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Abstract

State-of-the-art singing voice synthesis systems are already able to synthesize
voices with a reasonable quality, allowing their use in musical productions.
But much efforts are still necessary to obtain a quality similar to that of a real
professional singer. This thesis aimed at conducting research on the synthesis and
expressive transformations of the singing voice, towards the development of a
high-quality synthesizer that can generate a natural and expressive singing voice
automatically from a given score and lyrics.

Due to the important variability of the voice signal, both from the control
and timbral point of views, this involves considering various aspects. Mainly 3
research directions can be identified: the methods for modelling the voice signal
to automatically generate an intelligible and natural-sounding voice according to
the given lyrics; the control of the synthesis to render an adequate interpretation
of a given score while conveying some expressivity related to a specific singing
style; the transformation of the voice signal to improve its naturalness and add
expressivity by varying the timbre adequately according to the pitch, intensity and
voice quality. This thesis provides some contributions in each of those 3 directions.

First, a fully-functional synthesis system has been developed, based on di-
phones concatenations, which we assume to be up to now the approach capable
of providing the highest sound quality. The modular architecture of this system
allows to integrate and compare different signal modeling approaches.
Then, the question of the control is addressed, encompassing the automatic gen-
eration of the f0, intensity, and phonemes durations. A particular limit of state-
of-the-art approaches is a lack of controls provided to the composer to shape the
expression of the synthesized voice. To tackle this issue, an important contribution
of this thesis has been the development of a new parametric f0 model with intu-
itive controls. The modeling of specific singing styles has also been addressed by
learning the expressive variations of the modeled control parameters on commer-
cial recordings of famous singers to apply them to the synthesis of new scores.
Finally, some investigations on expressive timbre transformations have been con-
ducted, for a future integration into our synthesizer. This mainly concerns methods
related to intensity transformation, considering the effects of both the glottal source
and vocal tract, and the modeling of vocal roughness.
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Résumé

Les systèmes de synthèse de voix chantée actuels sont déjà capables de synthétiser
des voix avec une qualité raisonnable, permettant une utilisation dans le cadre
de productions musicales. Mais beaucoup d’efforts sont encore nécessaires afin
d’obtenir une qualité comparable à celle d’un réel chanteur professionnel. Le but
de cette thèse était de conduire des recherches sur la synthèse et transformation
expressive de voix chantée, en vue de pouvoir développer un synthétiseur de haute
qualité capable de générer automatiquement un chant naturel et expressif à partir
d’une partition et d’un texte donnés.

Du fait de la grande variabilité du signal vocal, tant du point de vue de son
contrôle que de son timbre, cela implique de considérer des aspects variés. 3
directions de recherches principales peuvent être identifiées: les méthodes de
modélisation du signal afin de générer automatiquement une voix intelligible et
naturelle à partir d’un texte donné; le contrôle de la synthèse, afin de produire une
interprétation d’une partition donnée tout en transmettant une certaine expressivité
liée à un style de chant spécifique; la transformation du signal vocal afin de le
rendre plus naturel et plus expressif, en faisant varier le timbre en adéquation
avec la hauteur, l’intensité et la qualité vocale. Cette thèse apporte diverses
contributions dans chacune de ces 3 directions.

Tout d’abord, un système de synthèse complet a été développé, basé sur la con-
caténation de diphones, que nous supposons être jusqu’à aujourd’hui l’approche
capable de produire les résultats de la plus haute qualité. L’architecture modulaire
de ce système permet d’intégrer et de comparer différent modèles de signaux.
Ensuite, la question du contrôle est abordée, comprenant la génération automatique
de la f0, de l’intensité, et des durées des phonèmes. Une limite particulières des
approches de l’état de l’art est le manque de contrôles fournis au compositeur pour
modifier l’expression de la voix synthétisée. Afin de résoudre ce problème, une im-
portante contribution de cette thèse a été le développement d’un nouveau modèle de
f0 paramétrique intégrant des contrôles intuitifs. La modélisation de styles de chant
spécifiques a également été abordée par l’apprentissage des variations expressives
des paramètres de contrôle modélisés à partir d’enregistrements commerciaux de
chanteurs célèbres, afin de les appliquer à la synthèse de nouvelles partitions.
Enfin, des investigations sur diverses transformations expressives du timbre ont été
conduites, en vue d’une future intégration dans notre synthétiseur. Cela concerne
principalement des méthodes liées à la transformation de l’intensité, considérant les
effets liés à la source glottique et au conduit vocal, et la modélisation de la raucité
vocale.
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Chapter 1

Introduction

1.1 Context and scope of this thesis

1.1.1 Synthesis and transformation of the singing voice

The synthesis of the singing voice is about as old as the synthesis of speech as a
research subject and goes back to the 60’s. It consists in generating a sound wave-
form (a sound file or a real-time sound stream) of a human voice, singing either
according to a given score and lyrics, or controlled in real-time using an appropri-
ate user interface.
When dealing with the transformation or synthesis of a singing voice, many dif-
ferent aspects have to be considered, from the modeling of the voice signal en-
compassing a very wide range of possible timbres and articulations, to the musical
expressivity and its control for various possible singing styles.
The two main goals of conducting research on singing voice synthesis and trans-
formation are:

• To get a better knowledge and understanding of the singing voice, from its
technical, acoustical and interpretive aspects

• To bring new possibilities to the field of artistic creation (music, movies, ...)

Nowadays, speech synthesis has already reached a very satisfying quality for many
applications, and singing voice is not far behind. But it is nevertheless still an
active research field, as more efforts are necessary to reach a quality similar to
that of a real professional singer, and continue to explore the very wide range of
possible timbres and expressions of the human voice.

1.1.2 The ChaNTeR project

This thesis has been conducted at IRCAM, in the Analysis/Synthesis team, in the
context of the ChaNTeR project 1. This project was a collaboration between IR-
CAM 2, the Limsi 3, and the companies Acapela Group 4 and Dualo 5, whose main
goal was to build high-quality singing voice synthesis systems with both real-time
and offline control possibilities.
The role of IRCAM in this project (and especially in the scope of this thesis) was
to conduct the research for building an offline synthesis system, which should be
controlled from a text and a music score (e.g. in the midi or musicXML format).

1ANR project "ChaNTeR" : ANR-13-CORD-011
2https://www.ircam.fr/
3https://www.limsi.fr/en/
4http://www.acapela-group.com/
5https://dualo.org/

https://www.ircam.fr/
https://www.limsi.fr/en/
http://www.acapela-group.com/
https://dualo.org/
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This kind of system are usually denoted as "Text-To-Singing", or "Text-To-Chant"
(TTC) systems. Another goal was to be able to apply various singing styles to the
synthesis.

1.1.3 Voice-related research at IRCAM

Voice has been a strong thematic in the Analysis/Synthesis team of IRCAM from
its creation, and this thesis has benefited from a strong background on the analysis,
modeling, synthesis and transformation of the voice, with applications in the field
of artistic creation and beyond [Rod09] .
History of voice-related research at IRCAM goes back to the work conducted in the
80’s by Xavier Rodet on the synthesis of the singing voice, with the Chant system
[RPB84] .
Since then, lots of work have been conducted in the team in various voice-related
areas. A few examples of the investigated areas are text-to-speech synthesis [Obi11;
LDR10], expressive voice transformations [Bel09], gender and age transforma-
tion67, speech segmentation [Lan+08], voice conversion [Hub15], source-filter sep-
aration [Deg10], or voice casting [ORB14].
The work carried out in this thesis therefore continues those effort towards a better
understanding and modelization of voice signals.

1.1.4 Objectives and scope of this thesis

The main objective of this thesis was to develop a high-quality singing voice syn-
thesis system that can, from a score and a text, automatically generate a sound file
of a singing voice which sounds as natural and expressive as possible, as will be
defined below.
To achieve this goal, many steps have to be performed. This possibly involves:
some language and symbolic processing to phonetize the input text into a sequence
of phonemes that is coherent with the notes of the score; the generation of all
necessary control (prosodic) parameters, like the pitch or intensity curves and the
phonemes durations; and the signal modeling and transformation part (depending
on the chosen method) that generates the signal with the desired timbre and ex-
pressions. Figure 1.1 shows the basic building blocks of such a system, namely the
system’s inputs, the control module that generates the parameters required for the
synthesis, and the synthesis module that generates the sound.

For some approaches, like concatenative synthesis, which is based on the use
of samples recorded from a real singer, many transformations have to be performed
(e.g. to change the pitch, duration, intensity, or voice quality of the recorded
samples). For other methods, like physical modeling or formant synthesis, those
features are inherent to the signal modeling. Singing style is also an important
aspect to be considered for synthesis, that has implications in both the control and
signal modeling parts.

Each of those steps should be thoroughly studied, in order to produce a
high-quality synthesis with appropriate controls for the user for a large range of
voice timbres and singing styles, and would require way more than a single thesis
to fully achieve this goal.
This thesis thus could have focused only on a single, or a restricted subset, of those

6http://www.fluxhome.com/products/plug_ins/ircam_trax-v3 ,
7http://anasynth.ircam.fr/home/english/software/supervp-trax-en

http://www.fluxhome.com/products/plug_ins/ircam_trax-v3
http://anasynth.ircam.fr/home/english/software/supervp-trax-en
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Control module:
- (Phonetization)
- Generation of control parameters

Synthesis module:
- Signal modelling and transformation

System's Inputs:
- Lyrics (raw text or phonemes), 
- Score (midi, musicXML, ...), 
- Expressive parameters (accents, 
articulations, singing style, ...)

Pitch,
Intensity, 
Phonemes
Phonemes durations,
Timbral features,

Lyrics,
Rhythm,
Melody,
Expressive features

Synthetic 
singing voice

FIGURE 1.1: Basic building blocks of a TTC system

different issues. But on the other hand, some interdependencies exist between the
different aspects, that can’t be ignored. For instance, it would be hard to correctly
evaluate the control of the synthesis if the signal transformations that are driven
by the given control inputs have a bad quality, because the result of the synthesis
would be too much degraded even though the generated control parameters may be
appropriate. An example would be the quality of the transposition, that depends on
the applied transposition factors, and thus on the generated fundamental frequency
(f0) curve. This raises the additional problem of evaluating the output of our
synthesizer, which would also have to be considered. Also, the voice timbre, like
that of any instrument, is not static and changes according to the pitch or intensity,
for instance. The control and the modeling of the voice thus can’t be considered as
completely independent domains, and it thereby seemed relevant to first consider
the synthesis system in its globality to take those considerations into account.
The work presented in this thesis thus relates to most of the necessary steps towards
building an high-quality, fully-functional TTC system. This mainly concerns the
signal modeling, transformation, and control parts.

However, thanks to previous research, some of the necessary tools and
algorithms were already available with a rather good quality to perform part of this
work, and could be used as a starting point, at the beginning of this thesis. This
especially concerns the signal modeling and transformation parts, which can make
use of tools like superVP8. Some preliminary work on concatenative singing voice
synthesis had also been already done during an internship, before the start of this
thesis [Ard13] .
Based on this available background, a TTC system based on diphones concatena-
tion, called ISiS (for Ircam Singing Synthesizer), has first been built. Each part of

8http://anasynth.ircam.fr/home/english/software/supervp

http://anasynth.ircam.fr/home/english/software/supervp
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the system has then been incrementally improved both in quality, controllability,
and flexibility, according to the results of researches on those different aspects.
Some of the research results that will be presented in this manuscript have not
been integrated in the system yet, but offer interesting perspectives from future
improvements of the system.

Another objective of the presented work was to be able to synthesize various
singing styles, which relates to both the control of the synthesis, and some specific
timbre transformations, as different singing styles, like lyrical or rock, require very
different voice qualities.

To summarize, in addition to the development of a state-of-the-art concatenative
synthesis system, this thesis mainly addresses 3 issues:

• modeling the appropriate control parameters from a score and lyrics

• building algorithms for natural-sounding timbre transformations

• modeling various singing styles, based on the available control parameters
and timbre transformations

1.2 The singing voice as an object of study

1.2.1 Specificities of the singing voice: singing versus speech

Emanating from the same physical system, speech and singing have a lot in
common. Logically, many techniques first developed for synthesizing speech have
thus been adapted quite successfully for singing voice (unit selection, HMM-based
synthesis, ...). But while everyone knows how to speak, not everyone knows
how to sing well. And similarly, synthesizing good quality singing voices is not
as easy as just constraining a text-to-speech system to follow the melody given
from a score. Some specificities that differentiate singing from speech have to be
considered.

Apart from specific contexts (e.g. a political speech, or an actors’ perfor-
mance), speaking is a relatively spontaneous process, and one mainly need to think
about the words to be pronounced in order to express our thoughts, not about the
way we pronounce those words. We don’t think about how we raise or lower our
voice while speaking, or which syllable should be accentuated. This process is
referred as "prosody" and is the result of some implicit knowledge of a particular
language (at least in the case of ones mother tongue). We don’t think neither about
how much pressure should be pushed from our lungs or how to place our larynx.
Having learned to speak from our early childhood, we are all natural experts at it.
But singing is a much less natural process. Lots of technique has to be learned to
reach a good level, which requires years of training.

In speech, the main focus is usually on the message to be delivered, and thus
on the intelligibility of the text that is pronounced. To some extent, some emotions
or intentions are also conveyed, for which the words only are not enough. Then,
the prosody helps to add some informations by shaping the pitch and dynamic
of the voice to encode those "hidden" messages. But this implicitly happens in
a rather well defined way, which doesn’t result from any aesthetic choice of the
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speaker. For instance, it is a convention that the pitch should always be raised at
the end of a question. These various aspects of vocal communication have been
already thoroughly studied from various angles [Fón83].
At the contrary, if the intelligibility is also important in singing, the main focus is
usually on the aesthetic qualities of the voice, which mainly depends on its timbre
and the various intonations produced, and this requires much more expertise and
control from the singer than for speaking.

One big difference between speech and singing is that singing is usually
constrained by a score that imposes, at least, the melody and rhythm of the
song. In a way, this might thus seem easier to deal with, as this provides more
informations on what the pitch should be, or where the phonemes should start, for
instance, whereas in text-to-speech systems this has to be determined only from
the linguistic content. But even with such informations, the expressive possibilities
of the singing voice remain limitless, and result from artistic choices and cultural
influences that can hardly be transcribed with a score and lyrics only.

Furthermore, one additional difficulty is that the range of possible pitch, inten-
sity, speed, and voice quality is much wider in singing than in speech. In music, the
voice can be for instance very high-pitched, very fast or very slow, very loud and
intense, or very gentle, sweet or rough, etc... And an ideal TTC system should be
able to cover all those possibilities. Modelling such variations of the voice thus re-
quires new approaches to model and transform signals properly, that are not needed
in speech synthesis, where the range of prosodic variations is much more restricted.

1.2.2 Diversity of vocal production in singing

Music, and especially singing, is a universal form of expression, but presents very
diverse characteristics across countries, cultures, music genres, and social contexts.
Many vocal styles exist that use the vocal apparatus in very different ways, explor-
ing various possible timbral and expressive sub-spaces of the human voice.
We present here a few examples of those various singing techniques used across
the world, and their specificities:

• Soprano operatic singing: singers can sing at very high pitches using the
falsetto voice (specific laryngeal mechanism), and shape their vocal tract in
order to tune their formants and thus maximize the homogeneity of the voice
timbre [Gar+10; Ber+14] ;

• Mongolian throat singing: in order to reach a very low pitch range, singers
make use of some specific vibratory mechanisms, with ventricular folds vi-
brating at half the frequency of the vocal folds, thus creating a period dou-
bling phenomena [Lin+01] ;

• Metal: metal singers use very specific techniques in order to produce ex-
tremely rough timbres, also involving some supra-glottic structures as vibra-
tory sources, in addition to their vocal folds [Nie08].

• Belting: belting is a non-classical singing technique used for instance by
pop or musicals singers. It is characterized by a loud and bright sound
and makes use of some resonance strategies that enhance higher harmonics
[SM93; BS00].
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• And many more: croatian folk singing [BK06], indian classical ragga
[ABS09], XXth century french variety [Cha13], african pygmy yodel
[Fri71], ...

With such diversity, it would be very ambitious to try modeling all those possi-
bilities from the ground up in a unified framework. We thus have to fix some limits
to our research, and choose one of direction to start with. Then, if the signal and
control models used are flexible enough to model more diverse vocal productions,
the synthesis system can be progressively extended to target more singing styles.
In this thesis, we thus primarily focus on Western-European types of singing, such
as lyrical and pop/variety singing styles. Especially, as part of the ChaNTeR project,
we first target French singing and will thus try to imitate the singing styles of some
famous French variety singers.

1.3 Why synthesizing singing voice?

There are multiple reasons for which one may be interested in synthesizing singing
voices. A first one would be for purely scientific interest, in order to gain more
knowledge about the way the voice is produced and perceived. In that case, some
hypothesis about voice production or perception can be verified using synthesis,
as we can assume that if we manage to synthesize a convincing singing voice, this
means that we somehow understood the underlying process of producing such
sounds for a human. This approach is usually referred to as "analysis by synthesis".
Approaches based on physical modeling, or other ones based on signal models of
voice production, are especially suitable for this purpose. But this is less true for
some more recent approaches based on deep learning techniques, where only the
sound is modeled and not the production process. Different techniques might thus
be used for different purposes.

A second reason for synthesizing singing would be to discard the need of
recording a real singer to interpret a score, when a singer with the right musical
abilities or desired voice timbre is not available, or if the production environment
is not adapted for recording in good conditions. This is particularly interesting
for amatory music production in home studio conditions. Synthesis techniques
are already in use in this context for many musical instruments, but not much for
the singing voice yet, although some software like Vocaloid9 are already used for
this purpose. Singing voice synthesis thus enables the possibility to include vocal
tracks in compositions without any other needs than a computer with the right
software, and can be done anywhere with a laptop, thus offering both an economic
and a mobile solution. A particular advantage is that the composer could, with a
flexible enough software, parametrize it to choose a particular type of voice timbre
and expression that matches his musical idea.

Synthesis could also help a composer to have a first rendering of his compo-
sition, to hear the result including the vocal part, as can already be done in most
music score editors for many instruments, even though he/she prefers recording a
real singer afterwards for a final version. But using a synthetic voice can also be an
aesthetic choice, even though it still sounds a bit artificial. This is indeed probably
what made the great commercial success of Yamaha’s Vocaloid software, as people

9https://www.vocaloid.com/en

https://www.vocaloid.com/en
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seem to like the recognizable sounding of the generated voices [Ken12]. The opera
"The end", from keiichiro Shibuya, was created in 2013 based on the vocaloid
software 10. With this idea, the results of this thesis have also been applied to
generate a synthetic voice for an opera of the composer Arnaud Petit, to be created
in October 201711.

Another advantage of using synthesis is that the composer could have a precise
control over the voice timbre and expression. He could for instance precisely
tune the vibrato, the transitions between notes, the intensity variations, or the
application of some timbre effects like growl at specific locations.

Some results from research conducted in the framework of singing voice
synthesis (e.g. expression control and timbre transformations) could also be
used in other contexts, as for instance for improving a real sung performance, as
proposed in [Umb15].

Real-time synthesis is a particular case, where the voice articulation, expres-
sion, melody, rhythm, and timbre are controlled in live by means of a dedicated
human-computer interface. The applications for this kind of systems would rather
belong to the field of live music and performing arts.

A possible future application may also be to integrate the voice timbre and
singing style learned from recordings of a famous deceased singer into a SVS
system, and have this singer sing new posthumous songs (which might also be
subject to more ethical questions), as has already been done for image using
holograms of deceased singers (e.g. with Michael Jackson).

Finally, a particular interest of using voice synthesis is also the possibility
to go beyond the limits of real human voices. It would thus be possible to have
a computer-generated voice sing precisely some notes sequences with complex
rhythms or intervals that would be very hard or impossible to sing for a real
singer. One might also want to extend the ambitus of a singer, interpolate between
different voices and singing styles as was done for the movie "Farinelli" [DGR95],
or even create very specific voice timbres that don’t sound human any more, but
still present some characteristics of a singing voice.
Some other applications are also probably still to be found in the field of entertain-
ment industry (cinema, video games, mobile phones apps, ...).

Nevertheless, our main interest, in the framework of this thesis, is to be able to
generate voices that sound as expressive and natural as possible, with a variety of
possible singing styles, and mainly for artistic purposes.

1.4 "Naturalness" and "expressivity": definitions

Before going further into the details of this work, and in order to explicit the goal
of our research, it is necessary to define what is meant by the terms "naturalness"
and "expressivity" in this thesis.

10https://www.youtube.com/watch?v=Ey8oj8S-j3U
11http://www.lefresnoy.net/panorama18/artwork/710/id/arnaud-petit

https://www.youtube.com/watch?v=Ey8oj8S-j3U
http://www.lefresnoy.net/panorama18/artwork/710/id/arnaud-petit
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We call "naturalness" the property of a synthetic voice that could be thought as
being a real recording of a human voice, as defined in [Rod02], without considering
the aesthetic or artistic values of this voice. According to this definition, any vocal
sound produced by a real person sounds "natural", even though this person is not a
good singer.

The term "expressivity" designates the propensity of a synthesized voice to
convey some musical intentions or emotions resulting from artistic choices and
possibly related to a specific singing style, which makes the voice more musically
interesting. The "expressivity" is basically what would make the difference be-
tween an average amateur singer and a professional one. As reported in [Umb+15],
it might also be defined as "the strategies and changes which are not marked in a
score but which performers apply to the music." (in [KM12]), or the added value
of a performance [which] is part of the reason that music is interesting to listen to
and sounds alive (in [Can+04]).

Both naturalness and expressivity are related to the timbral and prosodic fea-
tures of the voice. But expressivity is more related to how those 2 key aspects
vary in time and from one production to another, while naturalness is more related
to how close to the physical reality of the voice production mechanism the used
models are.

1.5 Main challenges in singing voice synthesis

As recalled earlier, the voice is probably the most complex and versatile of all
acoustic musical instruments. Much research has already been devoted to the un-
derstanding of the mechanisms involved in singing voice production, and to its
synthesis. But due to the non-static geometry of the voice organ, lots of charac-
teristics and parameters are thus involved in all aspects of voice production, and
more efforts are still necessary to reach the quality that could be expected from a
real professional musician. According to the current state of researches, 3 main
challenges can be identified for achieving the goal of building a truly natural and
expressive-sounding SVS:

• The first challenge is to be able to produce an homogeneous, natural, and
coherent timbre over an important range of pitch values. Whether the sig-
nal is transformed from a recorded sample or obtained using a parametric
voice model, this requires the knowledge of the vocal tract filter of the voice,
which can be obtained through spectral envelope estimation [Mak75; EM91;
VRR06; RR05b] and source-filter separation techniques [Deg10; FM03].
But one issue is that the vocal tract filter (VTF) can usually only be par-
tially observed, as its value can only be estimated at the partials’ frequencies,
for voiced sounds. This is especially problematic for high-pitched female
voices, as the envelope is sampled by the harmonics with a poor resolution.
Another aspect to be considered is that, for a given vowel, the vocal-tract
filter is also pitch-dependant, as singers move their articulators (jaw, lips,
tongue, ...) to keep an homogeneous timbre, and better project their voice
[TW09]. The voice source should also be properly modeled, as its proper-
ties might also change according to the pitch, due to the different vocal folds
vibratory mechanisms [RH09; Ber+14].



1.6. Main contributions 9

• A second challenge to be addressed is to enhance the expressive potential
of synthesized voices through timbre modeling and transformations. A first
objective would be to accurately reproduce the timbre variations related to
voice intensity and vocal effort [LD99b; Mol+14]. Like for pitch, this has
implications on both the voice source and the VTF. As said before, some
singing styles are characterized by different timbral characteristics and can
make use of various expressive timbral effects. An example of such effects
is the growl effect [Sak+04; BB13], used in pop, jazz, or rock for instance,
where some roughness has to be introduced in the voice. Other typical tim-
bral characteristics of the voice are breathiness, tenseness, etc...

• A third challenging aspect of singing voice synthesis is its control. The ques-
tions to be answered are then: How to automatically control from the score
all the prosodic and timbral variations of the voice? And which degree of
controllability is available to the user? This question also encompasses that
of singing style modeling, which has not been very much investigated yet.

This thesis mainly addresses the second and third of those challenges.

1.6 Main contributions

As evoked above, singing voice synthesis faces lots of issues on a variety of sub-
jects, from musicology and physiology to signal processing and machine learning.
Obviously, all issues could not be addressed in a single thesis, and choices had to
be made to focus on a few ones.

The main contributions of this thesis that will be developed in this manuscript
are:

• A thorough review of the state-of-the-art methods involved in various aspects
of singing voice analysis, synthesis, and transformation, encompassing both
signal modeling and expression control.

• The development of a fully-functional concatenative Text-To-Singing syn-
thesis system called "ISiS", for Ircam Singing Synthesizer.

• The proposal of a new multi-layer parametric f0 model based on the use of
B-splines, with intuitive controls to reproduce expressive features specific to
singing voice.

• A new approach to model singing styles, using a rich description of the musi-
cal contexts along with some machine learning approach to learn expressive
features of singers from a few recordings.

• An algorithm for producing a "mouth opening" effect to be used for natural-
sounding intensity transformations.

• New approaches for introducing roughness in the voice timbre, useful for
applying typical expressive effects (like growl) used in certain singing styles.

1.7 Outline of the manuscript

The organization of the document is the following:
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First, a state of the art of the existing techniques related to singing voice
synthesis (mainly voice modeling and transformations, and expression control),
that served as a starting point to this thesis, is established.

The following chapter is dedicated to concatenative synthesis. ISiS, the
singing synthesizer developed in this thesis, will be presented in its principles and
architecture. The databases used for the synthesis will be described along with the
synthesis engines that have been integrated in the software, and some problems
related to the concatenation process will be tackled.

The subject of the next chapter is the control of the synthesis. The question
addressed in this chapter is: How to automatically generate all the synthesis control
parameters from the score and lyrics?
Our research on modeling the phonemes duration, the f0, and the intensity curves
will be presented. A particular focus of this chapter will be on the new f0model
proposed.

Then, this problematic is extended to the purpose of singing style modeling.
Based on the results of the previous chapter and some established musical contexts
description, a machine learning approach will be presented, that aims at extracting
the expressive features of some singers from recordings and apply them to the
synthesis of new songs.

The next chapter is dedicated to expressive timbre transformations. First,
some work on modeling timbre modifications related to vocal effort and mouth
opening for producing realistic intensity variations will be presented. Then, new
approaches to roughness modeling with be described.

Finally, the main contributions of the thesis will be summarized, some ideas for
improvements and future research directions will be exposed, and the problematic
of the evaluation of singing voice synthesis will be shortly discussed.

In order to illustrate the presented work, some sounds are attached to this
document, that can be accessed from the following url: http://recherche.
ircam.fr/anasyn/ardaillon/these/these.php

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
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Chapter 2

State of the art in modelization
and transformation of the singing
voice

This chapter aims at presenting the basic concepts and main techniques related
to (singing) voice production, analysis, modeling, transformation, and synthesis
required to get a good overview of the state of the arts techniques used in the field of
singing voice processing, and to understand the researches presented in this thesis.
More detailed explanations will be given for the specific concepts and techniques
that have been used or studied in this thesis. For some key concepts, more in-depth
explanations may also be given when required in the sub-sequent chapters.

2.1 Physiology of voice production

In this section, we will first describe the voice production system to give a basic
idea of the main components and properties of voice. As any wind instrument, the
human vocal apparatus is composed of a vibrating source excited by an air flow
coming from a blower, and a resonator. Figure 2.1 describes the anatomy of the
human vocal apparatus with its main components. The lungs play the role of the
blower, expelling the air up to the trachea. The vocal folds are 2 parallel bands
of mucous membrane situated in the larynx and form the vibratory source. The
resonator of the vocal apparatus, called the vocal tract, is composed of everything
above the glottis, from the larynx up to the lips and nostrils. Thorough explanations
about the voice production system are given in [Sun90].

The myo-elastic theory of Van den Berg [Van58] explains the vibratory
mechanism of the vocal folds. When air is pushed out from the lungs with a certain
pressure (called "subglottic pressure"), this air column meets the vocal folds,
initially closed. Due to the air pressure, the 2 folds then move away from one
another. Then, due to the Bernoulli effect and some elastic return force, the vocal
folds tend to stick back together again. Under certain physical conditions (mainly
the level of subglottic pressure and vocal folds’ tension), this action repeats at
regular intervals and the vocal folds start to exhibit an auto-oscillation behaviour.
The air flow, being modulated by the glottal opening, is then pulsed at a certain
frequency in the vocal tract, thus creating an acoustic wave. The frequency of
this sound is mainly dependant on the vocal folds’ length and tension that are
controlled by some dedicated muscles, and the intensity on the subglottic pressure.
Those sounds produced by means of the vibration of the vocal folds are called
"voiced sounds".
Due to viscosity and various constrictions of the vocal tract, part of the air flow
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FIGURE 2.1: Description of the vocal production system (adapted
from [Deg10], with the permission of the author)

also exhibits a turbulent behaviour, acting as a noise source. More specifically,
these turbulences can be created either at the glottis level (termed aspiration noise),
where it is thus modulated by the glottal opening, or at the tongue and teeth levels
(termed frication noise). Sounds that are only composed of this stochastic noise
component (e.g. fricative consonants, or whispered voice) are called "unvoiced
sounds".
Other organs not used in usual phonation might sometimes also act as secondary
vibratory sources, in addition to the vocal folds. This is the case of the ventricular
folds (sometimes called "false vocal folds"), placed just above the vocal folds in
the larynx, as shown in figure 2.1, which are implied in the production of rough
voices [Bai09].

Then, the vocal tract acts as a natural filter that shapes the timbre of the sound
produced by the voice source (both voiced and unvoiced). The shape of the vocal
tract is determined by the position of all the articulators (higlighted in blue in figure
2.1). The main articulators used by singers to shape the sound are: the tongue, the
jaw, the velum, and the lips. To a lesser extent, some muscles in the pharynx
can also be used to apply some constrictions at different places. The vocal tract
can then be modeled as a simple tube with a varying diameter determined by the
position of those articulators. Depending on this shape, the vocal tract resonates at
some particular eigen frequencies. These resonances of the vocal tract are called the
"formants". Figure 2.2 shows the relation between the articulators’ positions and
the vowel produced, and figure 2.3 also shows the relation between those vowels
and the two 1st formants’ frequencies F1 and F2.

Although formants may be affected by all elements of the vocal tract, note
that some articulators have a higher effect on certain formants. As explained in
[Sun90], the first two formants are related to the produced vowel, the first formant
being primarily related to the jaw opening and the second formant to the position
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tions, vowels, and articulators’ positions. (adapted from [Fux12],
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of the tongue. The next three formants are more related to timbre and voice
identity, the third formant being particularly influenced by the position of the of
the tip of the tongue and the fourth one by the dimensions of the larynx.

In the case of nasal sounds (e.g. /a~/, /o~/, /e~/ in SAMPA phonetic notation,
presented in annexe A), the velum is open, and the air flows both through the oral
and the nasal cavities, and the vocal tract thus becomes composed of 2 parallel
tubes. This configuration introduces some additional anti-resonances that are
specific to those nasal sounds.

Finally, the sound is radiated at the lips (and nostrils for nasal sounds) level.

2.2 The source-filter modelization of voice

From the signal point of view, the voice mechanism is often modeled using the so-
called source-filter model, which is an approximation of the behaviour of the vocal
apparatus, seen as a linear system. Lots of algorithms and techniques used in the
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field of voice processing are based on this rather simple model, which will also be
used in the scope of this thesis. This section thus aims at giving an overview of this
model, for a good understanding of the following sections and chapters.

2.2.1 Overview

In this representation, a generated source signal is simply shaped by a filter repre-
senting the resonances (and anti-resonances) of the vocal tract, assuming that this
view is close enough to the reality from a perceptual point of view. The source
and filtering parts are thus considered as independent components, discarding the
effects of non-linear behaviours that may occur due to the various interactions be-
tween the vocal folds and the supra-glottic structure (vocal tract, ventricular folds,
...) and the influence of the time-varying geometry of the glottis during each glottal
cycle.
A general formulation of the source-filter model in the frequency domain is given
in equation 2.1.

S(ω) = G(ω) · C(ω) · L(ω) (2.1)

where S(ω) is the spectrum of the radiated voice signal, G(ω) the source spectrum,
C(ω) the VTF transfer function, L(ω) represents the radiation at lips and nostrils,
and ω is the angular frequency.
The spectral shape of the source component is mainly dependant on the pitch, vocal
effort, and voice quality. In this equation, the source G(ω) represents both the
deterministic (voiced) and stochastic (unvoiced) parts. A more refined formulation
detailing the source’s components is thus given by equation 2.2

S(ω) = ((Hf0(ω) ·Gvo(ω)) +N(ω)) · C(ω) · L(ω) (2.2)

where Gvo(ω) represents the spectrum of the deterministic part of the source due
to the vibration of the vocal folds, Hf0(ω) is an harmonic comb at fundamental
frequency f0 that represents the periodicity of the glottal vibration, and N(ω) rep-
resents the noisy part (encompassing both aspiration and frication types of noise).
The lips (and nostrils) radiation is modeled as a simple time derivative, as explained
in [Deg10]: L(ω) = j · ω.
More details about the source-filter model can be found in [Deg10] or [Hub15].

2.2.2 Glottal source modeling

The source-filter model has been proposed as a simplified representation useful
to understand the physiological fundamental of the voice and to give a conve-
nient framework for voice processing, where the different components can be
manipulated separately in a perceptually relevant way. For this purpose, it is thus
necessary to have signal representations of these components, starting with the
source component.

In the most simple version of source-filter model implementations, as the
one used in early HMM-based speech synthesis systems [Yos+01], the source is
modelled in the time-domain as a simple impulse train at a certain frequency for
the deterministic part Gvo(ω), and white noise for the stochastic part σ(ω), all
the timbral characteristics that color the voice being grouped into the filter part
C(ω). But in reality, some timbral features are not related to the vocal tract, but
rather to the vocal folds vibratory characteristics, and would thus better be treated
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separately.
For better quality and flexibility, glottal source models have thus been proposed.
Examples of such models are the CALM [DAH03] and the LF [FLL85] models,
which is the one used in part of this thesis, and that we will thus present here.
Figure 2.4 shows a characteristic shape of the glottal flow in the time-domain for
one period. As one can see, the period is composed of 2 phases: one during which
the glottis is open, and one during which the glottis is closed and the flow is thus
null.

As the presented source-filter model is composed of linear operators only, their
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FIGURE 2.5: Derivative glottal flow with LF model parameters

order can be rearranged, and the radiation filter (L(ω)) can thus be placed between
the source and the vocal tract filter for convenience. For this reason, the LF model
models the derivative of the glottal flow, rather than the glottal flow itself, in order
to take into account the lips radiation.

