practice, it is common to
find partials (especially higher partials) starting with a small delay and stopping before the offset of the
fundamental partial. We can assume that the relation given by Eq.(5.7) remains true and the amplitude
of these partials is null at the beginning and the end of ah(t). There is no predefined relation between
the ah(t) of harmonically related partials. This relation depends on the timbre of the instrument. In
numerous source separation studies based on CASA, the common amplitude variations is taken as a
cue for the segregation and integration of partials. However, in the case of the singing voice, such a
cue cannot be considered as reliable since the amplitude of each partial is modulated according to its
position of the frequency within the vocal tract.

A signal s(t) composed with a singing voice source svoc and instrumental background source
sinstru is written as:

s(t) = svoc(t) + sinstru(t) + ε(t) (5.8)
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Where the singing voice source is written as the sum of N note events, each of them defined as a sum
of H harmonic partials:

svoc(t) =

N∑
n=1

H∑
h=1

pn,h(t; an,h(t), fn,h(t), In,h) (5.9)

Since we are not concerned with the separation of the instrumental accompaniment into note events,
we simply write sinstru as the sum of M partials that are not necessarily harmonically related.

sinstru(t) =
M∑
m=1

p′m(t; a′m(t), f ′m(t), Im) (5.10)

Each time-varying frequency can be modeled with the intonative model presented in Sec.2.3 of
the previous chapter. For the hth harmonic we rewrite Eq.(5.2) as:

fh(t) = f̄h · (dfh(t) + ef,h. cos(2πrf,ht+ φ0,h)) + εf,h(t). (5.11)

In this expression, the frequency variations are expressed in terms of relative variations. From
Eq.(5.6) we can deduce that all harmonics related to a fundamental whose mean frequency is denoted
by f̄0 follow: 

f̄h = (h+ 1).f̄0 ,
ef,h = ef,0
rf,h = rf,0

dfh(t) = df0(t)∀t ∈ Ip

(5.12)

To group harmonically related partials we propose to define a distance between two partials and
then realize the grouping stage with traditional clustering tools. The different steps of the methods are
described below.

4.1.2 Step 1 - Measure of similarity between partials

For two partials, denoted by p and q, we define a (dis)similarity measure. We want the measure to be
close to zero if p and q are harmonically related and close to one otherwise. The measure is defined
as a multi-criterion function. Partials are compared on a set of K criteria, analogous to CASA cues,
with comparison functions denoted by φk(p, q) for k = 1, . . . ,K. The dissimilarity measure m(p, q)

is then given by the aggregation of the comparison functions:

m(p, q) = ψ(φ1(p, q), . . . , φK(p, q)) (5.13)

As mentioned in the previous paragraph, partials associated with the same note event have similar
frequency trajectories. They follow the relations given in Eq.(5.12). However, in a polyphonic mixture
following traditional harmonic rules, the notes played by the different instruments have harmonics
overlapping in frequency. This problem, which creates the main difficulty for multiple instrument
recognition (see Sec.2.2), prevents the partial tracking from being perfect. As a result, a partial can be
split into multiple segments where the different portions belong to different sources.

Considering this last point, we suggest to compare the temporal variation of partials on their
common frames. If Ip and Iq denotes the support of partial p and q respectively, then the frequency
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modulations of p and q are compared on their shared part: Ip,q = Ip ∩ Iq. We denote by |Ip,q| the
length of Ip,q . On this interval, partials are compared with the following criteria.

• Strict dissimilarity based on support of partials
First, partials that do not overlap in time can hardly be harmonically related. We define a first
criterion based on the length of the common support of the two partials. If two partials have no
common support then other criterion cannot be computed and the dissimilarity measure is set
up to one (strict dissimilarity). Formally this is given by:

φ1(p, q) = 1− |Ip,q|
max(|Ip|, |Iq|)

(5.14)

Since we want the measure to be bound to one, the denominator is given by the maximal length
of Ip and Iq.

The strict dissimilarity leads to:

φ1(p, q) = 1⇒ m(p, q) = 1 (5.15)

This first comparison is conducted to exclude the comparison of partials that have no common
support, and to favor the partials that have (relatively) long common support. This criterion is
based on the intuitive idea that partials related to the same sounds have common onsets and
offsets. As mentioned by Hartmann [Har88] the time onset is the primary cue by which sounds
from different sources are segregated in music listening.

• Dissimilarity based on onset
However, the partials of a note do not start exactly at the same time and the slight asynchrony of
partials’ onsets is an important part of the timbre of the instrument as shown by Grey [Gre75].
Strong partials of a note start within a period of 27 to 49 ms [Ras79] and a large delay (> 30
ms) greatly reduces the degree to which two sounds are heard as a single tone [Bre90]. To take
into consideration these points we define a criterion based on the length of the gap between the
onsets of two partials as:

φ2(p, q) =
|onsetp − onsetq|

max(|Ip|, |Iq|)
(5.16)

In all types of music, the different sources of the ensemble play in harmonic and rhythmic
relation and they take great care to start with exact common onsets, even though the ear is
still able to separate the different sounds. There are other evidences that make the partials
produced by different instruments with common onset to be grouped per instrument. According
to numerous studies on CASA principles, the common frequency variation is one of those. The
term variation encompasses the periodic modulation (vibrato) and the continuous variations
(portamento) that can appear on partial’s frequency trajectories. We chose then to compare
partials p and q with their features of vibrato and portamento computed on fp(t) and fq(t) for
t ∈ Ip,q.

• Dissimilarity based on vibrato
The vibratos of the two partials are compared using the rate and the extent values with the
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following function:

φ3(p, q) =
1

2

(
|ef,p − ef,q|

max(ef,p, ef,q)
+
|rf,p − rf,q|

rmax

)
(5.17)

Where rmax is the maximum vibrato rate which depends on the sampling rate of fp and fq
which depends on the hop size used in the partial tracking algorithm. If the sampling rate of fq
is equal to 100 Hz then rmax = 1

2 .
1

0.01 = 50 Hz.

• Dissimilarity based on relative frequency variation
The comparison based on the portamento is done on the values of the third order polynomial
used to model the slow monotonic variation df (t)). Since the polynomial is computed on the
normalized version of df (t)) (which is monotonic) the poles of the polynomial lie between 0
and 1. For partial p, these coefficients are denoted by cn,p for n = 1 . . . 4 and the comparison
based on the continuous variation of frequency is given by :

φ4(p, q) =
1

4

3∑
n=0

|cn,p − cn,q| (5.18)

• Dissimilarity based on harmonicity
Since all types of modulation cannot be modeled with a sum of the portamento and vibrato, we
add a last criterion on the frequency modulation based on the idea that fp(t) and fq(t) are equal
up to a constant multiplier on their shared part : fp(t)

fq(t) = c.1Ip,q . Then we define a measure of
harmonicity based on the standard deviation of the ratio of the two frequencies as:

φ5(p, q) =


σ

(
fp(t)

fq(t)

)
if f̄p > f̄q

σ

(
fq(t)

fp(t)

)
otherwise

(5.19)

The dissimilarity measure between p and q is finally given by the aggregation of these comparison
functions. The aggregation is done using the linear opinion pool 2 If the first comparison function is
not equal to one (strict dissimilarity):

m(p, q) = ψ(φ1, . . . , φK) =


1 if φ1(p, q) = 1

K∑
i=1

wi.φi(p, q) otherwise.
(5.20)

We chose the following weights: wi = [1/9, 1/9, 2/9, 2/9, 2/9]. If we consider that the two
criteria based on the support of the partials form a unique criterion, then distance is given by the mean
of four equally weighted comparison functions (support, FM, frequency deviation and harmonicity).

2The log opinion pool, which is a weighted product of the φi(p, q) is an exclusive aggregation. If one φi(p, q) is equal
to zero, the dissimilarity measure is also equal to zero. Since we want each piece of information to be considered, we chose
the linear aggregation.
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4.1.3 Step 2 - Distance matrix

In practice, dissimilarity is computed for all pairs of partials of a given segment of a song. A moving
window of a few seconds length automatically determines these segments. On each segment we
construct a distance matrix as follows:

For each pair of partials, the dissimilarity measurement is so that:{
0 ≤ m(p, q) ≤ 1

m(p, q) = 0 p = q
(5.21)

We note that m(p, q) is not a distance because m(p, q) 6= m(q, p). The non-symmetry comes
from the two first criteria: if Ip ⊂ Iq then m(p, q) < m(q, p). However, if m(p, q) indicates that p
and q are very similar there is no reason for q to not be similar to p. This is why we chose to define
the distance between partials p and q as follows:

d(p, q) = min{m(p, q),m(p, q)}. (5.22)

Finally, the distance between the pth and qth is reported at the intersection of the pth row and
the qth column of the similarity matrix M. This matrix is then given as input of the chosen clustering
algorithm to group partials automatically.

4.1.4 Step 3 - Grouping harmonically related partials by clustering

Partials are grouped using an agglomerative hierarchical clustering algorithm based on the distance
between partials defined above. The distance between two clusters is given by the average of all
distances between pairs of partials (average linkage method), resulting in clusters with close variances.
Given two clusters denoted by C1 and C2, such as C1 is composed with |C1| partials pi for i =

1 . . . |C1| and C2 is composed with partials qj for j = 1 . . . |C2|. The distance between the two
clusters is given by:

d(C1, C2) =
1

|C1||C2|

|C1|∑
i=1

|C2|∑
j=1

d(pi, qj) (5.23)

If the task was to find all partials produced by one instrument throughout the song duration, the
single linkage method would have been more appropriate. The complete linkage method produces
very specific classes and does not fit our problem. The optimal cutoff for stopping the agglomerative
process of the clustering is found using the VIF (Variance Inflation Factor) criterion [OSON05].

At the end of the clustering stage we obtain groups of harmonically related partials. Each group
is defined by:

• a set of partials

• an onset and an offset, which are determined using the onset and offset of the longest partials
of the cluster

• a fundamental frequency. The description of the fundamental frequency estimation for a group
of harmonically related partials will be further described in Sec.4.4.
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Figure 5.3: Example of partial clustering obtained on a real signal: voice + piano

In Figure 5.3, we plot the result of the proposed method computed on a real signal with three
sources (voice and piano) where the partials of each source have been extracted on separated tracks.
Each cluster is represented by a different line type.

Before explaining the details of the fundamental frequency estimation method and its application
to multi-pitch estimation, we first evaluate the capacity of the method to group harmonically related
partials. This evaluation is presented in Sec.4.2. Then, we apply the method to the task of singing
detection in Sec.4.3.

4.2 Evaluation of clusters of harmonic partials

We evaluate if the clusters obtained with the proposed method are composed of partials corresponding
to the same note coming from the same source. In practice, this evaluation is not feasible on “real"
recordings because it is complex and time-consuming to obtain a ground truth from real data. We
propose to evaluate the quality of the clusters with a data set composed of multi-track recordings.
Partials are extracted from separate tracks and labeled (to indicate from which source they belong)
before being merged into a global set of partials. The method is applied on the global set of partials,
and the reliability of each cluster is computed by regarding the labels of the partials composing the
cluster.

4.2.1 Data set

The data set is generated from the multi-track recordings of 15 songs. From these songs we create the
data set of partials as follows:

1. For each song we extract partials from the lead vocal track and at least one instrumental track of
piano, guitar and/or bass. Partials are tracked independently on each mono-instrumental track.
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2. To avoid bias in the evaluation we chose to equilibrate the partials of singing voice and the
partials of all other instruments. For each song, one or two instrumental tracks are chosen so
that there is the same number of instrumental partials as vocal partials.

3. Finally, the balanced sets of partials for each song are merged into a global set of partial. The
distribution of partials per class of instruments is described in Table 5.6.