The LF model is described in [FLL85], and figure 2.5 shows a typical shape
for one period of the derivative glottal flow, as generated by the model, with its 4
parameters tp, te, ta, and Ee. tp corresponds to the time of the maximal opening
of the glottis, te to the time of the minimal value of the derivative during the
closing phase, and the return phase ta is equal to the duration between te and the
point where the tangent at time te becomes equal to 0. Those values are relative
to a normalized pulse period of 1 (with T0 = 1, while the time axis in the figures
is given in seconds). The fundamental frequency is thus required to scale them
according to the real pulse period T0. Ee is the minimal negative amplitude at te
and sets the overall energy of the pulse.
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TABLE 2.1: LF model parameters

parameter range description

T0 ]0; +∞[ fundamental period
Oq ]0; 1[ open quotient
αm [0.5; 1[ open phase skewness
ta [0; 1−Oq[ return phase
Ee [0; +∞[ pulse energy

An equivalent but more intuitive parametrization used to drive the LF model
makes use of the parameters Oq = te

T0
, called the "open quotient", and αm =

tp
te

,
that characterizes the skewness of the open phase of the pulse [DAH06].
Table 2.1 summarizes the parameters of this LF model.

If this model can generate a good approximation of a real glottal source, using
3 parameters ([ta,tp,te] or [Oq,αm,ta]) to set the pulse shape, it might still not be
the most convenient to handle for analysis and synthesis purposes. For this reason,
Fant introduced an efficient one-dimensional parametrization of the pulse shape
with the LF model using a single "meta-parameter" Rd, as described in [Fan95].
Rd is defined by equation 2.3:

Rd =
U0

Ee
· f0

110
(2.3)

(where U0 is the amplitude of the glottal flow, as shown in figure 2.4, and f0 is the
fundamental frequency (= 1

T0
)), and equation 2.4, using the R parameters:

Rd = (
1

0.11
)(0.5 + 1.2Rk)(

Rk
4Rg

+Ra) (2.4)

where Ra = ta
t0

, Rg = T0
2tp

, and Rk =
(te−tp)
tp

.

Equation 2.4, obtained by means of a statistical regression of Rd values,
as defined by equation 2.3, on a space of the co-varying underlying R shape
parameters measured on various speakers, gives a means to compute the original
LF model parameters from this single Rd parameter, as detailed in [Fan95]. Fant
has shown that this parameter is the most effective one to describe voice qualities
into a single value. This simple parametrization allows to describe voice qualities
as a continuum of tense, modal and relaxed voice qualities. Lower Rd values
correspond to more tense and higher Rd values to more relaxed voice quality,
typical Rd values being found in the range [0.3; 2.7] (and possibly higher at
sentences boundaries) [Fan95].
From equation 2.3, one can see that for a constant Rd and F0, parameter Ee is
directly proportional to U0 and thus relates to pulse energy, as written in table 2.1.

In the frequency domain, this glottal source is mainly characterized by its
spectral tilt and a glottal formant, which corresponds to a resonance in the low-
frequencies, in the vicinity of f0. Figure 2.6 shows the derivative glottal pulse shape
and corresponding spectrum for different values of Rd. Note that for low Rd val-
ues, the vocal folds remain closed for a large portion of the glottal cycle (low value
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of open quotient Oq) and the voice has more high-frequency content (low spectral
tilt), due to the short length of the glottal pulse and the rapid closure of the vocal
folds, and inversely for high Rd values.
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FIGURE 2.6: Examples of a). derivative glottal pulse shapes and
b). corresponding spectrum, for various Rd values

This modelization of the deterministic source component can then be mixed
with the stochastic component (e.g. modeled as filtered white or gaussian noise).

2.2.3 Spectral envelope estimation

We first presented the source component of the source-filter model. We will now
present the complementary part of the model, i.e. the Vocal Tract Filter (VTF). As
explained in section 2.2.1, the VTF shapes the source spectrum by applying the
resonances (and anti-resonances) due to shape of the vocal tract. These resonances
are called formants and greatly contribute to the voice timbre, characterizing the
pronounced phonemes, or to some extent the vocal quality (related to expressivity
or emotions), or the gender, age, and identity of a speaker. In order to synthesize
or transform a voice appropriately, it can be necessary to estimate this VTF from
real recorded voice signals. However, it is a difficult task to estimate directly the
VTF, separated from the source contribution. It is also not necessary in many
applications, for which it may be sufficient to assume a spectrally flat source
(either white noise, an harmonic comb, or a combination of both). Rather than the
VTF, we thus first seek to estimate the spectral envelope of the sound.

The spectral envelope can be defined as a smooth function passing through the
prominent peaks of the voice spectrum, as illustrated in figure 2.7. In terms of
the source-filter model, the so-defined spectral envelope thus represents both the
contribution of the source spectrum and vocal tract filter as one unique function of
frequency. Here we present the possible approaches for estimating this function
from sound signals. This definition thus does not correspond to the C(ω) com-
ponent from equation 2.2 which would be the VTF, but rather to the combination
Gvo(ω) · C(ω) · L(ω). As we have seen in the previous section, we usually model
the derivative of the glottal flow (corresponding to Gvo(ω) · L(ω) in the spectral
domain) as the voice source. However, the problem of estimating and separat-
ing the source spectrum and VTF from the signal will be discussed in a next section.

Estimating the spectral envelope from a noisy signal (i.e. filtered white noise)
is easy, as there is energy present at all frequencies. However, estimating it on
harmonic signals, as it is mostly the case for voice, is much more difficult, because
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FIGURE 2.7: Spectral envelope (green) of a voice spectrum (blue)

the envelope is only sampled at the discrete harmonic frequencies (as shown in
figure 2.7), which, depending on the f0, may create aliasing. The main problem is
thus to be able to reconstruct the continuous envelope from its known values at the
sampled frequencies. This estimation is especially more difficult for high-pitched
voices, as the sampling of the envelope becomes more sparse.

In [RVR07], the authors investigated the problem of estimating the spectral en-
velope for harmonic signals, comparing the main existing approaches, and giving
some insight on the optimal parametrisation of the algorithms. Those approaches
can be classified in 2 categories, that will be exposed below: cepstrum-based ap-
proach and methods based on all-pole models.

2.2.3.1 Cepstrum-based approaches

A first possible approach that is available for spectral envelope estimation is cep-
stral smoothing [Opp69]. The real cepstrum C(l) is defined as the inverse Fourier
transform of the log amplitude spectrum of a sound. If we define X(k) to represent
the K-point DFT of the signal’s frame x(n), we have:

C(l) =
K∑
k=0

log(|X(k)|)ei 2πklK (2.5)

In the cepstral domain, the variable l is called the quefrency. Assuming G(k) an
harmonic comb and H(k) the spectral envelope, we have :

X(k) = G(k)H(k) (2.6)

Taking the log of the modulus, we have :

log(|X(k)|) = log(|G(k)|) + log(|H(k)|) (2.7)

In the cepstral domain, the harmonic source component is found in the high que-
frencies, while the spectral envelope is found in the low quefrencies. Thanks to the
linearity of the fourier transform, the simple additive operator due to applying the
logarithm thus allows to separate the 2 components. By setting all high quefrency
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elements in the cepstrum above coefficient P + 1 to 0, P being the cepstral order,
we can thus isolate and retrieve the spectral envelope H(k). As stated in [RVR07],
the optimal order for an harmonic signal is

P̂ =
Fs
2f0

(2.8)

where Fs is the sampling rate and f0 the fundamental frequency of the signal.
Unfortunately, the filtered cepstrum will create an envelope following the mean

of the spectrum and not the contour of the spectral peaks, as would be desired.
Based on the cepstrum, 2 main approaches allow to cope with this problem: the
discrete cepstrum [GR90; CM96] and the True-Envelope (TE) [RR05a] algorithms.

• Discrete cepstrum:
As stated in [CM96], the spectrum magnitude |X(k)| is related to the real
cepstrum coefficients ci by:

log(|X(k)|) = c0 + 2

P∑
i=1

cicos(2πfi) (2.9)

The discrete cepstrum method consists in finding the parameters of such a
cepstral model by means of a least square approximation using only the peaks
of the signal amplitude spectrum, such that the obtained spectrum is close to
what is considered a spectral envelope. But the problems of this method are
that it requires a fundamental frequency analysis or another means to prese-
lect the spectral peaks, that it is often ill-conditioned, and has computational
complexity of O(P 3).

• True-envelope:
The True-Envelope algorithm [RR05a] performs an iterative cepstrum-based
estimation, without requiring to select spectral peaks. Let Vi(k) be the cep-
stral representation of the spectral envelope at iteration i, that is the Fourier
transform of the filtered cepstrum. First we set A0(k) = log(|X(k)|) and
V0(k) = −∞. Then the algorithm iteratively replaces the current target am-
plitude spectrum according to

Ai(k) = max(Ai−1(k), Vi−1(k)) (2.10)

and iteratively applies cepstral filtering to the updated spectrum Ai. With
this procedure, the valleys between the peaks of the target spectrum will be
filled progressively by the cepstral filtering until all the peaks are covered.
As stopping criterion of the procedure, a parameter δ is used that defines the
maximum excess that a peak of the observed spectrum is allowed to have
above the estimated spectral envelope (e.g. δ = 2dB). The resulting esti-
mation can be interpreted as the best band limited interpolation of the major
spectral peaks. The true-envelope algorithm has been used in this thesis by
means of its implementation in the SuperVP software 1.

1http://anasynth.ircam.fr/home/english/software/SuperVP

http://anasynth.ircam.fr/home/english/software/SuperVP
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2.2.3.2 All-pole models

All-pole, or auto-regressive (AR), models are well-adapted for voice processing,
as the resonances of the vocal tract (i.e. the formants) can be well represented
by the poles of a corresponding all-pole IIR digital filter. Vocal sounds may also
sometimes exhibit some anti-resonances, which would correspond to the zeros of
a digital filter, for which an ARMA model would thus be better suited. However,
zeros are only present in nasal sounds, or at some specific high-frequency locations
(e.g. from 4 to 5kHz due to the piriform sinus [DH97]), and not as perceptually
relevant as formants for speech intelligibility and speaker identification. Anti-
resonances are thus of secondary importance for voice, such that all-pole models
usually give a good enough approximation of the spectral envelope for many
processing tasks.

In auto-regressive models, a signal is explained as a linear combination of its
past values and a white noise excitation source, as expressed by equation 2.11 :

x(n) =
P∑
k=1

akx(n− k) + u(n) (2.11)

where x is the observed signal to be modelled, the ak are the AR coefficients of the
model, P is the model order, and u is the excitation signal.
In the Z domain, an all-pole model can be defined by its transfer function :

H(z) =
G

1 +
∑P

k=1 akz
−k

(2.12)

where G is a fixed gain coefficient.
2 popular methods exists to estimate the AR coefficients ak from a speech signal:
linear prediction (LPC) [Mak75] and Discrete All-Pole modeling (DAP) [EM91].

• LPC :
In order to find the best estimate of the coefficients ak, we seek to minimize
the quadratic error between the signal x(n) and its model x̂(n) :

σ = (x(n)− x̂(n))2 (2.13)

It can be shown that

σ = R(0)−
P∑
k=1

akR(k) (2.14)

where R is the auto-correlation sequence of the signal :

R(i) =
∞∑

n=−∞
x(n)x(n+ i) (2.15)

This result leads to a set of linear equations, known as the Yule-Walker equa-
tions, that can be written in matrix notation as :

R(1)
R(2)

...
R(P )

 =


R(0) R(−1) · · · R(−P + 1)
R(1) R(0) · · · R(−P + 2)

...
. . .

...
R(P − 1) R(P − 2) · · · R(0)



a1

a2
...
aP

 (2.16)
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From there, the coefficients can be estimated by inverting the matrix.
This approach is well suited to estimate the spectral envelope assuming a
white noise excitation signal. However, for voiced speech sounds, the spec-
tral envelope obtained from this method contains systematic errors as a con-
sequence of the aliasing (in the auto-correlation domain) due to the sub-
sampling of the spectral envelope by the harmonics, and will start to fit the
spectral peaks, especially for high-pitched sounds. The DAP algorithm aims
to solve this problem for a better estimation.

• DAP :
The basic idea exploited with the DAP algorithm [EM91] is to fit the all-pole
model using only the finite set of spectral locations that are related to the har-
monic positions of the fundamental frequency. The objective function used
for this purpose in DAP is a discrete version of the Itakura-Saito measure,
defined by

EIS =
1

N

N∑
m=1

P (ωm)

P̂ (ωm)
− lnP (ωm)

P̂ (ωm)
− 1 (2.17)

where P (ωm) is the given discrete spectrum defined at N frequency points
ωm and P̂ (ωm) is the all-pole model spectrum evaluated at the same fre-
quencies. It is then shown in [EM91] that minimizing this error leads to the
following equations :

2
P∑
k=0

ak

[
R(i− k)− R̂(i− k)

]
= 0, 0 ≤ i ≤ P (2.18)

where R(i) is the autocorrelation corresponding to the given discrete spec-
trum and R̂(i) is the autocorrelation corresponding to the all-pole model sam-
pled at the same discrete frequencies. These equations can then be solved
using an iterative procedure to find the optimal filter coefficients ak.
This approach requires to first select the spectral peaks to be used in the error
measure and adds some computational complexity compared to LPC, but is
assumed to give a better estimate of the spectral envelope. Note that for the
continuous case of the presented error measure, the result would be the same
as with the LPC.

All the algorithms presented here for spectral envelope estimation are implemented
in the superVP software2 [LR13]. The true-envelope algorithm leading to an ac-
curate peak fitting has been mainly used throughout this thesis whenever spectral
envelope estimation was required. However, having a parametric representation of
the envelope such as an all-pole model is also useful for some processing tasks,
and the DAP algorithm has thus also been used in this thesis for some timbre ma-
nipulation purpose based on poles modifications, as will be exposed in chapter 6.
Figure 2.8 shows as an example the results of the spectral envelope estimation on
an harmonic spectrum using the different methods presented. As can be seen on
this figure, the true-envelope give the best approximation of the spectral envelope.
The LPC and DAP approaches give very similar results, but completely miss the
valley around 4500Hz, which is not represented by the all-pole model. Finally, the
discrete cepstrum approach tends to oversmooth the envelope, and is thus not very

2http://anasynth.ircam.fr/home/english/software/supervp

http://anasynth.ircam.fr/home/english/software/supervp
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accurate compared to the other methods.
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FIGURE 2.8: Spectral envelope of an harmonic signal estimated
using various approaches

2.2.3.3 Multi-Frame Analysis (MFA)

As seen before, the accuracy and robustess of the spectral envelope estimation tech-
niques is often limited by the sub-sampling of the real envelope by the partials of
the signal. These estimation are ususally done on a single frame of the signal.
However, assuming that the spectral envelope is relatively stable in time over sev-
eral frames, and that f0 is changing from one frame to another, the spectral envelope
can be sampled more densely by combining several frames in the analysis. In this
direction, several algorithms have been proposed for such multi-frame analysis of
the spectral envelope [Deg15; SK03a].
In the framework of the ChaNTeR project, researches have also been conducted in
this direction for better estimation of spectral envelope for morphing applications
(e.g. pitch or intensity transformations), which gave encouraging results [DAR16a;
DAR16b]. However, the assumption of having a stable envelope with a varying
f0 is not ensured, as the VTF may change for instance in synchronisation with the
vibrato. This should thus be subject to further investigations to get more insight on
the perceptual relevance of these considerations.

2.2.4 Source and filter separation

For expressive singing voice synthesis, advanced timbre manipulations are
necessary. As mentioned previously, some timbral properties are mainly related
to the source component, while others are only related to the VTF. Once the
spectral envelope has been estimated, it may thus be useful to separate the source
contribution from the VTF to be able to control those 2 components independently.
For this purpose, it is necessary to first estimate the source shape parameters.
Many methods have been proposed to address this issue, among which pre-
emphasis [MG76], Iterative Adaptive Inverse Filtering (IAIF) [Alk92], closed-
phase analysis [PQR99], phase minization methods [Deg10], and others...
However, this problem being only of secondary interest for the presented work and
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for the sake of brevity, all those methods won’t be detailed here. This question has
been thoroughly addressed in [Deg10] which presents the different methods.

The algorithm that we used in this thesis, implemented into the superVP
software, is based on the methods described in [DRR11a; Deg10] and [Hub15].
This algorithm aims at estimating the parameter Rd of the LF model, introduced
in section 2.2.2. The main assumption behind the chosen approach is that the
impulse response of the vocal tract is minimum phase, while the glottal source
is a mixed-phase signal. The proposed Rd parameter estimation algorithm is
thus based on objective functions for phase minimization, by fitting synthesized
LF models, parametrized by different Rd values selected on a grid spanning the
possible range, against the speech spectrum S(ω). The goal is to minimize the
mean squared phase error between the signal’s spectrum and its model when
matching a synthesized glottal pulse against a strictly harmonic representation of
voiced speech. In each frame analyzed, the Rd resulting in the lowest remaining
phase error is selected.

However, the use of the 1-dimensional Rd parametrization restricts the
synthesized LF model shapes to a subspace of its complete parameters space and
thus results into an approximation, that may not perfectly fit the true glottal source
shape of the analyzed signal.

With the proposed method, the optimal minimum-phase VTF is implicitly
jointly estimated as the complement of the estimated source shape. It can thus be
retrieved, by a simple spectral division of the signal’s spectrum by the source’s
spectrum.

2.3 Singing voice synthesis techniques

Since the first works on singing voice synthesis in the 60’s, much progress have
been made, and the obtained quality is already good enough to be used in music
productions, using popular commercial softwares such as Vocaloid [KO07]. In the
articles [Coo98] from 1998 and [Rod02] from 2002, the authors give an overview of
the state of the art techniques and applications at that time. But more progress have
been made since then and new approaches have emerged. We review in this section
the main methods used to synthesize singing voice, which can be divided into 4
broad categories: formant synthesis, physical modelling synthesis, concatenative
synthesis, and statistical parametric synthesis (including HMM-based and neural-
network-based approaches). A list of various research projects on singing voice
synthesis using those approaches has been established in [Umb+15].

2.3.1 Formants synthesis

We call "formant synthesis" methods that are based on the source-filter model,
usually using a source model generated as a mix of voiced and noise components,
which is then filtered by a a set of filters simulating the vocal tract transfer function,
with specific resonances corresponding to formants parametrized according to
each phoneme. It is the oldest method for synthesizing voice, and many systems
have used this approach, from the 60’s to nowadays. Klatt described such a system
for speech synthesis in [Kla80], where the filter can be modeled either as a cascade
or a parallel connection of digital resonators, implemented in a hardware or a
software environment. Other examples of formant-based singing synthesizers are
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the MUSSE synthesizer [Ber96], and the Cantor Digitalis3 [Feu13].

A specific type of synthesis that can be related to this category is the FOF
synthesis (for "Formes d’Ondes Formantiques", which is French for formant
wave functions), used by the Chant synthesizer [RPB84], developed at IRCAM
in the 80’s. This approach models the impulse response of the filter associated
to each formant independently as an exponentially damped sinusoid, called a
FOF, whose parameters set the formant’s frequency and bandwidth. Then the
FOFs corresponding to each formants are generated periodically according to
the fundamental frequency (as being excited by an impulse train), and summed
together. This approach is thus somewhat similar to the parallel filters architecture
proposed by Klatt in [Kla80]. While this approach can generate good quality
synthesis, it is however only limited to voiced sounds.

Such approaches are also sometimes called rule-based synthesis, as pre-defined
rules are required to set the different properties of the voice timbre, or the frequen-
cies and bandwidth of the formants for each vowels, and the way they interpolate
from one phoneme to another, for instance. However, it is a fastidious work to find
and implement rules in order to generate good quality synthesis over a wide range
of vocal timbres and expressions, with all the complex articulations of human voice
for pronouncing words. This approach is thus not very flexible for the general
case of Text-To-Chant synthesis, but is nevertheless useful for conducting research
in an analysis-by-synthesis paradigm, for verifying certain hypothesis that can be
difficult to validate using only direct analysis on recordings.
Formant synthesis is also especially suitable for real-time synthesis, as very low
latency can be achieved.

2.3.2 Physical modeling synthesis

Physical modeling synthesis, also sometimes called articulatory synthesis, is based
on numerical models of voice production and on solving the underlying physical
equations, as opposed to spectral models like formants synthesis which are more fo-
cused on the principles of sound perception, directly modeling the resulting sound
spectrum of the voice rather than the production process itself. Typically, acoustic
tube models are used for modeling the vocal tract, and the source is either based
on a parametric signal model, a wavetable, or a mechanical model (e.g. a 2-mass
model). In physical modeling, a parameter change is directly related to a modifica-
tion in the voice production mechanism, whereas in spectral models, a parameter
change is rather related to a change in the perception.
In such systems, the control parameters are for instance the vocal folds tension, the
sub-glottal pressure, or the position of the various articulators (e.g. the jaw, the lips,
the tongue, ...) that shape the vocal tract. Examples of such system are the SPASM
[Coo89; Coo93], Vox [Kob02], or VocalTractLab [Bir07] synthesizers.
This type of synthesizer is especially suitable for pedagogical purpose, in order to
better understand how the voice production works. For instance, the SPASM sys-
tem has a graphical interface allowing to modify the parameter values and hear the
resulting sound in real-time. However, the mapping between the input parameters
and the produced voice is quite complex and not very intuitive for controlling the

3https://cantordigitalis.limsi.fr/

https://cantordigitalis.limsi.fr/
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synthesis, as not directly related to the perception, and no fully-developed TTC
system based on this approach exists yet.

2.3.3 Concatenative synthesis

Units selection-based concatenative synthesis has been a very successful approach
for speech synthesis, yielding until today the best quality results. It has thus
naturally been subsequently applied to singing voice, and the potential high-quality
output of this technique motivated us in choosing this approach for the synthesis
system developed throughout this thesis, as will be described in chapter 3.
It consists in selecting voice samples in a pre-recorded and pre-annotated database,
according to a given input text, and concatenating them to recreate new words
and sentences. In terms of intelligibility and naturalness, the main advantage of
this technique is that it allows to preserve a timbre as close as possible to that
of the original speech signal, especially for timbre variations that naturally occur
between phonemes due to the co-articulation effects, which are otherwise difficult
to reproduce with previously exposed techniques such as formants or articulatory
synthesis.
For best results in speech synthesis, non-uniform units lengths can be used,
selected in large databases covering a wide variety of contexts, so that the least
processing is applied to those units (ideally no transformation at all) [CB97]. In
such systems, units durations can typically go from short diphones to full words,
or even sometimes chunks of sentences covering several words. The system should
then find the best compromise between selecting the units that best match the
target context according to the input text, and selecting the units that can best be
concatenated without yielding audible artifacts. This is achieved by computing a
target and a concatenation cost for each unit, such as explained in [ZTB09], and
then using algorithms such as the viberti algorithm [For73] to find the sequence of
units yielding the lowest overall cost among all possible sequences [Vep04].

The target cost computes the difference between the target contextual informa-
tions of the sentence to be synthesized and the contexts of the original unit in the
recorded database. The definition of a target cost between a candidate unit, ui, and
a required unit, ti, is

C(t)(ti, ui) =

p∑
j=1

ω
(t)
j C

(t)
j (ti, ui), (2.19)

where j indexes among all used contextual informations, C(t)
j is a value (or dis-

tance) defined for context j that reflects how different unit ui is from ti regarding
the context j, and the ωj are weights set on each context to emphasize the ones that
seem more important. Both prosodic and phonetic contexts can be used. Examples
of contexts are: the identity of the current, preceding, and succeeding phonemes,
the number of phonemes into the syllable, the position and number of syllables into
the sentence, etc...
The concatenation (or join) cost between 2 consecutive units ui−1 and ui is defined
as:

C(c)(ui−1, ui) =

q∑
k=1

ω
(c)
k C

(c)
k (ui−1, ui), (2.20)
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where k can index various spectral and acoustic features, as exposed in [Vep04].
Typical features used are the MFCCs or the f0.

The sequence of units that minimizes the overall cost (which can be retrieved
using the Viterbi algorithm) is then:

û1:n = argmin
u1:n

{C(t1:n, u1:n)}, (2.21)

where

C(t1:n, u1:n) =
n∑
i=1

C(t)(ti, ui) +
n∑
i=2

C(c)(ui−1, ui). (2.22)

Many concatenation-based Text-To-Speech (TTS) systems exist, among which
the Festival Speech Synthesis System [TBC98; BTC01] or the MBROLA system
[Dut+96]. In some systems, the concatenation cost may also be replaced by a
context clustering approach using decision trees [ZTB09].

With this approach, the larger the database, the more contexts can be covered,
and thus the lower the costs are. But for singing, larger ranges of pitch, speed,
and intensity are required, as mentioned in section 1.2.1, that can’t possibly all
be covered in the database. Signal transformations are thus necessary in order to
apply the target melody, durations, intensity, and expression. Even thought they
should be minimized thanks to the units selection process, spectral discontinuities
also exist at junctions between segments, that have to be smoothed by means of
signal processing.
Several examples of concatenative TTC systems exists. The main differences
between those systems are related to the constitution of the database and
unit-selection strategy on one hand, and the underlying signal models used for
transforming the units on the other hand.
A first example is the Burcas project [Une02], that is based on diphones concatena-
tion with the MBROLA synthesizer. A second example is the Lyricos system, that
uses variable-size units of 1 to 3 phonemes selected by means of decision trees from
a phonetically-annotated database (500 made-up words recorded on 2 pitches),
and a sinusoidal model with the ABS/OLA method for the signal manipulations,
as described in [Mac+97a]. A 3rd system is the Vocaloid software from Yamaha
[KO07], which is probably the most popular commercial singing voice synthesizer.
This software is based on researches from the Music Technology Group at
University Pompeu Fabra, presented in [BL03; Bon08a]. The systems presented
in those articles make use of the SMS (Spectral Modelling Synthesis) approach
and the EpR (Excitation plus Resonance) voice model - which is based on an
extension of the source-filter model - for the signal modeling (see section 2.4), and
a database containing steady-states and phonetic articulations (covering at least all
diphones necessary for the language to be synthesized, possibly on several pitches).

2.3.4 HMM-based synthesis

Similarly to units concatenation, HMM-based synthesis has first been developed
for speech [ZTB09; Yos+99], before being adapted to singing [Sai+06; Our+12;
Nak+14]. Similarly to formants synthesis, HMM-based synthesis is based on
a source-filter approach, except that the parameters of the source and filter are
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obtained from statistics instead of pre-defined rules.
Spectral features and excitation parameters are extracted during a training step
from a database of singing recordings, along with some contextual informations,
and some statistics are built for each feature from the extracted values. Then, at
synthesis, those statistics are used for choosing the best values of each feature
according to the target context, clustered using decision trees. With this approach,
the filter and source parameters are modeled simultaneously by means of context-
dependant Hidden Markov Models (HMMs) [ZTB09]. The source is typically
modeled as a simple impulse train, requiring only the f0 value as a parameter,
and the spectrum is usually reconstructed based on the MFCCs (Mel-Frequency
Cepstral Coefficients) [Yos+99] and their 1st and 2nd derivatives.
Two examples of singing synthesizer based on this method are the Sinsy4 [Our+10]
and Cevio5 softwares.

The quality obtained with this type of systems is nowadays still below that of
concatenative synthesis in term of naturalness of the voice. One of the main limits
of this approach is the limited quality of the vocoder used, the glottal source being
often model as a simple impulse train, which introduces some buzziness into the
synthesized sound, although some recent works have been conducted to alleviate
this problem by using more accurate glottal source modeling [LDR10; Rai+11].
Another drawback is the over-smoothing of the spectral features occurring due to
the statistical representation and contexts clustering, as described in [ZTB09]. The
quality of this type of systems is also highly dependant on the database used, that
should ideally cover all possible contexts in a balanced way, which is difficult for
singing due to the high number of independent parameters to be considered (lyrics,
pitch, intensity, rhythm, phonemes durations, vibrato, voice quality, ...) and thus
requires big databases.

However, one particular advantage of such statistical parametric approach is its
flexibility for changing the global voice characteristics simply by modifying the
statistics learnt before the synthesis (e.g. to interpolate between different voices),
without need for complex signal processing to transform the sounds as in concate-
native approaches.

2.3.5 Neural Network based synthesis

The use of deep learning approaches has been growing fast in the last few years in
the speech community for many applications, as in many other fields, and singing
voice synthesis is not an exception as several neural network-based approaches
have recently been investigated for this purpose.
In [Nis+16], the authors describe the implementation of such a system. The ar-
chitecture of the proposed framework is quite similar to that of HMM-based sys-
tems, except that the statistics of the spectral and excitation parameters used for the
synthesis are induced by deep neural networks instead of decision tree-clustered
context-dependent HMMs. The authors of this study claimed that this method
significantly improves the quality of the HMM-based approach thanks to a bet-
ter prediction of the MFCCs by the system. But as a corpus-based approach, such
a system suffers from the same limitations than the HMM-based approach, related
to the data sparseness in the learning database, especially for the pitch coverage.

4http://www.sinsy.jp/
5http://cevio.jp/

http://www.sinsy.jp/
http://cevio.jp/
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Another example with a different architecture, focusing on modeling the spectral
envelope only, is presented in [BB16a].
As a last example, [BB17] presents a system for singing synthesis, based on a mod-
ified version of the WaveNet architecture [Van+16], that models the features of a
parametric vocoder (separating the influence of pitch and timbre) instead of the raw
waveform.

2.3.6 Speech-to-singing systems

Although it can’t be really considered as synthesis, another type of related systems
are speech-to-singing synthesis systems, where some pre-recorded speech signal
reading some lyrics is transformed according to a given score to give it a specific
melody, rhythm, and some expression [Sai+07]. For this purpose, a segmentation
into phonemes of the pronounced sentence is necessary. This kind of system can
be useful in an analysis-by-synthesis approach, in order to investigate characteris-
tic features specific to singing voice, without requiring a fully developed synthesis
system and while avoiding possible artifacts du to the synthesis process. For in-
stance, in [Roe+12], this approach has been used in order to study the behaviour of
the pulse shape parameter Rd of the LF model during vibrato.

2.4 Signal models and transformations techniques for
voice processing

As mentioned in the previous section, synthesis systems can be based on different
signal modeling and transformation techniques, that have important implications in
the flexibility of the system and the achievable quality, for both concatenative and
statistical-based synthesis approaches. Signal modeling frameworks can be divided
into general purpose approaches that can be used for processing various kinds of
sounds, and voice-specific models, also called "vocoders". Some approaches also
work purely in the time domain, while other work in the time-frequency domain.
This section presents the main state-of-the-arts models and techniques used in
speech and singing synthesis systems, in both of those categories. The main trans-
formation required for singing synthesis are pitch-shifting and time-stretching. But
some approaches allow for more advanced transformation possibilities than other.
Frequency-domain algorithms give more control over amplitudes and phases of the
various components and thus usually allow for more flexibility for advanced signal
processing (timbre modifications) in singing voice synthesis. We don’t aim here at
giving an exhaustive review of all the existing models, but rather to demonstrate the
diversity of possible approaches, presenting the mains ones, and especially those
that have been used during this thesis, along with some of their advantages and
drawbacks.

2.4.1 Time-domain approaches (the "OLA" family)

Time-domain approaches assume that the signal can be manipulated without being
modeled. The basic technique is to cut the signal into equally-spaced overlapping
windowed frames that can then be individually manipulated before summing back
up all windows to obtain a new signal. This procedure of summing overlapping
windows together is called Overlap-Add (OLA) and gave birth to a family of
approaches based on this principle to apply pitch-shifting and time-stretching
transformations to sound signals. For time-stretching, the windows can be moved
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from their original positions to new positions according to the given time-stretching
ratio. Transposition can be obtained by simply resampling the signal after a first
time-stretching step to recover the same duration with a different pitch.
However, this simple approach breaks the phase coherence between overlapping
windows, which generates some artifacts, and does not allow to preserve the
original timbre after transposition. A first improvement is the SOLA algorithm
(for Synchronous Overlap-Add) [RW85; ME86]. In SOLA, the new positions of
the windows are corrected by a time-lag to overlap the windows at the point of
maximum similarity (cross-correlation) within an interval.
A further improvement over SOLA is the PSOLA algorithm (for Pitch-
Synchronous Overlap-Add) [MC90; VMT92], which is especially suited for
voice processing. In PSOLA, 2-periods-long windows are centered around
estimated "pitch-marks" which are assumed to be spaced by one single period of
the signal (with fixed period for unvoiced parts). Then, target windows positions
are set according to the time-stretching and transposition ratios and mapped to
the original windows which are then displaced and possibly dropped or repeated
when necessary, before being overlap-added at their new positions, to obtain the
desired pitch and durations. Based on the source-filter model, a pitch-synchronous
window of speech is assumed to contain a glottal cycle convolved with the impulse
response of the vocal tract. As the PSOLA approach doesn’t require a resampling
step, the timbre (formants structure) of the voice, that is related to the vocal tract’s
impulse response, is thus preserved after the transformation, which gives a better
quality than previous techniques that doesn’t allow such timbre preservation.
Formants shifting without altering the pitch can also be obtained using PSOLA
by resampling each window individually. The PSOLA algorithm has been widely
used in the speech community, e.g. for diphone speech synthesis [HMC89], or
more recently in various singing voice synthesis systems [Lai07; ABS09].
The MBR-PSOLA approach [DL93] offers further improvements over PSOLA in
the case of diphones concatenation-based synthesis, that discard the need for com-
puting pitch-marks while allowing a smoothing of spectral envelope mismatches
at diphones’ junctions using a simple time-domain waveforms interpolation.
The MBROLA [Dut+96] system is used in the "Burcas" [Une02] singing voice
synthesizer.
Compared to some of the models presented here-after, these time-domain ap-
proaches may be more robust in the sense that they don’t rely on advanced signal
analysis (except for finding the pitch-marks) that may cause artifacts due to
estimation errors. On the other hand, the fact that the signal is not modeled limits
the possible transformations, as many voice parameters are not accessible (e.g.
source parameters for modifying voice quality).
In [ML95], the authors also presented such time-domain approaches along with
other frequency-domain approaches based on the phase vocoder, introduced
here-after. Note that a frequency-domain variant of PSOLA (FD-PSOLA) also
exists [MC90] to apply transposition, by resampling the signal along the frequency
axis rather than the temporal one, or possibly repeating or eliminating some
frequency regions.
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2.4.2 General purpose models

2.4.2.1 The phase vocoder and superVP

The phase vocoder is an algorithm for processing signals in the time-frequency
domain. The original version of the phase vocoder [FG66; Por76; Cro80] is
based on a simple Short Term Fourier Transform (STFT) and a phase unwrapping
process, without making any assumption about the type of sound being processed
or the nature of each frequency bin. The phase vocoder is thus in that sense rather
an algorithm offering a general framework for processing sounds than really a
signal model. For applying some sound transformations such as time-stretching
and pitch-shifting, the frames from the STFT can be moved in time similarly to
what is done in PSOLA, or the bins can be shifted in frequency, and the phases
of each bin are then corrected according to the computed original unwrapped
phases and the transformation’s parameters. The phase unwrapping process
consists in computing the real phase difference of each bin between successive
frames, possibly outside of the [−π;π] range, based on the bin’s frequency. For
signal’s transformations, the phases are adjusted and wrapped back to the [−π;π]
range. The signal is then re-synthesized by an inverse Fourier transform of the
modified frames and overlap-added in the time domain. Some explanations of
those transformations possibilities with implementation examples can be found in
[Zöl11] (chapter 7).
In the basic version of the phase vocoder, each frequency bin is processed
independently. But when a sound contains sinusoidal components, they are usually
spread over several bins. This independent processing of the frequency bins
can thus lead to some phase de-synchronisation of the bins belonging to a same
sinusoid, which leads to artifacts known as "phasiness". To avoid this problem,
several improvements have been proposed, with the phase-locked vocoder [Puc95],
or other approaches as proposed in [LD97], to keep the phase synchronisation
between adjacent bins belonging to a same sinusoidal component (e.g. by applying
the same phase shifts to adjacent bins).
Those improvements are efficient to reduce the phasiness due to intra-sinusoid
phase de-synchronisation in most sounds. But small frequency estimation errors
can also lead to inter-sinusoids phase de-synchronisations. Although this might
not always be very audible, the vertical phase alignment between harmonics is
especially important for voice, as it relates to the impulsiveness of the glottal
pulse shape. An inter-harmonic phase de-synchronisation might thus degrade
the perceived quality of the voice. A solution to this problem has been proposed
with the Shape-Invarient Phase vocoder (SHIP) algorithm in [Röb10]. SHIP
is somewhat similar to a SOLA [RW85] algorithm in the frequency domain.
Instead of adapting the phases independently for each partial, which causes their
de-synchronisation, the time of maximum cross-correlation tx_corr between 2
succeeding frames is found, and a phase offset corresponding to the time lag
between the current frame time and tx_corr is then added to each sinusoidal
component, without moving the frame itself as would be done in the SOLA
algorithm. The phases being all modified using a similar delay, as a block, the
original wave-shape is preserved. One particular advantage of SHIP over SOLA is
that the cross-correlation is computed only on the sinusoidal components, without
taking the noise part into account, which might otherwise degrade the result. This
approach also allows to preserve well the pulse-synchronous amplitude modulation
of the stochastic component related to the glottal opening [Röb10]. An evaluation
comparing the SHIP and PSOLA algorithms for time scale and transposition
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transformation is presented in [Röb10], that resulted in better perceived sound
quality for the SHIP algorithm in most cases, with the advantage of using a more
flexible frequency-domain approach for more advanced processing. The SHIP
algorithm is implemented into superVP.

SuperVP6 is a software developed at IRCAM in the analysis/synthesis team
[LR13] (compiled as a command-line tool), which is based on an extended phase
vocoder implementation, integrating a sinusoidal model and many algorithms
allowing for various signal analysis and high-quality transformations. Examples of
possible transformations are time-stretching with transients preservation (to avoid
transient smearing artifacts due to time-stretching with the original phase vocoder),
pitch-shifting with envelope preservation [RR05a], filtering and cross-synthesis,
and many more. Examples of accessible analysis are f0 and spectral envelope
estimations using various algorithms. Although the phase vocoder is a general
purpose algorithm, SHIP is mainly meant for voice processing and superVP has
been used in this thesis as the core back-end for the SVP synthesis engine that has
been implemented as part of our singing synthesizer ISiS, as will be described later
in section 3.5.1.

Similarly to OLA-based approaches, the phase vocoder approach allows
time-stretching transformations, with a good quality due to the phase synchroni-
sation process. As in time-domain approaches, transposition can be obtained by
resampling the signal after applying a first time-stretching step. Another possible
approach for transposition using the phase-vocoder, presented in [LD99a], is to
identify the spectral peaks in the STFT and shift the region around each peak to
new frequencies, depending on the transposition factor. The frequency-domain
implementation in superVP first computes a sinusoidal model and then applies the
transposition by modifying the parameters of this model before resynthesizing the
sinusoids directly in the spectral domain. The advantages of this frequency-domain
technique is that the computational cost is independent of the transposition factor,
and that it allows more exotic effects such as non-uniform frequency-dependent
pitch shifting or harmonizing.
Transposition with timbre preservation can also be obtained by means of pre-
warping the envelope of the STFT frames before the pitch shifting takes place
[RR05a]. The pre-warping can be done using a simple amplitude multiplication
with factors computed to compensate the transposition of the envelope that will
result from the pitch shift. The spectral envelope can be obtained using one of the
algorithms presented in section 2.2.3 (e.g. the True-Envelope).

However, this approach still has several drawbacks. A first problem is that
when transposing the pitch upward, the low-frequency harmonics are pushed up
toward higher frequencies, which may sometimes result into a buzzy sound. A way
to circumvent this is to randomize the phase above the original Voice-Unvoiced
Frequency (or VUF) to reduce this effect [Röb10]. The VUF is the frequency
above which the noise level is greater than that of the sinusoids. Conversely, when
transposing pitch downward, the high-frequency content is moved towards lower
frequencies and the signal becomes more band-limited. The noise component that
is especially prominent in the high frequencies may also be transposed into for-
mants and regions where it is usually not present and thus become more audible,

6http://anasynth.ircam.fr/home/english/software/supervp

http://anasynth.ircam.fr/home/english/software/supervp
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which increases hoarseness. A solution would thus be to limit the transposition of
the noise component, and to create new sinusoids in the high-frequency region for
downard transpositions. But while noise can be created from sinusoidal content by
randomizing the phase, the inverse process is more tricky. Upward transpositions
thus usually result in better quality than downward transpositions. Another impor-
tant reason for this, when using timbre preservation, is that the higher the pitch,
the more sparse the harmonic sampling of the spectral envelope. As explained in
section 2.2.3, it is thus more difficult to have a good estimation of the envelope for
high pitches, and the timbre may thus be distorted when the harmonic sampling
becomes more dense, for downward transpositions. But this problem is inherent
to any transposition algorithm using envelope preservation, and not specific to the
phase vocoder approach.

2.4.2.2 Sinusoidal models

Sinusoidal models represent sounds as a summation of sinusoids with time-varying
frequencies and amplitudes [MQ86]. But, as has been seen previously in section
2.2, voice signals are made of a deterministic (sinusoids) and a stochastic (noise)
component, that has to be represented as well. For such sounds, sinusoidal plus
residual models have been built to include the noise component. After a first
analysis stage, the parameters of the model can be modified to change the pitch and
duration of the modeled sound. However, those methods are not specific to voice,
as they could be used with other sounds that fit these models (e.g. some musical
instruments like clarinet or violin). We shortly review here a few examples of such
models.

• SMS modeling:
SMS (for "Spectral Modeling Synthesis") [SJ90] is one such technique that
models sounds as a collection of sinusoids controlled by piecewise linear
amplitude and frequency envelopes and a time-varying filtered noise com-
ponent. An analysis procedure first extracts the sinusoidal trajectories by
tracking peaks in the signal’s STFT. These peaks are then removed and the
remaining "noise floor" is modeled as white noise through a time-varying fil-
ter.
This technique has been used in several voice processing systems, among
which [Can+00] for voice morphing in a karaoke application, or for singing
voice synthesis [Bon+01a; Bon08a], where the SMS analysis is used as a
basis to the EpR voice model, as will be described in 2.4.3.2.
However, as explained in [BS07], the SMS has a similar phase synchronisa-
tion issue as the one described for the phase vocoder.

• HNM:
For speech signals, the HNM approach (for "Harmonic plus Noise Model")
[Sty01] separates the signal in 2 frequency bands, using an harmonic part to
represent the deterministic source component in the lower band, plus a mod-
ulated noise component for the non-periodic part in the upper frequency band
above the VUF (while the lower band is assumed to contain only harmonics).
The noise is modeled using an amplitude -modulated Gaussian noise filtered
by an all-pole envelope.

• QHM, aHM, and aQHM:
In order to take into account the fact that the spectral components of the voice
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are never perfectly stationary, a Quasi-Harmonic Model (QHM) has been
proposed for better modeling small irregularities [PRS08]. Similar methods
are the aQHM [PRS11] and aHM [DS12] approaches, for "adaptive (Quasi-
)Harmonic Model".

• Wide-band harmonic sinusoidal modeling:
Wide-band analysis consists in using a short window containing only 1 or
2 periods of the signal to perform the analysis, as is done for instance in
PSOLA, contrarily to the other previously mentioned methods that tend to
use longer windows. While the frequency resolution is lower, such analy-
sis gives a better temporal resolution. The aim of the approach presented
in [Bon08b] is to combine a good temporal resolution with the flexibility of
frequency-domain methods. This is achieved by means of using a rectangu-
lar window of exactly 1 period in the analysis (based on an f0 analysis), in
which case each bin of the FFT corresponds to one harmonic, to estimate the
sinusoidal parameters. Time-scale transformations can be applied similarly
to PSOLA by repeating, removing or interpolating frames, and transposition
or timbre transformations can be obtained by manipulating the harmonic pa-
rameters in the spectral domain. This approach has been used in [Bon08a]
(where it is referred to as WBVPM, for "Wide-Band Voice Pulse Modeling"),
and [BB16b] in the context of singing voice synthesis.

2.4.3 Voice-specific models

2.4.3.1 STRAIGHT

STRAIGHT (for "Speech Transformation and Representation using Adaptive In-
terpolation of weiGHTed spectrum") is a popular framework for speech processing
(analysis, transformation, and re-synthesis) [Kaw97; KMD99], which is widely
used in the speech synthesis community (being freely available). In particular,
STRAIGHT has been used in [SUA02; SUA05; Sai+07] for synthesizing singing
voice.
STRAIGHT re-synthesizes a voice from its analysis using a source-filter approach,
from the estimated f0 values and spectral envelope. The central idea of the
proposed method is that it considers the periodic excitation of voiced speech to
be a sampling operation of a surface S(ω, t) in a 3-dimensional space defined
by the axes of time (t), frequency (ω), and amplitude. The problem of spectral
envelope estimation is thus seen as a surface reconstruction problem using the
partial information obtained from the sampled surface. The main goal of the
STRAIGHT approach is to remove any trace of interference due to the periodicity,
in time and frequency domains, of the voiced speech signal. For this purpose, it
is proposed to use a particular f0-adaptive windowing process to reduce temporal
modulations, and further interpolate the harmonic peaks of the speech spectrum
along the frequency axis, using 2nd order B-splines as smoothing functions. This
2-step procedure leads to a smooth spectrogram representation.
The synthesis engine then consists of an excitation source and a time-varying filter.
This time-varying filter is implemented as the minimum phase impulse response
calculated from the smoothed time-frequency representation, while the source is
modeled as shaped pulse and noise based on phase manipulations.
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2.4.3.2 The EpR model

While the STRAIGHT system has been thought for speech processing and has thus
been classified here as a voice-specific model, it is not based on a physiological
model of voice production, and could thus be still applied to other kind of har-
monic sounds. Especially, it assumes a flat source spectrum and thus does not
allow to treat the glottal source and vocal tract filter as independent components.
The EpR voice model [Bon+01a; Bon+01b; Bon08a] (for "Excitation plus Res-
onance") is based on a more physiologically motivated extension of the simple
source/filter model. It is built, from real voice sounds, on top of the sinusoidal plus
residual representation, obtained by the SMS analysis mentioned above [SJ90], to
decompose and parametrize the voice spectrum as independent perceptually rel-
evant components, useful for transformation purposes. It models the magnitude
spectral envelope as 2 filters in cascade, plus a differential spectral shape envelope.
The first filter models the voice source frequency response using an exponentially
decaying curve plus one resonance in the low-frequencies to model the glottal for-
mant. The gain and slope of this curve are obtained from a regression on the har-
monic peaks. The second filter models the vocal tract as a set of resonances which
emulate the voice formants. The source and vocal tract resonances are modeled as
second order filters (based on the Klatt formants synthesizer [Kla80]), implemented
in the frequency domain.
In the EpR framework, two models are considered for the harmonic and residual
components, to allow independent modifications, that share the same resonances.
Thus, the input to the filters are an harmonic comb in the frequency domain, and
a voiced residual excitation obtained from the residual of the SMS analysis. The
excitation for the unvoiced parts of the sounds uses directly the original recording
of the singer.
The phase alignment of the harmonics is obtained from the EpR spectral phase en-
velope, which assumes that each filter resonance (except the source one) produces
a linear shift of π on the flat phase envelope.
This model allows to approximate the voice spectrum, but is not a perfect fit (espe-
cially it does not model the anti-resonances of the vocal tract). For a more accurate
modeling, the differences (in dB) between this model and the real harmonic enve-
lope is thus added to the modeled spectrum.
For resynthesis, the EpR model is converted back to SMS parameters. This model
has been implemented in a singing voice synthesizer, as explained in [Bon+01a;
Bon+01b; Bon08a].

2.4.3.3 Parametric LF-based voice models: SVLN and PSY

SVLN:
Similarly to the EpR model, SVLN [Deg10] (for "Separation of the Vocal-tract with
the Liljencrants-Fant model plus Noise") is a voice-specific analysis/re-synthesis
method based on a physiological model of voice production, that explicitly models
the glottal source and VTF as independent components.
Based on the source-filter model, as presented in section 2.2, SVLN separates the
voice spectrum S(ω) into 4 components: a deterministic source GRd(ω) repre-
senting the glottal pulse, a noise source Nσg(ω) representing the stochastic noise
component, the VTF Cc(ω), and the lips and nostrils radiation filter L(ω). In the
proposed method, the LF model parametrized with Rd is used to model the deter-
ministic component of the glottal source GRd(ω), and zero-mean gaussian noise
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with standard deviation σg represents the noise component Nσg(ω). Then, in an
analysis step, the VTF is estimated by taking into account this source model to fit
an observed speech spectrum. For a fully parametric model, The VTF Cc(ω) is
finally represented by its cepstral coefficients c.
Using those components, the sound spectrum is modeled as:

S(ω) = [ejωφ ·Hf0(ω) ·GRd(ω) +Nσg(ω)] · Cc(ω) · L(ω) (2.23)

where Hf0(ω) is an harmonic comb with fundamental frequency f0, and ejωφ is a
simple delay related to the temporal pulse position.

Analysis:
The SVLN method models the source component using four parameters (f0, Rd,
Ee, σg). The fundamental frequency f0 may be estimated using various existing
methods (e.g. [CK02; CH08; KAZ16]). The LF shape parameter Rd can be
estimated using the phase minimization method introduced in section 2.2.4. The
mean log amplitude of the VTF is arbitrarily fixed to zero so that the energy
variation of the speech signal is only dependent on the energy of the source (i.e.
the excitation amplitude of the glottal model Ee and the noise level σg). σg
is computed as the source spectral amplitude at the estimated Voiced/Unvoiced
Frequency (VUF) FV U : σg =

∣∣GRd(FV U )
∣∣.

Based on these estimations, the VTF can be extracted from the speech signal. In
the deterministic band, where ω < FV U , the contributions of L(ω) (=jω) and
GRd(ω) are removed from S(ω < FV U ) by spectral division. In the upper noisy
band, where ω > FV U , S(ω) is divided by L(ω) and by the value

∣∣GRd(FV U )
∣∣

to ensure a continuity between the two frequency bands. (Note that on unvoiced
segments FV U = 0.) Then, the True Envelope (TE) algorithm is used to fit the
envelope on the division result, and the estimated VTF is finally converted to
cepstral coefficients c.

Synthesis:
The synthesis procedure of SVLN is basically an overlap-add technique. Small
segments of stationary signals are synthesized and these segments are then overlap-
added to construct the whole signal. For synthesizing the deterministic part, tempo-
ral marksmk are placed at intervals depending on the fundamental period 1

f0
, and a

glottal pulse is generated around each mark, its maximum excitation instant te cor-
responding to mk. For the stochastic component, a noise segment is also generated
and centered on each mark mk. In unvoiced parts, segments of 5ms duration are
used. If the generated noise is white, the synthesized voice sounds hoarse because
the lowest harmonics of the deterministic source are disturbed by this noise. The
noise is thus filtered with a high-pass filter F V UFhp (ω) defined by a cut-off frequency
equal to the VUF and a slope of 6 dB/kHz in the transition band. Furthermore, in
voice production, this random noise component Nσg(ω) originates from air tur-
bulences generated at the glottis. It thus also needs to be modulated in amplitude
synchronously with the fundamental period, according to the LF pulse shape, oth-
erwise it is perceived as a second source separately from the deterministic source.
This noise component is then cross-faded between consecutive segments.
Then, the deterministic and stochastic source components can be mixed, and the
VTF and radiation filters are applied following equation 2.24:

Sk(ω) = (e−jωmk ·GRdk (ω) +Nk(ω)) · Cck(ω) · jω (2.24)
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where e−jωmk is a delay placing the instant te of the LF model at the mark mk and
Cck(ω) is the minimum-phase VTF corresponding to the cepstral coefficients ck.
Finally, the time domain sequence of each segment is retrieved through the inverse
Fourier transform of Sk(ω).

The SVLN approach being fully parametric, it is well-suited for being used in
HMM-based synthesis systems. Another advantage is that it provides meaningful
control parameters directly related to the voice production model, allowing voice
quality transformations such as breathiness or tenseness modifications.
However, the Gaussian noise used by this method is not realistic enough and
degrades the quality of the generated sound, especially in unvoiced segments.

PSY:
Based on SVLN, the PSY approach (for "Parametric speech analysis, transforma-
tion and SYnthesis"), introduced in [Hub15], has then been developed, aiming at
improving the quality given by SVLN in the context of voice conversion. The
framework of PSY is basically an extension of the SVLN system, the main im-
provements being the extraction of the real noise component from the original
signal instead of directly using filtered Gaussian noise for modeling the stochas-
tic source component, and the suppression of spectral ripples in the deterministic
source spectrum for high Rd values (visible on figure 2.6 b).) that disturbs the
proper estimation of the VTF using spectral division. PSY is based on the follow-
ing voice production interpretation in time domain :

s(n) = u(n) + v(n) = u(n) +
∑
i

g(n, Pi) ∗ δ(n− Pi) ∗ c(n, Pi) (2.25)

where u(n) and v(n) are respectively the unvoiced and voiced component, g(n, Pi)
is the glottal pulse (represented as the glottal flow derivative) related to the GCI
position Pi, δ(n, Pi) is an impulse at position Pi, and c(n, Pi) denotes the VTF at
the same position.
In PSY, the unvoiced stochastic component U(ω) is first extracted from the
spectral representation S(ω) of the original signal s(n). This is done by deleting
the sinusoidal content, based on the Deterministic plus Stochastic Modeling
(DSM) approach [Ser89]. Similarly to SVLN, the signal processing in PSY is done
in the spectral domain, using the STFT. The radiation filter L(ω) is not explicitly
present in PSY, as it is implicitly contained in the glottal flow derivative g and
unvoiced component u.
The main problem for separating the sinusoidal and noise components is the fast
frequency and amplitude modulations that may occur sometimes, e.g. at voice
boundaries. The ReMiDeMo (for "Re-Mixing with De-Modulation") method
introduced in [Hub15] aims at easing the detection and removal of the sinusoids
by first demodulating (flatten) the f0 and amplitude of the signal. The original f0
contour is flattened to its mean value by means of time-varying resampling. The
varying amplitude contour of s(n) is demodulated by means of dividing the signal
by its smoothed Hilbert transform, similarly to [Yan08]. After this demodulation
step, the sinusoidal content is subtracted from the signal, and the original mod-
ulations are applied back on the residual signal to retrieve the unvoiced residual
signal.
The suppression of spectral ripples occurring for high Rd values is done by
estimating a smooth spectral envelope on the spectrum of the synthesized deter-
ministic source component.
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A similar approach to the SVLN and PSY frameworks has also been integrated
in our system ISiS, as will be presented in section 3.5.2.

2.4.4 Summary on voice modeling techniques

As we have seen, many different approaches can be used to model and transform
voice signals, each having different advantages and limits.
Time-domain approaches like PSOLA are quite simple, requiring only the f0 (and
pitch-marks) estimation, and provide relatively good quality transformations. How-
ever, this approach doesn’t allow advanced timbre manipulations.
For this purpose, frequency-domain approaches like the phase vocoder and sinu-
soidal models are more appropriate, as the amplitude and phase of each component
can be independently modified, while retaining a maximum of the informations
from the original signal to provide high-quality transformations. Especially, the
simple STFT-based analysis in the phase vocoder retains all the information and
can exactly resynthesize the original signal without any artifacts if no transforma-
tion is applied. However, those approaches remain general purpose approaches and
don’t provide access to voice-specific parameters related to the glottal pulse shape
and formants.
Voice-specific models like the EpR, SVLN and PSY frameworks are thus more
flexible for advanced voice transformations, allowing to manipulate the source pa-
rameters to modify the voice quality (tenseness, breathiness, ...). The EpR model
also gives the possibility to control the formants parameters. However, those ap-
proaches are also dependant on more complex (and thus less error-prone) analysis
steps (Rd, VUF, noise residual, formants, ...), which can create artifacts in the
resynthesis.

2.5 Expressive voice transformations

In the previous section, we reviewed various techniques to model voice signals
allowing to perform the 2 main transformations that are absolutely necessary for
singing voice synthesis, which are pitch and duration modifications, required to
match the target melody and rhythm given by the input score. However, in order
to improve the naturalness and expressiveness of synthetic voices, it is also neces-
sary to modify the timbre according to the intensity, pitch, and voice quality. For
statistical-based and concatenative approaches, all those timbre variations should
ideally be included in the system’s database in order to be reproduced accurately.
However, due to the very wide variety of timbres and parameters to be considered
in singing, this task is hardly achievable. It is therefore necessary to design percep-
tually relevant rules and algorithms to allow such advanced timbre transformations.
We review in this section the main types of transformations that would be desirable
for generating realistic synthesis in various singing styles, and some state-of-the-art
approaches to achieve it.

2.5.1 Intensity

Past studies have permitted to gather knowledge about how various spectral
features of voice may change during speech and singing, according to intensity,
and various aspects have to be considered. Especially, the intensity of voice is
related to the notion of vocal effort, which is, as pointed out in several sources
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[PD16; TE00; LB13], physiologically linked to an increase in subglottal pressure,
an increase in vocal-fold tension, and a wider mouth opening.
From the view point of the source-filter model, the well-known effect of increasing
the vocal folds’ tension on the source spectrum is an increase of the glottal
formant’s frequency and a decrease of the spectral tilt, while the main effect related
to a wider mouth opening is an increase of the 1st formant’s frequency (F1), as
observed in many studies [PD16; TE00; LB13; LD99b; Hub+99]. The inverse
effects are observed when lowering vocal effort.
While these features are easy to modify in formant synthesizers like [Feu+17],
where all source and formants’ parameters can be explicitly controlled, this task is
much more complicated for systems based on signal transformations like [KO07],
which require to use specific approaches to transform the sound samples.

A first possible approach to create transformations of vocal intensity is spectral
morphing, that uses target templates recorded at different levels of low and high
vocal efforts, as proposed in [SG03; Tur+05; DSC13] for diphones concatenation-
based speech synthesis. In [SG03], recordings on 3 different vocal efforts (soft,
modal, and loud) are used, but the proposed approach doesn’t allow to interpolate
between them to produce a continuous control of vocal effort from soft to loud,
which would be a desirable goal. [Tur+05] and [DSC13] present improvements
over this system using morphing with target envelopes to interpolate between the
recorded low, modal, and high vocal efforts. In [Tur+05], the interpolation of
the spectral envelopes is done using LSFs [KR86], based on an LPC analysis.
[DSC13] proposes a similar method, but uses 9th order polynomials instead of
LPC for representing the spectral envelope, where this parametric representation
is obtained based on an harmonic model (HNM). The advantage of the spectral
morphing approach is that it includes both the effects on the source and the vo-
cal tract. However, recordings at different vocal intensities are not always available.

An alternative to spectral morphing is to use a parametric approach to produce
such effect without the requirement of additional recordings. In this direction,
[ADC98] and [AD03] focused on the source-related spectral characteristics,
filtering in the spectral domain to modify the spectral tilt and glottal formant. In
[ADC98], the glottal source and VTF are first separated using the IAIF [Alk92]
approach, and the spectrum is then modified by multiplying the amplitudes of the
harmonics by frequency-dependant factors. The ratio of the voiced and unvoiced
components is also modified. [AD03] uses a stylisation of the source amplitude
spectrum using 3 linear segments (or asymptotes). Then, the source spectrum
can be transformed by modifying the slope of these segments and change the
harmonics amplitudes accordingly, as done in the previous method.

But when the spectral tilt is decreased for high vocal effort values, the VUF
should increase, which can’t be achieved only by amplitudes modifications, as new
harmonics should be created in the high frequencies above the original VUF. This
can be achieved using certain parametric voice models like the SVLN [Deg10] and
PSY [Hub15] approaches previously described, by modifying the Rd parameter. In
[Fan97], Fant proposed a rule to coherently modify this Rd parameter coherently
with the signal’s energy by increasing 1

Rd
and Ee by steps of respectively 1dB and

2dB.
[PD16] recently proposed another means to add the missing high-frequency har-
monics in the spectrum for weak-to-loud transformations of singing voices, using a
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wave-shaping approach based on a specific time-domain warping function applied
on a rough estimation of the glottal source (similarly to a distortion audio ef-
fect). Then, the spectral tilt is modified by adding a certain gain value in dB/decade.

However, modifying only the source spectrum is not sufficient for producing a
convincing effect, and the Vocal Tract Filter (VTF) should also change accordingly
with intensity. [PD16] thus also modifies the position of the 1st formant by
10Hz/dB. In [Mol+14], the authors used a parametric model of spectral envelope
based on 4-poles resonators to modify the gain, spectral tilt, and formants’
frequencies and bandwidths, based on regressions of those parameters computed
from 60 vowels recorded at different intensities. The main drawback of this
approach is that formants’ parameters are not straightforward to estimate and
require to be manually corrected. But assuming an appropriate estimation, the
transformation can then be easily applied by modifying the parameters like in
formants synthesizers.

Some researches about realistic intensity transformations have been conducted
in the framework of this thesis, and an algorithm for simulating the effect of mouth
opening on timbre has been developed as a first step towards a more complete
vocal intensity effect. This work was the subject of a publication [AR17] and will
be developed in chapter 6.

2.5.2 Pitch

Modifications of pitch in singing voice is also related to changes in the voice pro-
duction system, both at the source and vocal tract levels, that have been studied
from the physiological and signal point of views.

2.5.2.1 Laryngeal mechanisms

Relating to the glottal source, several vibratory mechanisms can be observed,
that are used in different conditions, and associated to a specific pitch range. 4
laryngeal mechanisms can be identified in human voice, each being related to
a specific register. The principal mechanisms, that are used most of the time
by singers, are the mechanism M1 for chest register, and the mechanism M2
for falsetto register. The M0 mechanism corresponds to the fry voice, and the
mechanism M3 to the whistle register (extremely high pitch). These different
mechanisms are associated with various parts of the vocal folds (e.g. the whole
folds or only the edges) vibrating with different amplitudes, which creates different
glottal source shapes with specific characteristics [RH09; Ber+14], and thus can
produce different vocal qualities. Note however, that the frequency range of the
chest and falsetto registers overlap in an interval where the singer may use either
mechanisms. Singers can also learn to extend those ranges to some extent, using
specific techniques. Western-European opera singers train particularly to minimise
the differences of timbre between the registers, so as to avoid audible timbral
discontinuities while changing pitch. At the contrary some other vocal techniques
like yoddle extensively use the change in timbre between the chest and falsetto
registers to create a characteristic effect [Wis07].

In [Ber+14], the author studied the behaviour of the glottal source and its
influence on the vocal tract’s resonances for the chest and falsetto registers of male
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operatic singers in their overlapping range, using electroglottography (EGG), and
found important differences in the glottal contact quotient, as well as differences in
the 1st and 2nd formant’s frequencies, for these 2 mechanisms. Similarly, [RH09]
also studied the characteristics of the different mechanisms using EGG and found
differences of shapes between glottal cycles at the transitions between the M1 and
M2 mechanisms during glissendi, and especially in the open quotient parameter.
Note that, as stated in [Ber+14], the laryngeal mechanism also has an influence on
the vocal tract resonances.

In [Feu+17], the author proposed different settings of the glottal source model
parametersOq (open quotient) and αm (asymmetry coefficient) for the mechanisms
M1 (chest register) and M2 (falsetto) in a parametric formant synthesizer. But
no dependency on the pitch is given, and the mechanism has to be chosen by the
user. Beyond that, not much work has yet been conducted in the modeling or
transformation of vocal registers to our knowledge. However, one can assume that
the effect of laryngeal mechanism on timbre may be partly implicitly modeled
in data-based approaches like HMM-based synthesis and in spectral morphing
(similarly to intensity transformations), if the database contains various pitches
corresponding to different registers, as the singer in the recordings would naturally
use various mechanisms depending on the pitch.

2.5.2.2 Formants tuning

Besides the vibratory mechanism, the resonances of the vocal tract also tend to
be adapted together with the pitch. Many studies have investigated this question
and showed evidences of specific strategies used by singers to tune the lowest
formants’ frequencies with the f0 or higher harmonics (which is often referred as
"formant tuning") [HSW11; SLG13; BS00; Gar+10; JSW04].
As explained previously, the problem of estimating the real spectral envelope (and
thus formants’ parameters) can not be solved easily, especially for high-pitched
voices. Several solutions have thus been proposed in order to get reliable esti-
mations of the vocal tract’s resonances to investigate this question, among which
injecting broad-band noise into the singer’s mouth, that is then naturally filtered by
the vocal tract during singing, and recording the resulting sound [HSW11; Gar+10;
JSW04]. This approach has the advantage to be non-invasive compared to other
techniques.

An advantage of tuning the resonances to the harmonics’ frequencies is to gain
in loudness by amplifying those harmonics and thus the overall sound level [CS92;
MS90], so that the voice gets more audible to the audience (e.g. for opera singers
singing along with an orchestra).
This formant tuning effect is especially observed on high-pitched soprano voices
[HSW11; Gar+10; JSW04], as the f0 value may more easily go beyond the 1st

formant’s frequency F1. The usual observation is that when the f0 is low, F1

remains fixed, but when the f0 get above F1, F1 approximately follows the f0 value
(F1:f0 tuning). In the lower range, or for other types of singers (altos, tenors,
baritones), other tuning strategies may also be used, such as for instance F1:2f0, or
F1:3f0.
Note that, the vowel’s identity being mostly determined by the positions of the 2
1st formants, formant tuning is also a phoneme-dependent phenomenon [MS90;
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CS92].
The previously cited studies mainly focused on classically-trained singers. But
the strategies used may also depend on the singing style. For instance, [BS00]
explored the strategies used for the belting style and showed that in this case the
loud and bright sound typical of the belting style is achieved by the implementation
of resonance strategies that enhance higher harmonics.
Formant tuning is also extensively used in throat singing, but in this case inde-
pendently of the pitch, in order to enhance specific overtones and thus create the
impression of singing at 2 different pitches at the same time [Smi67; Kob04].

Few means of applying such effects for singing synthesis have been imple-
mented yet. However, similarly to intensity modifications, such rules are rather
straightforward to implement in formants synthesizers, as done in [Feu+17]. The
perceptual effects of formants tuning had also been investigated in [CS92] using
the MUSSE DIG formants synthesizer.
In [San+16], a parametric model of spectral envelope, based on previous work on
intensity transformation [Mol+14], has been recently used to achieve natural pitch
modifications. Many sung vowels have been analyzed to deduce pitch-dependency
rules for the 3 first formants, using linear regressions. Based on the proposed para-
metric envelope model, pitch-shifting is then applied using PSOLA and inverse
filtering to replace the original envelope with the new one, after applying the rules.
In [Don+11], the authors proposed to use Dynamic Frequency Warping to learn
the mapping between the spectrums of vowels sung at different pitches, and thus
obtain a better quality of pitch-shifting by taking into account the pitch-dependent
differences in the spectral envelope, without explicitly modeling rules for formant
tuning.

2.5.3 Singer’s formant

Another specific attribute present in some singing voice is the "singer’s formant".
As explained in [Sun90]: "In western male operatic voices, the third, fourth, and
fifth formants tend to cluster together, producing a large peak around 3kHz in the
spectral envelope called the "singer’s formant", that raises the sound level, thus
making it easier to hear the singing voice over a loud orchestra". Its level rel-
ative to the 1st formant’s peak amplitude can vary depending on factors like the
vowel, pitch, or vocal loudness, and it is particularly present in professional classi-
cally trained singers (bass, baritone, tenors and alto), compared to untrained singers
[Sun01].
In [Sai+07] and [Lee+14], the authors propose to simulate the singer’s formant, us-
ing an band-pass filter centered on the nearest peak of the spectral envelope around
3kHz, for speech-to-singing transformations.

2.5.4 Vocal roughness

In some musical styles, such as pop, blues, rock, jazz, punk, metal, etc..., some
specific timbre effects related to vocal roughness can be used expressively
[Sak+04; SDB12; Cha13]. However, the term "roughness" can designate a rather
wide variety of different voice qualities, also described with terms such as harsh,
hoarse, saturated, growl, ... More generally, a rough voice can be defined as a voice
that presents some irregularities, or "asperities", that are not present in other more
"neutral" voice qualities like modal voice. Vocal roughness is often associated to
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a certain level of vocal effort, but a loud or shouted voice does not necessarily
exhibit a rough quality, and this aspect should thus be treated separately.
In the spectral domain, a rough voice is characterized by a low Harmonic-to-Noise
Ratio (HNR) [Tsa+10; SO84], with the presence of noise and subharmonics
(sinusoids present between the harmonics of the voice) [Sak+04; NH02; Nie08;
BB13]. In some more extreme examples of vocal roughness, the sound becomes
completely noisy and it is not even possible to identify a pitch in the signal [Nie08].
In the time domain, rough voices are mainly characterized by the presence of jitter
and shimmer [BB13; VK05; Jon+01]. Jitter can be defined as a period-to-period ir-
regularity of pitch (each pitch cycle may have a different duration), while shimmer
is defined as cycle-to-cycle amplitude variations (each glottal pulse may have a
different amplitude). In some cases, one can observe some macro-pulses, where a
macro-pulse is a group of pulses (with varying shapes and amplitudes) that exhibit
a certain periodicity at a lower rate than the real f0 [Nie08]. Rough voices may
also be more or less stable, and in some cases (e.g. in screamed voices) present
bifurcations, defined as sudden and uncontrolled transitions between different
vibratory behaviours (e.g. different number of sub-harmonics) and possibly to a
chaotic regime [Lag+16; NH02; Bai09].

Vocal roughness results from non-linear phenomena in the vocal production
system and, depending on the effect, may have various physiological causes that
can hardly be determined from the signal itself. Although we are interested in
our case in the expressive use of roughness in singing, similar perceptual effects
may be found in screams or shouted voices, as well as some pathological voices
which may imply similar mechanisms. A first possible cause of roughness are la-
ryngeal mucous lesions (nodules, polyps) or laryngeal mobility lesions (paralysis)
[Muñ+03]. Whereas vocal folds are usually coupled, asymmetries between the
2 vocal folds (e.g. in tension) may cause them to vibrate at different frequencies
[NH02; Tig+97; Gio+99], which can create roughness. Although these causes are
not intentional, some permanent voice disorders may be involved in the identity
and expressive quality of certain singers’ voices [Cha13]. Besides the vocal folds,
other supra-glottal structures, like the ventricular folds, the arytenoid cartilages,
aryepiglottic folds, or the epiglottis, may also vibrate and thus be implied in the
creation of a rough voice quality [NH02; Tsa+10; Sak+04; Bai09]. Ventricular
folds (positioned just above the vocal folds in the larynx, as shown in figure 2.1)
are also involved in certain throat singing techniques to generate very low-pitched
voices by inducing a period-doubling phenomena [Hen+06; Bai09].
Note that besides the rough voice quality, the physiological mechanisms involved
(e.g. supra-glottal constrictions, or rising of the larynx) may also change the
resonances of the vocal tract that have implications on the overall voice timbre
[Bai09], which also present a certain degree of roughness.