Voice Instruments
Voice Guitar Piano Bass

Label 1 -1 -2 -3
Cardinality 56289 19092 25460 11737
Cardinality 56289 56289

Table 5.6: Multi-track partials test-set description

4.2.2 Measure for cluster evaluation

We measure the performance of the clustering method using the measure of cluster purity. The cluster
purity is given by the percentage of partials coming from the source that is the most represented within
the cluster. If all partials composing a cluster come from the same source, the purity of this cluster is
then equal to 1. For a cluster Ci (of size |Ci|) the cluster purity is given by:

purity(Ci) =
1

|Ci|
max
j

(|Ci|class=j). (5.24)

The overall purity of a clustering solution, with I clusters, is given by the weighted sum of in-
dividual cluster purities as shown in Eq.(5.25) where |C| is the total number of partials (i.e. |C| =∑I

i=1 |Ci|).

purity =
1

|C|

I∑
i=1

|Ci|purity(Ci) (5.25)

If all clusters are composed with a single partial, the overall purity is then equal to one. However,
this clustering solution is of no interest to us. To avoid this problem, the evaluation is conducted on
clusters composed with at least 3 partials.

4.2.3 Results

We can consider two cases for the evaluation: a) the signal is composed of two sources (vocal and in-
strumental) as described in Eq.(5.8) or b) each instrument in the signal is considered as an independent
source (i.e., each source of the instrumental background is considered individually).

For the case with two sources, the overall purity of the clustering solution is equal to 0.8944.
When all instruments are considered individually, the overall purity of the clustering solution is equal
to 0.7802. In both cases, 82% of the partials have been assigned to one cluster.

These results show that the proposed method is clearly efficient to group partials coming from the
same source. Naturally, the performance is better when considering only two sources. We note that
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the instruments considered in the accompaniment are polyphonic instruments that make the task even
more complicated. We also remark that the cluster purity measure does not take into consideration the
problem of note events. However, the clusters of vocal partials cannot cover multiple note events be-
cause of the first comparison function given in Eq.(5.14). Nothing ensures that partials corresponding
to the same note are not split into distinct clusters.

This evaluation is conducted as a first validation of the partial clustering method. The case an-
alyzed here is not realistic since partials have been extracted on separate tracks. Thus, the problem
encountered by partial tracking algorithms on the frequency regions where partials from different
sources overlap is avoided. In the next sections, we apply the clustering method on partials extracted
from a mixture of instruments.

4.3 Application to singing voice detection

We apply the partial clustering method to the task of singing detection. Clusters of partials are ana-
lyzed to identify “vocal clusters”, i.e., clusters composed of vocal partials. Then the vocal segments
are deduced from the supports of vocal clusters. This problem can be viewed either as a specific case
of instrument recognition in polyphonic context, or as a problem of source identification in a source
separation method.

4.3.1 Data set

The evaluation is conducted on the same data set as in the previous evaluation of singing voice detec-
tion. The details of this data set are given in Sec.3.2.1.

4.3.2 Results

In the previous evaluation, Sec.3.2, we have shown that the singing voice detection based on the direct
recognition of vocal partials has a very high precision but suffers from a relatively low recall. The low
recall came from the bad estimation of intonative features on short partials (shorter than two cycles of
vibrato) and on partials with a low mean frequency (probably due to the FFT resolution). We believe
that these partials can be better interpreted with the cluster of partials. The hypothesis is that the
groups of harmonically related partials carry more source information than the individual partials.

In this evaluation, a cluster is considered a “vocal cluster" if a certain number of partials within
the partials are identified as vocal partials with the previous method. We plot in Fig.5.4 the partials of
a given cluster. Partials identified as vocal partials with the previous method are plotted with dotted
lines. Since the number of vocal partials is sufficiently large, the cluster is considered as a vocal
cluster. This plot illustrates the improvement of vocal segment localization given by the cluster of
partials: the previous method would detect a vocal segment between 2.55 sec to 2.8 sec. But the
cluster of partials shows that the vocal segment is actually longer: from 2.55 sec to 3.15 sec.

We report in Table 5.7 the results obtained with the clusters of partials on the testing set. We
present the results obtained for X varying from 1 to 3 where X is the minimal number of vocal partials
within a vocal cluster. These results have been obtained using the same set of thresholds as in the
previous evaluation. The results obtained with the previous method are reported in the first line of the
table.
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Figure 5.4: Comparison of the basic and improved method for vocal partial detection

X F-measure Precision Recall
76.52 % 85.45% 70.30%

≥ 3 77.91% 79.21% 76.65%
≥ 2 79.02 % 75.33% 83.08%
≥ 1 77.23 % 66.97% 91.19%

Table 5.7: Results of the voice detection for various X

As shown by these results, the clusters of partials increase the F-measure mainly because it im-
proves the recall. Unfortunately, improving the recall leads to a degradation of the precision. In the
ideal case, i.e., if the cluster purities were equal to 1 and the precision of the first method was equal to
100% the recall would be improved without affecting the precision.

As in the previous evaluation, the tradeoff between the recall and the precision can be adapted for
the application. This tradeoff still depends on the values of the thresholds for vocal partial detection
but also on the value of X. We note that a relatively good tradeoff is given for X = 2.

As shown in this section, the clusters of partials can be used to improve the localization of vocal
segments. In addition, the clusters of harmonic partials are powerful for two other applications: the
separation of the singing voice and the transcription of the vocal melody.

To isolate the singing voice, the partials of vocal clusters can be simply re-synthesized. This
solution often leads to a very synthetic result, whose quality is affected by artifacts. In addition, all
elements of the singing voice that are not voiced are missed. To obtain a better separation, we suggest
re-synthesizing the signal after masking the components belonging to non-vocal cluster. The analysis
of non-vocal and vocal clusters overlapping in time determines the bandwidth of the mask associated
with each non-vocal partial.

We present in the next section a method to transcribe the vocal melody based on the analysis of
the partials clusters.
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4.4 Application to multi-pitch and sung melody transcription

4.4.1 Method to estimate the f0 of a cluster

The fundamental frequency of the cluster plotted in Fig.5.4 can be deduced intuitively: it corresponds
to the lowest partial. Theoretically, the fundamental frequency of a cluster can be deduced from the
distances between consecutive harmonic partials. Unfortunately, during the formation of clusters, two
types of errors can appear: introduction of impostor partials and suppression of correct partials. To
estimate the f0 of a cluster it is necessary to eliminate the impostor partials and to find the harmonic
index for each remaining partial.

We describe a method to make this estimation for a cluster composed of a set of partials P =

{pi} whose frequency functions fi are not defined outside the support of the cluster: fi(t) = ∅ if
t 6∈ T = [tbeg, . . . , tend]. The number of partials at each instant of the support is given by P (t). The
fundamental frequency of a cluster is a time-varying function denoted by f0(t). A first estimation of
this function can be estimated by finding the value f̄0 (mean frequency over time of f0(t) ) and the set
of harmonic index {hi} that minimize:

e =
1

|T |

tend∑
t=tbeg

e(t) with, (5.26)

e(t) =
1

P (t)

P (t)∑
i=1

(
fi(t)

hi
− f0(t)

)2

+ ε(t) (5.27)

where the left part of Eq.(5.27) corresponds to the errors due to the variations of frequency around
f̄0 and the term on the right side (ε(t)) corresponds to the error introduced by the impostor partials.
Thus, the error given in Eq.(5.26) is minimized by eliminating the impostor partials and by finding the
set of harmonic indexH = {hi} and the value f̄0 that best explain the set of fi(t) of the partials con-
sidered as non-impostors. Theoretically, the conjoined estimation of H and f̄0 can be addressed as a
mixed-integer quadratic problem (MIQP). But in practice this type of optimization is computationally
too expensive to be applied.

We propose a simple and empirical method to solve this problem. The method starts with a rough
estimation of f̄0 to give a first estimation of H and eliminates the impostor partials. The values of f̄0

andH can be re-estimated if the first estimation of f̄0 was given with an octave error. The steps of the
methods are detailed below.

1. Setting the data of the problem: All partials within the cluster are arranged by increasing
frequency. Keeping in mind that some harmonics may be missing, we number the partials with
the following indices: p1 corresponds to the partial with the lowest frequency and so on until
the highest partial is numbered as pK where K = maxt(P (t)). In the ideal case, when all
harmonics (and only the harmonics) are present for each i, pi corresponds to hi.

2. Pre-estimation of f̄0: The quantity f̄0 is roughly estimated by analyzing the frequency dis-
tances between the time-varying frequency of consecutive partials (i.e. partials close in fre-
quency) .
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• Given two consecutive partials pi and pi+1 whose frequencies are denoted by fi and fi+1,
the distance at instant t is given by:

yi(t) =

{
fi+1(t)− fi(t) if fi(t) 6= ∅ and fi+1(t) 6= ∅

∅ otherwise
(5.28)

• This quantity yi(t) is estimated for each pair of consecutive partials (i.e. for i = 1, . . . ,K−
1) all along the support of the cluster (i.e. for t ∈ [tbeg, . . . , tend]).

• The mean frequency associated with the cluster is given by the analysis of the distribution
of all yi 6= ∅. The estimation of f̄0 is simply given by the position of the highest peak in
the distribution.

3. Estimation of the harmonic numbers: Once f̄0 has been estimated the harmonic index of
each partial pi at each instant t is given by:

hi(t) =
fi(t)

f̄0
(5.29)

For each partial, the continuation of hi(t) is analyzed to determine a single harmonic index for
each partial. At the end of this step, for a cluster composed of K partials, we obtained a set
of K harmonic indices H = {h1, . . . , hK}. The values of the series H give an indication on
the probability that f̄0 was properly estimated. If the value of f̄0 is correctly estimated, and no
impostor partials are present, then the values of H are natural integers. If f̄0 was estimated an
octave lower, the series H contains even numbers only. Finally, if f̄0 was estimated an octave
too high, then the series contains rational numbers. Typically, the series contains the following
ratio: 1

2 , 3
2 , 5

2 and so on. If one of the miss-estimation cases is encountered, we simply note it,
but the procedure continues with the next steps.

4. Detection of impostor partials: The values of H are then rounded to the closest integer. In
most situations, if an impostor partial is present, two partials are assigned to the same harmonic
numbers. In this case, the impostor partial is determined by the values of the partials’ similarity
matrix presented in 4.1.3. The partial which is the less similar to the partial with the closest
harmonic number is considered an impostor. At the end of this step, the partials composing the
cluster are grouped into two sets: Ph the set of harmonic partials and Pi the set of impostor
partials.

5. Estimation of the error: To each partial of Ph corresponds an index of harmonic number hi:
Ph = {(f1, h1) . . . (fk, hk)}. The error given in Eq.5.26 can finally be computed using the
partials of Ph. If the analysis of the seriesH at step 3 suggested that the f̄0 was estimated with
an octave error then the analysis is done again (from step 2 to step 5) with the new estimate of
f̄0. Finally, the solution S = {f̄0,Hh} yielding the lowest error is retained.

6. Final estimation of the fundamental of the cluster The time-varying frequency associated
with the cluster is then computed using the partials of Ph. The number of partials of Ph present
at time t is denoted by Ph(t) and each frequency denoted by fj in the following equation
corresponds to one fi of the original set of partials composing the cluster.



4. PROPOSED APPROACH TO TRACK HARMONIC CONTENTS OF THE SINGING VOICE119

f0(t) =
1

Ph(t)

Ph(t)∑
j=1

fj(t)

hj
(5.30)

This method can be applied to estimate the f0 of each cluster returned by the method described in
Sec.4. In this case, it produces a multi-pitch estimation. To estimate the vocal melody, the proposed
approach is applied only on vocal clusters.