From the perceptual point of view, the perception of roughness is related to
the ability of the auditory system to perceive and resolve individual sinusoids
presented together, as explained in [Sun90]: "The condition for our ability to hear
one of 2 equally strong spectrum partials as an individual tone is that they are
separated by at least one critical band. [. . . ] All pairs of partials that are similar
in amplitude and separated by less than a critical band contribute to the roughness
of the timbre. If the pair of partials is high in amplitude, the contribution is
substantial." This explains for instance why the presence of sub-harmonics in
the voice spectrum is perceived as roughness. Similar conclusions were drawn
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in [Ter74] from the study of amplitude and frequency-modulated tones, which
adds that "the entire roughness is composed of the partial roughnesses which are
contributed by adjacent critical bands".

As vocal roughness covers multiple different voice qualities, different ap-
proaches may be used to model different voice qualities. In [Nie08], the author
classified roughness-related vocal effects found in different singing styles, denoted
as "Extreme Vocal Effects", into 5 categories (rattle, distortion, growl, grunt, and
scream, from the softest to the more extreme), giving a description and musical
references for each. Based on the Wide-band Harmonic Sinusoidal Modeling
algorithm [Bon08b], the author tried to reproduce those effects, from the analysis
of recordings, by a combination of various treatments: global stretching of the
spectral envelope; spectral filtering to introduce macropulses (using a different
filter for each glottal pulse); addition of noise based on phase randomisation;
addition of pitch variations (jitter); and a negative gain on the fundamental. Each
one on those parameters has a different setting, depending on the effect to be
produced. The "growl" effect, characteristic of blues music such as employed by
Louis Armstrong, is probably the most popular of these effects.
In [LB04], the author proposed 2 approaches to create such effects. The 1st

approach consists in transposing down the original signal by a certain number of
octaves, then shift and scale several copies of this transposed signal with various
delays and gains values with a certain amount of randomness (to introduce jitter
and shimmer), and finally sum them together.
The 2nd approach presented in [LB04] consists in adding sub-harmonics to the
signal directly in the frequency domain, based on the phase vocoder. In this
approach, sub-harmonics are added only in the range [f0-8kHz]. The phase and
amplitude patterns of these sub-harmonics are imposed based on the analysis of
real growl sounds.
Another frequency-domain approach is presented in [BB13], where authors pro-
posed to use spectral morphing to mix an original "clean" voice to be transformed
with a sample of rough voice with the desired voice quality. This is achieved by
first inverse filtering the rough sound by its spectral envelope to get a residual
signal, apply the target f0 curve by time-domain resampling, filtering it back with
the spectral envelope of the original clean sound, and finally transforming the
harmonics in order to match the phases and amplitudes of the original sound. The
rough source can also be looped if necessary to match the target duration.
Other approaches are based exclusively on jitter and shimmer modeling, for
transforming speaking or singing voices. In [VK05], jitter is defined as the average
intensity in a band around the fundamental in the spectrum of a normalized pitch
contour. The jitter can thus be introduced or modified by changing the mean and
variance of the energy in this band.
In [RL08], a generative model based on statistical analysis of natural hoarse
voices is used to modify the jitter and shimmer properties of a modal (or "clean")
voice. The jitter is first obtained by high-pass filtering the f0 contour. Then some
statistics are extracted on the degree of jitter and the numbers of consecutive
pitch cycles without alternations of the jitter derivative. "Jitter banks" are built
to store the original pitch variations due to the jitter. Then, based on these
statistics and jitter banks, a new pitch curve including jitter can be generated and
applied by time-domain resampling of each individual pitch cycle obtained by a
pitch-synchronous analysis (using envelope preservation).
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Two approaches for introducing roughness in singing voice have been investi-
gated during this thesis, which will be presented in chapter 6.

2.5.5 Breathiness

Another attribute of the voice timbre that may be characteristic of some singers or
be used punctually as an expressive means is breathiness [Cha13], which manifests
itself as high-frequency noise in the speech spectrum. It is due to significant
air leakage between the vocal folds when the voice is relaxed, that produces
aspiration noise, and is thus strongly related to vocal effort [Nor+08; FRR09]. One
particular aspect of breathy voices is also an increased spectral tilt, related to a low
vocal effort, which can be obtained using similar techniques to those previously
presented for intensity transformations. Modifying the breathiness thus requires to
be able to manipulate both the noise level and the tenseness (spectral tilt) of the
voice.

In [TD04], the HNM model is used to perform such breathiness transforma-
tions of singing voices. As explained in this article, simply boosting the gain of the
noise component to increase breathiness is not sufficient and may increase artifacts
due to errors in the analysis. Instead of the real noise component, high-passed
white noise filtered by the VTF is thus used, as in [Deg10; Hub15].
In [DRR11b], the SVLN analysis/re-synthesis method is used to perform breathi-
ness transformations by modifying the Rd source parameter between the analysis
and synthesis stages to increase the spectral tilt. In [Nor+08], the authors also
considered the need of scaling the vocal effort in coherence with the breathiness
modification in order for the stochastic and deterministic components to blend
well together, without perceiving the noise as a separate source. For this purpose,
an adaptive "pre-emphasis" filter representing the source’s spectral tilt is estimated
using linear prediction with a low order. Then, transforming high-effort singing
voices into breathy voices is achieved by manipulating the spectral emphasis
filter (based on the analysis of breathy vowels) and adding pulsed white noise to
simulate aspiration noise.
Similarly, the authors in [Nor+08] performed breathiness transformations by
low-pass filtering the original voice to increase the spectral tilt, and adding filtered
white noise.

2.6 Expression control

We reviewed so far the basics of voice production and the main state-of-the-art
techniques used for modeling, synthesizing, and transforming voices. We will
detail in chapter 3 how we implemented such techniques in the framework of a
singing voice synthesizer that we developed. But beyond generating an intelligible
and natural-sounding voice timbre, similar to that of a real human voice, syn-
thesizers must also reproduce the various expressive intentions and unintentional
fluctuations of real singers.

The specificity of singing is that it is at the intersection of speech and music.
While speech synthesis and music performance have been studied separately,
singing synthesis share common aspects with both fields. Speech prosody has
been thoroughly studied from the signal, but also psychological or cognitive point
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of views, with respect to naturalness and expressivity, considering aspects such
as speaking style and emotions [Bel09; Obi11; Fón83]. Speech prosody can
be defined as the behaviour over time of the acoustic features that don’t affect
the identity of the speaker and the phonemes pronounced, encompassing pitch,
intensity, speaking rate and some spectral features (also related to terms like
intonation, tone, stress, accent, rhythm, ...), and many different techniques have
been proposed to generate appropriate prosodic features for speech synthesis such
as reviewed for instance in [Obi11]. On the other hand, some works have been
focused on musical expressivity, with the aim to render realistic interpretations of
musical pieces, based on general features such as intensity and tempo variations to
emphasize some parts of a piece and add some grouping structures (or "phrasing")
to the notes of the score, not necessarily focusing on a particular instrument.
As said in [WG04]: "The purpose of computational models of expressive music
performance is to specify precisely the physical parameters defining a performance
(e.g., onset timing, inter-onset intervals, loudness levels, note durations, etc.),
and to quantify (quasi-)systematic relationships between certain properties of the
musical score, the performance context, and an actual performance of a given
piece." In the context of the present work, both fields of research are thus useful
sources of knowledge and inspiration.

While signal modeling techniques are for the main part very similar for both,
speech and singing synthesis differ in their timbral and prosodic characteristics,
and generating an expressive singing voice requires an appropriate control of both
aspects. While the main purpose of speech is to convey a message (either explicitly
in the pronounced text, or implicitly using prosodic features to shape the sound),
an important aspect of singing, compared to speech, is that the pitch and timing are
constrained by the score being interpreted. Moreover, aesthetic considerations are
much more important in singing, which makes use of specific expressive features
such as vibrato, portamento, crescendo, etc..., that are not found in speech. For
these reasons, we prefer, in the case of singing voice, to talk about "expression
control" rather than prosody
Compared to other musical instruments, voice is very flexible. For instance, a
piano has a basically flat pitch for each note, with a relatively restricted and stable
timbre. The main parameters considered for rendering a piano performance would
thus simply be the tempo and dynamics as in [GPW04; WG04]. Those approaches
work at the note’s and phrase’s levels, but do not predict intra-note behaviours
which are very important for singing, whose characteristics are continuously
evolving in time, especially in terms of pitch and timbre, and which thus require
much more parameters to be controlled. A particular aspect of voice compared
to other music instruments is also the phonetic content related to the pronounced
text, that needs to be adequately controlled in term of timing, which adds a further
temporal dimension to be considered.

As already said, the control parameters for singing voice are constrained by
the score. But all the subtle variations of the voice can’t be explicitly defined
in a simple score, which provides only basic symbolic informations, such as the
pitch and duration of the notes, and possibly additional informations related to the
dynamic (nuances, crescendi, ...) and articulation (e.g. legato or staccato). The
score itself is thus not sufficient to render a realistic performance, and the addition
of natural fluctuations and specific expressive variations is necessary. The success
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of conveying a natural expression to the synthesis relies on an exhaustive and co-
herent control of all the various acoustic features, taking into account their possible
inter-dependencies. The synthesizer thus requires a means to generate adequately
those features, automatically from the input score and text. This is the purpose of
the control module (illustrated in figure 1.1), which makes use of explicit and/or
implicit knowledge to achieve this task, by means of specific models, rules, and/or
machine learning techniques, possibly based on a set of reference performances
recordings. Singing synthesizers having nowadays achieved a reasonable quality
in terms of signal modeling (especially using concatenative approaches), more
research has been recently dedicated to the problem of expression control. But
progress are still necessary to obtain a singing quality comparable to that of a
professional singer, for a wide range of singing styles.

In this section, we will first review the various control parameters related to
singing voice and their principal characteristics. Then we will present the state-of-
the-art techniques used for generating such parameters.

2.6.1 Control parameters

Many control parameters can be identified to cover all aspects of singing synthe-
sis. These parameters confer both a natural and expressive character to the voice,
covering features related to emotion, singing style and inter-individual variations,
while carrying the melody and rhythm imposed by the score.
These parameters are of different natures and can be identified at several levels.
Low-level features are defined at a local level, such as the phonemes durations,
or the pitch and intensity represented by continuous curves composed of instan-
taneous values that can be specified at the frame level. Those features should be
generated by the control module and are the direct input of the synthesis module
(as illustrated in figure 1.1). Then, upon those low-level features, higher-level ones
can be built, such as vibrato, crescendo or portamento (smooth transition between 2
notes). Those high-level features span over longer time windows and are an impor-
tant vector of expressivity. Depending on the chosen approach, the control module
can use specific models to describe and generate the low-level features using a set
of higher-level parameters (e.g. vibrato rate, transition duration, attack sharpness,
...), or directly generate the low-level features (e.g. frame-level f0 values).
The main features that may be controlled for the synthesis, depending on the sys-
tem, are: the fundamental frequency (f0), the phonemes’ durations and positions,
the intensity, and some timbre-related features (related to the vocal tract character-
istics or voice quality). In [Cha13], the author did a thorough musicological study
of all the possible aspects related to the interpretation in singing. In [Umb+15], the
author proposed a classification of these various parameters into melody-related,
dynamics-related, rhythm-related, and timbre-related features. Note that some
high-level features may also be considered as transverse, such as the vibrato that is
mainly related to pitch, but can also have an influence on the intensity and timbre.
Regarding the control of the synthesis, we will mainly focus in this thesis on the
3 low-level features that seem really essential to singing synthesis, as being di-
rectly measurable and perceptible, and accessible to all presented signal models,
that is: the f0 variations, the temporal alignment (positions and durations) of the
phonemes, and the intensity variations, also embedding the higher-level features
we mentioned. To a lesser extent, we will also mention some timbre-related aspects
of control. To illustrate those features, figure 2.9 shows as an example an extract
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of a singing voice recording with the aligned spectrogram, midi notes, phonemes
boundaries, f0 and loudness curves. In the following subsections, we detail the char-
acteristics of these main control parameters. Note that we don’t consider here the
case of physical modeling synthesis for which control parameters would be related
to physical and physiological dimensions of the vocal apparatus such as sub-glottal
pressure, vocal fold tenseness, or tongue position, for instance.
Other style-specific characteristics such as subtle rhythmical variations (e.g. swing
or small time lags) or ornamental notes are also important features, but can be de-
scribed in the symbolic domain, and should thus better be handled at the score level
(e.g. by modifying the durations in a midi or musicXML file). Those aspects are
thus not considered as part of the control module in the present work, although
some style-related symbolic processing of the score may be later included.

FIGURE 2.9: Extract of a singing voice recording with the aligned
midi notes (red horizontal bars) and main control features: pho-
netic segmentation (vertical lines), f0 curve (in blue), and loudness

curve (in white)

2.6.1.1 Fundamental frequency (f0)

Among all control parameters, fundamental frequency (also denoted as f0, or pitch)
is probably the most important one, as it is the pitch, more than the rhythmical
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FIGURE 2.10: Example of f0 contours with identified character-
istic fluctuations.
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aspect or any other, that determines the identity of a melody and allows us to
recognize a song. Furthermore, beyond carrying the melody, the f0 variations also
conveys music style, personal expressivity and other characteristics specific to
voice production mechanism [SG09; Cha13; Kak+09; NLM07]. The f0 modeling
is therefore critical for a natural-sounding and expressive synthesis and should thus
be considered in priority.
Various approaches can be used to estimate the f0 curve on a monophonic sound
with reliable quality (e.g. [CK02; CH08; KAZ16]). Figure 2.10 shows some
extracts of f0 contours of a singing voice, where various types of fluctuations have
been identified. Some of these fluctuations are due to uncontrolled behaviour
related the voice mechanism and articulation, independently of the skills of the
singer, and confer some naturalness to the voice. Other types of fluctuations are
controlled and used as expressive means to interpret a melody in relation to singing
style and aesthetic qualities of the voice, requiring a certain level of proficiency
from the singer to be properly controlled.

We describe here these various fluctuations that constitute the f0 contour of
singing voices:

• Jitter: Even when trying to sing a very stable sustained note, it is not possible
for a human to keep a perfectly constant pitch when singing. Jitter is an
involuntary random perturbation of the f0 during phonation. In [Sta11], the
author talks about "pitch drift" as a low-frequency perturbation occurring
below the vibrato frequency ( 5Hz), whereas in [Sai+07], authors refer to
"fine fluctuation" as an irregular frequency fluctuation at rates higher than
10Hz. In this thesis, we will refer to jitter as any kind of random fluctuations
that are not related to expressive intentions of the singer or to articulation,
thus encompassing the pitch drift and fine fluctuations evoked in [Sta11] and
[Sai+07]. Some jitter can be observed on figure 2.10 a).

• Micro-prosody: In speech and singing, the articulation (succession of
phonemes pronounced) does not only affects the timbre but also the pitch
and intensity. Micro-prosody thus denotes phoneme-dependant variations
that affect the f0 and intensity contours, and has been evoked in many studies
[Bon08a; STK10; Umb+15]. While certain phonemes may not induce much
variations in their pitch contours, this effect is particularly important in the
case of voice fricatives (phonemes /v/, /z/, and /Z/ in SAMPA notation),
which systematically induce a pitch valley, as can be seen in figure 2.10 c)
for phoneme /Z/.

• Vibrato: Vibrato is defined in [Sun90] as a periodic, rather sinusoidal, mod-
ulation of the f0. Vibrato is characterized by a rate (or frequency) parameter
that tends to range mainly from 5 to 7.5Hz, depending on the singer, and a
depth parameter usually ranging from ±0.5 up to ±2 semitones. Vibrato in
singing voice has been widely studied [Pra94; MB90; BS02; DAl94], mostly
from an analysis or perceptual point of view. Vibrato is assumed to be a nat-
ural behaviour related to the voice mechanism [Sun90], that trained singers
may be able to produce rather unconsciously. Singers can hardly control the
rate of the vibrato, which tends to be rather stable for a particular singer, but
they can better control its depth in order to use it more or less prominently,
for expressive purposes. Vibrato is present in many singing styles, and is es-
pecially important in lyrical (western operatic) singing. Some phenomenons
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such as an increase of the vibrato rate on the last cycles [Pra94] have been
reported. However, [MB90] suggests that a good vibrato is nearly sinusoidal
and that changes in its shape along time is not perceived by listeners. While
some authors have seeked to precisely characterize the shape, rate, and am-
plitude of each vibrato cycle for synthesis [STK10; IIO14a], the necessity of
such a precise description of the vibrato for synthesis purpose, from a per-
ceptual point of view, has not been attested.
As stated in [RPB84], the vibrato is especially important for recognizing the
identity of a singer, not only because of the specific vibrato properties of
that singer (and particularly its frequency), but also because the frequency
modulation induced sweeps across the formants along time, which thus bet-
ter reveals the voice timbre than with a flat pitch. This is especially true for
high-pitched voices for which the spectral envelope is poorly sampled by the
harmonics.

• Preparations and overshoots: During continuous (voiced) transitions be-
tween 2 notes, the f0 contour exhibits some fluctuations that have been de-
noted in [Sai+07] as "preparation" and "overshoot". An overshoot is an in-
flection exceeding the target note’s pitch after a note change, at the end of a
transition. In [SUA05], the authors stated that overshoots are the type of in-
flections that affect the most the perceived naturalness of synthesized voices.
A preparation similarly denotes a deflection in the opposite direction to the
note change, at the beginning of a transition. Examples of both can be ob-
served in figure 2.10 d) and e).

• Attacks and releases: Regarding the f0, the term "attack" designates a rise
of the f0 contour, starting below the target note, at the begining of a sentence
after a silence, as shown on figure 2.10 a). Contrarily, a release designates a
fall of the contour at the end of a sentence, just before a silence, as shown on
figure 2.10 f).

All those components affect the naturalness and/or expressivity of the voice
and should thus be appropriately modeled. Many different approaches to generate
f0 curves for singing voice synthesis have been developed. Some approaches are
based on parametric models and rules, while other mainly rely on the use of a
database of singing recordings. Some parametric models specific to f0 modeling
will be briefly introduced here, while the main approaches to expression control,
including f0 modeling, will be developed in section 2.6.2.
In [SUA02; SUA05; Sai+07], some expressive f0 variations like preparation,
overshoot, or vibrato are generated using the transfer function of a 2nd order
linear system, parametrized by a damping coefficient, a gain factor, and a natural
resonant frequency. The curve is obtained by computing the response of this
system to the melody component described as a step function of the notes’ pitches.
3 functions with different parameters are used for the preparation, overshoot, and
vibrato fluctuations. Fine-fluctuations (or jitter) are added using filtered white
noise. In [Ohi+10], the autors proposed an approach to automatically estimate the
parameters of such a system.
Inspired from the Fusijaki model for speech [FH84], [Ohi+12] proposed another
approach that uses the same idea of exploiting 2nd order models, but this time sep-
arating the input in notes and expressions commands as 2 separate step functions,
one for transitions and overshoots, and the other for vibrato and portamento.
In [Dev+11], the Discrete Cosine Transform (DCT) is used to characterize singing
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voice f0 trajectories. However, although it is mentioned as a perspective, the study
doesn’t propose a model for generating the f0 from a score.
In [Bon08a], the author proposed to generate a baseline f0 curve based on heuristic
rules, according to observation of recordings. This approach consists in smoothly
interpolating (using linear plus squared sinus segments) a set of points empirically
obtained from normal distributions, corresponding to predominant curve tenden-
cies (depending on the notes’ durations). In addition, some parametrized templates
are used for generating expression (e.g. for vibrato). The author of this work also
introduced the notions of "portamento" defined as reaching a note pitch before the
note onset, and "scoop", defined as beginning the note transition after the actual
note onset.
This last approach may be considered to belong to the category of rule-based
approaches. The main other techniques employed for generating f0 curves are
based on HMMs and units selection, that will be explained in section 2.6.2.

In this thesis, we propose an new model for the generation of the f0 curve from
the score and lyrics, which has been the subject of a publication [ADR15]. This
model will be throughly presented in chapter 4.

2.6.1.2 Timing

While melody is probably the first element perceived and recognized in a song,
rhythm is another essential aspect that is directly represented in the score. It
determines the start and end time of each note of the melody. We denote here by
"timing" all control features that relate to the rhythmical dimension of a singing
performance. As said before, whereas rhythm is a rather simple and explicit
attribute for some instruments like piano, several aspects are to be considered for
the singing voice, due to the presence of lyrics: the temporal positions of the notes,
related to the notes’ nominal durations obtained from the score (and to potential
rhythmical deviations); the timing of phonemes; and the relation between both,
that we will refer to as "temporal alignment".
In real singing performances, the tempo is generally not perfectly constant
throughout the interpretation of a score, and some timing deviations from the
notes’ positions and durations given by the score can be observed. As said
previously, works have been conducted on expressive performance rendering, that
work in the symbolic domain (e.g. by modifying midi files) to apply rhythmical
variations [WG04; Fri+00] to the initial score. In this thesis, we don’t consider
this aspect and will only focus on the phonemes’ durations and their positions in
relation to the notes boundaries, that are assumed to be precisely defined in the
input score, without further modification.

In order to be able to sing a melody, any note present in the score has to be
associated with only one vowel. Each vowel can be part of a syllable comprising
one or several consonants before the vowel, but it is not possible to sing a note
only on a consonant. Sometimes, a single vowel could also be sung on several
succeeding notes, which is called a "melisma". On a written score, each syllable
is usually associated to a note, and one could intuitively think that the start of
syllables should be aligned with the notes’ onsets. However, it is a common
agreement, reported in many studies, that notes’ onsets should match the onset of
the associated vowels (and not that of the syllable), and this rule has thus already
been implemented into many singing synthesizers [Sun06; Mac+97b; Une02;
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Bon+01a; KO07; Bon08a]. In case the syllable contains one or several consonants,
those consonants should thus be pronounced before the note onset, during the time
frame of the previous note.

Besides this temporal alignment between vowels and notes’ onsets, phonemes
durations should be properly generated for synthesis. Phonemes’ durations
may depend on many factors, from phoneme type or identity to inter-individual
variations, rhythm and tempo, or expressive intentions, as some syllables may be
accentuated by purposely extending the consonants durations (as it is sometimes
also the case for prosody in speaking voice [Bel09; Obi11]). But few studies
explicitly model the phonemes durations for singing synthesis.
In [Sai+04; Sai+07] a rule-based approach is used for controlling phonemes’
durations according to the note’s duration, for speech-to-singing conversion.
In this work, each "mora" (the basic phonetic unit of Japanese language) is
decomposed into 3 parts: a consonant part, a boundary (co-articulation) part, and
a vowel part. Then, the consonant part is stretched using a fixed factor depending
on the type of consonant (fricative, plosive, nasal, or semi-vowel), the boundary
part is not modified, and the vowel part is stretched so that the total length matches
the note’s duration. The fixed stretching ratios for the consonants have been
determined empirically by comparing speaking and singing voices. This approach
assumes that each consonant has a "natural" duration, different in speaking and
singing, independently of the note’s duration, but no adaptation is proposed for
higher tempo (and thus shorter notes), in which case this simple strategy would
not be very well suited. A strategy would thus be necessary to adapt phonemes’
durations in the case of fast singing. However, this highlights the importance
of the consonants’ type for duration modeling. This example also shows the
importance of the language as a potential influential factor on phonemes’ durations
and positions. In this thesis, we will only consider the case of the French language.
HMM-based approaches like [Sai+06] implicitly model phonemes’ durations
based on duration modeling of context-dependent states, using decision-tree based
context-clustering. In [Sai+06], the authors further introduced a "time-lag" model
to infer the temporal alignment between the phonemes and the notes positions
(instead of strictly aligning vowels to notes onsets). These time-lags are estimated
simultaneously to the states durations so as to maximize their joint probability.
In [Une02], an approach is presented for computing the phonemes’ durations and
alignment with notes, according to the notes’ durations, that differentiates between
the various type of consonants for applying a compression rate in short notes,
based on the minimal and standard durations of each phoneme (computed from
recordings at fast and moderate tempi).
Our own approach for dealing with the timing and durations of phonemes will be
presented in chapter 4.

2.6.1.3 Intensity

A 3rd important parameter of singing voice is intensity. The intensity is a measure
of energy in the acoustic signal, related to the perceived loudness of the voice,
that can be measured at a frame level to obtain a continuous curve. The temporal
variations of intensity are often referred to as "dynamics".
Several measures can be used to estimate the intensity contour of a voice signal.
A first possibility is to use the simple Root Mean Square (RMS) [DD98]. How-
ever, this measure is directly linked to the amplitude (or energy) of the signal’s
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waveform, but doesn’t take into account the specificities of human perception of
sounds, as for instance the sensibility to certain frequency regions, or masking
effects. As an alternative, loudness models can be used for better measuring the
perceived intensity of a sound, taking into account the various psycho-acoustic
effects related to hearing. But, due to the complexity of the hearing system,
depending on the nature of the sound, no single model is perfect and several more
or less complex models can be used. [FPR11] gives a good and recent review of
the main existing loudness models. However, the hearing system is less sensitive
to loudness variations than to pitch fluctuations, and the precision of this measure
in thus not as critical as for the f0.

The intensity fluctuations along time are affected (more than pitch) by micro-
prosody, the loudness level being determined by the energy repartition along the
frequency axis, that depends on the phonetic content of the pronounced lyrics.
Intensity may also be correlated, to some extent, to other parameters like pitch, as
it is not possible for a singer to sing very loud with a low pitch, and the perceived
intensity tends to increase with the f0, as reported in [Gra+88].

Tremolo is the intensity-related counterpart of vibrato, and can be described
as a periodic fluctuation of the intensity during sustained vowels. As explained
in [Sun90], tremolo is partly directly induced by the vibrato oscillation, as when
harmonics move in frequency, changing their distance to a formant’s centre
frequency, their amplitude vary according to the amplitude and bandwidth of
the formant, thus inducing a periodical fluctuation of the overall intensity of the
signal, as has been studied in [MB90]. Depending on the pitch, and thus the
frequency position of the strongest harmonics relatively to formants’ frequencies,
the tremolo may be in phase or in phase opposition with the vibrato, or out of
phase, exhibiting modulations at twice the vibrato frequency (if the harmonics
sweep back and forth between the left and right sides of a formant). But some
singers may also intentionally use tremolo as an expressive feature in itself,
independently of vibrato, by emphasizing this amplitude variation on purpose.
[Cha13] evokes for instance the case of the French singer Véronique Sanson, who
uses this "intensity vibrato" particularly intensively. However, from a perceptual
point of view, tremolo remains secondary compared to the f0 modulation of vibrato.

Besides micro-prosody and tremolo, some variations of intensity can be used
to convey expressive intentions and add some structure to a musical piece at dif-
ferent levels. These variations can be related to some nuances written in the score,
or freely performed by the singer in its own interpretation, and shape sequences
of notes or single notes at a finer level. For instance, some notes or words can be
accentuated by emphasizing the difference of intensity relatively to the surround-
ing ones, and crescendi or decrescendi can be used for shaping a sustained note or
a group of notes to add some phrasing structure. Such intentional variations are
related to the vocal effort produced by a singer to project his voice and thus are
correlated to timbral attributes of the voice source such as spectral slope.
An approach to generate expressive variations of intensity in synthesis will be pre-
sented in chapter 4.
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2.6.1.4 Timbre-related features

Although timbral parameters are tightly related to the employed signal modeling
approach and can not always be easily modified, we give here, for the sake
of completeness, some insight on how such features may be controlled, either
explicitly or implicitly.

The timbre mainly depends on the shape of the vocal tract and on the mechan-
ical characteristics of the vocal folds or other vibratory mechanism of the vocal
apparatus which affect the voice source signal. As seen in 2.5, timbral features
cover varied aspects of singing, and their control can thus imply very different
requirements, depending on the feature. The timbral features related to phoneme
identity (i.e. formants positions) are implicitely defined and modeled based on
the known phonemes sequence, and thus don’t require additional control. Some
other timbral features are directly related to parameters like pitch or intensity. In
[Feu+17], the glottal formant’s frequency and spectral tilt of the source model and
the 1st formant’s frequency are directly related to the vocal effort, and thus to the
intensity, based on predefined rules. In that case, no explicit control of source and
formants’ parameters are thus required. Similarly, formant tuning strategies can
be used to automatically adapt formant’s frequencies according to pitch [HSW11].
The vocal register (i.e. chest or falsetto), dependant of the pitch, is related to the
source parameters, and may be controlled either explicitly or relatively to the pitch
based on a predefined threshold.
But the voice source and vocal tract’s characteristics are also used differently
among singing styles [TS01; BK06]. A particular singing style could thus be
chosen, which may affect various timbral features, as it is the case for instance in
the Cantor Digitalis software 7, where different types of voices (e.g "Bulgarian-
style singer") can be chosen. As explained in section 2.5, male operatic singing
is characterized by the presence of a singer’s formant. Some parameters could be
used to give this operatic characteristic to a voice by applying such an effect.
Finally, voice qualities such as roughness, tenseness, or breathiness could be
expressively controlled, by varying the degree of those effects along time. In
[LB04], the authors proposed an automatic control of the growl effect, to determine
where and how it should be applied, based on the derivative of the f0 and energy
contours.

2.6.2 Main approaches to expression control

Depending on the given inputs, different types of systems can be identified,
regarding the control of the synthesis.
Real-time synthesis systems like [Feu+17; Coo05] make use of direct explicit
controls of the various parameters given by a musician, using a dedicated Human-
Computer Interface (e.g. a graphical tablet).
Another kind of systems, called "performance-driven systems", makes use of the
real performance of a human singer to extract expressive parameters and use it to
synthesize a similar performance with a different voice [JBB06; NG09], which
requires to have a recording of the target song. A particular interest of such
system is to compare the quality of the synthesizer to that of a real singing voice,
for instance to evaluate the quality of the signal modeling and transformations

7https://cantordigitalis.limsi.fr/

https://cantordigitalis.limsi.fr/
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FIGURE 2.11: Illustration of the control module

independently of the control. When the parameters are directly copied from
the real singing voice to the synthesizer’s input, we can also talk about "copy
synthesis".
The 3rd type of systems takes as input a pre-defined score with associated lyrics,
from which all the necessary control parameters are generated, as illustrated in
figure 2.11. In the context of this thesis, we only consider this last type of systems
for producing offline synthesis from a score and lyrics.
In that case, features can be generated either completely automatically using
only the symbolic informations from the score, or possibly partly determined by
the user interactively using an appropriate user interface. Different degrees of
interaction may be allowed to the user to manually tune a wide set of control
parameters. In [Bon08a], the user can select the voice quality parameters, timing
(notes onsets and durations), dynamics, musical articulation (e.g. soft or sharp
attacks and releases, or transition’s type), and other expressive features (vibrato
and tremolo). The Vocaloid software8 offers a graphical interface from which users
can manually tune features like pitch deviations and growl, using general settings
and automations, to obtain a satisfying result. But the manual tuning of all control
parameters is a difficult and time-consuming task to obtain realistic performances.
While it is desirable for the user to have a direct control over the expressive
parameters, synthesis systems should thus be able to produce convincing results
directly from a score.

Because of the versatility of singing voice, one can however hardly expect to
come up with universal rules and models that are well-suited for any singing style,
which should be taken into account when building a singing synthesis system.
Moreover, many different interpretations of a same score may be acceptable.
Assuming that different singers have more or less access to similar expressive
features, the singing style of a singer results from the use of certain configurations
of expressive control parameters occurring in certain musical contexts. Under
these considerations, the problematic of singing style modeling can thus not be
considered separately from the general problem of expression control. However,
the precise definition of a singing style in the framework of singing synthesis has
not been well established, and will thus be subject to further discussion in chapter 5.

[Umb+15] and [Umb15] give a very recent and thorough review of expression
8https://www.vocaloid.com/en/

https://www.vocaloid.com/en/
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control for singing voice synthesis, which provides a very beneficial source of
informations and references. Along with the article, the authors have gathered
some sounds produced by the various systems that can be found at the url9.
3 main approaches for controlling expression from a score and lyrics can be
identified: rule-based methods; statistical modeling (HMM); and units selection.
In [Umb15], hybrid approaches have also been recently proposed, that try to take
the best of both HMM-based and units selection techniques. Additionally, another
recent approach based on the selection of parametric templates has been presented
in [IIO14b]. We present below those different approaches to expression control.

2.6.2.1 Rule-based approaches

In rule-based approaches, rules are empirically defined and "hard-coded" into
the synthesizer. Such systems benefit from expert musical knowledge and can
be progressively improved, while generating more knowledge, using an analysis-
by-synthesis procedure. This procedure is typically based on trials and errors to
identify acoustic features that are perceptually relevant. A first tentative rule can be
tried out and the result of the synthesis is (informally) assessed. Then, depending
on the result, the rule can be changed or refined and assessed again, iteratively.
The defined rules can be combined to model different musical styles.

An example of such system is the KTH rule system for music performance
[FBS09] and for singing synthesis [Ber96; Sun07; Sun06]. The KTH system
consists of a large set of performance rules that predict the timing, dynamics, pitch,
and timbral features. Most of the rules look only at very local contexts (e.g. simple
ratios of durations or differences of pitch between successive notes, ascending
lines, etc...) and affect individual notes, but some higher-level rules may also refer
to an entire musical phrase. For instance, in [Fri91], the defined rule "DDC 2A" for
music performance applies specific amplitude envelopes to accentuate the "first of
several equally short notes followed by a longer tone". Rules described in [FBS09]
have been implemented in the Director Musices software [Fri+00]. Some of these
rules are described in [BF99] to apply various emotions to music performances.
For singing voice, a selection of the KTH rules has been applied to the Vocaloid
singing synthesizer in [Alo04]. [Fon01] also implemented some rules adapted to
singing voice, at both the note and phrase levels, based on research from [Fri91]
and [Ber96]. In [Bon08a], the author used some kind of heuristic rules obtained
by observing recorded singing voice performances to control pitch fluctuations by
smoothly interpolating a set of points obtained from normal distributions.