4.4.2 Data set

We evaluate the performance of the proposed approach to transcribe the vocal melody in accompanied
vocal recordings. We work with a set of 200 excerpts of a cappella recordings from pop-rock and
lyrical singers mixed with instrumental tracks of piano and guitar. Each excerpt is 2 seconds length and
the voice is always present. For each a cappella recording we create 2 samples of accompanied vocal
by mixing the solo voice track with an excerpt of piano or guitar. For each sample, the instrumental
excerpt is chosen randomly within the instrumental track. Finally, the data set is composed with 600
excerpts: 200 a cappella, 200 voice + piano and 200 voice + guitar.

For each mix, the RMS energy of the two tracks to be mixed is normalized so that the singing-to-
accompaniment ratio is equal to 0 dB. The fundamental frequency of the vocal melody is estimated
on the a cappella recordings using the YIN algorithm. This estimation is considered the reference.

4.4.3 Measure

The performance of the proposed method for vocal melody transcription in polyphonic context, is
evaluated with the measures proposed in [PEE+07b]. For each frequency estimated we measure the
raw pitch and the chroma pitch accuracies. The raw pitch accuracy is given by the fraction of
frames where the pitch has been estimated within one quarter of the tone of the true pitch (Eq.(5.31)
and Eq.(5.32)). The chroma pitch accuracy is computed in the same way, except that the pitch is
measured in term of chroma, or pitch class, a quantity derived from the pitch by wrapping the pitch
into one octave.

score = 100− 1

N

N∑
t=1

err(t) where (5.31)

err(t) =

{
100 if |f refcents(t)− festcents(t)| ≥ 100

|f refcents(t)− festcents(t)| otherwise
(5.32)

(5.33)

where f ref is the correct f0 and fest is the frequency estimated. The conversion of the fundamental
frequency into cents is given by Eq.(5.3).

4.4.4 Results

The vocal melody is given by the fundamental frequency of the clusters classified as vocal clusters.
In the evaluation on the localization of vocal portions (Sec.4.3), we have seen that the recognition of
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vocal clusters was good but not perfect. Since we want to evaluate the performance of the vocal f0

transcription which relies on the recognition of the vocal clusters, we propose to evaluate the following
elements:

• Presence of the vocal f0 in the multi-pitch transcription: For each frame of (f ref ) we peak
in the multi-pitch transcription the frequency which is the closest of the reference frequency to
give a pseudo fest.

• Accuracy of the vocal melody transcription: The fest is given by the f0 of the clusters
recognized as vocal clusters with the method presented in Sec.4.3

• Accuracy of the dominant melody transcription Additionally, we also evaluate the perfor-
mance of the transcription when we consider that the dominant pitch at each instant is the vocal
pitch

For each case, we measure the raw and chroma pitch accuracies. The results are reported in Table 5.8
for each type of accompaniment.

Accapela
Multi-pitch Sung Melody

Chroma 96% 88%
Pitch 85% 74%

Guitar
Multi-pitch Sung Melody

Chroma 89% 71%
Pitch 79% 57%

Piano
Multi-pitch Sung Melody

Chroma 89% 74%
Pitch 78% 59%

Table 5.8: Results of melody transcription in polyphonic context per type of accompaniment

As shown by these results, the chroma pitch accuracy yields a much better performance than the
pitch accuracy, which indicates that the proposed method to estimate the f0 of a given cluster suffers
from octave errors. The chroma pitch accuracy obtained for the sung melody is more or less equivalent
to the performance of the method mentioned in Sec.2.4.

The high performances obtained with the multi-pitch experiments show that the method proposed
to group harmonically related partials is efficient, even when partials have been tracked directly on
the mixture of instruments.

Additionally, we can conclude that the method proposed to identify vocal clusters is also rather
efficient since the performance of “multi-pitch" and “vocal melody" are close. This results show that
the vocal pitch found by identifying vocal clusters was in most cases the correct pitch.

The performance obtained using vocal pitch as the dominant pitch is much lower than the per-
formance obtained with the identification of vocal clusters. However, the accompanied vocals were
synthesized so that the singing-to-accompaniment ratio was equal to 0 dB. In “real recordings", it is
likely that the voice is louder than the instrumental accompaniment in vocal portions.
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The performances for vocals accompanied by guitar and piano are equivalent. It should be men-
tioned that these two instruments do not have vibrato and portamento to aid the identification of vocal
clusters.

5 Summary and conclusions

In this chapter we have investigated the general problem of finding the elements produced by the
singing voice in the signal of a song (vocal + accompaniment). The main idea developed here is to
discriminate the vocal partials from instrumental partials using some characteristics of the singing
voice: the vibrato, the portamento and the harmonicity. These elements can be detected by analyzing
the variations of the time-varying frequency of partials obtained using the sinusoidal model as the
underlying representation of the audio signal.

In a first part (Sec.3), we developed a method to localize the vocal segments of a song based on
the direct recognition of vocal partials using a set of thresholds on the values of intonative features.
These features are given by the intonative model applied on time-varying frequency and amplitude of
partials. The supports of the vocal partials are used to determine the position of the vocal segments.
We have shown that the performance of this approach is close to performance of classical audio
classification approaches (model of vocal and non-vocal classes using audio features extracted on the
amplitude spectrum of stationary portions of the signal). The method has a very high precision, which
indicates that the vibrato and portamento are efficient clues to discriminate the singing voice from
other musical instruments. However, these criteria are not sufficient to detect all partials produced by
the singing voice (low Recall). Since the analysis is based on the sinusoidal model, non-voiced vocal
segments cannot be detected as vocal. But the detailed analysis of the results shows that some vocal
partials with a short duration or low frequency are also not detected.

To overcome the limitations of the first approach, in the second part we proposed (Sec.4) a method
to retrieve all partials produced by the singing voice more accurately. The proposed method uses
some common CASA cues (mainly based on the synchronous variations of the frequency) to group
partials harmonically related. ASA cues are used to define a distance between partials, which is by
definition equal to zero for two partials related to the same fundamental frequency. Then harmonically
related partials are grouped automatically using traditional clustering methods based on the distance
(similarity) between partials. The clustering method was first evaluated by measuring the coherence
of the clusters obtained on a set of multi-tracks recordings. This evaluation shows that the proposed
approach is efficient to group partials emitted simultaneously by the same instrument. However, the
case analysed was not realistic since the partial tracking was performed on each track separately, which
encounters the major problem of tracking partials on frequency regions where concurrent partials
overlap.

The partial grouping method was then applied on two applications where partials are extracted
directly on the mixture: the localization of vocal segments and the transcription of the vocal melody.
We have proposed to locate the vocal segments by identifying vocal clusters. A vocal cluster is a
group of harmonically related partials where a certain number of partials have been detected as vocal
partials. This was done using the method developed in Sec.3. By comparing the results of the previous
approach with the method based on clusters, we found that clusters can considerably improve the
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recall of vocal segments. This evaluation shows that partial clustering improves the localization of
vocal segments.

Finally, we have proposed a simple method to estimate the fundamental frequency associated with
a cluster of partials. On a set of accompanied vocals where the partials were tracked directly in the
mixture, we applied the partial clustering method. For each cluster the fundamental frequency was
estimated and the vocal melody was obtained by considering the fundamental frequency of the vocal
clusters only. This method performs relatively well.

These different evaluations (cluster purity, localization of vocal segments based on vocal clusters
identification and the vocal melody transcription) show that the method proposed to identify and group
vocal partials can be used as the foundation for numerous applications.
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Chapter 6

Singer Identification

The lead vocal of a song attracts the attention of most listeners because the vocal melody is the most
memorable element of a song. In the same way, the voice, which carries this melody, is an element
that helps listeners to categorize songs. It is common that listeners identify their favorite bands by
recognizing the lead singer. The voice style and the vocal technique are clues used by listeners to
classify songs into music genres. For all these reasons, the automatic recognition of singers has
attracted a lot of attention this past decade.

Singer identification is generally treated as an audio classification task. The underlying problem of
this task is to find in the signals of songs a “voiceprint” characterizing univocally a singer’s voice. In
other words, a part of the solution of the problem lies in the choice of appropriate features to describe
the singer’s voice. The other part of the solution lies in the choice of an appropriate statistical model to
build reliable singer models. In this chapter we focus on the study of appropriate features to describe
signals of singing.

In the previous chapter we developed a method to recognize vocal partials using criterion based
on the intonation of singing voice (periodic and monotonic variations of the time-varying frequency
and amplitude capturing information related to the vocal vibrato/tremolo and the portamento/legato).
The parameters extracted from partials are referred to as “intonative” features. The main idea of the
present chapter is to evaluate if intonative features, that have been proven to be efficient to distinguish
the voice from among other instruments, can be used as features for singer identification. We study
the performance of these features and the performance of classical features computed on the spectral
envelope of sounds. These features are referred to as “timbral” features. In this chapter we also
propose a method to combine these features in order to improve the overall performance of singer
identification systems. The underlying idea is that timbral features convey information related to the
vocal tract of the singer, which is linked to a physical aspect of the singer, while intonative features
are related to the style and the technique of the singer. These elements can be used intentionally to add
expression but they can also reflect the abilities and limitations of the performer due to its technique.
We believe that more complete singer models can be obtained by combining these complementary
information. The task of singer identification is known to be challenging because the singing voice
is a highly variable instrument (large tessitura, full range of phoneme, various expressive attributes)
and in addition the voice is usually accompanied by other musical instruments. For these reasons we
propose to evaluate how intonative and timbral features vary with changes in the voice (change pitch
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or loudness) and how they vary when they are extracted on accompanied vocals.
This chapter is organized as follows. First, in Sec.1 we formalize the problem of singer identifi-

cation. In Sec.2 we review some methods proposed to identify singer and artist. We also present in
this section some conclusions that have been obtained from perceptual experiments on singer identi-
fication. In Sec.3 we describe the approach we developed to perform singer identification based on
the combination of timbral and intonative features. In Sec.4.2 we present a set of experiments con-
ducted to evaluate the robustness of intonative and timbral features against changes in voice and the
presence of instrumental accompaniment. In Sec.5, the main points of this chapter are summarized
and conclusions are drawn.

1 Problem statement

The problem of singer identification can be formally stated in a way similar to the speaker identifica-
tion problem. We present the problem in the case of a closed-set identification. In this case the class
set is composed with a finite of singers. For each singer a singer model is built during the training
phase. The model of singer i is denoted by ωi and the set of all models is denoted by Ω.

The goal of singer identification is to find out which singer has produced a given sample x repre-
sented by the feature vector X . In the case of closed-set identification it is assumed that x has been
produced by one and only one singer of Ω. The probability that singer c (whose model is given by ωc)
has emitted X is given by :

P (ωc|X) =
p(X|ωc)P (ωc)

P (X)
(6.1)

where p(X|ωc) designates the conditional probability of X given the singer model ωc. Assuming that
all ωi are mutually exclusive (ωi∩ωj = ∅, ∀i 6= j) and collectively exhaustive (ω1∪ω2∪ . . . ωn = Ω)
the probability given by Eq.(6.1) can be rewritten as:

P (ωc|X) =
p(X|ωc)P (ωc)∑

ωn∈Ω p(X|ωn)P (ωn)
(6.2)

The identification process is a straightforward maximum likelihood classifier. The objective is to
find, given the set of singer models Ω = {ω1, . . . ωN}, the model which has the maximum posterior
probability for the input vector X . Using the Bayes’ rule, the minimum error is given by:

n̂ = arg max
1≤n≤N

P (ωn|X) (6.3)

Using Eq.(6.1) and assuming that all singers have the same prior probability (∀n , P (ωn) = 1
N ) the

denominator and the term P (ωn) can be ignored in Eq.(6.3). Finally, Eq.(6.3) can be rewritten as
Eq.(6.4) or as Eq.(6.5) in the log domain.

n̂ = arg max
1≤n≤N

p(X|ωn) (6.4)

n̂ = arg max
1≤n≤N

logp(X|ωn) (6.5)
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An identification system is generally evaluated with the measure of classification performance.
As explained in Chap.3 Sec.1.3.1, if the classes of the testing set are well balanced the performance
can be measured with accuracy (i.e. the percentage of songs assigned to their correct singer). If the
data set is not well balanced, the mean of Recall for each class is the best indicator of performance of
the system.

2 Related works

The goal of singer identification (SID) is to retrieve the name of the singer performing a given song.
It differs from the artist identification. An artist is defined as a music band that performs under an
identifiable name. An artist can have more than one lead singer and a given singer can sing with
different bands. Ideally, a singer identification system is a system able to detect when the same singer
is performing in different bands. Such a system should be based on the vocal characteristics of the
lead singer of a song. Most studies conducted on the identification of singers report that the main
difficulty of the task lies in the presence of the instrumental accompaniment.

A large number of studies have been conducted on the task of artist and singer identification
because the information obtained with such systems is essential to classify music automatically. In
this section first we present methods that have been proposed to perform artist identification,then we
present the ideas proposed to transform artist identification systems into singer identification systems.
Finally, we present some results of perceptual studies on singer recognition.

2.1 Artist identification

When performing artist identification special care has to be taken to avoid biasing the system with the
“album effect” or “producer effect”. Songs coming from the same album often share similar overall
spectral characteristics because of similar production (equipment, orchestration, audio effects, etc.)
and post-production (additional equalization, compression, expansion, etc.) techniques. Unless care
is taken, an artist identification system will identify an artists’ album rather than the artist themselves
as shown by Kim and al. in [KWP06]. Obviously this problem occurs especially when the recognition
system is based on features extracted from the spectrum. To avoid this effect it is necessary to be
careful when splitting the data into training and testing sets. Ideally, songs coming from the same
album should be placed into the same set. It supposes that the data set is formed with songs coming
from different albums of each artist.

The first study on artist identification has been proposed by Whitman [WFL01]. Mel Frequency
Cepstral Coefficients (MFCC) are used to train a series of SVM classifiers. An artificial neural net-
work (ANN) is applied on the outputs of the SVM as a “meta-learner” to assign each song to one
artist. This method achieves up to 50% classification accuracy on the Minnowmatch data set com-
posed of 21 singers. The near perfect classification accuracy obtained on the training-set suggests that
this artist identification system generalizes very poorly on new data.

Using the same data set, Berenzweig and al. [BEL02] propose to increase the artist identification
accuracy by performing the recognition on vocal segments only. They report an accuracy of 65% for
a neural network (NN) classifier trained on MFCC extracted on vocal segments.
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Still working with the same data set, Kim and Whitman [KW02] report no improvement by work-
ing with vocal segments instead of the whole song. Using warped LPC as inputs of GMM and SVM
classifiers they obtain an accuracy of 45% for a subset of 17 (over 21) singers.

Cai and al.[CLG11] also proposed to perform the identification using vocal segments only. For
each singer they train a GMM using “auditory” features (LPMCC and GTCC) extracted on vocal
segments. LPMCC are a variant of LPCC computed using a Mel scale and GTCC are a variant of
MFCC where the spectrum is filtered by the gamma-tone filter bank instead of the Mel-frequency
filter bank. The study obtains 92.5% accuracy for a set of 10 Chinese singers. However, the data set
is composed of songs coming from one album per singer. It is likely that the good performance is due
to the album effect rather than the choice of the features.

Even if these previously mentioned studies work on vocal segments, they still perform artist iden-
tification since they use features extracted on the spectrum of the mixture.

An alternative approach, based on song similarity, has been proposed to retrieve the artist’s name
of a given song. In [ME05], Mandel and Ellis propose to represent an artist with a set of song-models
obtained for each song of the artist. A distance computed between their models gives the similarity
between songs. Finally, a query song is labeled with the artist’s name of the song that is the most
similar. For a set of 18 artists whose songs are modeled by GMM trained with MFCC, they report
a maximum accuracy of 84%. In this study the similarity between two songs is computed with the
Kullback-Leibler divergence approximated with Monte-Carlo method. Similar approaches for song
similarity have been presented by Logan and Salomon [Log], [LS01] and West and Lamere [WL07].

An artist identification system is, by definition, not able to detect when the same singer is perform-
ing in different bands. Because of this limitation different approaches have been proposed to model
the singer identity directly from the mixture independently of the instrumentals accompaniment. We
present in the next paragraph these alternatives.

2.2 Singer identification

In separate studies Maddage and al. [MXW04] and Tsai and Wang [TW06] propose to model on one
hand the instrumental background and on the other hand the accompanied vocals using the purely
instrumental and the vocal portions of the song. Then, a solo-singer model is estimated by subtracting
the instrumental model from the accompanied-vocals model. Both studies model singers with GMM
trained on cepstral LPC. For a set of 8 singers, Tsai and Wang [TW06] report an accuracy of 84%
using solo-singer models. In [MXW04] the authors compare the accuracy of SID when using solo-
singer models and purely instrumental models independently or when combining both. Finally, the
best accuracy (87% for 8 singers) is obtained when the decisions for instrumental and singer models
are combined. These methods suppose that the stochastic characteristics of the instrumental accompa-
niment remain similar on purely instrumental and vocal segments. They also requires that there exist
non-vocal portions in songs and that these portions are estimated accurately. Tsai and Lin propose
another approach to learn solo-singer model from samples of a cappella and accompanied vocals. In
[TL11] they propose a method to learn the transformation of cepstral features (MFCC) between solo
and accompanied vocals. This step requires a large amount of manually mixed vocals. The transfor-
mation is estimated with techniques used previously in voice conversion studies. They evaluate the
performance of their method on various sets of data (manually mixed data obtained during karaoke
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sessions and real recordings). For all experiments their approach increases significantly the perfor-
mance of singer identification. For the entire data set tested, whose number of singers vary from 10
to 30, they obtain an accuracy above 90% with the proposed approach. However, the performances of
singer identification performed on the same data sets, without applying any instrumental background
removal technique, obtain an accuracy close to 80%.

Most other approaches developed to perform singer identification work on isolated vocals. Meth-
ods to separate the voice from the instrumental accompaniment using source separation algorithm or
vocal melody transcription have been presented in Sec.2.3 and Sec.2.4 of the previous chapter.

In [FKG+05], Fujihara and al synthesize the harmonic components related to the dominant melody
estimated with the method proposed by Goto [Got04]. Next, for each frame of the synthesized melody,
they extract spectral and cepstral features and compare them to a vocal and an non-vocal GMM to de-
termine if the frame under analysis is dominated by the voice or not. The singer identification is
performed using only the frames dominated by the voice. On a test-set of 10 singers they report an
accuracy of 53% when the identification is performed on the mixtures and an accuracy of 95% when
the identification is performed on selected frames of isolated vocals. This system for singer identifi-
cation, using isolated vocals and reliable frame selection, has then been re-used by the same authors
[FGKO10] to develop a system for music recommendation based on singer voice timbre.

This idea of re-synthesizing the voice has also been used by Mesaros and al. [MVK07]. Evalua-
tions are conducted on a set of a cappella recordings where the same instrumental accompaniment is
added with various singing-to-accompaniment ratio (SAR) for the purpose of the study. The goal of
the study is to evaluate the reliability of singer models obtained on accompanied vocals. They conduct
various experiments using MFCC to feed GMM, linear and quadratic classifiers and come to the con-
clusion that singer identification performances are greatly affected by the presence of instrumentals,
especially for low SAR. For all experiments the performance is considerably improved when working
with isolated vocals (obtained by synthesizing the harmonic contents related to the vocal melody es-
timated with the method proposed in [RK06]). For an SAR equal to zero, on a set of 13 singers, the
system reaches 51% accuracy on accompanied segments, and 75% accuracy on isolated vocals.

A large set of experiments conducted on “artificial” and “real” accompanied-vocals are presented
in [Bar04]. In most experiments singers are modeled using a non-parametric estimate of the spectral
envelope computed from the instantaneous amplitude and frequency of signal’s partials (CTF: Com-
posite Transfer Function) or power spectral density (PSD) modeled with Gaussian distribution. In
this study, the performance obtained on isolated vocals with CTF is not better than the performance
obtained on accompanied vocals using PSD. Bartsch suggests that this result may be caused by the
source separation methods that introduces artifacts on the solo voice. Working with a cappella record-
ings from 12 female singers he examines how singers’ identities (modeled with the CTF) are retrieved
across a set of different vowels and different pitches [BW04]. When singer models are trained on all
vowels, the system yields an accuracy of 95%. The performance is reduced to 80% when the singer
models are learned and tested using separated sets of vowels.

All studies mentioned in this section propose systems for an automatic singer. The problem of
identifying singers has also been addressed using perceptual experiments. In the next section, we
present some results found on the ability of humans to recognize singers.
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2.3 Perceptual recognition of singers

Using the same recordings collection as [BW04] (12 singers, all vowels on different pitches), Mellody
[Mel01] performs a series of perceptual evaluations of singer identification. The study shows that the
way the singers alter their vowels as a function of pitch is singer specific and the transformations can
be learned and recognized by auditors after a long training phase. After 12 hours of training, listeners
are able to identify the 12 singers with an accuracy of 82% across all variations studied.

The study done by Wakefiled and Bartsh [WB03], on the same data set, shows that the long
training phase is necessary. When the pitch of the query is different from the pitch used to define
the singer, the listeners identify the performer of the sample with an accuracy close to chance. They
conclude that listeners are not able to generalize stimulus beyond a 1/2 octave.

In [MHW01], Mellody and al. show that listeners are able to perceive small variations of vibrato
parameters (frequency and amplitude modulations) and are also able to classify vibrato into different
categories depending on the values of the sinusoidal parameters. In previous studies, Sundberg and
Rossing [SR90] show that the vibrato characteristics are constants for a singer and that singers are
usually not able to alter their vibrato. The two last studies mentioned do not attempt to perform singer
recognition using vocal vibrato. However, they prove that vibrato is a singer-specific characteristic.

Another set of perceptual evaluations has been conducted by Erickson and Perry [EP03] to evalu-
ate if listeners are able to recognize singers across variations in pitches. They show that for all auditors
two sung tones performed by different singers with close pitches are perceived as more similar than
two notes with distant pitches performed by the same singer. Using a 3-oddball and 6-oddball experi-
ment, they also show that the ability of listeners to recognize a singer highly depends on the number
and the variety of samples used to train the listeners.

The ability of listeners to identify singers across the voice’s variation has not yet been compared
with results obtained with machine learning methods. It is legitimate, therefore, to wonder if machines
are better than human at identifying singers across the voice’s variation, or if the same requirements
(very large training sets that cover all possible variations) are also necessary for machines. This prob-
lem will be addressed in Sec.4. First, we evaluate the performance of timbral and intonative features
(and their combination) on ideal cases of a cappella recordings when singer models are learned on
samples covering the maximum variation of the voice.

3 Proposed approach for singer identification

In this section we present a method to identify singers. All studies conducted on this task report
that the main difficulty lies in the presence of the instrumental accompaniment. To circumvent this
problem numerous methods suggest performing singer identification on isolated vocals. These studies
generally build singer models using features extracted on the amplitude spectrum, and more specif-
ically on the spectral envelope. The use of spectral or cepstral features derived from the envelope,
for tasks of speech and singing recognition, is fully justified by the interpretation of the source-filter
model (as long as the signal contains voice only). In our method for singer identification we propose
building singer models using these type of features combined with features computed on partials ob-
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tained using the harmonic sinusoidal model. 1 In the previous chapter, we showed that features related
to intonation were capable to discriminate singing from other musical instruments. According to the
results of the studies presented in Sec.2.3 it is likely that these features (parameters of vibrato, relation
between the rate of vibrato and tremolo and parameters of portamento computed on note transition)
convey information on the singer identity. We suppose that this information is orthogonal and com-
plementary to the information conveyed by timbral features traditionally used for audio classification
tasks.

The main idea of the proposed method is to increase the performance of singer identification
systems by combining timbral and intonative features.