An advantage of this approach is that the implementation is relatively straight-
forward and fully deterministic, although some random variations can possibly be
introduced so that each synthesis of the same score is slightly different. Another
advantage is that this approach can be used without a database of recording, using
only the input score and implemented rules, while the approaches presented in the
next sections require large sets of annotated data.
The main drawback of this approach is its lack of flexibility, as a thorough
musicological study is necessary to define each rule, and representing a new
singing style with its specific rules is thus a long and fastidious task. The rules are

9http://www.mtg.upf.edu/publications/ExpressionControlinSingingVoiceSynthesis?
p=Signal_Processing_Magazine_2015

http://www.mtg.upf.edu/publications/ExpressionControlinSingingVoiceSynthesis?p=Signal_Processing_Magazine_2015
http://www.mtg.upf.edu/publications/ExpressionControlinSingingVoiceSynthesis?p=Signal_Processing_Magazine_2015
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thus also likely to be inferred based only on a few observations that do not fully
represent a given style.

Opposed to this qualitative knowledge-based approach, statistical methods try
to automatically infer the control parameters from data, using machine learning.

2.6.2.2 Statistical approaches

Although statistical approaches are very different from rule-based approaches,
they still shares some similarities, in the sense that they choose the parameters to
be applied according to contexts, which can also be interpreted as rules, except that
those rules are inferred from automatic large-scale data analysis instead of being
hard-coded and can thus easily be modified only by tweaking the data, without
having to change the code behind. In [WG04], authors stated that machine-learning
techniques allowed to automatically discover rules bearing a strong resemblance
with that of the KTH model.

The main type of statistical approach are HMM-based approaches, already
evoked in section 2.3.4 for generating the voice signal. Beyond generating the
voice spectrum, those systems are also able to generate the control parameters, as
explained for instance in [Sai+06; STK10; Our+10; Lee+12; LDL12]. Although
those systems implement different variants and improvements, they all basically
work the same way. A particular advantage of this approach is that it can jointly
model the various features.
These systems operate in two phases: training and synthesis. In the training part,
acoustic features such as f0, vibrato-specific parameters, intensity, and MFCCs are
estimated from a database of annotated recordings, and associated with contextual
labels obtained from the annotations. Depending on the system, contextual labels
can relate to different levels, from the phonemes and notes to the entire musical
phrase or the whole song. A few examples of contextual labels are: syllable
identity; identity of previous, current and next phonemes; pitch of the previous,
current and next notes; notes intervals; notes durations; positions of notes in a
musical bar; tempo; ... Then, those contexts are clustered using decision trees
and HMMs are built from statistics computed on each cluster, that relate how the
estimated expression features behave according to the contexts.
During the synthesis part, contextual labels are derived from a target score (notes
sequence and lyrics), and all parameters (state durations, f0, vibrato, and MFCCs
observations) can be directly generated from the HMM, based on those contexts. In
some systems, the dynamics may be implicitly modeled in the MFCCs along with
timbre. Phonemes durations are usually implicitly modeled from the HMM states
durations. In [Sai+06], time-lag models are also used to infer phonetic timing.
Note that if the timbre (MFCCs) is not modeled, the generated control parameters
can still be used as input to another kind of synthesizer (e.g. concatenative
synthesis), as is done in [STK10] and [Umb15].

In [Umb15], 2 variants of HMM-based systems for expression control are
presented. The first one models the pitch and dynamic contours on a note basis
(using 5 states per note). The second one proposes to rather model sequences
of transitions and sustains segments (attacks and releases being considered as
transition segments). In this case, one model is built for the sustain segments,
and 5 models for the transition (attack, release, ascending transition, descending
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transition, and transition smaller to a semitone). In [STK10], the notes are sup-
posed to be divided into up to 3 regions ("beginning", "sustained", and "ending")
with different types of behaviour, and a label representing this segmentation is
predicted for each note, that is then used as a contextual factor for generating the f0
and power. Another difference between systems is that in some cases, the absolute
pitch values are used in the modeling, while in others, pitch values are relative to a
nominal pitch contour generated from the melody, so that all pitches don’t need to
be covered in the database.

Conversely to rule-based approaches, HMM-based approaches can model new
singing styles by choosing an appropriate learning database, without requiring
specific knowledge. The database used for the training should thus be built to
target a specific singing style. For instance, in [Umb15], a corpus of 17 jazz
standards recorded by 1 singer is used as an expression database to capture the
specific style of this singer. In [STK10], a database of Japanese children’s songs is
used to learn the f0 and dynamics parameters.
The HMM-based approach is also quite flexible, as new voice characteristics can
be easily generated by modifying the HMM parameters using model adaptation
[Tam+01a] or interpolation [Yos+00; TD12] techniques, thus allowing a global
high-level control of the synthesis. For instance, it is proposed in [Nos+15] to
continuously control the degree of different singing styles (tested on age-related
styles labeled "child-like" or "adult-like" singing). In the proposed technique,
singing styles and their intensities are represented by low-dimensional "style
vectors", assuming that the mean parameters of the modeled acoustic features
are given as multiple regressions of those style vectors. In the synthesis process,
it is then possible to weaken or emphasize the weightings of singing styles by
modifying the style vector.
Another strength of HMM-based system is the rich contextual description used
in the contexts clustering, where the contextual factors are automatically selected
based on their influence on the measured acoustic parameters. In [Nos+15],
many contextual factors have been used for the training, about the identity of the
current and surrounding phonemes, the absolute and relative pitch of current and
surrounding notes, as well as their durations, and the position of the notes in the bar.

But a drawback of such approach is also that besides a possible global control
of the singing style, it does not provide any local control of the expressivity, at the
note level, to the user.
Another drawback of HMM-based systems is that an important quantity of
properly annotated data is often necessary to cover a sufficiently large set of
contexts with enough redundancy to allow a robust learning, for a particular singer,
singing style, and language. While the approach presented in [Nos+15] seems
to provide good results in the presented evaluation, 25 songs were used for the
training, which is a rather large amount of data.
In other works where the voice spectrum is also jointly modeled, even more data
have been used. In [Sai+06], 60 songs (72 minutes) of a male voice singing 60
Japanese children’s songs were used for the training in order to mimic the voice
quality and singing style. A similar system described in [Our+10] used 70 minutes
of a female voice singing 70 Japanese children’s songs as a training database. The
advantage of using more data is a better coverage when using many contextual
factors, but the consistency of the expressive features using so much recordings
may be questionable. Besides the work load to constitute such large databases, a
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possible drawback is thus an oversmoothing of the generated data.
In [STK10], only about 5 minutes of recordings were used, but only the f0
and power (intensity) were modeled, and only the MIDI note number (pitch in
semitone) and duration of notes were considered as contextual factors.

Another new type of statistical method are neural-network-based approaches,
as already evoked in section 2.3.5. An example is [BB17], in which authors
obtained better scores for the neural-network-based approach compared to an
HMM-based approach in a preference test, using rather small databases of 16 to
35 minutes.

2.6.2.3 Unit selection-based approaches

Concatenative units selection-based systems where presented in section 2.3.3 for
generating the voice signal. These systems also inspired a similar approach for
generating the expression contours using units selection, where the selected units
are pitch and intensity contours rather than sound samples [UBB13a; Umb+15;
Umb15]. For this purpose, a second database specific to expression must be
provided. With this approach, the knowledge and skills of the singer are implicitly
contained in the recordings.

Similarly to what was explained in section 2.3.3, the main idea of units selec-
tion is to select small segments of f0 and intensity contours from the expression
database, and then concatenate and transform them according to the target score. In
units selection-based approaches, these segments are chosen, based on contextual
factors, using cost functions. As in section 2.3.3, both a target (or transformation)
cost and a concatenation costs are used. The target cost measures how much a unit
has to be transformed to match the target score (notes pitches and durations). The
concatenation cost measures the perceptual consequences of joining 2 units. These
cost functions are then weighted and summed together, and the sequence of units
yielding the lowest overall cost is then selected using the Viterbi algorithm.
The main issues for this technique are thus: to design an appropriate database that
can represent well all expressive variations of a particular singer or singing style,
covering a large set of contexts, similarly to HMM-based systems; and to design
appropriate cost functions according to the relative importance of the various
contextual and perceptual factors.

In [UBB13a; Umb15], authors used a database sung using only vowels in order
to avoid the effects of micro-prosody, that are not related to expression, when
extracting pitch and dynamics. The songs from the database were labelled in a
semi-automatic procedure, with the timing and pitches of notes. The annotation
of the vibrato segments was manually corrected and the vibrato parameters (depth
and rate) were extracted, in addition to the raw pitch contour. From this database,
sequences of 3 consecutive notes or silences are use as units to represent the local
context.
In [UBB13a; Umb15], the transformation cost is expressed as the mean of 2
sub-cost functions representing the amount of pitch shift and the amount of time-
streching required to match the target values. The concatenation cost measures
how well 2 units can overlap, based on the times of the transition parts that are
cross-faded (this cost is 0 in the case of consecutive units). A continuity cost is
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also used in order to further favour the selection of long sequences of consecutive
notes from the same song in the database. This allows to obtain a result as close
as possible to the real expression of the singer. Once the tri-notes units have been
chosen, they are transformed, concatenated, and overlap-added to generate the
final curve.
For the computation of the concatenation cost, the annotation of the transitions’
start and end times are also required, as well as for time-scaling the units, so that
only the sustain parts are stretched, without altering the notes’ transitions. The
vibrato is modeled parametrically, separately from the baseline pitch contour so
that the notes can be properly overlapped and stretched without altering the vibrato.

An advantage of this approach compared to statistical ones is that it directly
applies the expression features of the singers with all their fine details, without suf-
fering from over-smoothing. As their is no statistical modeling, smaller databases
can be used. The experiment presented in [UBB13a] used only 6 minutes of record-
ing in soul/pop style.
A disadvantage of this method is however that the annotation work can be fastidi-
ous, especially for annotating the vibrato and transition parts, that are done partly
manually. Another drawback is that the control features are not parametrized (ex-
cept for the vibrato), and can thus not be easily modified (besides manually re-
drawing the curve). Finally, the use of an empirically-defined cost function doesn’t
allow to use a rich context description as is done in HMM-based approaches using
decision tree-based contexts clustering.

2.6.2.4 Hybrid approaches

We presented so far the 3 main existing approaches to generate expression
features in singing synthesis systems. As we have seen, each of those approaches
have advantages and drawbacks. In [UBB13a], it is suggested that "rule-based
approaches would benefit from machine-learning techniques that learn rules from
singing voice recordings to characterize a particular singer and explore how
these are combined", and that "the combination of existing approaches [has] great
potential". In [Umb15], the author thus proposed an hybrid approach that aims at
combining several methods in order to overcome some limitations while keeping
the best of each method.
The idea behind the proposed hybrid system is to first use a HMM-based approach
to generate initial contours that are then used to enrich a cost function to guide a
units selection system. During the computation of the cost functions, the candidate
units from the expression database are compared to the statistically generated
baseline pitch (without the vibrato). Compared to the previous units selection
approach of [UBB13a], a new additional cost function is thus proposed, based on
Dynamic Time Warping (DTW) to measure the distance between the units and the
target contour generated by the HMM-based system. The main advantages of such
an approach is the possibility to use the extended contextual information from
HMM systems (compared to the unit selection which can use only a limited set of
contexts in the definition of the cost functions), while reproducing the fine details
of the original contours with units selection.
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2.6.2.5 Parametrized expression templates selection

A last recent approach to expression control, focusing on f0 contours, has been
presented in [IIO14b]. In this approach, some expressions such as vibrato, glis-
sando (attacks and releases) and kobushi (ornament specific to Japanese singing)
are first segmented on commercial polyphonic recordings of famous Japanese
singers and parametrized using specific models, as explained in [IIO14a; IIO14b].
Once each vocal expression has been parametrized, those parametric templates are
extracted, along with the local notes contexts (note pitch, duration, and labels for
notes at the beginning and end of a phrase), to form a vocal expression library. For
synthesis, some of those expressions can then be chosen for each note, according
to the difference between the original and target notes’ contexts (similarly to the
cost functions used in unit-selection approaches), to form the pitch contour.
[Bon08a] shared a similar idea of using (partly) parametrized attacks, releases,
vibrato, and transitions templates chosen from a performance database to transform
sound units in a concatenative synthesizer. But not much information is given
about how the templates are selected.
The main interest of this approach is that it allows to characterize quantitatively,
using a restricted set of parameters, the expressive variations of the control
parameters.
But, similarly to the unit selection-based approach, the use of a cost function to
measure the distance between the source and target contexts allows to use only
a restricted and fixed set of contextual informations, which can’t represent the
possible variable importance of some contextual factors from one style to another.

2.7 Conclusion

The present chapter aimed at:

• First, to give a thorough overview of the various aspects implied in singing
voice synthesis;

• Then, for each aspect studied, to highlight the advantages and drawbacks of
each potential technique in order to choose the most appropriate ones in our
research and try to find appropriate solutions to overcome their limitations;

• Finally, to summarize the current state of the research in this field, and
identify the next necessary steps towards building better quality systems for
synthesizing more natural and expressive singing voices in a variety of styles.

For this purpose, we reviewed in this chapter the essential theoretical basis
and the main state-of-the-art techniques involved in the various aspects of singing
voice synthesis and processing, along with their specificities and limits.
First, the physiological basis of voice production has been explained with the
implication of the various components.
From the signal point of view, the well-known source-filter model of voice,
inspired from the vocal production system, has then been explained, along with
approaches to modeling its source and filter components. In particular, the LF
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glottal source model has been introduced, and the main techniques for spectral
envelope estimation have been explained.
Based on this knowledge, the various possible approaches for synthesizing a
singing voice have then been reviewed, including mainly formant synthesis,
physical modeling, concatenative synthesis, and HMM-based synthesis, and the
advantages and limits of each one have been highlighted.
As several signal modeling and manipulation approaches can be used in different
systems, the main signal models and approaches have been presented, covering
both time-domain and frequency-domain techniques, as well as general and
voice-specific models that may be used for our purpose. In particular, the phase
vocoder and superVP software have been introduced, as well as the SVLN and
PSY approaches, which will constitute the main background for the development
of our synthesis system that will be presented in the next chapter.
Then, some expressive transformations of the voice, necessary for improving
naturalness during pitch and intensity modifications and for modeling a wider
variety of timbre and voice qualities such as vocal roughness, were presented.
Finally, as we aim at synthesizing singing from a score and lyrics, a last part was
related to the automatic generation of all the necessary control parameters, mainly
including the f0, intensity, and phonemes durations, and some considerations about
singing styles where evoked.

From this review, we can now distinguish 3 main subjects to be further devel-
oped:

• Synthesis techniques and signal models

• Advanced expressive timbre transformations

• Expression control and singing style modeling

The various contributions of this thesis regarding each of these 3 subjects will
know be developed in the following chapters, starting with the description of a
concatenative synthesis system that we implemented.
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Chapter 3

ISiS: a concatenative singing
synthesizer

3.1 Introduction

We reviewed in section 2.3 the various existing methods for synthesizing a singing
voice. Formants synthesis is especially efficient for real-time synthesis and to bet-
ter understand vocal features’ behaviours using analysis-by-synthesis, as it allows
a direct control over formants and sources parameters. Physical modeling synthesis
is interesting for investigating links between physiological and acoustical aspects,
but remains complex for obtaining a high quality, and not very intuitive from the
control point of view. The currently most popular techniques for synthesizing a
singing voice from a score and a text are concatenative and HMM-based systems.
Concatenation-based methods are well-known for generating high-quality speech
and have for some years been widely used for singing voice synthesis [KO07;
BL03; Mac+97b]. While HMM-based systems like [Nak+14] may be more
flexible in terms of speaker identity or singing style (e.g. using model adaptation
techniques [Shi+14]), their quality is still limited by the currently used vocoding
techniques and oversmoothing problems. Conversely, concatenative systems, with
a minimum of transformations to keep the signal close to the original voice, lead
to high-quality synthesis.
In the framework of this thesis, we aim at building a high-quality singing voice
synthesis system that should be able to produce a natural timbre, ideally indistin-
guishable from that of a real singer. For this reason, the approach we chose for
this purpose is concatenative synthesis. As a first step in this thesis work, we built
a fully-functional singing synthesizer based on this technique, called ISiS (for
Ircam’s Singing Synthesizer), which we introduce in the present section.

As explained in section 2.3.3, concatenative synthesis requires the use of a
database from which some sound segments (or units) are first selected and then
concatenated and transformed to generate the output voice. The main transforma-
tions to be performed to match a target score with a specific melody and rhythm
are transposition (or pitch-shifting) and time-stretching. The concatenation process
also requires specific treatments in order to smooth out the audible discontinuities
between the selected units and produce a natural-sounding continuous flow.

Figure 1.1 showed the basic building blocks of a singing voice synthesis
system. Figure 3.1 further details the steps performed by the synthesis system
in the case of concatenative synthesis. In this case, a sequence of units is first
formed according to the input lyrics, which are then selected from a pre-annotated
database. The synthesis engine is then in charge of handling both the concatenation
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"C'est une chanson ..."

[sE] [Et] [ty] [yn] [nS] [Sa~] [a~s] [so~] [o~] [o~_] 
[sE]

[Et]

...

...

database

concatenation

transformation

1

2

3

Control model

FIGURE 3.1: Overview of a concatenation-based singing voice
synthesis system: First, units are selected from a database (1) to be
concatenated (2) and further transformed match the target control

parameters (3)

and the transformation steps. It takes as input all control parameters (mainly pitch
and phonemes durations) from the control module, along with the selected units
that are concatenated and transformed to smooth out discontinuities at junctions
and match the target control parameters.
We conceived this system in a modular fashion, such that the unit selection process,
the synthesis engine, and the control module are independent from each other, and
can be easily replaced by a new one to test different approaches. In particular,
several synthesis engines using different signal modeling techniques can thus be
used with the same units sequence and control parameters.

This chapter will give a review of the various components of the synthesis sys-
tem we developed, except for the control module which will be the subject of the
next chapter of this manuscript. First, we will present the database used by our
system, along with the necessary annotations. Then, we will explain the unit se-
lection process required to choose the units to be concatenated from the database.
Finally, we will present 2 different synthesis engines that have been integrated in
our system, and some specific treatments required to avoid discontinuities due to
the concatenation process.

3.2 Databases

Besides the signal modeling technique, the quality of a synthesized voice also
greatly depends on the quality of the database used, which should thus be recorded
and prepared carefully. Several databases have been built to be used by our syn-
thesis system. We review in this section the various specifications and constraints
related to building those databases, and explain our strategies for the recording and
annotation processes.
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3.2.1 Database construction

3.2.1.1 Specifications

In speech synthesis systems, rather large databases are typically used to cover a
wide variety of prosodic contexts, from which units are selected with possibly
variable sizes, with a minimum of transformation to be applied [Bla02]. However,
compared to speech, the variations in singing, in terms of pitch, loudness, and
timbre, cover a much wider range of possibilities. It is thus not possible to capture
all the combinations of pitch, loudness and timbre with a reasonable quantity of
recordings, and we have to rely on transformation techniques in order to cover
a range as wide as possible with a limited database. In order to get a natural
and well understandable articulation of the lyrics, the continuous or naturally
abrupt timbral variations occurring on co-articulation parts between pairs of
phonemes should not be altered. For this reason, the basic segmental unit used
in our concatenative system is the diphone, which consists in a sound sample
of 2 consecutive phonemes, as was already used in early concatenative speech
synthesizers [MC90; Dut+96] and in more recent singing synthesizers [Bon08a;
KO07]. In order to synthesize any possible lyrics, the minimum requirements for
the database is to cover all the possible diphones of the language to be synthesized
(also referred to as "di-allophones" in [Bon08a]). In this thesis, we focused on the
French language, which requires about 1200 diphones (for 36 different phonemes
considered, listed in annexe A). In some systems, longer units like triphones may
also be used to increase the quality for some articulations [Ken12], but this is not a
requirement. For sustained note, it is also useful to integrate in the database long
sustained vowels that may be used to limit the requirement for time-stretching.
This complete phonetic coverage has to be done for at least one pitch and one
intensity value. In order to minimize the transformations during synthesis, the
chosen pitch should be chosen inside the usual range of the singer. Due to
the quality of transposition that is usually better for upward transpositions (as
discussed in sections 2.4.2.1 and 3.5.1.2), it may be preferable to choose a pitch
lying in the lower part of the singer’s pitch range. The intensity of the database
should be medium (neither too soft nor loud), at a level that is comfortable for
the singer, and the timbre should be "neutral" (without any specific expression
or unusual vocal quality). The speed has some influence on the articulation of
phonemes, and could be also considered as an additional parameter to be taken
into account in the database, as has been done in [Bon08a]. For a single speed
coverage, it is preferable to choose a rather regular and slow speed, so that the
need for time-stretching transformations is minimized (stretching short units to
create long ones is harder than the inverse process).
Then, once those minimal requirements are satisfied, the database can be extended
by recording it several times with various combinations of pitch, intensity, speed
and timbre. Although the memory availability is less and less of a problem nowa-
days, covering several of those combinations can quickly increase the quantity
of data to be managed and the work load required to record, format, annotate,
and analyze it properly. Although the annotation and analysis work can be partly
automatized, some non-negligible manual work to correct the annotations remains
necessary for obtaining a good quality synthesis. Some third-party companies
are specialized in creating and selling databases to be used with softwares like
Vocaloïd 1 for amatory or professional musical production, in which case they can

1https://www.vocaloid.com/en/products

https://www.vocaloid.com/en/products
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spend much effort in the creation and annotation of such databases. However, some
users may want to record their own database with a specific voice, in which case
it is advantageous to minimize its size. For this purpose, a possible compromise
is to record only sustained vowels on several pitch and intensities (and timbre), in
order to extend a bit the covered space without requiring much more recordings, as
vowels represent the main part of the voice in singing.

3.2.1.2 Recording constraints

In addition to the specifications of the database, some technical constraints also
have to be considered, relating to the recording process.
A first aspect is that when singing for a long time, a singer may get tired, and
this may have some influence on his voice timbre. He/she also may have more
difficulties to maintain a stable pitch all along. The longer the database, the longer
the recording session, and the less stable the timbre and f0 might be. A possibility
to overcome this might be to record the database in several sessions, but the
room, microphones positions and gains used for recording should not be changed.
Splitting the session would also increase the risks for the singer to have a different
timbre (e.g: if his/her voice is not well heated, if he/she is more tired, if he/she got
cold and has a husky voice, ...).
For synthesis, we need an homogeneous database in order to minimize the timbre
differences between the concatenated units. For these reasons, the length of the
database should thus be minimized so that it can be recorded in a single session
without being too intensive for the singer.

3.2.1.3 Recording script

For covering all the necessary diphones in the database, a script has to be estab-
lished, as diphones segments can’t be sung alone, isolated, without a minimum of
context. A simple solution for this is to use a systematic approach. For instance,
the singer may sing all combinations of type _CV CV C_ (e.g. "babab"), _V1V2V1_
(e.g. "aoa") and _V C1C2V _ (e.g. "abda"), where "_" is a silence, "C" designates
a consonant, and "V " a vowel. This strategy was the one used for a first prototype
of our system developed during an internship just before this thesis, as explained
in [Ard13]. A rather similar approach was used in [Mac+97a], minimizing the size
of the database using C1V C2 tokens. But this is not very natural to sing, and this
systematic approach is also not very optimized in term of length, as it has quite a
lot of redundancy.
We thus chose for our databases to use real words. Our project partner Acapela
Group2 established a recording script matching those constraints by using a greedy
optimisation algorithm that tries to cover all diphones using a minimum number
of words from a dictionary. Some constraints were imposed to the algorithm in
order to avoid choosing words that are too long or too complicated to pronounce.
This resulted into a list of around 900 French words. Some rare diphones may
not be found in isolated French words, but might still exist when chaining 2 words
together. A few pairs of words were thus also selected instead of single words to
cover those cases.

2http://www.acapela-group.com/

http://www.acapela-group.com/
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Word Phonemes Diphones
coïnculpé _ k O e~ k y l p e _ [_k, kO, Oe~, e~k, ky, yl, lp, pe, e_]

ovni O v n i [_O, Ov, vn, ni, i_]
myosotis _ m j O z O t i s _ [_m, mj, jO, Oz, zO, Ot, ti, is, s_]

parking lapin _ p a R k i N l a p e~_ [_p, pa, aR, Rk, ki, iN, Nl, la, ap, pe~, e~_]

TABLE 3.1: Example of words from the database’s textual script
along with their phonetic transcription and corresponding di-

phones (in SAMPA notation)

Static microphone

headset 
microphone

max/MSP patch 
interface

FIGURE 3.2: Recording set-up

Table 3.1 gives a few examples of words from our database along with their pho-
netic transcription and the diphones covered by these words.

3.2.1.4 Recording process

The databases have been recorded in a studio at IRCAM, using 2 microphones. The
1st one was a headset microphone (DPA4066), and the 2nd one a static microphone
(AT4050) placed at a distance of about 1m in front of the singer. Figure 3.2 shows
a picture from a recording session with this microphone set-up.

The instructions given to the singer were to sing each word of our script
at a stable pitch and intensity level, at a constant and reasonably slow rate
(around 60BPM with one syllable per beat). The singer was also instructed to try
avoiding vibrato as much as possible, as vibrato induces small timbre and intensity
variations (tremolo) that would remain when transposing the pitch and are thus
not desirable. However, it is less natural and thus more difficult and tiring for the
singer to sing without vibrato. Some amount of vibrato is thus still present in the
recordings, but it remains limited.

In order to help with the recording process, a patch (program) has been devel-
oped in max/MSP3. Its aims at monitoring the correctness of the pronunciation of

3https://cycling74.com/products/max

https://cycling74.com/products/max
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FIGURE 3.3: Singer’s view of a max/MSP patch used for moni-
toring recording sessions.

TABLE 3.2: Summary of the recorded databases

Database Sex Range Style Database pitch speed vowels
pitches intensities

RT male tenor pop / variety D3 (145Hz) ~60BPM C2 pp, mp, mf, f, ff
MS female mezzo-soprano pop / variety D#4 (315Hz) ~60BPM B3, F4, D5 pp, mf, ff
EL female soprano lyrical A4 (440Hz) ~60BPM C4, B4, F5 pp, mf, ff

the singer, while helping him/her to keep a stable pitch and intensity during the
whole session. Figure 3.3 shows the singer’s view of this patch. It displays the cur-
rent word to be sung along with its phonetic transcription, so that the correctness
of the pronunciation can be verified. The singer’s f0 is also displayed in real-time
along with the target pitch value (black horizontal line), using a real-time imple-
mentation of the yin algorithm [CK02]. The red lines represent a margin around the
target f0 inside which the singer’s f0 should remain. Similarly, a level meter helps
to monitor the intensity level throughout the whole session. For each word, the
current time of the recording is also saved to help with the automatic segmentation
of the database.

3.2.2 Description of recorded databases

We recorded 3 databases in the course of this thesis. First, we chose 2 professional
singers: 1 tenor male pop singer, and 1 female mezzo-soprano pop singer. In
addition, we recorded a 3rd database from a female soprano lyrical singer to
be used for a piece from the composer Arnaud Petit, using our system. In the
following, those three databases will be labeled respectively RT, MS and EL.
Additionally, sustained vowels on several pitch and intensity combinations have
been recorded for each database. Table 3.2 summarizes the characteristics of those
3 databases. Some example sounds from the 3 databases are given in sounds 3.1 to
3.6.

The total length of the sound files (including some silent part around sung
words) for one database is around 1h30, and each database could be recorded in
half a day.
A system has been integrated to easily extend the database with "add-ons" that

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
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can be used in addition to the main database by the unit selection system, in or-
der to cover additional pitch and intensity values, or additional language-specific
phonemes (e.g. to synthesize English lyrics).

3.2.3 Database annotation

In order to be used by a synthesis system, the databases must first be properly
annotated to define the units to be concatenated and further adjust their durations.
The annotation and unit-selection strategy may differ depending on the system. For
instance, in [Mac+97a], variable-size units are used based on a simple phonemes
segmentation. In our system, the basic units used are diphones, and several
segmentation levels are used.
In order to delimit the diphones units and be able to adjust phonemes durations, a
first segmentation step into phonemes is necessary. This segmentation was done
automatically by our project partner Acapela Group4, using an automatic speech
recognition program to align the recorded sound with the phonetic transcription of
the corresponding words from the script. This segmentation was then verified and
manually corrected. From this phonemes segmentation, a first simple strategy to
obtain the diphones is to cut the phonemes in the middle.
However, due to co-articulation, phonemes don’t have constant timbre charac-
teristics. In voiced phonemes, the formants move from one position to another
between 2 phonemes. Plosive consonants /p/, /t/, and /k/ are made of 2 distinct
parts: a silent part followed by an explosion that is characterized by a short burst
of broadband noise. For each phoneme, one can thus distinct the co-articulated
part where the timbre is changing at the beginning and end of the phoneme, and a
stable part where the timbre is almost constant. This stable part is the one that is
hold when the phoneme is sustained for some time, which happens much more in
singing than in speech. In the case of a plosive that is particularly lengthened (e.g.
for expressive purpose to give more emphasis on a syllable), the sustained part
would be the silent part which thus constitutes the stable part in this case.
For unit concatenation, the phonemes should be connected in the stable part, where
the timbres are similar for both units. In most cases, the middle of the phonemes
belongs to the stable part, and our first strategy for delimiting diphones should thus
give a satisfying result. However, in some cases (e.g. for some plosives), this might
not be the case, and this automatic diphones segmentation may thus also have
to be manually corrected to avoid artifacts related to an inappropriate segmentation.

In our system, a 3rd level of annotations for delimiting the stable parts
defined above may be used optionally. Although not absolutely necessary, this
additional segmentation has several advantages. For long sustained notes, some
steady vowels recordings (or "vowels kernels") are inserted as additional units
in-between the diphones in order to match the target phoneme’s durations and
minimize the need for time-stretching. But for shorter phonemes, units have to be
shortened using time-streching (or rather "time-shrinking"). Using the stable parts
annotations, it is possible to adjust the boundaries of the selected units to adjust
their length according to the target phonemes’ lengths and thus minimize the need
for time-stretching, without affecting the co-articulated parts which are delimited
by this annotation. Such markers where also used in [Bon08a] for similar reasons.
This annotation can also allow to apply different time-stretching factors to the
co-articulated and stable parts, e.g. for obtaining very sharp or smooth articulations

4http://www.acapela-group.com/

http://www.acapela-group.com/
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by changing the duration of the co-articulated parts without changing the total
phoneme duration, which may be used as an expressive feature. This option has
been integrated into ISiS and can be configured to apply a specific time-stretching
factor for co-articulated parts. Finally, in case sustained vowels are available with
several pitches and/or intensities, the stable parts annotation can also be used in
order to select short diphones that encompass only the co-articulation, as was
proposed in [Ard13], and sustained vowels close to the target pitch and intensity
can be inserted in-between to occupy most of the vowel’s duration. However, these
segmentations require fastidious manual correction to be really usable, while the
simpler strategy using only the diphones annotation can already give rather good
results.

Based on those annotations, one can then select in the database the samples
to be concatenated and define the time-stretching factors for matching the desired
phonemes durations given by the control module. Note that only diphones and
sustained vowels are used for now, but the phonemes and stable parts segmentation
strategy may also allow the use of longer units that may be considered for later
improvements. Figure 3.4 shows as an example a spectrogram of the word "ovni"
from the database with the 3 annotation layers.

_ O v n i _

_O Ov vn ni i_

FIGURE 3.4: Example of database annotations for the word
"ovni", showing the 3 annotation layers. Plain vertical lines de-
limit phonemes, dotted lines delimit diphones, and shaded areas
show the stable parts. The spectrogram shows the True-Envelope

analysis.

3.3 Units selection

Regarding the unit selection process, the input of the system, obtained from the
control module, are a sequence of phonemes and their associated durations, as
well as target pitch and intensity values. From the phonemes sequence, it is thus
first necessary to group them into a sequence of units’ labels. Diphones’ labels are
simply obtained by grouping couples of successive phonemes together (including
silences). For each vowel, a sustain unit is also inserted in the middle, that will be
used in case of long notes. Table 3.3 gives an example of a phonemes sequence
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and the corresponding sequence of labelled units.

TABLE 3.3: Example of a phonemes sequence and corresponding
units labels.

Raw text "C’est une chanson qui nous ressemble."
Phonemes sequence _ s, E, t, y, n, S, a~, s, o~, k, i, n, u, R, 2, s, a~, b, l, @, _

Units labels _s, sE, E, Et, ty, y, yn, nS, Sa~, a~, a~s, so~, o~, o~k,
ki, i, in, nu, u, uR, R2, 2, 2s, sa~, a~, a~b, bl, l@, @, @_

The role of the unit selection module is then to select in the database the best
sequence of units to be concatenated (as explained in section 2.3.3), according
to the given labels. As said previously, the script established for the database
recordings aimed at minimizing the quantity of necessary recordings. As a result,
many diphones only appear once in the database, which doesn’t leave much options
to the unit selection system. Obviously, the role of this unit-selection module is
thus much more restricted than in speech synthesis systems where large databases
with variable-size units are used. However, there still is a part of redundancy in
the database, which requires some means to choose the best unit when there are
several possible choices.

MFCCs [DM80] are a compact way to describe the timbre of a sound frame,
that is typically used in unit selection [Vep04]. It basically consists in passing the
DFT of the signal into a filter bank of triangular windows equally spaced along a
Mel-warped frequency scale (a perceptually-motivated frequency scale to approxi-
mate the behaviour of the auditory system), and compute the cepstrum of the result.
In order to minimize the timbral differences between consecutive units, we thus de-
fined a concatenation cost as a simple euclidean distance between the MFCC coef-
ficients of the left and right units, computed at diphones’ boundaries, on the stable
parts of the phonemes.

Optionally, in case several pitches have been recorded for the sustained vowels
(in our case for the MS and EL databases), a target cost Ct is also defined as:

Ct = wdcents · |dcents| ·
10

1200
with

{
wdcents = 1 if dcents < 0
wdcents = 0.5 if dcents >= 0

(3.1)

where dcents = 1200 · log2(
ftarget
forig

) is the pitch difference, in cents, between the
mean pitch of the considered unit forig and the pitch ftarget of the target note
to which the phoneme belongs. The weight wdcents is used to favour upward
transpositions over downward transposition.

The Viterbi algorithm [For73] is then used to find the best sequence of units
that gives the lowest overall cost. Better approaches to unit-selection probably
exist, as proposed in [KV98; Vep04]. However in our case, due to the limited
choice of possible units from the database and an important use of transformation
techniques, the impact on the synthesis result would probably be rather limited,
and this issue has thus not been much investigated.

Then, once the units have been chosen, the segments boundaries have to be
adjusted according to the phonemes’ durations, as will be explained in the following
section.
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3.4 Time corrections

As explained above, our system is based on the concatenation of diphones and sta-
ble vowels. The diphones units are composed of 2 half-phonemes, and the phonetic
annotation from the database gives us the boundary between those 2 half-phonemes
in each diphone unit. After concatenation, a full phoneme is thus composed of up
to 3 parts: the right half-phoneme of the left unit, the left half-phoneme of the right
unit, and possibly a sustain unit in the middle for vowels. In this section, we will
denote the durations of these 3 parts respectively by d1, d2, and d3, as shown in
figure 3.5. For each phoneme, the total duration after concatenation dconcat is thus
obtained by summing the durations of these 3 parts (dconcat = d1 + d2 + d3).
Two means are available to ensure that the final phonemes durations in the syn-
thesis match the target phonemes durations given by the control module: adjusting
the boundaries of the selected units, and using time-stretching to further extend or
reduce their durations. Those 2 means are used in our system in complement of
each other, as will be explained in this section.