In Sec.3.1, after a discussion on the complementary aspect of the two types of features, we give
the details of the proposed approach for singer identification. This method is then evaluated on two
independent sets of a cappella recordings in Sec.3.2.

3.1 Description of the proposed approach based on the combination of timbral and
intonative features

The main point of the proposed method is to exploit the synergy offered by the two majors repre-
sentations of audio signals and the features we can derive from them. First, in Sec.3.1.1, we discuss
the complementary aspect of the timbral and intonative features obtained with the source-filter and
the sinusoidal model respectively. We also detail the reasons that make the direct combination of
these features impossible. To combine information offered by these different features it is necessary
to perform independent classifications with each feature type separately and to combine the decisions
obtained. The details of the combination method are given in Sec.3.1.2.

3.1.1 Sound descriptions complementarity

As shown by the common representation of sound, the spectrogram, a sound is a pattern varying along
two dimensions: the time and the frequency axis. So, to describe a sound, one can chose to:

• describe the relative amplitudes of frequencies at a given time or to
• describe the temporal variations of one frequency (or one band of frequencies) during a given

interval of time.

These two descriptions literally adopt orthogonal points of view on the sound to be described. The
first description clearly corresponds to the idea developed in the source filter model while the sec-
ond description corresponds to the idea that we have developed in the intonative model applied on
partials obtained with the sinusoidal model. Features computed on the spectral envelope describe a
characteristic of sounds that varies all along its duration. Thus, to proceed to the complete descrip-
tion of a sound, these features are extracted onto frames and repeated all over the duration a sound.
Conversely, to be relevant, intonative features have to be computed on long portions of a signal. Vi-
brato parameters, obtained on time-varying frequency of partials, have to be computed on a segment
covering several cycles of the modulation. The problem is similar for tremolo parameters computed
on the time-varying amplitude of partials. Concerning the parameters of portamento, they have to be

1Details on the source-filter and the sinusoidal models are given in Chap.4
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computed on a segment that covers a note transition. In the following, we compute these parameters
on partials segmented using the BIC criterion as explained in Chap.4 Sec.3.2.

By analogy, with the image signal processing area, features computed on the spectral envelope of
a given frame are refereed to as local features, while features computed on the whole duration of a
note (or note transition) are refereed to as global features.

It is rather complex to prove formally the complementarities of these features. However, the in-
terpretation of these features given above clearly shows that they convey non-overlapping information
and that they come from orthogonal descriptions of audio signal. We note that both types of features
can only be extracted on voiced portions of a signal.

In this study we use LPC, MFCC, and TECC as timbral features. The details of the computation
of these features can be found in Chap.4, Sec.3.1. Experimentally we have chosen to use 15 LPC,
20 MFCC and 25 TECC. The aim of the proposed method is to increase the singer identification
performance by combining complementary information on the signal to be classified. There is no
point of combining various timbral features since they all convey the same information. The idea is
then to combine timbral features with intonative features.

As explained in Chap.3 Sec.2 there exist different levels of combination. In this case the features
cannot be combined to form a unique description of the sound for several reasons. First of all, they
have different dimensions. For a given sample, decomposed into F overlapping frames, on which P
partials are extracted, the timbral features lead to a matrix of features of size NxF. In contrast, the
intonative features lead to a matrix of features of size PxL where N and L indicates the number of
timbral and intonative coefficients respectively.

Even if it is possible to transform these two features’ matrices (either by repeating or deleting
information) to obtain two matrices of the same dimension that can be then compacted into a single
matrix, the information conveyed by these matrices have different meanings. As explained previously,
in this case it is more appropriate to combine the decisions of classifiers trained on each feature
independently.

3.1.2 Combining decisions obtained with each sound description

As explained in Chap.3 Sec.2 there are two main schemes to combine classification decision: se-
quential and parallel. In the present case, we have only two types of information to be combined.
From preliminary experiments, we assume that timbral features have a better performance than into-
native features for this task. In this situation, parallel combination rules cannot be applied directly.
It would be necessary to learn the combination rule using the outputs of each classification as new
features. This solution, however, requires a very large amount of data to avoid over-fitting problems,
as explained in Sec.2.3. The remaining solution is to use a sequential scheme of combination. The
drawback of all sequential combination schemes is that there is no backward analysis of the decisions
taken at each step. Therefore, if a wrong decision is made at one stage there is no chance to obtain a
correct classification at the end.

Considering these last points, we propose a combination method that combines the advantages of
parallel and sequential combination schemes. The underlying idea of this method is the following: the
performance of any system of classification increases when the number of possible classes decreases.
This makes it so that the decision of a system of classification can be combined efficiently with the
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decisions of more accurate systems if the problem given to the weaker system is simplified. By
“simplified problem” we mean a problem with a smaller number of classes.

In the present case, a query sample is given as input of the system of classification based on timbral
features. The outputs of this system are then analyzed to retain a small number of possible classes.
Then the same query sample is given as input of the system of classification based on intonative
features, together with the subset of selected classes. The system returns its decisions for the subset
of classes. Finally, the consensual decision is taken using classical parallel decision rules applied on
the decisions of the two systems for the reduced set of classes. Here, the decision is made after two
iterations because we only have two descriptions of the data. Theoretically, the process can be iterated
as long as the last classifier does not return a single class or another system (a new description or a
new classifier) is still available. If the method is iterated until only one class remains possible then
the method works as a decision tree. Reciprocally, if the class-set is not reduced at each step, then the
method is equivalent to a classical parallel scheme of combination.

We present next the general framework of the method that is specially adapted to:

− Combine classifications with different levels of performance.

− Solve problems involving a large number of classes with no hierarchical organization of the
data.

− Combine a low number of representations (when a cascade classification can not be processed
until only a single class remain possible).

Using the notation introduced in Sec.2 of Chap.3 we have:

• Each pattern z:

– belongs to one of the N possible classes of Ω = {ω1 . . . ωN} .
– can be described with different sets of features
– is classified with on of the available classifiers

• If D = {D1, . . . , DL} denotes the set of all available descriptions (features) of z and C =

{C1, . . . , CM} denotes the set of available classifiers, a system of classification is given by
Sk =

(
Dk, Ck

)
where Dk ∈ D and Ck ∈ C .

• During the sequential phase, the number of possible classes is reduced at each step k. Thus, we
have: Ωk+1 ⊂ Ωk ⊂ Ω0 = Ω.

• For a given classification task, all systems of classification have the same original set of training
samples. The training data set associated with the system Sk (i.e which is described using Dk)
is denoted by T k and the training set reduced to samples belonging to Ωk is denoted by T k↓ .

• We assume that all classifiers outputs can be converted into membership measurement for each
class : Mk(z) =

[
mk

1(z), . . . ,mk
N (z)

]
. Then, for a combination involving K systems of clas-

sification and a set of classes reduced to N classes at step K, the final decision is taken by
analyzing the K ×N membership measurement stored in a decision profile matrix denoted by
M.
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Alg. 1 HybrideClassif(z,S , T, Ω, r) Iterative algorithm to predict the class of pattern z given a set of
K classification systems S = {S1 . . . Sk} , a training-set T and r a combination rule
Inputs: z, the training data set T, the set of possible classes Ω and K classifiers
Output: the predicted class for z: ŵ
1 begin
2 Ω1 = Ω0

3 for k from 1 to K do
4 if |Ωk| > 1

5 Define T k↓ the training set reduced to pattern from class in Ωk

6 Train Sk using classifier Ck and T (k)
↓

7 Compute Mk the membership measurements vector returned by Sk

8 Deduce Ωk+1 the subset of the Nk most probable classes.
9 else
10 return ŵ = Ω(k)

11 endo `// at this stage, NK classes remain possible
12 for k from 1 to K do
13 `// the highest NK values of each Mk are conserved in a matrix M.
14 M(1 : NK , k) = Mk(1 : NK)

15 endo
16 ŵ ← r(M) `// make the final decision using the rule r on M
17 return ŵ
18 end
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T(1) :
training-set  

Ts(1)

z

T(2)

Ts(2)

z

System 1
S(1) = (D(1) ,C(1))
D(1) = [Ts(1), T(1)]

C(1)

T(2)
↓

C(2)

Ω0={ω1,...,ωN}

Ω(1) ⊂ Ω(0) 

Ω1

Ω(2) ⊂ Ω(1) 

System 2
S(2) = (D(2) ,C(2))
D(2) = [Ts(2), T(2)]

T(K)

Ts(K)

z

T(K)
↓

C(K)

Ω(K-1)

System K
S(K) = (D(K) ,C(K))
D(K) = [Ts(K), T(K)]

...

M1 = [m11, ..., m1
N] M2 = [m21,..., m2

M] MK = [mK1,..., mK
L] M=[MK;...;MK] 

ω

Figure 6.1: Scheme of the proposed method to combine K systems

Based on these notations, the algorithm of the method is given in Alg.1. An illustration of the
method is given in Fig.6.1, where each column block represents one system of classification. The
output of a classification system is given to the next classifier until no system remains available. The
final decision is made by analyzing the Mk of the K systems.

We now discuss the choice of the different parameters of the method in a general case and then
present the set of parameters adapted to our experiments.

Choice of parameters

• Selection of the remaining classes: The set of classes selected at each step can be chosen using
a pre-determined relation: Nk = Nk−1

ck
where ck are defined beforehand. The classes can also

be selected using a rule of thumb on the values of Mk.

• Choice of feature space and classifier: There is no restriction on the choice of the descriptions
Dk and the classifiers Ck. Thus for i 6= j, the combination system can be set up with Di = Dj

or Ci = Cj . From our experiments, the proposed method is still accurate if Si = Sj .

• Sequential organization of the Sk: If knowledge on the relative performances of the K sys-
tems is available, the most performant systems should be placed at the top of the iterative pro-
cess. If all systems have equivalent performances, or if the relative performances cannot be
estimated, systems that require the lowest number of computation can be placed at the end of
the process to minimize the cost.

• Parallel combination rule: At the end of the sequential stageNK classes remain possible. The
K vectors of measurementsMk are reduced to values of classes in Ω(K) before being combined
into a decision profile matrix M . We suggest to first normalize each column of M on the N (K)

remaining classes, so that the sum of the N (K) membership values for each classifier is equal
to one. Then the sum-rule is applied for the reasons explained in [KHDM02].
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In the following experiments we deal with the combination of decisions obtained with two inde-
pendent descriptions. The first description is given by timbral features (D(1) = TECC or D(1) =

MFCC or D(1) = LPC) and the second description is given by the intonative features (D(2) =

INTO). The combination method is tested with 3 classifiers (SVM, GMM, kNN) chosen for their
variety as explained in Chap.3 Sec.1.2. The number of classes remaining at the end of the first stage is
chosen dynamically. The membership values are normalized, such that their sum is equal to one. The
classes that explain 80% of the cumulative posterior probabilities are retained to form the new subset
of classes of size N (1). Once the membership measurements for the remaining classes given by the
two classification systems have been normalized and concatenated to form a decision profile matrix,
we apply a “sum-rule” to take the final decision.

3.2 Evaluation of the combination method

We now evaluate the proposed method. The evaluations are conducted on short samples covering
either a sustained tone or a note transition. The task here is to retrieve the singer who performs a
given sample. In [VM07] it is proven that listeners are able to recognize the singer of a song on a very
short excerpt of the song (500 ms). As mentioned before, singer identification systems can be used to
classify music automatically. Moreover, such systems can be used by music producers to detect when
an excerpt of a song, to which they own the rights, has been used in a remix. If a system can retrieve
the singer identity on a short sample, its performance will be even better on a longer excerpt of the
song.

In this experiment we evaluate the performance of each type of feature when used independently
and the performance of the global system when the features are combined. Each experiment is con-
ducted using a 3 folds cross-validation. All experiments in this section are conducted on a cappella
samples to evaluate the performance of features in an ideal case. These experiments can be considered
as preliminary experiments for the identification of a singer on isolated vocals.

3.2.1 Data sets

The different evaluations are conducted on two distinct data sets, both composed of isolated sung
notes. These datasets are chosen for their complementariness: a set of recordings performed in labo-
ratory conditions by lyrical singers and a set of notes extracted from the lead vocal track of pop-rock
songs. The two datasets are described below. For each set we give the detail of the construction of
folds made for the experiments.

• Lyrics Singers The first dataset, named LYR, is composed of isolated notes performed by 17 fe-
male lyrical singers. The singers are classified into three levels of practice (5 advanced singers,
6 intermediate-level students and 6 beginners). All samples have been recorded in laboratory
conditions with the same material (same room, microphone, position of the microphone et.c) for
a study made at the University of Utah. The detailed description of the data acquisition method
is given in [DRH09]. All samples composing LYR are recorded on the vowel /a/ performed in
9 different conditions:

1The selection is done by sorting the pseudo posterior probability in decreasing order and computing their cumulative
sum
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– 3 pitches : G4 (392 Hz), D5 (587 Hz) and A5 (880 Hz) each sung with
– 3 distinct levels of loudness referred to as: p, mf, f

The three levels of loudness are not linked to any decibel target and thus they are specific for
each singer. For each pitch the singers were asked to sing at a comfortable level and then at
soft and loud levels. Each note (a given pitch and a given loudness) is recorded three times.
Finally, we obtained 27 samples per singer and a total of 459 samples for the whole set. The
data available for one singer can be summarized as shown in Tab.6.1.

LYR p mf f
A5 1 2 3 1 2 3 1 2 3
D5 1 2 3 1 2 3 1 2 3
G4 1 2 3 1 2 3 1 2 3

Table 6.1: Data-set for one singer of LYR, repartition into 3 folds

For the experiments, the data set is divided into three folds. Singer models are learned from the
data of two folds and the validation is conducted on the data of the remaining fold. To cover the
maximum variability of one singer and obtain the most general singer model, we put into one
fold samples with all available pitches and loudnesses. However, to avoid having too similar
samples in the training and testing sets, all repetitions of the same note (same pitch and same
loudness) are put into the same fold. In Tab.6.1 each fold is represented by one color.

On this data set, the identification task can be referred to as “closed-set, note dependent iden-
tification” by analogy with the “closed set, text dependent” classification task in the speaker
recognition area.

• Pop-Rock Singers: POP
The second set of isolated notes, named POP, has been created by segmenting the lead vocal
track of “pop-rock” songs from 18 singers (8 males and 10 females). The songs, under creative
common license, have been downloaded from the ccmixter internet site 2. For each singer, we
have randomly selected 3 songs. For each song we have manually extracted an average of 50
notes. The dataset is composed of 54 songs and a total of 2,592 notes. We do not have any
information on the system of recording used for each song. By listening the different songs we
can only say that some singers use the same system of recording for all songs and some others
have completely different systems of recording for each song.

On this data set evaluations are also conducted with a 3 folds cross-validation. To ensure that
the identification is performed on the singer identity and not the song (album effect) we chose
to put into one fold all notes extracted from one song. Thus, for each fold evaluation, the singer
identity is learned using the notes of two songs, and the validation is performed on the notes of
the remaining song.

On this dataset, the task can be referred to as “closed-set, note independent classification”.

2http://ccmixter.org/
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3.2.2 Results

We report in Tab.6.2 the results obtained with LYR and in Tab.6.3 the results obtained with POP.
For both tables, the configurations of the first system of classification (S1) are presented in the first

row and the configurations of the second system of classification (S2) are presented in the first column.
The number in brackets placed beside the name of each classifier indicates the accuracy of the system
when a single classification is applied. Finally, the performances obtained with the combination are
reported at the intersection of the two systems used. Each performance reported corresponds the mean
accuracy obtained trough the 3 folds evaluated. The task evaluated here is challenging since only a
short segment (a note of few seconds length) is used to recognize the singer. We comment first on
results obtained with a single classification and then we comment on the results obtained with the
combination of classification.

Feature I TECC
Feature II SVM (84.97) kNN (83.22) GMM (77.56)

SVM (42.48) 89.11 87.8 84.97

Into GMM (42.70) 86.93 86.27 84.97

kNN (39.22) 87.58 87.8 81.7

Feature I MFCC
Feature II SVM (73.42) kNN (72.55) GMM (65.36)

SVM (42.48) 79.3 78.21 76.69

Into GMM (42.70) 79.52 80.39 76.69

kNN (39.22) 78.21 77.12 73.86

Feature I LPC
Feature II SVM (80.61) kNN (77.78) GMM (69.06)

SVM (42.48) 86.93 84.97 79.3

Into GMM (42.70) 86.93 83.88 79.74

kNN (39.22) 84.97 83.88 74.29

Table 6.2: Results of combination method for lyrical singer identification (LYR)

Feature I TECC
Feature II SVM (73.57) kNN (69.02) GMM (69.60)

SVM (50.12) 78.97 72.92 74.07

Into GMM (46.91) 70.72 68.29 72.80

kNN (43.25) 73.92 69.80 71.99

Feature I MFCC
Feature II SVM (64.66) kNN (59.26) GMM (56.21)

SVM (50.12) 71.37 67.94 56.05

Into GMM (46.91) 64.97 61.00 60.03

kNN (43.25) 67.01 63.70 61.81

Feature I LPC
Feature II SVM (69.10) kNN (63.81) GMM (56.17)

SVM (50.12) 74.85 69.60 66.05

Into GMM (46.91) 69.92 66.74 61.23

kNN (43.25) 70.41 65.97 64.37

Table 6.3: Results of combination method for singer pop-rock singer identification (POP)
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Results with single classification

• Single classification with timbral features
The results obtained with TECC, MFCC and LPC (first row of each table) clearly show that
timbre-based features are performant to describe a singer’s voice on a cappella recordings. In
all cases, SVM trained with TECC yield the best accuracy. For all features, the best performance
is obtained using the SVM classifier.

We note that the results obtained on LYR are better than results obtained on POP. We can sup-
pose that the difference is due to the “producer effect”. In LYR, all samples have been recorded
and produced with the same equipment. In addition, these samples have been recorded in ideal
conditions (no reverberation). Thus, we can suppose that the spectral differences between these
recordings are only related to differences between the voices. Conversely, the samples used to
train and test singers models in the POP data set come from different songs. In many cases,
these songs have different spectral characteristics created by different recording and producing
equipment. We have also evaluated the performance of classification on POP when the singer
models are learned on two thirds of each song and the validation is done on the remaining
data. With a 3 folds cross-validation the average accuracy obtained is equal to 96% for a SVM
classifier trained on TECC.

We can conclude that timbral features (especially TECC) capture an important part of a singer’s
signature. However, they are not sufficient to obtain a perfect classification accuracy.

• Single classification with intonative features
As far as we know, intonative features have never been used to perform singer identification.
These features can somehow find an equivalent in the prosodic features used in speaker identi-
fication [CPLTB96].

On both data sets, classifications obtained with INTO features show a relatively good perfor-
mance. We remind that a random classification would reach about 5% accuracy for a problem
with 17 or 18 singers. Most people think that vocal vibrato is an attribute of classical singing
voice. The good performances obtained on POP clearly show that pop-rock singers also have a
characteristic vibrato. The analysis of the waveforms of partials from lyrical or pop-rock singers
shows that the vibratos of lyrical singers are more regular and have larger amplitude than the
vibrato of pop-rock singers. The vibratos of pop-rock singer have a greater variability that can
explain the better performance of these features on POP. Conversely, all singers in LYR have a
fairly similar vocal technique, and their vibratos sound and look somewhat similar.

For both data sets we found that the rate of vibrato remains rather constant within the samples of
a given singer, even when these samples come from songs with different tempi. Unfortunately,
the rates of vibrato across the singers are not spaced apart enough to make a clear distinction.

Each coefficient of the intonative features has a clear meaning. We propose to evaluate the
relevance of each coefficient using the Sequential Forward Feature Selection (SFFS) algorithm.
This algorithm starts with a null feature set and, for each step, the best features that maximize
the classification accuracy is included with the current feature set (i.e. one step of the sequential
forward selection is performed). The algorithm also verifies the possibility of improvement
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if some features are excluded. At the end of the search, the (sub) optimal set of features is
found. The details of this algorithm can be found in [PNK94]. For both data sets, the most
discriminative feature is the vibrato rate. The performance obtained with this coefficient is
improved by adding the vibrato extent and the tremolo rate. In the LYR data set, the coefficients
of the polynomial are not important because the recordings do not cover notes’ transition. In
the POP data set, which contains samples covering note transitions, the 2 first coefficients of
the polynomial characterizing the portamento increase the classification performance when they
are added to the features selected previously.

Results with combination In most cases, the combination of timbral and intonative features in-
creases the classification accuracy. In average (over all experiments per data set), a gain of 6.23% and
4.48% is obtained on LYR and POP respectively. The improvement given by the intonative feature is
higher when the timbre-based classification has a lower performance. The gaps between the different
systems performance is greatly reduced with the combination of classification. For instance, the vari-
ance of the results obtained with LPC only for all classifiers is equal to 15. When the classifications
based on LPC are combined with INTO features, the variance is reduced to 3.44.

This combination method has been developed because none of the traditional combination meth-
ods provided an improvement of the performance already obtained with timbre-based features. In
practice, it is rather difficult to improve a high classification accuracy by introducing information
leading to a lower accuracy. So, we can conclude that the proposed method solves this challenging
problem. The singer identity of a short sample is retrieved with an accuracy of about 90% and 80%
for LYR and POP respectively when combining the timbral and intonative informations.

4 Proposed approach to evaluate the features robustness for singer recog-
nition

The ultimate goal of singer identification is to find a “voiceprint”, univocally characterizing a singer
voice. This voiceprint should remain invariant through all excerpts performed by the same singer.
However, voice is a highly variable instrument and this task is far from being straightforward even
when the signals analyzed are performed a cappella. In this section we propose a method to evaluate
the robustness of timbral and intonative features against variations that appear on the voice itself along
a single song, and against variations introduced by the presence of instrumental accompaniment.

The characteristics of a voice can change considerably over a short excerpt of singing. A single
musical phrase is formed with multiples notes sung on different phonemes and with various expres-
sions (or musical intention). Each note is characterized by a pitch, a duration and a dynamic. Each
phoneme is characterized by a specific set of formants. To built robust singer models it is necessary
to find features that remain invariant against the variation of pitch, intensity, phoneme, expression etc.
In the following, we refer to these variations as “intra-song” singing voice variations since all of them
can occur along the melody of a song and they only depend on the singer voice. These variations
are opposed to “inter-song” singing voice variations. The latter refer to the variations created by the
changes of accompaniment and changes of post-processing treatments that can be found through dif-
ferent songs performed by the same singer. In the review of works presented in Sec.2 we have seen
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that the “inter-song” voice variations created by changes in phonemes have already been studied in
[BW04]. The study shows that the singer identification was affected when the phonemes of the query
samples were different from the phonemes used to train the singer models. We propose to evaluate,
in Sec.4.2.2, the robustness of intonative and timbral against variations of pitch and intensity. In ad-
dition, we have seen that some studies attempt to perform singer recognition using features extracted
on vocal segments. We have presented such systems as artist identification systems because these
methods extract spectral features from accompanied vocals. It is legitimate to wonder, regarding the
performance of these studies, if spectral features can capture information on the singer’s voice when
they are extracted on accompanied vocals. We perform a second experiment, presented in Sec.4.2.3,
to evaluate how the performances of singer identification systems, trained with intonative or timbral
features, are affected by the presence of instrumental accompaniment.