S a~ s o~_ _

Sa~ a~ so~ o~_S a~s o~_Diphones

Phonemes

d2 d3d1

FIGURE 3.5: Relation between phonemes and concatenated units
for the synthesis of the French word "chanson", illustrating the

segments d1, d2, and d3 on the phoneme /a~/

In order to avoid the possible degradations that may arise due to the use of time-
stretching transformation, the units’ boundaries are first adjusted at best according
to the target duration of each phoneme dtarget while minimizing the need for time-
stretching after concatenation. Slightly different strategies are used, depending if
the stable parts segmentation is used or not.

3.4.1 Without the use of stable parts

In case the stable parts are not used, the following rules are applied to adjust the
segments boundaries for vowels:

• If dconcat < dtarget, which may happen in case of long sustained notes or
melisma (group of notes sung on a single syllable), then the units bound-
aries are not adjusted, and only the middle segment of the sustained vowel is
stretched so that the co-articulation parts are not altered. The stretching ratio
for this segment is thus rd2 =

(dtarget−(d1+d3))
d2

.

• If dconcat > dtarget and dtarget > d1 + d3 + dmin, then the middle segment
is shortened, thus adjusting d2 so that dconcat = d1 + d2 + d3 = dtarget.
The value dmin is the minimum duration for a selected unit to be used in the
concatenation, used here to avoid using a too short segment for the middle
unit.

• If dtarget <= d1 + d3 + dmin, then the middle segment is dropped (d2 = 0)
and d1 and d3 are adjusted such that d1 + d3 = dtarget. For this purpose, the
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ending time of the left diphone is decreased and the starting time of the right
unit is increased by the value δd =

(d1+d3−dtarget)
2 .

The times boundaries adjusted using those rules are then used to finally extract
from the database the segments to be concatenated.
For consonants, there is no central stable unit (d2), and the units boundaries are
not adjusted, as without the help of a stable part annotation, the boundaries of the
selected units can’t be properly adjusted without risking to alter the pronunciation.

With the described strategy, the co-articulation parts of vowels are thus never
stretched neither compressed. We assume that this corresponds to what happens
in the reality, to some extent: when we speak fast, because of the co-articulation,
vowels don’t have enough time to reach their stable position and are constantly
transiting between the preceding and following phonemes.
However, this strategy may cause problems for very short notes, as the segments
may become too short for the phoneme to be recognizable and thus the lyrics to
be understandable. For this reason, a minimum duration dminconcat is used for the
concatenation of vowels such that we always make sure that d1 + d3 >= dminconcat,
where dminconcat has been empirically set by default to 0.2s (for vowels). Then, if
dtarget < dminconcat, a compression ratio rcomp =

dtarget
d1+d3

is used to match the target
duration by compressing the 2 segments. This compression ratio is also used in the
case of consonants with short target durations.

For expressive purposes, it may nevertheless be desirable to have a sharper or
smoother articulation that the one recorded in the database. An additional option
thus allows to specify a fixed time-stretching factor rart to be applied to the first
and last segments d1 and d3 that contain the co-articulated parts. In case rart 6= 1,
the same rules as described above are used, where the values d1 and d3 are replaced
by d1 · rart and d3 · rart.

3.4.2 With the use of stable parts

In case the stable parts annotation is used, the strategy for adjusting units is similar
to the previous case, except that the segments d1 and d3 can also be extended in
the limits of those stable parts. This reduces the need for the middle segment d2 in
some cases, which also reduces the number of concatenation points and thus the
risks of timbral mismatch between concatenated units.
A last possible strategy is to set by default d1 and d3 to their minimal duration,
given by the stable parts annotation, so that they only contain the co-articulated
parts, and thus maximize the use of the segment d2 to have a stable timbre and
avoid concatenating in the central part of the sustained vowels.
In our system, those different strategies can be configured by the user. But it
is difficult to assert which of those strategies is the best, as each has its own
advantages and drawbacks, that depend on several factors like the availability
and quality of a stable parts annotation, or the homogeneity and content of the
database. The last strategy using the minimal durations for the segments d1 and d3

is especially interesting in case the database contains vowels recordings at several
pitches, as the best unit can be chosen for the segment d2, depending on the target
pitch, and thus occupy the main part of the sustained vowel.
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For consonants, the durations of the 2 segments d1 and d3 can be first adjusted
inside the limits of their annotated stable parts to match the target duration,
and time-stretching is thus used only if necessary (in case the target length is
particularly short or long).

Note that for particularly long phonemes, an alternative possible approach to
avoid using time-stretching would be to loop the stable part. But this possibility
has not been implemented, as time-stretching ratios are usually small enough to
avoid audible artifacts.

3.5 Synthesis engines

Once the units have been selected and their time boundaries properly adjusted, a
synthesis engines is in charge of generating the synthesis. The synthesis engine has
several purposes: it is in charge of concatenating the segments while smoothing the
discontinuities at junctions in order to obtain a continuous signal comparable to a
real voice, with a minimum of artifacts, as well as transforming the units in pitch
and duration according to the input control parameters.
As explained in section 2.4, different approaches may be used for signal model-
ing. Depending on the approach used, some expressive timbre variations (intensity,
roughness, ...) may also be already applied during the synthesis, or alternatively the
synthesized sound output by the synthesis engine could be transformed in a second
step. However, the problem of applying such expressive transformations will be
addressed in chapter 6, and this section will only focus on the problem of generat-
ing an intelligible voice that follows the melody, rhythm and lyrics given as inputs.
In our ISiS system, 2 independent synthesis engines have been integrated and can
be used for synthesis with the same database and control inputs. The SVP en-
gine is based on a phase vocoder using the superVP software5, and the PaN engine
(for Pulse and Noise) is based on a parametric representation of voice using the LF
source model, similarly to the SVLN and PSY methods described in section 2.4.3.3.
We will review in the following sections the specificities of those 2 engines.

3.5.1 SVP engine

The phase vocoder, as explained in section 2.4.2.1 relies on an STFT analysis of
the signal, that is used to transform the signal in pitch and duration while ensuring
the coherence of the partials’ phases from one frame to another when applying
some transformations. In our system, we used the phase vocoder implementation
of superVP [LR13] with the SHIP algorithm [Röb10] for high-quality transforma-
tions. The advantage of using the superVP software is that it already integrates
all the necessary algorithms for signal analysis and transformations, ready to use
for our purpose. (Note that a basic prototypic implementation of this synthesis
engine had been already developed during an internship before the start of this
thesis [Ard13], which has since then been further improved.) Apart from having an
efficient and refined phase vocoder implementation readily available in superVP, an
advantage of this approach is that it is more flexible than time-domain approaches
for applying advanced transformations, while allowing a perfect reconstruction of
the signal from the STFT when no transformation is applied (which is not the case
for sinusoidal models or other parametric approaches). In this section, we will first

5http://anasynth.ircam.fr/home/english/software/supervp

http://anasynth.ircam.fr/home/english/software/supervp
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shortly review the approaches used for pitch-shifting and time-stretching, along
with the necessary analysis to be run on the database. Then we will explain in
more details the specific processing steps related to the concatenation process and
the use of the SHIP algorithm.

3.5.1.1 Time-stretching

In the SVP engine, the classical approach to time-stretching described in section
2.4.2.1 can be used. As previously explained, this approach basically consists in
moving the positions of STFT frames and overlap-adding them. But for a better
quality, we used the SHIP algorithm [Röb10] introduced in section 2.4.2.1, that
reduces the phasiness effects by preserving the initial waveshape of the original
signal (thus avoiding partials phases desynchronisation). More details on this algo-
rithm will be given in the section 3.5.1.5.
Additionally, superVP integrates an algorithm to enable transients preservation in
order to better preserve the quality of some consonants when stretching is applied
[Roe03], especially useful for plosives to avoid transients smearing.

3.5.1.2 Pitch-shifting

As explained in section 2.4.2.1, 2 different approaches can be used for pitch-
shifting using the phase vocoder: either using a first time-stretching step followed
by some time-domain resampling; or directly manipulating each frame in the
frequency domain to shift the sinusoids to new frequencies. Both approaches are
implemented in superVP and give rather close sound qualities. However, while
the first approach using time-domain resampling is appropriate for processing
continuous sounds, it is not in the case for concatenated segments. Indeed,
due to concatenation, the frequency of successive frames should already match
before the overlap-add step to avoid discontinuities, which is not ensured by this
technique as the transposition is obtained by resampling the signal after applying
the overlap-add operation, and the overlapping frames at segments’ junctions
may thus have a different f0. We thus use the 2nd frequency-domain approach in
our work, that transforms each frame independently, so that the f0 of successive
frames is already coherent before applying the overlap-add process. Note that
another advantage of this frequency-domain approach is that the computation cost
is constant whatever the transposition factor, whereas for the resampling approach,
this cost linearly increases with the transposition factor.
In addition, spectral-envelope preservation is used in order to keep the timbre
as close as possible to that of the original sound. In our system, this is done by
inverse filtering the signal with the estimated spectral envelope before applying the
transposition, and applying it back afterwards.
The transposition factor is computed, according to the target pitch, based on a
pre-computed f0 analysis of the database. In unvoiced parts (e.g. unvoiced vowels
like fricatives or plosives), the target f0 value is linearly interpolated to have a
continuous curve, and the transposition is thus applied on the whole signal. To
some extent, we assume that this corresponds to a natural behaviour of the voice, as
when the pitch is raised, the spectral centroid on noise segments such as fricatives
also tends to increase. This also avoids creating artifacts (jump of the resulting f0)
due to possible voicing estimation errors at the boundaries of voiced parts. The
original f0 value used for computing the transposition ratio on unvoiced parts is the
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closest valid f0 value in the considered unit.
Like for the time-stretching, the SHIP algorithm is also used for pitch-shifting.

We already mentioned in paragraph 2.4.2.1 the possible artifacts related to
transposition with the phase vocoder (especially present for downward transpo-
sitions), mainly related to a possible shift of noise regions into formants increasing
the hoarseness, a lack of high-frequency partials, and to limitations of the spectral
envelope estimation (although not specific to this approach).

3.5.1.3 Signal analyses

3 types of analyses are necessary for the SVP engine:

• STFT: The STFT analysis may be computed offline and stored in files to save
computation time at synthesis. But because of the overlap between frames
and oversampling factor used to get a good resolution, this requires a lot
of memory space. It is is thus preferred to compute the STFT only for the
segments used during synthesis by storing it in temporary files. For this STFT
analysis, a Blackman window is used (which results in low side-lobs). The
window size is equal to approximately 4 periods (based on the mean f0value),
rounded to the next power of 2 (in samples), with a minimum 0.015s, and the
step size is set to a quarter of the window size.

• f0: For estimating the f0, we used a monophonic version of the algorithm
described in [YRR10], implemented in superVP. This algorithm evaluates
the plausability of several f0 candidates with several criteria, using harmonic
matching based on a sinusoids plus noise model. The details of this algo-
rithm are however beyond the scope of the present work and thus won’t be
presented here. The window size is set to (at least) 4 periods, based on a given
minimum f0 value. For identifying the unvoiced part where the f0 should be
interpolated, a confidence score output by the algorithm is used to estimate
voicing. By setting a threshold on this confidence score, all frames with a
value under this threshold are considered as unvoiced. Although the algo-
rithm used gives a reliable estimation in most case, the f0 curve may some-
times be slightly manually corrected to avoid artifacts due to an estimation
error (especially on some consonants with low energy and harmonicity, or at
words’ boundaries next to silences). The correction can be done for instance
using the audiosculpt software 6.

• Spectral envelope: In our work, we use an implementation of the True-
envelope algorithm available in superVP [RR05a]. As suggested in [RR05a],
the optimal order 0.5Fsf0 is used for the estimation, based on the estimated f0
values, where Fs is the sampling frequency of the sound.

All the analysis were stored in separate files using the SDIF (Sound Description
Interchange Format) format 7.

3.5.1.4 Units concatenation

For the concatenation, the STFT analysis of each units are first copied one after
another into a new SDIF file. SuperVP then takes this concatenated analysis file as

6http://forumnet.ircam.fr/fr/produit/audiosculpt/
7http://sdif.sourceforge.net/

http://forumnet.ircam.fr/fr/produit/audiosculpt/
http://sdif.sourceforge.net/
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input to stretch and transpose the sound. The sound is resynthesized by superVP
using an IFFT and overlap-add of this transformed STFT. The f0 and spectral enve-
lope analysis used for the transformations are also concatenated in separate files.
But, as the concatenated segments are usually not contiguous in the database, they
are likely to present different characteristics that may cause audible discontinuities
at segments’ junctions, that would degrade the resulting synthesis. These discon-
tinuities may be related to 2 factors: the spectral envelope and the phases. This
problem is evoked for instance in [BL03] (which uses the EpR model for synthe-
sis), and the proposed solution to smooth these discontinuities is to spread out the
phase and spectral envelope discontinuities on a set of frames around the junctions.
We also propose here some solutions, specific to our system, that we implemented
to smooth out such discontinuities. Note that these solutions were already im-
plemented in the 1st version of the SVP engine, before the start of this thesis, as
presented in [Ard13; ADR15]. For the sake of completeness, we will nevertheless
give here some details on those solutions, implemented in our system.

3.5.1.5 Shape-invariant processing and phase correction

For minimizing the possible phasiness effects due to the vertical de-synchronisations
of the harmonics’ phases (related to the pulse’s shape) when applying signal trans-
formations on voiced sounds with the phase vocoder, we used the SHIP algorithm
[Röb10] implemented in superVP, already introduced in section 2.4.2.1.
As previously explained, the SHIP algorithm can be seen as a frequency-domain
SOLA ([RW85]) algorithm, where the phase of all partials are adjusted simul-
taneously with a similar time delay to maximize the cross-correlation between
successive frames while avoiding a vertical phases de-synchronisation. This phase
shift simulates the displacement of the window that is applied in the regular
time-domain SOLA algorithm, but without actually displacing it.
As the same shift is applied to all partials "as a block", only the phase of the
harmonic having the strongest amplitude (and thus the most impact on the
computation of the cross-correlation) might be really well adjusted. But for a
continuous sound, one may assume that the glottal source’s shape will evolve
smoothly and that the vertical phase alignment should be approximately constant
from one frame to another. For this reason, all the harmonics’ phases should thus
be rather coherent after applying the phase shift.
But in the case of concatenated segments, nothing ensures that the vertical phase
alignment is the same between the frames at the boundary of each segment. We
thus can’t just use the SHIP algorithm as is, as important phase discontinuities
may thus arise for some harmonics, which would result into annoying audible
artifacts. This problem is illustrated in figure 3.6, which shows the temporal
evolution (waveshape) of 5 harmonics for 2 concatenated segments with the same
amplitudes but different vertical phases alignments.

The figure represents schematically how the 2 segments would overlap, after the
phase correction of SHIP has been applied. As one can see, the phase of the funda-
mental, which has the biggest amplitude is well adjusted and the sinusoid overlap
coherently with the previous segment. By chance, the phases are also rather coher-
ent for the harmonics 1 and 4. But for the harmonics 2 and 3, the sinusoids on the
left and right segments are out of phase, which will create destructive interferences
on the overlapping part. While the rest of the signal, outside of the overlapping part,
is not altered, these phase interferences may create audible artifacts at the junctions
between the segments if the phase gaps are too important. An example of this effect
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Harmonic 1

Fundamental

Harmonic 2

Harmonic 3

Harmonic 4

Left unit
Right unit

Overlapp

FIGURE 3.6: Schematic of 2 overlapping segments with different
vertical phase alignments, when applying the SHIP algorithm

can be observed on the spectrogram on the left part of figure 3.7.
If the more classical phase vocoder approach is used instead of the SHIP algorithm,
the phases of each harmonic are adapted independently of each other, which avoids
this problem of interferences. But the shape invariance property of the SHIP al-
gorithm would then be lost, and one might hear some phasiness. The solution we
proposed is thus to use the SHIP algorithm, but spreading the phases differences
along time (on an undetermined number of frames) when they are too important, so
that the resulting phase gaps are small enough to be imperceptible, thus switching
smoothly from the vertical phase alignment of the left segment to that of the right
one.

It is thus first necessary, for each frame, to compute the vertical phase dif-
ferences between the harmonics. Since, for each sinusoid, the phase evolution is
proportional to its frequency, those phase differences are constantly evolving. But
since the voice produces harmonic sounds, those phase differences repeat periodi-
cally. In order to be able to compare these relations of the phases from one frame
to another, it is thus necessary to determine an anchor point where they should be
computed. We chose to use for this the position where the phase of the fundamen-
tal is equal to 0. We use for this purpose the sinusoidal model obtained from the
analysis done by superVP. Theoretically, voiced sounds being harmonic, only the
harmonics should thus be represented by the sinusoidal model (apart from rough
sounds that may also contain sub-harmonics, but that are not considered here). But
it may happen that some frequency bins between the harmonics might be misclassi-
fied as sinusoids. Based on the estimated f0 value, we thus only retain the sinusoids
that are harmonically related to the fundamental (with a small margin for safety).
For each harmonic, the phase at the center of the frame, obtained from the STFT
analysis, is comprised in the [−π; +π] interval. One thus need to compute the time
lag dt between the center of the frame (tcenter) and the time where the fundamental
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has a phase equal to 0 (t0). This is obtained from the following equation:

dt =
−ϕcenter
2π · f0

(3.2)

where f0 is the fundamental frequency (in Hz), and ϕcenter is the phase of the
fundamental at the center of the frame.
Once we know dt, is is possible to compute the phase of each harmonic at the
position t0, using the formula:

ϕi0 = Arg(ϕicenter + i · 2π · f0 · dt) (3.3)

where ϕi0 is the phase of the ith harmonic at t0 and ϕicenter is the phase of the ith

harmonic at the center of the frame. The Arg function gives the principal argument
of the phase, wrapped in the range [−π; +π]. This is computed as:

Arg(ϕ) = (ϕ+ π)%(−2π) + π (3.4)

Once the value ϕi0 is known for each harmonic, one can compute the differences in
the vertical phases alignments between successive frames with:

∆ϕi0
(n) = Arg(ϕi0(n)− ϕi0(n− 1)) (3.5)

where n is the index of the frame. If this value is superior to a given threshold for
a given harmonic i, it is thus necessary to correct its phase in the frame n in order
to reduce this difference. The following condition is thus applied:

if
∣∣∣∆ϕi0

(n)
∣∣∣ > ∆ϕmax

⇒ ϕi0(n) = Arg(ϕi0(n− 1) + ∆ϕmax · sign(∆ϕi0
(n))

(3.6)

where ∆ϕmax is the threshold (set by default to 0.1). This process is applied to
each frame successively.
As the resynthesis is done based on the STFT analysis using an IFFT for each frame
followed by an overlap-add operation, the phase correction must be done on the
DFT bins themselves (and not only on the sinusoidal model). For this purpose, the
same phase correction as given in equation 3.6 is applied to all the bins belonging to
a same sinusoid. These bins are defined as those comprised in the interval delimited
by the 2 minimums around the spectral peak related to the considered sinusoid.
Figure 3.7 shows the effect of this phase correction on the synthesized signal, by
comparing a portion of the spectrogram exhibiting such phase mismatch between
2 concatenated units, with (on the right) and without (on the left) applying this
correction. As one can see on the right part of the figure, the interferences at the
junction between the 2 segments have disappeared.

Unlike the solution presented in [BL03], this phase correction is independent
from the pitch-shifting factor applied, and is only applied if the discontinuity is big
enough (> ∆φmax).

3.5.1.6 Spectral envelope interpolation

The second possible cause of discontinuities is the spectral envelope. At junctions
between 2 units, spectral envelopes are never equal, even though the concatenated



80 Chapter 3. ISiS: a concatenative singing synthesizer

FIGURE 3.7: Spectrogram of 2 concatenated segments after
resynthesis: without phase correction (on the left) and with the
phase correction applied (on the right). The phase correction
smooth out the phase discontinuities to avoid destructive inter-

ferences on overlapping sinusoids.

phonemes are the same and the unit selection system tries to minimize the timbral
differences, because of the inevitable variability intrinsic to all natural sounds. For
this reason, there may exist some disturbing timbral discontinuities at junctions
that should thus be avoided. An obvious solution to overcome this is to interpo-
late the spectral envelope on a few frames around the junctions. For this purpose,
we use a linear interpolation of the log amplitude of the estimated true envelope,
which is sufficient as the envelopes are already rather close, such that more com-
plex interpolation schemes don’t make much audible differences. For vowels, this
interpolation can be done on the whole stable part, as is suggested in [KO07]. How-
ever, this creates a very smooth envelope that lacks the small variations present in
natural sounds, which may sound a bit more synthetic. We thus limit this interpo-
lation on a limited duration around junctions (by default min(0.1, 0.5 ∗ dconcat), in
seconds). On plosives, no interpolation is done, as the junction point is contained
in the silent part of the phoneme.
Once the spectral envelope has been interpolated, it is applied on the concatenated
sound. Note that on stable parts, if the envelope is not interpolated, some timbral
and amplitude modulations induced by the original vibrato of the recorded sample
may be present, which may not be coherent with the new vibrato imposed in the
synthesis, after transposition. Although the perceptual importance of these modu-
lations is secondary compared to the frequency modulation of the vibrato, this may
be slightly unnatural, which is why it is preferable to avoid having vibrato in the
database recordings (although this is not always easy for singers).
Examples of copy synthesis (based on a real recording by RT) using the SVP engine
are provided in sounds 3.7, 3.8, and 3.9.

3.5.2 PaN engine

Although the phase vocoder can provide good quality transformations, this
approach also has some limitations. As explained previously, several artifacts
may arise when important pitch-shifting factors are applied, which degrades the
sound quality. Another limit is that the phase vocoder does not provide a mean to
properly manipulate the glottal source parameters, which can be useful for instance
to modify the intensity or breathiness of the voice, as evoked in section 2.5. It may
be possible to use a filter to indirectly modify the spectral tilt or glottal formant
(e.g. as was done in [ADC98] or [AD03]), but this does not allow to recreate

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.7.RT.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.8.MS.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.9.EL.SVP.wav
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harmonics in the high-frequency when decreasing spectral tilt, neither to process
the deterministic and stochastic components separately.
To overcome these issues, the use of a parametric approach where the glottal
source parameters can be explicitly accessed is thus an interesting alternative. We
presented in paragraph 2.4.3.3 the SVLN and PSY analysis/synthesis frameworks,
which are such parametric methods. From the analysis of a voice signal, those
methods allow to transform and resynthesize the voice, based on the source-filter
paradigm.

Besides the SVP engine, a second synthesis engine, called PaN (for Pulse
and Noise), has thus been integrated in our synthesizer ISiS. This 2nd engine
is based on the SVLN and PSY methods, with additional extensions to further
improve the quality and flexibility of the transformations. Especially, it adds the
possibility to change the duration and f0 of the original signals, which was not yet
possible with the initial implementation of PSY, as presented in [Hub15] for voice
conversion purposes. Note that the implementation of the PaN engine, including
the development of the extensions for pitch and time scale modifications, has
been provided by Dr. A. Roebel who contributed to the research performed in
the context of the ChaNTeR project. The related synthesis engine can therefore
not be considered as a research contribution of the present thesis. While the PaN
analysis/synthesis engine has not yet been published, its principle remains close to
the SLVN and PSY methods that have been detailed in section 2.4.3.3.
For completeness, we nevertheless give here a short summary of the basic princi-
ples of this method, as this engine has been used for works on expressive voice
transformations that will be presented in chapter 6. From the f0 and Rd analysis,
this approach basically generates, in the frequency domain, a stream of pulses with
positions depending on the f0, and shapes depending on the Rd values, based on
the LF model. Using the Rd and VUF analysis, the VTF can be obtained from
the spectral envelope estimated using the True Envelope algorithm, as explained
in section 2.2.4. Each pulse can then be filtered by the VTF estimated at the
corresponding position, transferred back to the time-domain using an IFFT, and
finally overlap-added with the surrounding ones.

As the approach is parametric, transformations can be applied by simply ma-
nipulating the parameters from the analysis, rather than the signal itself. For time-
stretching, the analysis curves (Rd, f0, and VUF) can be time-scaled and resampled
to match the target durations, according to the stretching factors determined as ex-
plained in section 3.4. For transposition, a simple factor is applied to the values
of the f0 curve. However, in our system, we can directly use the target f0 curve
obtained from the control module. The target pulse positions are deduced from the
target f0 curve, each pulse being spaced from the previous one by the fundamen-
tal period. The harmonicity value (confidence score) returned by the f0 estimation
algorithm [YRR10] is used to determine the voiced segments that should be syn-
thesized using glottal pulses.
Regarding the noise component, the ReMiDeMo approach presented in [Hub15]
is used to isolate it from the deterministic part. Then, it can be summed with the
pulses to generate the final voice signal. For this purpose, a mapping is done be-
tween the original pulses’ positions of the concatenated segments and the target
positions, and the noise component at the original pulse position is windowed and
copied in a pitch-synchronous manner from the database at the corresponding po-
sition in the synthesis. On unvoiced segments, artificial pulse positions are used



82 Chapter 3. ISiS: a concatenative singing synthesizer

as target positions where to copy the windowed noise, with a period obtained by
interpolating the f0 values at the boundaries of the surrounding voiced segments.

3.5.2.1 Signal analysis

5 types of analysis are used for the PaN engine, and are therefore requested to be
present for each file of the database:

• f0: The f0 analysis is similar to the analysis used for the SVP engine, using
superVP. For each analyzed frame, a confidence score is returned by superVP,
along with the estimated f0 value. All values that have a confidence score
below a given threshold are set to 0 in order to identify unvoiced segments.

• Spectral envelope: Similarly to the SVP engine, the True-envelope algorithm
[RR05a] implemented in superVP is used to estimate the spectral envelope
for the PaN engine.

• VUF: The VUF analysis is also implemented in superVP. It basically com-
putes the ratio of the energy related to the sinusoidal peaks inside a given
frequency band over the total energy of the frequency band to classify this
band as voiced or unvoiced and the VUF is set to the highest frequency band
having sinusoidal content [Hub15].

• Rd: The Rd source parameter is analyzed based on the approach presented
in section 2.2.4, implemented in superVP.

• Noise component: The unvoiced component of the voice is separated from
the sinusoidal part using the ReMiDeMo approach [Hub15] (introduced in
section 2.4.3.3), and stored as separate sound files in the database.

Note that with this approach, as the pulses are artificially generated from the
ground up, there is no phase issue related to concatenation. However, the spectral
envelope still requires to be interpolated around junctions, similarly to the SVP en-
gine. And this is also the case for the Rd analysis so that the pulse shape doesn’t
drastically change from one pulse to the next at junctions between segments. Sim-
ilarly to the SVP engine, the same time boundaries determined as explained in
section 3.5.1.6 are used for the interpolation of both the spectral envelope and the
Rd parameter.
Examples of copy synthesis (based on a real recording by RT) using the PaN engine
are provided in sounds 3.10, 3.11, and 3.12.

3.6 Summary

We presented in this chapter the system we developed to synthesize singing voices,
offline from a score and lyrics. This system is based on concatenative synthesis
and integrates 2 synthesis engines. We described the constitution of the databases
used by the system, along with the various constraints and specification that
need to be considered to produce a good synthesis. The 2 approaches used by
our synthesis engines are the phase vocoder, and a novel parametric approach,
based on previous frameworks for voice synthesis and voice conversion. The 2
approaches have different limitations in terms of signal manipulation and potential
artifacts. In the framework of the ChaNTeR project, an evaluation has been run,
comparing the 2 engines SVP and PaN of our system, along with other systems

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.10.RT.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.11.MS.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.12.EL.PaN.wav
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developed by other collaborators of the project, which suggests that our 2 engines
can generate synthesis with a similar quality, in terms of naturalness. The details
of this evaluation are given in [Feu+16].
The PaN approach has interesting potential for expressive voice transformations,
as it provides a direct access to the glottal source parameters that may be modified
using specific rules for intensity and breathiness transformations, and allows a
precise control of pulses positions and amplitudes that may be useful to introduce
jitter and shimmer for generating rough voices. These possibilities will be further
discussed in chapter 6.

Concerning this chapter, the contributions of the author in the presented work
are:

• In relation with the other collaborators of the ChaNTeR projet, the choice of
a strategy for the databases recordings

• The development of the max/MSP patch used in the recording sessions

• The establishment of a strategy for the segmentation of the databases. (The
annotations themselves have mainly been done by collaborators from the
Acapela Group company8.)

• The development of the global architecture of the ISiS synthesis system

• The development of the units’ selection module (partly undertaken during an
internship, before the beginning of this thesis).

• The development of the SVP synthesis engine, and in particular the phases
corrections and envelopes interpolations used to smooth out discontinuities
during concatenation (partly undertaken during an internship, before the be-
ginning of this thesis).

The databases and the SVP synthesis engine with phase and spectral envelopes
interpolations have been succinctly described in a publication [ADR15]. Although
the author of this work helped in the integration of the PaN engine into the ISiS
system, the synthesis engine itself has been developed by Dr. Axel Roebel and thus
can’t be accounted as a contribution from this thesis work.

8http://www.acapela-group.com/

http://www.acapela-group.com/
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Chapter 4

Control module: modelization of
the synthesis parameters

4.1 Introduction

In the previous chapter, we addressed the problem of generating an intelligible
voice signal, based on units concatenation. In that part, we assumed that the inputs
(f0 curve and phonemes durations) of the system (unit selection + synthesis engine)
where already precisely known. In the present chapter, we address the problem of
generating these low-level features from the high-level informations of the score
and the lyrics, which is the role of the control module, as illustrated on figures
1.1 and 2.11. We only focus here on the main control features, which are the f0,
the phonemes’ durations, and the intensity. In the previous chapter, the intensity
was not considered for generating the synthesis, as this will be the subject of a
dedicated section in chapter 6.
We reviewed in section 2.6 the main models and approaches that may be used
for generating the control parameters. The means to generate the f0 and intensity
curves can be divided in mainly 3 categories: parametric models (including
some rule-based approaches), statistical approaches (based on HMMs or neural
networks), and units concatenation. The chosen approach should be able to
reproduce with sufficient details the parameters to carry the various fluctuations
related to the naturalness and expressivity of real singing voices.

Although the problems of expression control and style modeling are intrinsi-
cally related, we will first present in this chapter some generic parametric models
that we use for generating the control parameters for synthesis, and we will present
in a next chapter an approach for learning and choosing the parameters of those
models from a database to model specific singing styles.

In the present chapter, we start by shortly explaining how the phonetic tran-
scription of the lyrics can be specified. Then, we present the rules and models we
implemented in our control module to generate the 3 main control parameters to
be used by the synthesis engine, which are the phonemes’ positions and durations,
the f0, and the intensity, trying to reproduce the various fluctuations conferring to
the voice its naturalness and expressivity while providing intuitive controls to the
composer for shaping the expression. For this purpose, the control module is first
used to automatically generate the parameters from a score and lyrics. Then, the
parameters can be manually edited to refine the result.
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4.2 Phonetic transcription

As we saw in the previous chapter, the unit selection module takes as input a
sequence of phonemes along with their respective durations. But for allowing
people to use our synthesis system without requiring any specific knowledge of
phonetics, it should ideally enable to enter the lyrics as raw text. In such case, a
program must be used to provide a phonetic transcription of these lyrics in order
to further generate the sequence of units labels to be used by the units selection
module. We use for this purpose the phonetizer "Liaphon" [Bec01] (developed at
the " Laboratoire d’Informatique d’Avignon"), already used in other softwares at
IRCAM for audio and text alignment (ircamAlign [Lan+08]) and for text-to-speech
synthesis (ircamTTS [OVL12]). This program takes as input the lyrics written in
French and outputs the phonetic transcription of this text, that we then convert to
the SAMPA phonetic alphabet 1.

However, such phonetizer programs have been developed for speech, but some
problems arise when applied to singing voice. Contrarily to speech where the main
focus is on the meaning of the text pronounced, the main focus in singing is on
the pronunciation, which is further constrained by the melody and rhythm. For
this reason, the text in singing must contain a specific number of syllables that is
coherent with the number of notes in the score. Although a vowel can be sustained
across several notes in case of melisma, the text can’t contain more vowels than the
number of notes in the score. In French, syllables may sometimes be eluded when
speaking, whereas they should absolutely be pronounced in singing as it should
carry a note (and the inverse may also be true). The output of the phonetizer may
thus need to be manually corrected.
The ideal solution to overcome this problem would be to directly associate each
syllable to a specific note, using a dedicated Graphical User Interface (e.g. as it is
the case in the Vocaloïd software), and the phonetizer should take into account this
syllabic division.
But as such interface has not yet been developed for our system, we usually directly
input the sequence of phonemes in SAMPA notation (convenient to use as it only
uses ASCII characters).

4.3 Timing

The rhythmical informations from the score provides the durations of the notes,
to which the phonemes sequence should be properly aligned. The control module
should also provide a duration for each phoneme that corresponds to a natural elo-
cution, while being constrained by the rhythm. These durations mainly depend on
the phoneme identity itself, but also on the singer’s own elocution habits, and on
singing style or specific expressive intentions, as phonemes durations can be used
as an expressive mean to emphasize some notes.

4.3.1 Temporal alignment of notes and phonemes

While the basic linguistic unit used for expressing the alignment between the text
and the notes in a musical score is the syllable, it is widely admitted that the notes’

1https://en.wikipedia.org/wiki/Speech_Assessment_Methods_
Phonetic_Alphabet_chart

https://en.wikipedia.org/wiki/Speech_Assessment_Methods_Phonetic_Alphabet_chart
https://en.wikipedia.org/wiki/Speech_Assessment_Methods_Phonetic_Alphabet_chart
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S a~ s o~_ _

Sa~ so~_ _Syllables

Phonemes

Notes

FIGURE 4.1: Illustration of the temporal alignment between the
notes and phonemes for the French word "chanson", sung on 2

notes (with silences at the beginning and end)

onsets should actually rather be aligned with the vowels’ onsets [Sun06; Mac+97b;
Une02; Bon+01a; KO07; Bon08a]. We thus implemented this rule in our system
as the main constraint for positioning the phonemes according to the given notes
durations. The consonants that may be found at the beginning of a syllable should
thus be contained in the duration of the note preceding that associated to the vowel
of the syllable, as illustrated in figure 4.1, thus forming a "reversed syllable" with
the preceding vowel.

Based on this simple rule, one thus start by associating each phoneme to a
specific note of the score. A note thus contains at least a vowel, and the succeeding
consonants if any (in case of a vowel sustained across several notes, the vowel
should be repeated several times in the lyrics).

However, if this rule can be easily empirically verified, some cases seem more
ambiguous regarding the temporal alignment. This is especially the case in French
for syllables starting with a semi-vowel (/w/, /j/, and /H/ in SAMPA notation).
Whereas the boundary between the consonant and the vowel is clear for consonants
like plosives or fricatives, semi-vowels can be seen as a smooth transition between
2 vowels, and the boundary is thus less clear. In such case, the perceived onset of
the note may be found somewhere during the course of the semi-vowel, before the
actual vowel’s onset. However, further investigations would be necessary to infer
some rules for the notes-to-phonemes alignments in such specific cases, according
to the phonetic context. Studies on the perception of rhythmical cues in speech, in
relation to the articulation, have defined the perceptual center (or P-center) as the
perceived attack point of each utterance [Fow79; Mar81], which may give useful
indications to improve our alignment rules for singing. Meanwhile, we stick with
our basic rule for aligning vowels to notes.
In case of a polyphonic song, it may also be necessary to introduce small random
time lags for each voice, to avoid a perfectly similar alignment of the different
voices for more naturalness.

4.3.2 Phonemes durations

Once each phoneme is associated to a note, their durations can be computed so that
the sum of the durations of the phonemes in a note is equal to the note’s duration.
A default duration is given to each consonant, and the vowels’ duration is then
obtained by subtracting the durations of the consonants from the note’s duration.

Figure 4.2 shows the distributions of the durations (in s) for each consonant,
obtained from the phonetic segmentation of each database, (MS, EL and RT), and
the mean values from the 3 databases.

As one can observe on those plots, each phoneme vary in a certain range, more
or less large depending on the phoneme, between approximately 0.05s and 0.5s.
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FIGURE 4.2: Distributions of consonants’ durations, in seconds,
for databases EL, MS and RT, and comparison between their mean

durations

These values seem rather consistent across the various databases (the mean values
for most phonemes are relatively similar from one database to another). However,
one can also observe slight differences between singers. For instance, MS tends to
use slightly longer unvoiced fricatives than EL, and EL has particularly long nasals
compared to other singers. One can also observe that phonemes that share simi-
lar articulatory (and thus acoustic) similarities also have similar durations for each
singer. This is the case for instance for voiced plosives (/b/, /d/, /g/), unvoiced plo-
sives (/p/, /t/, /k/), voiced fricatives (/v/, /z/, /Z/), unvoiced fricatives (/f/, /s/, /S/),
nasals (/m/, /n/), or semi-vowels (/w/, /j/, /H/).
In our system, we use as default values for the duration of each consonant the mean
duration analyzed on the synthesis database, as plotted in figure 4.2. These val-
ues are observed for a regular and rather slow rate, which thus results in a natural
elocution if the notes in the score are long enough, for relatively slow tempi. But
for short notes, some rules should be used to adapt those durations to fit into the
note’s duration, while keeping a natural elocution. A simple rule is used in our
system: a maximum duration is set for the group of consonants contained in each
note, set as a ratio of the note’s duration, so that there is always a minimal duration
for the vowel. Figure 4.3 shows the distribution of the ratios of consonants groups
durations over the corresponding notes’ durations, analyzed on 12 songs from 4
singers with different singing styles, rhythm, and tempi. This corpus of songs will
be further described in the next chapter, section 5.3. Based on this analysis, the
maximum ratio has been set to 0.85.
Let’s denote dnote a note’s duration, dicons the duration of the ith consonant con-

tained in this note, and dtotalcons =
∑
i
dicons (i ≥ 1) the total duration of the group of

consonants contained in this same note. Then, in case dtotalcons > 0.85 ·dnote, the con-
sonants’ durations are uniformly compressed according to the following equation:

δ = dtotalcons − 0.85 · dnote

dicons = dicons − dicons
dtotalcons

· δ
(4.1)

This rule has been empirically chosen in order to approximate a natural behaviour
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dtotal
cons

dnote

FIGURE 4.3: Distribution of total consonants durations over
notes’ durations, from a corpus of 12 songs from 4 singers with
various styles and tempi. Consonants may occupate up to 85% of

the note duration

for the pronunciation of syllables while following a given rhythm: for long notes,
the mean durations from real singers at a slow speed are used without modification,
and for shorter notes, the consonants are uniformly compressed in order to fit
into the note while leaving some space for the vowel. Note that a similar strategy
has been described in [BB16b] for generating and compressing the phonemes’
durations (setting the minimum duration of vowels to 25% of the note).
But this approach is rather simplistic, and in reality, many factors like the phonetic
context or expressive intentions may influence the consonants’ durations even in
the case of long notes where the given rule wouldn’t be applied. For instance, the
duration may not be the same if a consonant is surrounded by only vowels or by
other consonants (independently of the note’s duration), or a consonant may be
purposely lengthened to accentuate a note.

Figure 4.4 represents the duration of each consonant in a song extract sung by
the same singer (MS) at 3 different tempi (60, 82, and 100 BPM). The lyrics from
this extract (in French), are: "J’irai chercher ton coeur, si tu l’emportes ailleurs,
même si dans tes danses, d’autres dansent tes heures." and the consonants are pre-
sented in the figure by order of appearance in the sentence (the vowels are not
represented). As one can see, the slower the tempo, the longer the durations in
most cases. But the stretching ratio varies from one consonant to another, which
indicates that the tempo (and thus notes’ durations) is not the only factor to be
considered for adapting the phonemes’ durations.

Figure 4.5 shows the durations of groups of consonants contained in each note
(dtotalcons) against the note duration for the same set of song as for figure 4.3. As can
be observed, the consonants’ durations tend to increase with the note’s durations
as expected, until the notes reach a certain duration (around 1s). For long notes,
the consonants’ duration is thus not influenced by the note’s duration anymore.
Moreover, one can observe that the consonants’ duration is always contained below
85% of the note’s duration (shown by the black line), which corresponds to the
behaviour we implemented as explained above. However, in all cases, the range
of possible durations is still rather large. This variability is obviously partly due to
differences related to phonemes identity, but may also be related to other factors,
like specific musical intentions, and this possibility should thus be further explored.
We will see in next chapter 5 a more advanced way to choose the durations of
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FIGURE 4.4: Durations of consonants for a song extract at 3 dif-
ferent tempi

0.85·dnote

FIGURE 4.5: Consonants’ durations (dtotalcons ) vs. notes’ durations
(dnote) for the same set of songs as figure 4.3

consonants according to various contextual informations (including rhythmical, but
also phonetic and melodic features), while modeling the singing styles of specific
singers based on recordings.

4.4 f0 modeling

Among the various control parameters, fundamental frequency (f0) is especially
important as it conveys not only the melody, but also many expressive and stylistic
features, as well as some mechanical characteristics [SG09; Cha13; Kak+09;
NLM07]. The main interest in using SVS softwares is to give the user a complete
control over the synthesis. In particular, for artistic purposes, composers need
to have control over expressive parameters of the f0 curve, which is missing in
many current approaches. f0 models should thus have the ability to generate
natural contours reproducing accurately the various f0 fluctuations, while allowing
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a flexible and intuitive control of expressivity to meet a particular style or musical
idea of the composer. This need for controllability is especially more important
than for speech, for which the aesthetic and stylistic characteristics have fewer
importance.
As reviewed in sections 2.6.1.1 and 2.6.2, several methods have already been
developed for generating f0 curves for singing voice, among which one can
mainly mention HMM-based methods [Sai+06; STK10; Our+10; Lee+12;
LDL12; Umb15], 2nd order linear systems [SUA02; SUA05; Sai+07; Ohi+12],
and unit-selection based models [UBB13a; Umb+15; Umb15]. Although these
methods may be appropriate to synthesize natural f0 curves while also carrying
some expressive features, they don’t provide means for the composer to edit the
curve locally and easily modify the expressivity.
For this purpose, it would be advantageous to use a parametric model allowing
to characterize expressive fluctuations of the f0 like preparation, overshoot, or
vibrato in an intuitive way. The 2nd order linear system-based method proposed in
[SUA05] is parametric. However, even though the model parameters are physically
meaningful, they are not from a composer point of view. In HMM-based ap-
proaches, the f0 is parametrized by low-level features like the mean and variance of
the f0 and its derivatives (and possibly vibrato-specific parameters) over clustered
context-dependant states. If those statistics may be manipulated to modify the
global characteristics of f0 (e.g. using model adaptation [Tam+01b; Shi+14] or
interpolation [TD12] techniques), this approach doesn’t provide any local control
of the curve.
A high-level parametric model may thus provide such local control to characterize
and quantify the expressive f0 variations. Each singer and singing style has its
own characteristics that should ideally be represented in a common framework.
However, one may not expect to be able to precisely characterize every fine
details of the f0 contours for all singing styles and singers with such a high-level
parametric model while using only a restricted set of meaningful parameters.
There is thus a compromise to be found between the simplicity and controllability
of the model and its generality and flexibility, to model most of the perceptually
relevant expressive characteristics using a restricted set of meaningful parameters.

To achieve this goal, we thus present in the following sections a novel para-
metric f0 model for singing voice synthesis, offering intuitive control of expressive
parameters, mainly focusing on Western-European singing styles, which consti-
tutes one important contribution of this thesis. The proposed approach considers
the various types of f0 fluctuations of the singing voice as separate layers, using
B-splines to model the main melodic and expressive features.

4.4.1 Model overview

As exposed in 2.6.1.1, various types of f0 fluctuations can be identified, some of
which are mainly related to uncontrolled mechanical articulatory behaviours (jit-
ter and micro-prosody), and others being mainly related to singing styles and ex-
pressivity (vibrato, preparations, overshoots, attacks, transitions’ durations, ...). In
[SUA05], the authors studied how those various fluctuations affect the perception
of synthesized singing voices, and concluded that all types of fluctuations have im-
portance on the perception of naturalness.
We propose here to model those variations by decomposing the f0 curve into several
additive layers:
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• a melodico-expressive component, comprising the sustained notes at given
pitches carrying the vibrato, attack and release parts, and transitions between
notes.

• a micro-prosodic (or phonetic) component, representing the phoneme-
dependant f0 inflexions induced by the pronunciation of some consonants

• the jitter (also sometimes referred as "pitch drift" or "fine fluctuations"), that
corresponds to random uncontrolled variations of the f0.

The first layer carries the melody and most of the expressive and stylistic char-
acteristics, while the former two are mainly related to uncontrolled mechanical
behaviours which confer some naturalness to the voice.

Each of those layers is thus modeled independently, and the f0 curve is then
obtained as a simple summation, as shown on figure 4.6. Some similarities may
be found with superpositional models used in speech synthesis which differenti-
ate for instance f0 variations at the sentence’s level from the more local accent
and phoneme’s levels to model independently the different components of voice
prosody [FH84; SMK04; Sak05].

+

+

=

Melodico-expressive 
component

Jitter
Micro-prosodic 

component
Final f0 curve

TS T S R SilSS T

freq
(Hz)

time (s)

T

T: transition     R: release
S: sustain        Sil: silence    

FIGURE 4.6: Vertical and temporal decomposition of the f0 curve.
The 3 layers are modeled independently and add up to form the

final target curve.

In a first version of our model, presented in [ADR15], the vibrato was modeled
as a separate layer. However, the model has since then been slightly modified to
integrate some improvements, and the melodic and vibrato components have been
merged into a single "melodico-expressive" component, as will be explained below.

In addition to this “vertical” decomposition in multiple layers, we also define
an “horizontal” decomposition to model the evolution of the f0 across time accord-
ing to the input score. From this temporal point of view, we model the f0 curve as
a succession of 5 basic types of segments: attacks, sustains, transitions, releases,
and silences (in a similar way to what is done in [MBL06]), as shown on figures
4.6 and 4.7. This temporal segmentation applies to the melodico-expressive com-
ponent, which models each of those segments in a parametric way using B-splines,
such as will be described in the next section. Figure 4.7 shows such horizontal
decomposition, along with the various identified types of f0 variations on a real
singing recording. Note that transitions containing unvoiced phonemes are treated
similarly to voiced transitions (with a continuous curve) in our model, which is
conceptually simpler and consistent with the notion of transition. Although the f0
is not visible during the unvoiced part, the transition may still contain a voiced part
that exhibits fluctuations similar to voiced transitions, and it thus makes sense to
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FIGURE 4.7: Extract of a real f0 curve with its horizontal decom-
position, showing the various types of possible fluctuations

model them similarly.

The following sections detail the proposed model, with the approaches used for
generating each layer.

4.4.2 Melodico-expressive component

The melodico-expressive component constitutes the main layer, that carries most
of the expressive features of the f0. As explained before, this layer is segmented,
in our model, into 5 elementary segments, which are: silences, attacks, sustains,
transitions, and releases. For providing an intuitive control of expression to the
user, each of those segments is parametrized with a restricted set of meaningful
parameters.

4.4.2.1 Parametrization of the curve

Figure 4.8 summarizes the various control parameters of the proposed model, re-
lated to each type of segment, that may be used to shape the curve and thus control
the expressivity of the voice.

Attacks/Releases:
Attacks are characterized by a rising slope, at the beginning of a sentence, after
a silence. Symmetrically, releases are constituted by a descending slope of the
f0, at the end of a sentence, before a silence segment. Both are parametrized by
their length L (in seconds), and their depth D (in cents: D = 1200 · log2(fminfend

)),
similarly to glissup and glissdown segments in [IIO14b].

Transitions:
Transitions are smooth continuous f0 segments joining 2 successive notes together
(possibly interrupted during unvoiced phonemes). As pointed out in [SUA05], tran-
sitions may carry 2 types of fluctuations that are important to the perception of
singing voice, which are preparations and overshoots. Overshoots are a type of
inflections characterized by the f0 exceeding the target note frequency for a short
amount of time at the end of a transition. Preparations corresponds to similar kinds
of deflections in the opposite direction of the pitch variation between 2 notes, at the
beginning of a transition.
We thus built a transition model that allows such fluctuations, as described in figure
4.8. Transitions may be asymmetrical and are thus split into 2 parts around the
center, shaped by a total of 4 parameters. The lengths of the left and right parts are
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FIGURE 4.8: f0 model parameters

determined by the parameters dL and dR respectively (in seconds). The amplitudes
of the preparation and overshoot are given by the parameters AL and AR (in cents:
AL = 1200 · log2(fminf1

) and AR = 1200 · log2(fmaxf2
)). For an upward transition,

we have AL ≤ 0 and AR ≥ 0, and the inverse for downward transitions. Figure
4.9 shows various possible transitions’ shapes that may be obtained using different
sets of values for those 4 parameters. Note that a transition between 2 notes at the
same pitch, can also contain a downward inflection that can be modeled similarly
to an upward transition, using a negative value for AL, and AR = 0, as shown in
figure 4.9 f). Corresponding sounds for the transitions examples in figure 4.9 are
also attached (sounds 4.2 to 4.7).

Sustains:
Sustains constitute the stable parts of notes that support the target pitch of the note
and that often carry some vibrato. The vibrato is characterized by its frequency
fvib (in Hz), and an amplitude curve of type Attack-Sustain-Release (ASR), shown
in figure 4.8 (dashed lines). This ASR curve is determined by a global amplitude
parameter Avib (in cents), an attack time Ta, and a release time Tr (in seconds).
Additionally, an offset time To allows to set a delay between the start of the sustain
segment and the start of the vibrato.

The proposed parameters are directly related to expressive fluctuations of the f0
in terms of duration and frequency, and can thus be easily manipulated for reshap-
ing the curve.

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php


4.4. f0 modeling 95

time (s)

fre
q 

(H
z)

FIGURE 4.9: Examples of possible transitions shapes using dif-
ferent parameters’ values, for upward (a,b,c,d), downward (e), or

same-note (f) transitions.

4.4.2.2 Mathematical background: B-splines

For generating such parametric f0 curves, some mathematical model is necessary.
Several possible approaches have been considered for this purpose in the literature.
We already introduced in 2.6.1.1 the approach used in [SUA02; SUA05; Sai+07],
based on 2nd order linear systems’ equations to generate the vibrato, preparations
and overshoots.
The Discrete Cosine Transform (DCT) has been used in several studies for
characterizing f0 curves for speech and singing [TWR08; LA08; SG11; Dev+11],
using the first coefficients to capture the mean, slope, and curvature of f0 segments
at various levels.
In [Bat04] and [MBM06], authors consider the use of Bezier curves for fitting
and characterizing singing voices’ f0 curves, outlining some potential applications
in the field of singing voice synthesis or transformation and computer-assisted
composition.
However, concerning the DCT and Beziers curves-based approaches, it seems
that no full model allowing the generation of f0 curves from a score have been
implemented.
Furthermore, while those 3 approaches remain parametric, the parameters provided
to shape the curve are not intuitive to control for a user, as not directly related to
perceptually-relevant features.
In the same direction than approaches based on Bézier curves, the authors in
[BBL05; Lol06; LBB10] proposed to fit speech f0 curves using B-splines, with
a high accuracy. The authors in those studies don’t propose neither a model
for the generation of f0 curves for speech or singing synthesis. However, those
studies show the potential of B-splines, as a mathematical tool, for fitting, and
thus modeling real f0 contours, which suggests that B-splines might be a good
candidate for generating smooth and expressive curves in the context of singing
voice synthesis. A particular advantage of B-splines compared to Bezier curves
and DCT is that it offers a better local control of the curve’s shape. For this reason,
we thus chose to use B-splines as the mathematical basis underlying our f0 model
for the generation of the melodico-expressive component. In the following, we will
first shortly introduce the necessary mathematical background related to B-splines.
Then, we will explain how we use it in our model for generating the f0 fluctuations
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inherent to each segment according to the parameters shown in figure 4.8.

While approaches like the DCT decompose a contour on a set of functions that
are globally defined on a temporal segment, B-splines allow decomposing a con-
tour over a set of overlapping functions that have non-zero values only on a local
segment.
A B-spline function denoted Bi

m(t) is a piecewise polynomial function using poly-
nomials of degree m, with non-zero values only on a segment i. Considering a
vector of increasing real values (t̂) = (t0, ..., tk) called "knots", such a function is
defined recursively as follows:

Bi
0(t) =

{
1 if t ∈ [ti, ti+1[
0 otherwise

Bi
m(t) = t−ti

ti+m−tiB
i
m−1(t) + ti+m+1−t

ti+m+1−ti+1
Bi+1
m−1(t)

(4.2)

where, by convention, fractions equal to zero in case ti = ti+m or ti+m+1 = ti+1.
Note that values in (t̂) can thus be repeated several times, such that ti+1 = ti.

From this formulation, each B-spline function Bi
m is such that

Bi
m(t)

{
> 0 if t ∈ [ti, ti+m+1[
= 0 otherwise

(4.3)

Let us define an interval [a, b] segmented into l + 1 sub-intervals using knots
ti: a = tm < ... < tm+l+1 = b. Setting t0 = ... = tm = a et tm+l+1 = ... =
t2m+l+1 = b, the set of B-splines functions defined by the knots vector (t̂) form a
basis of a vector space of dimension m+ l + 1.
Moreover, so-defined B-splines functions satisfy the condition

∀t ∈ [a, b[,

m+l∑
i=0

Bi
m(t) = 1 (4.4)

The value m + 1 is called the order of the B-splines. A basis of overlapping 3rd

order B-spline functions is shown in figure 4.10, along with their summation (equal
to 1 at all positions) and the knots’ positions.
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B-pline functions
knots positions
sum of B-pline functions

FIGURE 4.10: A basis of 3rd order B-spline functions defined on
time segment [0, 1]
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A smooth continuous B-spline curve spanning the time segment [a, b[ can then
be obtained as a linear combination of the B-spline functions Bi

m of this basis:

f(t) =
m+l∑
i=0

ciB
i
m(t) (4.5)

where the weights ci are usually called the control points. Using this approach,
changing the value of the coefficient ci will only affect the B-spline Bi

m, which is
0 outside of the interval [ti, ti+m+1[. This thus allows a very local control of the
curve’s shape, which is an advantage for our purpose.

Another property of such B-spline curves is that they belong to the category
of Cm−1 continuous functions, which means that the function and its m − 1 first
derivatives are continuous. It is thus possible to generate a smooth f0 curve using
B-splines by setting appropriate knots and control points. Note that the continuity
property can however be broken by setting several knots to the same value ti. If
ti = ti+1, then the curve is only Cm−2 continuous at time ti. If ti = ti+1 = ti+2,
it is Cm−3 continuous at time ti, and so on ...

4.4.2.3 Curve generation

In order to generate the f0 curve automatically from the score, a sequence of the
model’s segments must first be determined from the notes, and their parameters be
chosen. Then, the knots vector (t̂) and control points (or weights) ci are determined
according to those parameters. Finally, a B-splines basis is built from the knots
vectors and the curve is obtained, following equation 4.5. In our model, we use 3rd

order B-splines. The steps of this process for generating the f0 curve from the score
and given parameters are illustrated in figure 4.11. For the sake of simplicity and
clarity, the vibrato does not appear in this figure, as it will be the subject of a next
dedicated section.

The sequence of segments is determined as follows, according to the notes
durations and the model’s temporal parameters (dL, dR, and L): silence segments
are given by the rests in the score; an attack segment is always placed just after
a silence, and a release just before; a transition is placed between each pair of
notes; a sustain segment is positioned for each note, in-between the surrounding
transitions and/or attack and release segments.
While some authors assume that the pitch change in transitions should be com-
pleted by the time of the vowel’s onset [Ber96; Mac+97b; Fon01; Bon+01a;
Sun06], we found out from the observation of recordings that this is not always the
case, and that transitions can often span the 2 notes. In our system, transitions are
thus by default centered on the notes’ onsets (i.e. the vowels’ onsets). Optionally,
an additional offset parameter δt may be used to shift the transition around the
note’s onset. However, when transitions contain consonants, some specific rules
are used to most appropriately position the transitions coherently with the lyrics, as
will be explained in section 4.4.2.6. Then, the start and end times of the transitions
are positioned according to the parameters dL and dR. The attacks begin on the
note’s onset, and the releases end at the note’s offset. The respective end and start
times are set according to parameter L. Some additional rules for the positioning
of attacks and releases will also be detailed in section 4.4.2.6. The times of the
sustain segments are determined afterwards so to fill the remaining gaps between
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FIGURE 4.11: Process of generating the melodico-expressive
component using B-splines.

other segments during sustained notes, once all other segments have been placed
appropriately.

Then, each segment is shaped using a specific number of B-splines functions.
After a first automatic pass using default parameters for all segments, the sequence
of segments and their control parameters may be modified by the user to change
the expression (from a description file in the xml format). In the next chapter 5,
we will detail an approach we developed to automatically choose the parameters
of each segment individually, according to local musical contexts, while trying to
model specific singing styles. We will now explain how the knots’ positions and
the splines’ weights are determined according to the parameters of each segment.

For transitions, 5 knots are positioned as described in figure 4.12. The 1st, 3rd

and 5th knots are placed at the start, middle and end times of the transition. The
2nd and 4th knots are placed at 0.75 · dL and 0.75 · dR from the middle knot. These
knots’ positions then serve to generate a set of 3rd order B-spline functions, which
are then weighted in order to shape the transition, as illustrated in the figure. The
weights’ values are determined as follows, from the model parameters:

w1 = f1

w2 = f1 + 2 · δfAL with δfAL = 2
AL
1200 · f1 − f1

w3 = f2 + 2 · δfAR with δfAR = 2
AR
1200 · f2 − f2

w4 = f2

(4.6)

where f1 is the target frequency of the left-side note, f2 is the target frequency of
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FIGURE 4.12: Transition and attack/release models, showing un-
derlying B-splines, along with knots positions and weights

the right-side note, and δfAL and δfAR are the values corresponding to AL and AR
(initially given in cents) converted to frequencies.

These weights’ values have been empirically chosen to approximate at best
the target parameters. But because the B-splines functions are overlapping, the
resulting curve may not exactly match the values of AL and AR, as the curve value
at one point depends on several weights (and thus the value of AR may slightly
influence the real depth of the preparation in transitions for instance). Obtaining an
exact results would imply to take into account in the computation of each weight
wi the influences of the weights of the surrounding overlapping B-splines (from
wi−2 to wi+2), which would thus be much more complex. Note however that the
values of those weights have been revised since the first publication of the model
in [ADR15] to better match the target values AL and AR, and the formulas given
in equation 4.6 give satisfying results, very close to the target values in most cases.
However, for a better precision in some cases, a correction of the curve has been
introduced, as will be explained in section 4.4.2.5.

The curve is finally generated by summing all the weighted B-spline functions
along the time axis. While conceiving this model, 3-knots and 7-knots models
had also been considered for generating transitions. However, using only 3 knots
doesn’t provide enough flexibility for producing adequately f0 fluctuations like
preparations and overshoots. Contrarily, a 7-knots model gives more flexibility to
accurately model all the specific variations used by some singers during transitions,
but requires more parameters to control, which becomes too heavy for the user
to handle. A 5-knots model such as presented here thus seems to be a good
compromise between flexibility and controllability.
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Attacks and releases are defined in a similar way, as shown in figure 4.12. Knots
are placed at the start and end times of attacks, and the weights of the spline vectors
are:

w1 = 2
D

1200 · fend
w2 = fend

(4.7)

where fend (in Hz) is the target frequency of the attacked note, and D is defined in
cents. Releases are modeled symmetrically to attacks.
Usually, the value of parameter D should always be negative. However, it may
possibly be set to a positive value for releases in order to simulate for instance a
rise of the f0 that is typical of some Eastern-European (balkanic) singing styles, as
illustrated by sound 4.1.

Our system currently doesn’t provide a GUI for managing the parameters
which can only be modified manually in an xml file. Nevertheless, one may
easily imagine a convenient interface where the user could shape the transitions
by moving 3 handles in a 2D time-frequency space: one to control the transition
center (δt), one 2D handle for (dL, AL), and another 2D handle for (dR, AR).
Similarly to transitions, one may imagine a convenient interface providing a single
2D handle to control (L, D) for attacks and releases.

So far, we have presented how we can generate a smooth baseline f0 curve
carrying various expressive fluctuations such as attacks, releases, preparations and
overshoots, but without vibrato. We present in the next section how the vibrato is
generated in our model for the sustain segments.

4.4.2.4 Vibrato generation

As already outlined in section 2.6.1.1, vibrato is one of the most important expres-
sive features of singing voice, as it relates to singing style, singer’s individuality
and proficiency, and is especially important for some styles like lyrical singing. It
is characterized by a quasi-periodic modulation of the f0 at a rate usually lying in a
range from 5. to 7.5Hz and an amplitude from ±0.5 up to ±2 semitones.
While some authors have seeked to precisely characterize the vibrato shape, rate
and amplitude [STK10; IIO14a], the necessity of such a precise description of
the vibrato for synthesis purpose, from a perceptual point of view, has not been
attested. [MB90] suggests that a good vibrato is nearly sinusoidal and that changes
in its shape along time is not perceived by listeners. In [Sun06], the author studies
the differences of f0 fluctuations between 2 singers perceived respectively as being
good and bad singers, and concludes that one of the aspects conferring its bad
quality to the 2nd voice is a particularly irregular vibrato. These assumptions
thus encouraged us to use in our system a very simple vibrato model, consisting
in a sinusoid with a fixed frequency fvib, and a simple ASR amplitude curve,
as presented previously (see figure 4.8), rather similar to the model presented in
[SF01] for violin vibrato.

In the first version of our model, presented in [ADR15], the vibrato was gener-
ated as a separate layer using a simple sinusoïd. However, the problem of this first
approach, using a fixed frequency, is that it didn’t allow to properly synchronize the
first and last vibrato cycles to smoothly connect the vibrato with the overshoot and
preparations of the surrounding transitions. In some cases, it could lead to unusual
fluctuations at the borders of the sustains segments which could sound unnatural.

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.1.releaseUp.wav
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FIGURE 4.13: Example of a transition smoothly chained to a vi-
brato, from a recording. The preparation is in phase with the vi-

brato.
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FIGURE 4.14: Comparison between a 5Hz sinusoidal vibrato
(dashed green) and B-splines-generated vibrato (solid blue), along
with knots positions, weights, and underlying B-splines functions.

Such problems are studied and illustrated in [MM08].
For overcoming this problem, our solution is to also generate the vibrato using B-
splines on sustain segments, so that all expressive fluctuations are generated in a
unified framework, all included in a single melodico-expressive layer, and can be
smoothly connected thanks to the continuity properties of B-spline curves. This
approach makes more sense, as in case the amplitude of the overshoots or prepa-
rations match that of the vibrato and the attack and release times are set to 0, the
preparations and/or overshoots naturally merge with the vibrato, as shown in figure
4.13 where the 2 are properly in phase.

In order to generate the vibrato using B-splines, we simply position knots dur-
ing sustains between each half vibrato cycle and alternate the weights values around
the nominal pitch of the note, as shown in figure 4.14. The values of the weights
for generating such a vibrato are set as follows:

wi = f0 + ai · 2 · (2
Avib(i)

1200 f0 − f0) (4.8)

where f0 is the frequency of the note, Avib(i) is the amplitude, in cents, of the vi-
brato at the position i (center of the ith half cycle) obtained from the ASR amplitude
curve shown in figure 4.8, and ai is a coefficient alternating for each weight (and
thus each half-cycle) between values 1 and −1.
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FIGURE 4.15: Comparison between sinusoidal and B-splined
based vibrato at the junctions with transitions with preparations

and overshoots.

As one can see on the figure, the so-generated B-spline vibrato is almost equal to
the sinusoidal one, the difference being imperceptible, which makes this approach
perfectly suitable for generating natural-sounding vibratos, the weights used per-
fectly matching the given target vibrato’s amplitude.
The value of a0, for the first half-cycle of the vibrato, is determined according to
the direction of the preceding transition. If the note carrying the vibrato is pre-
ceded by a lower note, and thus an upward transition, the overshoot is positive, and
the first half vibrato cycle should thus go in the opposite direction in order for the
phase of the transition and the vibrato to be coherent, which means that we need to
set a0 = −1. Conversely, if the vibrato is preceded by a downward transition, the
overshoot is negative, and we would thus have a0 = 1.
Similarly, at the end the vibrato, the phase should also be coherent with the fol-
lowing transition, depending on its direction. However, depending on the vibrato
frequency fvib and the duration of the sustained segment d between the transitions,
the number of half-cycles n = 2 · fvib · d produced during the sustained portion of
the note may not give the required phase at the end of the vibrato. In such case,
the vibrato frequency is slightly adjusted so that so that the integer number of half
cycles is coherent with the direction of the following transition, and such that the
duration of the last half cycle is > 1

4fvib
to avoid having a too fast unnatural fluc-

tuation at the end of the vibrato. With this approach, the last half cycle of vibrato
might be shorter than others, but this is coherent with observations made in [Pra94;
BS02], stating that the vibrato rate tends to increase at the end of notes. If the
sustain segment is too short (d < 1

2fivb
), no vibrato at all is applied. Figure 4.15

shows an example of a generated f0 curve comparing the 2 approaches to vibrato
generation. As can be seen the junctions between the transitions (and release) and
the vibrato are smoother using the B-splines-based approach.

4.4.2.5 Correction of the curve

As evoked previously, the values used for weighting the B-splines (detailed in sec-
tion 4.4.2.3) are appropriate in most case to match the target expressive parame-
ters. But in a few cases (mostly in the case of important preparations AL in upward
transitions), the curve obtained using those weights may exceed the target values,
resulting in a too big inflection. In order to better match the given target parameters
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FIGURE 4.16: Correction of the f0 curve in case of a big prepara-
tion exceeding the target value

in such cases, a correction of the f0 curve is applied, once the melodico-expressive
component has been generated from the B-splines. An example of this correction
is illustrated in figure 4.16 for an upward transition with a big preparation. In this
case, the difference ∆f between the minimum of the curve and the target value (red
dot) is first computed. Then, a correction weighting curve wcor(t) (dashed green
line) is built, made of 2 semi-hanning windows (with values in the interval [0, 1])
centered on the minimum, and bounded by the curve’s maxima respectively on the
left and right side of the preparation. Then, the corrected curve f0cor is obtained
following equation 4.9:

f0cor = f0 + ∆f · wcor(t) (4.9)

Note that a similar process can also be applied to correct other inflections like
overshoots, but this is most of the time not necessary.

4.4.2.6 Rules for alignment of f0 segments to phonemes

In order to improve the coherence between the f0 fluctuations and the timing of
the lyrics, a few specific rules have been developed regarding the positions of f0
segments, which are detailed below.

Transitions:
For transitions between 2 vowels (no consonants present), the transition is centered
by default on the vowel’s onset. As mentioned previously, a parameter δt allows to
shift the transition around this point.
For transitions containing 1 or several consonants, preparations and overshoots are
usually merged with the phonetic inflections of the micro-prosodic layer due to the
pronunciation of certain consonants. Several cases are considered, depending on
the direction of the transition:

• Upward transitions start on the first non-semi-vowel consonant. If there is
only a semi-vowel, the transition starts on the semi-vowel. The transition
should end on the vowel’s onset or later.
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FIGURE 4.17: Examples of real f0 contours that verify the given
rule for aligning transitions to phonemes

• Downward (and same-note) transitions end on the vowel’s onset, or on the
preceding semi-vowel if any. If there is only a semi-vowel, the transition
ends on the vowel onset. The transition should start at the first non-semi-
vowel consonant or before.

Additionally, the transition can’t start or end respectively beyond the start of the left
vowel and end of the right vowel. The times of each transition are thus corrected
according to these rules.
Figure 4.17 shows some real singing extracts along with phonetic segmentations,
where such rules are verified.

Attacks:
Attacks are positioned to start at time ta = max((tv − L), tc), where tv is the
onset time of the vowel, L is the attack’s duration, and tc is the time of the first
voiced consonant of the syllable after the silence if any (otherwise, ta = tv). Then,
the attack ends at time ta + L. In case the first voiced consonant of the syllable is
a semi-vowel, the attack starts on the semi-vowel.

Releases:
Releases are simply placed to end at the end of the note (whether it ends with a
vowel or consonants).

These rules where determined empirically from the observation of many
recordings. Although they may not be always verified in real recordings, they have
been found to give satisfying results in most cases, while avoiding some unnatural
placements of transitions obtained sometimes when considering only the model’s
parameters.

4.4.2.7 Specific segments’ sequences

In case the two transitions between 3 successive notes are too long (according to the
given durations parameters) so that they overlap on the middle note, then the sustain
segment in-between is deleted, and the times of the transitions are adjusted such
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FIGURE 4.18: Example of a normalized median f0 profile for
the phoneme /Z/. The inflection spreads beyond the limit of the

phoneme.

that the left transition ends when the right transition starts. The same procedure is
also followed in case of a transition overlapping with an attack or release segment.
Additionally, in such case, the B-splines underlying w1 and/or w4 (as shown in
figure 4.12) are removed so that the segments can chain smoothly.

4.4.3 Micro-prosodic component

As reported by many authors (e.g. [STK10; Umb+15; BB16b; MBM06]), the
pronunciation of voiced consonants induces some inflections in the observed f0
contours. This is especially the case for voiced fricatives (/v/, /z/, /Z/) and voiced
plosives (/b/, /d/, /g/). As these inflections are inherent to the pronunciation of the
phonemes, they are not controlled by the singer. Thus, we decided to treat this
component using an f0 profile’s template for each voiced consonant.
For this purpose, we analyzed the f0 profiles of all occurrences of each voiced
consonants in our singer database, and computed median templates for each of
them. As the inflexions are usually not fully contained inside the limits of the
consonant, the limits of the profiles are considered from half the consonant’s length
before its beginning to half its length after the end of the consonant. All extracted
profiles are normalized in time (by resampling on 200 points) and frequency (as %
of baseline f0) before computing the median template. The template is then scaled
during synthesis to the target length of the consonant and the target frequency given
by the melodico-expressive component. Figure 4.18 shows such a template, for the
phoneme /Z/.