4.1 Description of the proposed approach

Theoretically, a singer is similar to him/herself when he/she repeats the same note with the same pitch,
same intensity, same phoneme, same expression etc. So that, any features used to characterize a voice
should remain invariant on different repetitions of the same expert. Thus, the best performance of any
feature for a system of recognition is obtained when the testing samples are similar to the samples of
the training-set. To evaluate the performance of a feature against a specific variation, we propose to put
into the training and testing sets samples that show significant variations. For instance, if the variation
studied is the change of vowel, we can learn the singer models on all vowels except for /a/ and perform
the identification on samples sung on /a/. If the feature studied is robust against the change of vowel,
the performance for this evaluation should remain more or less similar to the performance obtained
with models trained on samples covering all possible vowels. To evaluate the robustness of a feature
against a specific variation it is necessary to have a baseline for the comparison.

4.2 Evaluation of the features of robustness against intra-song and inter-song varia-
tions

4.2.1 Data set

The LYR data set, described in Sec.3.2.1, is appropriate to study the robustness of features against
change in pitch and loudness. In addition, the repetitions of the same note (pitch and loudness) can be
used to set a baseline for the experiments. Since all samples of LYR have been recorded and processed
with the same equipment, we can ensure that the experiments are not biased in regards to the produced
effect.

To study the robustness of features against change in the instrumental accompaniment, we create
a new data set by mixing these a cappella samples with excerpts of instrumental tracks. We choose
two mono-instrumental tracks: a guitar track with a fast tempo and a rich harmonic structure, and a
piano track with a slow melody accompanied by chords on the down beats. The accompanied vocals
are created by mixing a cappella samples with one instrumental track. Before mixing the instrumental
and the a cappella track, the energy of both tracks are normalized to have equal root-mean-square
(RMS) power. For each mix, the singing-to-accompaniment ratio (SAR), as defined in [MVK07], is
then equal to 0. Like in the previous experiments (Sec.3.2), all evaluations are conducted using 3 folds
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cross-validation. The data set is split into three folds, two folds are used to train the singer models
and the validation is done on the data of the remaining fold. The 3 folds cross-validation is done by
rotating the folds.

4.2.2 Results for intra-song variations on a cappella recordings

To evaluate the performance of features against the pitch variation, we placed all samples with the
same pitch into the same fold to create 3 folds. Then we evaluate if singer models learned from two
pitches (e.g. D and A) are accurate to identify the singer of a sample sung on the remaining pitch (in
this case G). Similarly, to study the robustness against variations of loudness (“Loud”), the three folds
are created by placing all samples with the same loudness into the same fold.

The performances for pitch and loudness variations are denoted by “pitch” and “loud” respectively.
The baseline, obtained on the repetition of the same note, is denoted by “rep”. These performances,
for GMM, SVM and kNN classifiers are plotted in Fig.6.2, 6.3 and 6.4. On all figures, the accuracies
obtained after voting are plotted with dashed lines.

When working with spectral features, one decision is made for each frame. To take a unique
decision for a sample to be classified, the classes of each frame is analyzed and the class that occurs
the most often is chosen to label the sample (majority voting). The decision for samples described
with intonative features is made in the same way by studying the classes assigned for each partials of
the sample under analysis.

In this study, partials are extracted with two strategies denoted by “Harmo” and “Inharmo”. In the
case of “Harmo”, the fundamental frequency of the singing melody is given as input of the partials
tracking algorithm. Thus, the algorithm tracks partials harmonically related to this f0. In case of
Inharmo, all partials of the signal are tracked and the vocal partials are detected with the 3rd step of
the method described in Chap.5 Sec.3.1.
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Figure 6.2: Classification accuracy for pitch and loudness variations for GMM. Results obtained
after voting (V) are plotted with dashed lines
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Figure 6.3: Classification accuracy for pitch and loudness variations for SVM. Results obtained after
voting (V) are plotted with dashed lines

Timbral features As proven by the results of “Rep”, timbral features (MFCC and TECC) are highly
capable of modeling singers on a cappella recordings, as long as the query samples do not show major
differences with the samples used to train the singer models. Indeed, the TECC, after voting, reach
a near perfect classification and the performance of MFCC is higher than 95% accuracy. It should
be noted that all singers in the LYR data set have a fairly similar vocal technique since they all study
classical opera singing in the same school. The performance reached by timbral features to iden-
tify these singers across repetitions of the same notes is certainly much higher than the performance
that any listeners would reach for the same task. From the results obtained by varying the loudness
(“loud”), we can deduce that the relative amplitudes of frequencies of a sound vary slightly with the
dynamic. For both feature sets, the performance is decreased by about 20%. Still, the performance
of TECC is better than the performance of MFCC. We could have expected that all frequencies were
raised or reduced in the same way when changing loudness. In this case, the performance would not
have been affected since MFCC and TECC are both obtained with the DCT coefficients computed
on the estimated envelope except for the first coefficients (which indicates the mean values of these
coefficients).

From the experiments conducted on the variation of pitches, we can confirm that timbre-based fea-
tures are strongly correlated to pitch. The overall spectral shape changes considerably when changing
pitch and features based on the spectral envelope are not robust at all against the pitch variations. We
can suppose that the very low performance obtained with the MFCC is due to the bad estimation of
the envelope obtained by the cepstrum on high-pitched harmonic sounds. As mentioned in Chap.4
Sec.3.1 the true envelope is the most appropriate alternative in this case. It is also possible that the
performance degradation is caused by the formant tuning.

These results are not very surprising. Similar conclusions have been obtained from perceptual
experiments [EP03], and [WB03]. We propose to verify, in the next experiments, if and automatic
system for singer identification has the same limitations as listeners shown [EP03], i.e. notes with
close pitches are perceived as more similar than notes with distant pitches, even when the notes with
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Figure 6.4: Classification accuracy for pitch and loudness variations for kNN. Results obtained after
voting (V) are plotted with dashed lines

close pitches are performed by different singers. We propose to measure if the distance between
two note-models from the same singer with distant pitches is smaller than the distance between two
note-models with equal pitch sung by two different singers. This experiment is performed indepen-
dently with TECC and MFCC features. For each singer, we build three note-models (GMM). Each
note-model is trained with all samples performed on a given pitch. These models can also be in-
terpreted as pitch-based singer model. The distance (or similarity) between two pitch-based singer
models is given by the distance between their respective models computed with the Kullback-Leilber
(KL) divergence. Working with mixtures of gaussians, the KL divergence is approximated using the
Monte-Carlo method and converted into a distance using the method proposed in [ME05]. We report
in Fig.6.5 and 6.6 the distance matrices of three note-models of two singers for MFCC and TECC
respectively. In this figure, the pitch-based models of the first singers are denoted by A1, D1 and G1
and the ones of the second singers by A2, D2 and G2.

As shown on these figures, we can observe that the models obtained with MFCC are strongly
correlated to the pitch. This is because the note models of two different singers computed on the same
pitch are always more similar than the note models of the same singers computed on a different pitch.
The models computed with the TECC are clearly more robust to pitch variations. We remark that the
distance between the note models is not proportional with the interval between the pitches. Contrary
to the conclusions given in [HE01], which is that the timbre remains invariant along an octave, we
found that the timbre varies considerably between notes spaced apart by a 5th. The same experiments
conducted with all singers lead to the same conclusions.

Timbral features Returning to the original experiment, the performance of the intonative features
(Fig.6.2–6.4), based on the characteristics and variations of the fundamental frequency (and its har-
monic partials), is clearly below the performance of timbre-based features. However, they present the
advantage of being less affected by variations of pitch and loudness than timbral features. We note the
performance of Harmo is slightly better than the performance of Inharmo feature sets. On the baseline
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Figure 6.5: Distance between note-model for 2 singers with MFCC

experiment, intonative features reach 55% accuracy, which is about ten times the random accuracy for
a problem with 17 classes. The performance drops to 40% for “pitch” and “loud” experiments.

In studies conducted on the control of vibrato, Maher [Mah08],[MB90] suggests that the control
of vibrato depends on the level of practice of singers. We propose in the next experiment to evaluate
if the intonative features remain more invariant for advanced singers than beginners. The singers of
the LYR data set are grouped into three categories: Advanced (5 singers), Intermediate (6 singers) and
Beginners (6 singers). We report in Fig.6.7, the results of the same experiments for each category of
singer.

The vibrato/tremolo of trained singer seems to be more constant against all variations studied than
the vibrato of beginners. For the trained singers, the vibrato is not affected by change in loudness. For
all level of practice, the vibrato parameters vary with the pitch.

The results obtained with the “Rep” experiments show that the singer identification is accurate
when there is no major voice variation between the samples of the training and testing sets. The only
way to obtain an accurate system of classification is probably to train the models with a very large
number of samples. Ideally, the training set should contain samples with all possible pitches sung on
all possible vowels. We now investigate if the timbral and intonative features are still able to recognize
a singer when different experts of instrumental tracks accompany the repetitions of the same note.
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Figure 6.6: Distance between note-model for 2 singers with TECC

4.2.3 Results for inter-song variations

To study the robustness of features against variation in the instrumental accompaniment we propose
two experiments. Similar to the previous experiments, evaluations are conduced with a 3 folds cross-
validation.

The first experiment is done to evaluate the performance of features to retrieve the singer identity
when the same instrument accompanies the voice. We conduct this evaluation twice: once when the
a cappella samples are accompanied by a guitar, and again when the samples are accompanied by a
piano. The second experiment is conducted to evaluate if the singer is still recognized when different
instruments in training and testing sets accompany the voice. For this evaluation, the first repetition of
each note is mixed with an excerpt of the piano track, the second repetition is mixed with an excerpt
of the guitar track, and the third repetition is left a cappella. This experience is denoted by P/G/A. For
each sample, the excerpt of the instrumental track is chosen randomly. As in the previous experiments,
the baseline is the evaluation conducted on a cappella samples (where singer models are learned using
two repetitions of the same note and the evaluation is done on the third repetition).

In the intra-song variation experiments we found no major differences between the performances
of the different classifiers. In Fig.6.8 and Fig.6.9 we plot the results (before and after voting) obtained
with GMM.

We first comment on the results obtained before voting for timbral feature and then for intonative
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Figure 6.8: Classification accuracy for various accompaniment before majority voting

features.

Timbral features These results show that timbral features are clearly affected by the presence of
instrumental accompaniment. We note that the performance degradation is correlated to the “den-
sity” of the instrumental track: with the piano accompaniment, which is composed of a slow melody
accompanied by few chords, the results are much better than the results obtained on the samples ac-
companied by guitar (which is very dense harmonically and very fast). In all cases, the TECC clearly
outperform the MFCC. The performance of MFCC, which obtain about 90% accuracy on a cappella
samples, drops to 25% for the P/G/A experiments. We can assume that these coefficients capture
more information on the instrumental background than on the singing voice. Obviously, when the
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Figure 6.9: Classification accuracy for various accompaniment after majority voting

mixture analyzed is formed by a voice plus another instrument, the spectral envelope completely lost
its primary function, which is to describe the vocal tract of the singer. In the related works, we have
seen that numerous studies perform the singer identification based on these timbral features and they
obtain relatively good performance. It is very likely that the evaluation of these systems is biased by
the album effect.

Intonative features We note that the performances of intonative features are much less affected
by these variations than timbral features. It appears that these features even obtain better results on
accompanied samples than MFCC. Theoretically, if all sung partials were retrieved independently of
the instrumental background the results for intonative features should not vary with accompaniment
changes. In practice, there is a degradation that can be caused by a bad selection of a sung partial.
The Harmo feature-set is composed of partials harmonically related to the f0 of the sung melody so
that it is composed of sung partials only. This f0 was estimated, with YIN, on the a cappella versions
of these samples before the mixing step. But the performance for Harmo is not much better than
the performance for Inharmo, so we can deduce that the degradation is not due to the vocal partial
selection. The main problem certainly remains in the overlapping frequencies of the different audio
sources. When two partials of different audio sources overlap in a frequency, the amplitudes on this
region are modified. Thus, the relation between tremolo and vibrato amplitude values, which convey
interesting information on the singer vocal tract (see in Chap.4 Sec.2.4), is modified.

The performances of timbral features are considerably improved after voting. We can assume that
an important proportion of frames are dominated by the voice. The only consideration taken when
mixing the vocal and instrumental track was to have an SAR equal to 0 for the whole expert. On
frames dominated by the voice, the recognition should be performed more accurately as shown by the
results of [MVK07]. We note also that the voting rule applied on the classes assigned for each partial,
in the case of intonative features, do not improve the performance significantly. This is due to the fact
that there are only a few vocal partials per sample and less generalizations can be made.
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5 Summary and conclusions

In this chapter we have investigated the problem of singer identification. This problem has been ad-
dressed as a problem of audio classification and the emphasis has been put on the study of appropriate
features to capture the voice characteristics of singers. Two complementary approaches have been
chosen to describe the content of singing signals: the traditional description based on the source-filter
model interpretation which consists of describing the spectral envelope of stationary portions of sig-
nal, and an additional description based on the description of partials obtained with the sinusoidal
model. The latter, which gives an interpretation of the temporal variation of frequency and amplitude
of partials had never been used before for the characterization of a singer’s voice.

In this chapter we have conducted a series of experiments to evaluate different aspects of these
two types of features. All experiments were conducted on samples of voice representing a sustained
note or a note transition. To give a more complete evaluation of these features we chosed to perform
the experiments on two distinct sets of singers: 17 lyrical singers and 18 pop-rock singers. Using a
cappella samples, we have evaluated the performance of timbral and intonative features to recognize
the singer of a given sample when the singer models are trained with samples covering the maximum
variability of the singers’ voice. Then, using accompanied vocals created for the purpose of the study,
we have evaluated the capacity of these features to retrieve the singer identity when the voice is
accompanied.

In Sec.3 we have shown that intonative features can be used in supervised learning systems for
singer identification. On two distinct sets made of a cappella samples of 17 lyrical and 18 pop-
rock singers they obtain about 45% accuracy. This performance, however, is much lower than the
performance of timbral features such as TECC, MFCC and LPC, which lead to a correct classification
of about 75%. We have shown that these two descriptions convey complementary information and
then can be combined to improve the overall performance of singer identification systems. We have
proposed a method to combine these features astutely. The proposed combination method suggests
one uses the timbral features to determine the most likely classes for a sample to be classified, and
then to use to intonative feature to refine the decisions on this selected subset of classes. The proposed
approach obtains good results. In the best cases, the classification after combination reach 90% and
80% of correct classification for the lyrical and pop-rock singers respectively. These performances
are obtained using TECC and INTO features with a SVM classifier.

This evaluation has been conducted on a cappella samples to verify if these features are really
capturing information on a singer’s voice in ideal cases. In previous studies on this task it has been
suggested to perform singer recognition on isolated vocals. If methods to separate sources or to
re-synthesize the lead vocal of a song had a good performance this method could be applied. The
performance of singer identification systems highly relies on the choice of the data used to train the
singer models.

Indeed, the singing voice is a highly variable instrument whose characteristics can change con-
siderably over an excerpt of few seconds. In a set of experiments performed in Sec.4.2.2 we have
shown that most features are not invariant against variations of pitch and loudness. Therefore, to
obtain an accurate singer model it is necessary to train the model using samples covering the whole
tessitura of the singer. Ideally, the set of training samples should cover all possible variations of the
singer voice (pitch, loudness and phoneme). When there exists in the training set a sample similar
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to the query sample, a supervised learning approach will classify this sample accurately. In a last
series of experiments, presented in Sec.4.2.3, we have evaluated if the classification remains accurate
when the similar samples of singing voice are accompanied by a different excerpt of the instrumental
track. This experience was conducted using different excerpts of the same instrumental track and
using excerpts of instrumental tracks played by different instruments. In both cases, the performance
of timbral features depends on the nature of the accompaniment. When the accompaniment is very
dense harmonically and played in a fast tempo the performance drops drastically when considering
the frame-by-frame classification obtained with timbral features. By using the information obtained
on successive frames the classification accuracy can be improved significantly if a large portion of
frames is dominated by the voice. The results obtained by TECC for these experiments, after voting
are rather impressive compared to the performance of MFCC. In general, intonative features are much
less affected by the presence of instrumental accompaniment.

From all these experiments, we retain that the use of intonative features can increase the perfor-
mance of singer identification when they are combined with timbral features. These features present
the advantage of being much more robust to intra and inter song variations. We also note that the
TECC clearly outperform the traditional MFCC for these experiments. We have also proven in this
chapter that the singer identification task is more complex than it appears at first sight. Due to the vari-
ability of the voice, to obtain accurate singer models, it is necessary to be very careful when choosing
the set of data to train the singer models.



Chapter 7

Conclusions

1 Summary

In this dissertation we addressed the problem of characterizing the singing voice in order to differenti-
ate the singing voice from the other musical instruments and to differentiate singers from one another.
This research was motivated by the fact that the singing voice is the element that attracts the attention
of most auditors and it is common to retrieve a given song using information related to the singing
voice: the name of the singer, the melody carried by the singer, the lyrics of the song, etc. Considering
these points, it has became necessary to develop systems that are able to extract information related the
lead vocal of a song, in order to automatically organize large collections of music. The originality of
the work presented in this document is in regards to the descriptions of the singing voice using long-
term features related to the temporal variations of the fundamental frequency that appear naturally
in singing: the vibrato and the portamento. This idea came from the observations of spectrograms,
on which it is fairly easy to follow over time the spectral components corresponding to the singing
voice: the sustained notes are characterized by the presence of harmonic partials whose frequency
trajectories follow a quasi-periodic modulation and the transitions between notes are characterized by
a continuous variation of the fundamental frequency from one pitch to another. In previous studies
on the understanding of the vocal production and on perception of singing, it has been shown that the
temporal variations of the frequency in singing help the voice to be easily heard, even in a presence
of a loud accompaniment. It has also been demonstrated that the vibrato is a natural effect of singing
that can hardly be modified. The purpose of this study was to evaluate if the parameters of the vocal
vibrato and the portamento can be used in pattern recognition methods to distinguish the singing voice
among the other instruments and to model the signature of a singer. More precisely, it was proposed to
evaluate if the information conveyed by the features extracted on the temporal variation of the singing
voice is complementary to the information conveyed by features which aim to characterize the timbre
of the singing voice. These features could thus be combined to form a more complete description of
the signature of a singer.

In practice, the parameters of vibrato and portamento are extracted from the time-varying fre-
quency and amplitude of partials obtained with the harmonic sinusoidal model. To obtain an accurate
description of the vibrato and portamento, we proposed to model each partial frequency as the sum of
a slow and continuous variation to represent the portamento, plus a quasi-periodic modulation which
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represents the vibrato. The coefficients obtained with this model form a set of features referred to
as intonative features. Contrary to the features computed on the amplitude spectrum, the intonative
features aim to describe the elements related to singing voice in a polyphonic mixture independently
of the other instruments accompanying the voice.

In a first set of experiments we showed that vocal partials could be distinguished among the partials
of other instruments using a series of decisions based on the characteristics of the vocal vibrato and
the portamento. Typically, the vocal vibrato corresponds to a quasi-sinusoidal modulation of the
frequency with a rate comprised between 5 and 8 Hz and is quasi-constant for a given singer. The
vocal vibrato extent is relatively large compared to the other instruments. The vocal vibrato has the
particularity of being accompanied by a modulation of amplitude created by the filter that constitutes
the vocal tract of a singer. The singing voice also has the particularity of being highly harmonic. To
improve the recognition rate of vocal partial, we proposed to automatically group harmonically related
partials using a set a comparison functions, which can be compared to CASA cues. Once the vocal
partial of a mixture are identified, the vocal segments of a song can be directly localized. On these
segments, the voice can be isolated from the instrumental accompaniment and the vocal melody line
can be transcribed.

In this document we evaluated if the features extracted from the vocal partials can also be used
to characterize the signature of a singer. The results obtained through a series of experiments show
that features related to the intonation describe a part of a singer’s identity, and these features can be
combined with features related to the timbre to improve the overall performance of singer identifica-
tion. The improvement lies in the complementary information offered by the two descriptions of the
singing voice.

The research presented in this document is a step toward a novel approach to describe the mu-
sical signals based on the temporal variations of the frequencies and amplitude of the frequencial
components of harmonic sounds. The results obtained with the proposed description of sound are
encouraging. For the task of vocal segments localization, the proposed features obtained a perfor-
mance comparable with the classical approaches (i.e. pattern recognition methods based on features
extracted from the amplitude of the sort-term spectrum). For the singer identification task, we showed
that intonative features convey information complementary to the information conveyed by timbral
features, and can thus be combined to increase the recognition rate of singer identification.

2 Future works

The performance of the proposed methods could be further improved using a better estimation of
the vibrato parameters and a method to automatically determine the best segment of f0 on which to
perform the analysis. Concerning the method for vocal partial recognition, the set of thresholds as-
sociated with each decision functions could be better optimized if they were estimated conjointly. In
the method developed to group harmonically-related partials, the weights of the comparison functions
were found empirically on a training data set composed of partials extracted from mono-instrumental
tracks. To increase the performance on real mixture of instruments, these weights should be learned
on partials directly extracted from the mixture, which requires a special training set where groups of
harmonically related partials for each instrument are annotated manually. In other words, the perfor-
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mance of partial grouping can be increased by learning the difference between the partial tracking
results obtained on independent tracks and on mixed tracks. Concerning the identification of singers,
we showed that the combination of timbral and intonative features improves the performance of the
identification on a cappella recordings. We also showed that intonative features are more robust that
timbral features to describe the singing voice in the presence of accompaniment. However, the perfor-
mance of timbral features on accompanied vocal recordings, especially for the TECC, is considerably
improved when considering a single decision per recording obtained by a majority-voting rule. This
result is due to the fact that the voice dominates the other instruments on the majority of the frames. To
improve the recognition of the singer on accompanied recordings, it could be interesting to determine
the frames dominated by the voice by analyzing the relative amplitude of the vocal partials against the
amplitude of the partial of the other instruments.

The analysis of the temporal variation of frequency can be pushed ever further. One can imagine
analyzing the temporal variations on a thinner scale in order to characterize the jitter and shimmer
of a voice, which are considered elements composing the vocal quality. However, to obtain a precise
measure of these small and fast variations it is necessary to work with a very precise transcription of
the fundamental frequency. The temporal variations of the singing voice could also be analyzed on
a larger scale to determine patterns of note sequences that could be characteristic of singers. These
patterns should consider both the temporal organization of the successive notes and the specificities
of the transition between the notes. Such a model could be given by a Hidden Markov Model based
on the notes and note transitions characterization proposed in this document.

In addition, the features developed in this document could also be applied on other instruments, in
particular the string instruments with which it is also possible to produce vibrated tones. Contrary to
the singing voice, the modulations of frequency of string instruments are not related to the instrument
itself and they depend primarily on the technique of the performer. It could be interesting to evaluate
if these features can be used to distinguish two performers playing the same musical piece on the
same instrument. More generally, it could be interesting to evaluate if these features can be used and
or adapted to classify instruments.

The results obtained in this research prove that the vibrato is an important characteristic of the
singing voice. The different elements highlighted in this research could also be used and adapted to
create more natural and expressive synthetic singing voices. In particular, it could be interesting to
develop some vibrato models adapted to different types of vocal tract. Such models could also be
used to correct some imperfections on singing recordings. For instance, we can imagine an auto-tune
post-processing that could correct the pitch but preserve some temporal characteristics (such as the
vibrato/tremolo) of the original recordings to preserve a part of the singer’s signature.
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