4.4.4 Jitter component

As evoked previously, vibrato can be used to add expressivity during sustained
notes. However, vibrato is not always present, and the f0 curve is nevertheless never
perfectly flat. A very flat f0 curve is likely to be perceived as robotic or artificial.
Jitter (also referred to as pitch drift or fine fluctuations) designates uncontrolled
random fluctuations of the f0. The perception of such fluctuations in the context
of singing synthesis has been studied in [AK00] and [Sta11], and those studies
suggest that the inclusion of such fluctuations is important for conferring natural-
ness to synthesized singing voices. Some artificially-generated quasi-random pitch
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fluctuations are also induced for singing synthesis in [Mac+97b].
During an internship before the start of this thesis [Ard13], some informal
tests were conducted using a generative model of jitter such as the one used in
[Mac+97b], using a sum of sinusoids with various frequencies and amplitudes, or
using low-pass filtered noise as in [Sta11]. However, those tests were not very
conclusive. As those type of variations are inherent to the naturalness of the voice
and don’t need to be controlled, we thus rather preferred to use a template-based
approach to generate such fine fluctuations, based on real extracted f0 curves,
similarly to the phonetic component.

For this purpose, we analyzed the f0 curves of multiple sustained notes without
vibrato contained in our synthesis databases. We normalized them in frequency ac-
cording to the median frequency of the segment, and stored them as jitter templates,
similarly to what is done in [Bon08a] with sustain templates. Figure 4.19 shows
such a jitter template, stored as a % of the median f0 along time.
For synthesis, we then concatenate randomly chosen templates with 200ms cross-
fades at junction, for the whole length of the synthesized extract, and scale the re-
sulting curve according to the frequency given by the baseline melodico-expressive
component.

Finally, the 3 f0 curve’s components (melodico-expressive, phonetic, and jitter
components) are layered and summed together to produce the final target f0 curve
to be used for the synthesis.

4.4.5 Evaluation

In order to validate the proposed f0 model, we conducted a 3 parts listening test
aiming at evaluating the perceived naturalness of the generated curves. In the first 2
parts of this test, we evaluated the relevance of the different layers, independently of
each other. Then, in a 3rd part, we confronted the complete model to real f0 curves
from professional singers. The test was conducted on 46 participants listening with
headphones or earphones, through a web interface, using a CMOS preference test
to compare pairs of synthesized singing voice extracts, as described in [Rec03].
All the sounds were synthesized using our ISiS concatenative synthesizer with the
SVP engine described in chapter 3. For all parts of the test, in order to avoid
any bias due to other parameters in the evaluation, only the f0 curve was different
between the 2 synthesized files of a pair, all other sound’s characteristics (durations,
spectral envelopes, ...) remaining the same. For each test, similar examples were
synthesized using both a man and a woman voice, using the MS and RT databases
(the only 2 available at the time of this study). Nevertheless, using only those 2
voices in our test does not seem critical here, since we do not aim at evaluating
the overall quality of the synthesis, or timbre characteristics, but only the f0 model.
Note that the first version of the f0 model presented in [ADR15] was used in this
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test, with the vibrato being thus generated as a separate layer. Only the naturalness
of the model is evaluated here, assuming that its controllability is ensured by the
proposed approach. Each part of the test is detailed in the subsections below, and
the results are shown in figure 4.21, with the confidence interval of 95% [Rec03].
All sounds used in the test can be found in a web page at url 2. Figure 4.20 shows
the layout of the custom web interface used for those tests (developed in php and
html5).

FIGURE 4.20: Screenshot of part of the web interface used for
the listening tests

As shown in the interface, for each pair of sounds, the listeners were instructed
to select one button, on a scale from 0 to 3, according to their preference about
the naturalness of the presented sounds. If the left sound sounded much more
natural than the right one, the listener should thus select the leftmost "+3" button
(or the other way around). If the left sound sounded only slightly more natural
than the right one, the listener should select the left "+1" button. And so on ... The
listeners were also asked to concentrate only on the perceived pitch fluctuation
(and not on other aspects like the timbre). A high CMOS score (such as those
shown in figure 4.21) for certain stimuli denotes a preference for those stimuli
over the others having lower scores. The perceived difference between 2 types
of stimuli can be considered as being really significant if the confidence intervals
(the whiskers in figure 4.21) don’t overlap. All pairs of sounds were presented
in random order. The original test with the full instructions can still be found at url3.

4.4.5.1 Test I: jitter and micro-prosodic components

The first part of our test was aiming at evaluating the usefulness of modeling both
jitter and micro-prosodic components to improve the naturalness of the synthesized
voice, and validating the approach used for generating those 2 layers. For this
purpose, 2 very simple examples with long sustained notes were generated for each
voice. One of the examples consisted of a non-sense sentence comprising only
vowels and voiced consonants sung on a single note; the 2nd example was an actual
French sentence sung on a very simple melody with no expression. The pitch
was adapted to the mean frequency of each database in order to avoid important
transposition ratios that may degrade the sound quality of the synthesis. For each
example, a flat version (i.e. with a fixed f0 on each sustained note) was compared
to the same example with only the jitter component, only the micro-prosodic
component, or both layers.

2http://recherche.ircam.fr/anasyn/ardaillon/
ardaillon2015f0model/

3http://recherche.ircam.fr/anasyn/ardaillon/Test2015luc/index.
php

http://recherche.ircam.fr/anasyn/ardaillon/ardaillon2015f0model/
http://recherche.ircam.fr/anasyn/ardaillon/ardaillon2015f0model/
http://recherche.ircam.fr/anasyn/ardaillon/Test2015luc/index.php
http://recherche.ircam.fr/anasyn/ardaillon/Test2015luc/index.php
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FIGURE 4.21: Results of a listening test evaluating the natural-
ness of the proposed f0 model

According to the results showed in figure 4.21, we can conclude that adding ei-
ther the jitter or the micro-prosodic ("voiced cons.") component to the curve clearly
improves the perceived naturalness of the voice, at least in the case of sustained
notes without vibrato. The jitter seems to have slightly more impact on the natu-
ralness that the micro-prosodic component, which is understandable, as the jitter
is present everywhere whereas the inflections of the micro-prosodic component are
only localized at the positions of the voiced consonants. We can also observe that
the addition of both layers together improves a bit further the naturalness.

4.4.5.2 Test II: vibrato model

In the second part of the test, we aimed at evaluating the relevance of our simple
vibrato model, using a fixed rate fvib and an ASR piece-wise-linear amplitude
curve. We thus extracted the f0 contours of 4 short songs’ extracts (of 5 to 8
seconds), from various singing styles (lyrical singing, pop, and French variety),
sung by the 2 same singers who recorded the databases MS and RT. We then
marked the boundaries of each vibrato parts and flattened manually the f0 curve
through the vibrato cycles using Audiosculpt4 [Bog+04]. Then, we generated new
vibratos for each of the flattened notes, adjusting manually the model parameters
(rate, extent, attack and release durations, and initial phase when required) trying
to match the original vibrato with the model, and we added these new vibratos on
the flattened curve. We then resynthesized each of the analyzed examples with
both the original curve and the modified curve with synthetic vibrato. In order to
apply the real f0 curves coherently with the aligned lyrics, we also extracted the
phonemes’ durations from the original recordings using manual annotations, and
applied them to the synthesis. The subjects were asked to focus on the vibrato
sections for this test. The vibrato segments in those examples were from 0.14 (1
cycle) to 2.17 (12 cycles) seconds long.

4http://forumnet.ircam.fr/product/audiosculpt-en/

http://forumnet.ircam.fr/product/audiosculpt-en/
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As can be observed on figure 4.21, the listeners showed no preference between
the original vibrato and our simple model. This confirms that such a simple vibrato
model seems sufficient for generating natural singing voices’ f0 curves. This is
also coherent with the conclusions of [MB90], and suggests that a more precise
characterization of the vibrato shape, amplitude, or frequency, is not necessary.
However, it would nevertheless be easy to introduce more variations in our model,
for instance by slightly randomizing the knots positions and weights values during
the sustains segments for the B-splines-generated vibrato.

4.4.5.3 Test III : complete f0 model

In the last section of our listening test, we evaluated the potential of the complete
model (all 4 layers summed together, the vibrato being modeled as a separate layer
for this test) for natural singing voice synthesis, by comparing synthesis using the
generated f0 curves to real ones extracted from recordings. For this purpose, we an-
alyzed and carefully corrected the f0 curves of 5 extracts of various singing styles
sung by both our singers (among which the 4 extracts used in test II). For each
extract, a score was created specifying the midi notes to be sung. Similarly to
the test II, the original phonemes’ durations were used for the synthesis, and the
notes’ onsets were thus aligned to the positions of the vowels. We then generated
2 different f0 curves from this score, using our model: the first one using manually
chosen default parameters which were the same for all transitions, attacks, releases
and vibratos segments to globally approximate the original variations; the second
one refining manually the tuning of the parameters, for each transition, attack, re-
lease, and vibrato independently, in order to better match the original curve locally.
For each example, 3 versions were then synthesized using the 3 curves (“original”,
“default params”, and “tuned params”) and each pair of those 3 versions were com-
pared regarding the perceived naturalness. In order to keep the test short enough
and allow listeners to easily compare the sounds, only short extracts of 4 to 8 sec-
onds were used, and only 2 randomly chosen extracts were selected for each voice
and presented to the listener.

In figure 4.21, the results of this 3rd test show that the subjects were not able
to make a difference between the original curve and both the generated curves (the
confidence intervals are highly overlapping). Thus, the main conclusion that can be
drawn is that the used model seems appropriate to generate natural f0 contours for
singing voice synthesis, for various singing styles, provided that the tuning of the
parameters is appropriate. The positive tendency for the “tuned params” versions
may be explained by the fact that the generated curve, driven by the midi notes
in the score, may correct eventual mistuned notes in the original version. However
this tendency is not very significant. The fact that no difference is made between the
“original” and the “default params” versions is quite encouraging for the automatic
modeling of f0 curves with few need for manual tuning. However, one may also
expect that a difference would be made for longer examples with more variations,
as the default parameters wouldn’t be able to reproduce the variety of expressions
accross time and might start to sound too mechanical.

4.5 Intensity modeling

Compared to the modeling of the f0, fewer works address the problem of explicitly
modeling intensity variations for expressive singing voice synthesis. Opposed to
f0 fluctuations, one may assume that the intensity variations carry less expressive
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features. However, singers nevertheless control the intensity of their voice to give
more emphasis on specific notes or parts of a song, and shape the dynamic of a
song using expressive gestures like crescendi or decrescendi at various levels (e.g.
on a single sustained notes, or at the phrase level).
In HMM-based systems, the intensity might be implicitly modeled in the spectral
envelope, usually reconstructed from MFCC coefficients, or explicitly based on the
estimated power of the signal (similarly to the pitch), as in [STK10]. The Bézier
curves in [MBM06] are also used to model the energy contours, along with the f0
curve. As evoked in section 2.6.2, units concatenation may also be used to generate
appropriate dynamic contours, similarly to f0, as is done for instance in [UBB13a]
based on smoothed energy contours analyzed from a database of recordings.
The human auditory system is less sensitive to fine energy fluctuations than to
f0 variations, and the control of intensity thus requires less precision. It is thus
possible to obtain reasonable results for the control of dynamics by roughly
drawing an energy contour by hand to apply some expressive gestures on sustained
notes, as can be done for instance in the Vocaloid software using the provided GUI.
However, it is still useful to be able to quantify those variation for easing the task
of manual tuning and characterizing intensity variations according to singing style
for instance. From this point of view, the above-mentioned approaches to intensity
modeling suffer from the same drawbacks than when applied to the modeling of
f0, that is, mainly a lack of intuitive control parameters.

As said in section 2.6.2, the intensity variations are also closely related to tim-
bre and phonetics, as every consonant induces micro-prosodic fluctuations of the
energy. However, as our synthesis system is based on units concatenation, the di-
phones used already implicitly contain those variations which thus don’t need to
be modeled. We thus only focus here on the expressive intensity-related gestures
carried by sustained vowels.
[Jen99] presented a simple parametric model of amplitude envelopes for isolated
partials of musical sounds, using 5 segments (start, attack, sustain, release, and end
segments). In a similar idea, we use a very simple parametric model of intensity
defined at the note level, on the time-span of the vowel. For each note, a simple
Attack-Sustain-Release (ASR) curve is used, as shown in figure 4.22, similarly to
the amplitude envelope of the vibrato shown in figure 4.8. This envelope is bounded
in time by the vowel’s onset and offset in the corresponding note. 5 parameters are
used for each note (each vowel), which are: a maximum value Imax, the attack
durations da, the attack depth (as a ratio of the maximum value) 0 < αa < 1, the
release duration dr, and the release depth αr, as shown on figure 4.22. Then, on
consonants, we simply interpolate the values at the end and beginning of the sur-
rounding vowels to get a continuous curve. In case of melisma (several successive
notes sung on a single vowel), the attacks and releases on each note are adjusted so
that the curve is continuous: if the right note is louder than the left one, the release’s
depth and time of the left note are set to 0 and the attack’s depth of the right note is
set according to the loudness difference between the 2 notes, with a minimum du-
ration of 0.2s; if the left note is louder than the right one, the release of the left note
is adjusted similarly and the attack’s depth and duration of the right note are set to
0. We found out that this simple model can reasonably fit the loudness contour of
most vowels in real singing recordings. For generating the curve, default parame-
ters can be used, that may then be manually adjusted by the user (using a dedicated
xml file, similarly to the f0 parameters). The next chapter will also address the
problem of choosing appropriate intensity parameters for each note according to its
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context. Note that in our system, the intensity is defined as the measured loudness
(in sones) of the synthesized signal (based on a simplified loudness model that will
be detailed later in section 6.2.3.1).

Imax

↵a

↵r

da dr

FIGURE 4.22: Parametric model of intensity profile for a vowel
in a single note.

Additionally, some tremolo may also be added using a simple sinusoidal mod-
ulation (possibly synchronized with the vibrato).

4.6 Summary and conclusion

In this chapter, we detailed the approaches used for generating the synthesis
control parameters in the control module. We first explained how the phonetic
transcription of the lyrics can be specified. Then, from the given phonetic tran-
scription and musical score, we detailed the rules and models used for generating
the 3 main control parameters to be used as input by the synthesis module, namely
the phonemes’ durations (and positions), the f0, and the intensity.

The main contribution described in this chapter is the development of a new
parametric f0 model for singing voice, offering intuitive controls for the user to
shape the expression, using B-splines. The features controlled by the model are:
preparations, overshoots, vibrato, transition’s durations, and attacks and releases’
depth and durations, thus encompassing the main expressive f0 fluctuations used
by most Western-European singers. The main advantages of this model over other
state-of-the-art approaches like HMM or units concatenations are that it can be
used without any data, only using default or user-defined parameters, and that the
resulting curve can thus be intuitively modified by the user.
Another advantage is that some rules can be easily applied, for instance to ensure
more coherence between the placement of the transitions and that of the phonemes,
which appears to be very important to obtain a natural result.
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Some subjective listening tests were conducted to validate this model, which
showed that adding jitter and micro-prosodic fluctuations improve the perceived
naturalness of the synthesized voice. Then it appeared that listeners did not show
any preference between natural vibrato and a synthetic model consisting of a
perfect sinusoid scaled by an ASR envelope, thus validating the use of this simple
parametric model for synthesis. Finally, the full model has been confronted to
real f0 contours and the results suggest that it is appropriate to generate natural-
sounding f0 curves across a variety of musical styles. This contribution resulted
in a publication to the Interspeech conference [ADR15] (although the proposed
model has been further improved after this publication).
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Chapter 5

Modeling singing styles: towards
a more expressive synthesis

5.1 Introduction

In the previous chapter, we introduced the control module of our synthesis system,
in charge of generating the phonemes durations and the f0 and loudness profiles
from the score and lyrics, and showed that the proposed f0 model can produce
natural-sounding f0 curves for several singing styles. However, we assumed so
far that all the control parameters were already known, using default settings or
manual tuning, and no automatic way for choosing those parameters was given.
Introducing context-dependant variations can make an interpretation more natural
and musically interesting. However, even though the provided parameters are
assumed to be intuitive for the user, their manual tuning remains a tedious task, that
may also require some expertise to obtain a satisfying result. It is thus desirable
for the system to be able to automatically choose the most appropriate parameters
according to the local and global contexts defined by the score.

While some stylistic characteristics are inherent to the score itself (melody,
rhythm, tempo, ...), a single score can be interpreted in many acceptable ways, and
the precise time evolution of the control parameters (and especially the f0) also
carry an important part of the stylistic characteristics. In similar contexts, the most
appropriate parameters are thus likely to change from one singing style to another,
which should be considered when generating those parameters, in order to mimic
the various strategies used by different singers.
The extraction of the control parameters from recordings of a specific singing
style, along with the associated contexts, should thus allow to catch some of the
expressive characteristics related to this style, while preserving some variability
and the coherence necessary to produce a natural-sounding singing voice.

2 goals are therefore pursued in this chapter:

• generate a more expressive synthesis with a minimum of manual tuning, by
automatically varying the control parameters according to the musical con-
text;

• model various singing styles within a single framework, based on data ex-
tracted from recordings.

In the following, we will start by discussing the definition of a singing style and
the various aspects implied in its perception. Then, based on those considerations,
we present a corpus of recordings and annotations that has been constituted for
the purpose of singing styles modeling. We then propose an approach to build
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different style models from this corpus, that are then used to generate appropriate
control parameters at the synthesis stage, according to a target score. Finally, we
will present some subjective listening tests that have been conducted in order to
evaluate the proposed approach, and discuss the obtained results.
This work was conducted in collaboration with the musicologist Céline Chabot-
Canet (specialist of the interpretative styles of French singers from the 2nd half of
the XXth century), author of [Cha13], who helped us by providing some insights
into the specific features that may characterize the style of a singer, along with
the contextual factors that may influence his/her interpretative choices, and in the
constitution and annotation of our stylistic corpus.

5.2 Singing style: definition and implications

Defining what is a music style, and more specifically a singing style, is a difficult
task, as it implies to categorize, within a set of subjectively defined classes, an
infinite continuum of possible musical and vocal features relying on high-level
and low-level objective and measurable characteristics (such as melody, rhythm,
ornamentations, f0 variations, timbre, ...), but also involving more subjective
features such as the target audience (e.g. children songs), the emotion conveyed
(e.g: sad or joyful), etc... Authors of past studies have been defining singing styles
in various ways, considering different aspects to form categories like: "opera",
"children’s songs", "angry/sad/happy", or "jazz standards" (as listed in [Umb+15],
table 4), thus referring to either a well-known broad musical category, the age of
the audience, or various emotions. Singing style may thus be simply understood
as: "what makes one performance different from another one, and what makes
two different performances sound similar". But such definition doesn’t allow to
characterize a specific style.

We all know many broad stylistic categories, such as "rock", "pop", "jazz",
"soul", "metal", "classical music", and many more... However, although the voice
may carry some important characteristics that make those genres recognizable,
these terms are not specific to singing and are based on many aspects that go
well beyond the properties of the voice itself, relating to the various musical
instruments or sounds used. Furthermore, these categories don’t have precisely
defined boundaries. On one hand, some songs may be considered to be a mix of
several of those categories, but they may also be further classified in sub-categories
of these musical genres. For instance, the "rock" category could be subdivided
into "garage", "progressive rock", "hard rock", ... Similarly, the term "jazz" may
encompass "swing", "New Orleans", "be-bop", etc... And even when considering
only the vocal part in one of those sub-genres, each singer has its own typical
voice timbre and expression that make him well identifiable among others. But
conversely, some singers may also sing rather differently from one song to another.
According to these considerations, it appears that a singing style can be defined
at many levels, and it is thus difficult to come up with a unique and universal
definition of what is a singing style.

As we are planning here to model singing styles for synthesis purposes, based
on data from real recordings, the question of precisely defining what is meant
by the term "singing style" is nevertheless important. Whether the system is
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based on some machine learning approach, units concatenation, or user-defined
rules inferred from the observation of the recordings, the gathered data should be
consistent with this definition and present sufficient regularity in the features to be
modeled.
First, we will start here by discussing the various aspects and features that may be
involved in the perception of a singing style. Then we will propose a more specific
definition for the purpose of singing synthesis and discuss which features can be
modeled in our framework.

5.2.1 Singing styles: perceptual models and aspects involved

Many aspects are involved in the perception of the singing style from a recording.
All those aspects have been thoroughly studied in [Cha13], focusing on the analysis
of the interpretative styles of 59 famous French singers of the XXth century. In
[Cha13] and [Cha08], the author identifies 3 "models" that contribute, from the
perception point of view, to the internal representation of a singing performance
for a listener:

• The "score model": related to the properties that allow us to identify the
song being interpreted, which are mainly the melody, the rhythm, and the
lyrics.

• The "generic model": related to the identification of a musical style into
which the singer or the song would be categorized. This model relates to
the musical arrangement and the instruments used, the treatment of the voice
on the recording (audio effects, ...), the use of some recurrent vocal effects
(growl, ...), some degree of liberty between the notes and rhythm written
in the score and its interpretation (e.g: agogic rhythmical deviations, addi-
tion of ornamental notes, ...), and some elements of phrasing (use of legato,
crescendi, ...).

• The "stylistic model": related to the identification of a specific singer. It
thus implies the specific timbral characteristics of the singer’s voice and some
recurrent interpretative vocal effects used by the singer, but also, similarly to
the generic model, some phrasing elements and degree of freedom relatively
to the interpreted score, and some treatments applied to the voice, along with
the instrumental accompaniment used.

We summarize below the various aspects upon which those models rely, which
can be divided into 6 categories:

• Instrumental aspect: A song is rarely sung a cappella and the voice is usu-
ally accompanied by instruments which thus have a great impact on the per-
ception of the interpretation and the music style, by embedding the vocal
part in a larger context. The instrumental aspect encompasses both the in-
struments used and the musical arrangements (the chords, the times where
each instrument plays or not, counter melodies, ...). One may thus wonder if
a music style is perceived to a similar degree when listening only to the voice
or to the whole musical content.

• Technological aspect: We denote here by the term "technological aspect"
all characteristics related to the technological means used for recording and
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processing the voice signal. This encompasses the whole sound chain, from
the microphones used and their placement in a specific room (which may
have natural reverberation), to the techniques used to write/read the recorded
sound on/from a physical support (mechanical or digital). The first micro-
phones used for early music recordings and the machines used to write music
on vinyl discs or cylinders and read it, such as the phonograph or the gramo-
phone, give to the music of this period a specific well-recognizable sound
that contributes to the perception of the music style.
Additionally, many analogical or digital effects, such as reverberation, delay,
compression, or equalization, can be used to process the voice, either to bet-
ter integrate it into a mix, or to give it a specific timbre that is characteristic
of the musical style.

• Linguistic aspect: Several things can be considered regarding the linguistic
aspect of a song. First, the text itself may be used expressively, for instance
using alliterations to emphasize the rhythm by repeating similar timbral char-
acteristics on each notes, which is a typical effect used in rap music for in-
stance.
Then, the way of pronouncing certain phonemes may be important to con-
sider for some singers. For instance, the way the famous singers Georges
Brassens, Edith Piaf and Jacques Brel pronounce the phoneme /R/ is a salient
characteristic of their respective personal styles.
Finally, certain music styles may be closely related to the use of a specific
language. It is for instance not likely to find recordings of Beijing opera
recorded in another language than Chinese. Similarly, gospels are more
likely to be sung in English rather than French.
The meaning of the lyrics may also be an important aspect for some music
styles.

• Symbolic aspect: The symbolic aspects relates to all the informations that
have been defined by the composer of the song, mainly including the lyrics,
the melody (notes’ pitches) and rhythm (notes’ durations).
The use of lyrics structures the song at several levels. For instance, the divi-
sion of the text into verses and chorus, typical in some music styles, imposes
a certain macro-structure to the song, while smaller levels like the syllable
impose a micro-structure strongly related to the rhythm of the song.
The tempo, rhythmical patterns, melody, musical scale, chords progressions,
or pitch range are various examples of features embedded in the score that are
strongly related to specific music styles, independently of the interpretation
of a specific singer. For instance, the very high pitch range used by lyrical
soprano singers is not well adapted for other styles like rock; blues uses some
specific sequences of chords that are not really transposable to another music
style; etc ...
An important consequence is thus that scores are often not well adapted for
being interpreted in different singing styles, which should be taken into ac-
count for evaluation purposes, as will be further discussed in section 5.7.
Singers also often don’t strictly follow the notes in the score. They may for
instance add some ornamental notes, or deviate from the exact durations of
the score, by lengthening or shortening some specific notes, or make use of
anticipations and ritards relatively to the theoretical notes’ onsets, or system-
atic deviations like swing, and continuous tempo variations (accelerando or
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rubato). Sustained notes may also be shortened compared to their theoretical
duration.

• Prosodic aspect: Although the term "prosody" is usually rather used for de-
scribing speaking voice, we denote here by this term all the variations that
apply to the 3 basic acoustic dimensions that are phonemes’ durations, f0,
and voice intensity, which have been already studied in the previous chap-
ter. The evolution in time in these 3 parameters highly relates to the specific
phrasing and interpretative effects of a singer. Contrary to all the previously
mentioned aspects, this prosodic aspect is also closely related to the level of
proficiency of the singer.
As already said, the f0 is especially important, as it carries the melody and
acoustic features specific to singing voice, such as vibrato, preparations and
overshoots. In [NLM07], [Kak+09], and [Pan+17], the authors proposed
some approaches to singer and singing style identification based on the f0
contours, obtaining good accuracy, showing that the f0 (and especially the
vibrato) carries particularly important characteristics related to singing style
and singer’s identity, based on local dynamic variations independently of the
musical information from the score. [SG09] stated that the perception of the
quality of a voice is more influenced by changes in the f0 after vocal train-
ing rather than the spectral characteristics, vibrato having the most important
contribution. Other features related to the f0 are the use of portamento, or
glissando, and the pitch accuracy.
Some variations related to the intensity, or dynamic, are crescendo and de-
crescendo, dynamic contrasts (from one note to another), or tremolo. In
[Kin+14], a visualization of singing styles in a 2D space based on pitch and
dynamics trajectories is proposed to identify some characteristic vocal ges-
tures of the singers from those trajectories.
In [NT10], the authors showed that infant-directed performances have fewer
expressive variations in timing but greater dynamic modulations than non-
infant-directed performances.

• Timbral aspect: Compared to many instruments, the voice has a very flex-
ible timbre that have many implications on its perception. Each singer has
its own pitch range and formants’ structure, related to its physiology, which
partly confers its identity to the voice. The source characteristics also pro-
vide an important contribution to the singer’s voice identity, which can be for
instance more or less breathy or tense. But beyond the singer’s identity, some
voices are better suited for certain singing styles than others. This should be
considered for synthesis purpose, as the style may not be similarly perceived
depending on the voice used for producing the synthesis.
Besides features intrinsically related to the singer’s physiology, the timbre
may also be expressively modified, either permanently or punctually by the
addition of specific effects, depending on the singing style.
Several works have been dedicated to the studies of the specific timbral fea-
tures of various singing styles. For instance, the well-known singer’s for-
mant, characterized by a prominent peak of the spectral envelope around
3kHz obtained by modifying the larynx position, is a typical feature of clas-
sical operatic singing [Sun01; Nak04]. Another timbral feature is the vo-
cal register (or laryngeal mechanism: fry, chest, head, falsetto) that may be
used either permanently or punctually to produce specific effects (e.g. in
yodel [Wis07]). A singing technique specific to some non-classical styles
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of singing, such as pop or musicals, is called "belting", characterized by a
loud and bright voice with a consistent use of the chest register and a re-
inforcement of the 2nd harmonic by the 1st formant [SM93; BS00; TW09].
[BK06] highlights some differences related to resonances, loudness and spec-
tral slope between 3 types of Croatian folk singing. In [TS01], the differ-
ences in the source’s characteristics of a single female singer in classical
singing, pop, jazz and blues have been compared, demonstrating the possible
adaptation of the voice timbre according to singing style, despite the singer’s
physiological constraints. Similarly, the differences in vocal source and reso-
nances between soul and musical theater have been studied in [HLS17] based
on acoustic measures and spectrographic analysis.
Finally, certain vocal qualities are typically used in certain music styles as
punctual expressive effects. For instance, the growl effect and other types
of rough phonations are used a lot in styles like blues or rock, among others
(e.g. by singers like Ray Charles or Louis Armstrong [Pfl10; Sak+04]).

Note that some expressive features may also be considered as transverse, combin-
ing several aspects simultaneously, as suggested in [Umb+15]. An example are the
attacks of notes, that may combine a rise of f0 and intensity as well as the use of
specific timbral characteristics (e.g. fry, breathy, with a glottal impulse, ...).

Based on those descriptions, one can state that: the score model is mainly re-
lated to the symbolic and linguistic aspects; the generic model to the instrumen-
tal, technological, timbral, and (to some extent) prosodic aspects; and the stylistic
model to the technological, instrumental, timbral, and prosodic aspects.

5.2.2 Singing styles for synthesis: definition and modeled features

Now that we have reviewed the many features that may be involved in the
perception of music and singing styles, we may discuss to which extent those
elements can be modeled in the framework of our singing voice synthesis system.
As we have seen, the aspects involved are very diverse and many are not directly
related to the voice. One may thus only expect to model parts of those aspects with
our system. We detail below which aspect have been considered in our work, and
then propose a more precise definition of what should be understood by the terms
"singing style" in the rest of this chapter.

The instrumental aspect will obviously not be considered in this work, as it
doesn’t imply the voice.

The technological aspect is also not dealt with, besides the recording of the
databases (which may impact the sound of the voice for concatenative synthesis,
depending on the recording conditions that have been previously described for our
databases in section 3.2.1.4). The addition of some audio effects after the synthesis
is left to the choice of the composer or sound engineer. Besides the stylistic
considerations, note also that the simple addition of a subtle reverberation, by
simulating a natural environment, can have a significant impact on the perceived
naturalness of the voice, compared to a raw synthesis.

Regarding the linguistic aspect, we already discussed how the lyrics may be
input and possibly automatically phonetized in the previous chapter. We assume
that the lyrics are fully determined by the composer. However, as we have seen,
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the use of a specific language or different pronunciations of a same phoneme (e.g.
/R/) may have to be considered in relation to the singing style. For this purpose,
a mechanism has been implemented in our system in order to deal with some
extensions of the databases to allow to add some new pronunciation variants for a
specific phoneme, or add missing phonemes for a specific language. Specific tags
in the input lyrics can then be used to choose the proper pronunciation. We used
for instance this system to produce some synthesis in English, based on our French
databases, using specific additional recordings for english phonemes. Some tests
have also been conducted for synthesizing Japanese using a dedicated restricted
database.

Regarding the symbolic aspect, we saw that the score already contains many
important informations related to singing styles. But we saw also that some
deviations from this score should be considered, like for instance the insertion
of ornamental notes and rhythmical deviations at the phrase level (rubato,
accelerando, ritardando) or at the note level (ritards and anticipations). Such
variations may be considered by the system and applied in the symbolic domain
to modify the score, depending on singing style, before running the synthesis, for
instance using rule-based approaches [FBS09]. An approach to apply expressive
tempo variations in monophonic instrument phrases has also been proposed in
[Gom+03], which may possibly also be applied to singing. However, this aspect
has not been considered in the present work, and our system strictly respects the
informations given by the input score, assuming it already contains all ornamental
notes and rhythmical deviations, that should thus be precisely defined by the
composer to fit the target style.

The prosodic aspect is the one we will focus on in this chapter, assuming, as
has been stated in previously mentioned studies, that it carries many important
stylistic characteristics. Based on the parametric models presented in the previous
chapter, we propose an approach to learn the typical behaviour of singers according
to the musical contexts defined by the score, for different singing styles, and apply
it during the synthesis. We thus aim at automatically generating the f0, loudness
curve, and phonemes’ durations with respect to a target singing style.

Finally, the timbral aspect may be considered to some extent. In concatenative
synthesis systems such as ours, the specific timbral characteristics of the singers
are implicitly contained in the database used. An appropriate database should thus
be chosen according to the target singing style. In the databases we recorded,
described in table 3.2, we have for instance the EL database that corresponds to a
lyrical singing style, while the timbres of RT and MS databases rather correspond
to "pop" styles. In preliminary tests, we also had recorded a restricted database
with the singer RT in lyrical style (RT_lyr), and results of synthesis using this
RT_lyr database preserved well the lyrical timbre quality from the database, as
illustrated in sound 5.2 compared to sound 5.1 using a non-lyrical database.
Alternatively, some transformations (e.g. for age or gender1) or voice conversion
techniques [Hub15; Lee+14] may also be applied to extend the potential timbre
space covered by a single database and change singer’s identity, although further
researches are still necessary before obtaining satisfying results. Some ongoing
research in the analysis/synthesis team at IRCAM are investigating the possibilities

1http://forumnet.ircam.fr/product/ircam-tools-flux-trax-en/

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.2.carmen-RT_lyr.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.1.carmen-RT_YM.wav
http://forumnet.ircam.fr/product/ircam-tools-flux-trax-en/
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to apply voice conversion techniques issued from previous research projects
[Hub15] to the output of our synthesizer to make it sound like a target singer.
Additionally, some transformations may be applied to modify specific timbral
characteristics such as the tenseness, breathiness, or roughness of the voice, as
previously reviewed in section 2.5. Some work on vocal roughness transformations
will be presented in the next chapter. However, the automatic control of such
effects is not addressed and has not been much studied yet.

As previously stated, those various features may have implications at several
perceptual levels, i.e. to recognize a song, a generic style, or a specific singer.
In this chapter, we focus on the modeling of the prosodic features, which have
implications on both the previously defined generic and stylistic models, which
means that some similar expressive prosodic features are likely to be shared among
various singers of a similar generic style (e.g., jazz, rock, opera, ...). For instance,
all lyrical singers use vibrato rather extensively, while rock singers don’t use it
much. However, in the same generic models, some of those features are also likely
to vary between singers.
In this work, we aim at modeling expressive features based on a set of recordings
representative of a particular singing style. For this purpose, it is thus important
to have as few disparity as possible in those recordings. Learning a style using
recordings from different singers may thus be a problem, as there may be too
much differences in the features from the different singers, even though they
belong to the same generic category, which may either lead to oversmoothing or to
inconsistent expressions in the synthesis.
To avoid this problem, a singing style will thus be defined in this chapter as that
corresponding to a small set of consistent recordings of a single singer, with a
rather uniform and stereotypic interpretative style, chosen to be representative of a
certain generic category.

In the next section, we will first describe the corpus of recordings that we used
for our work, before explaining our approach to singing styles modeling.

5.3 Styles corpus

5.3.1 Choice of singers and recordings

In order to study and model different singing styles, a corpus has first been created.
A possible approach for this purpose is to use dedicated a capella recordings.
In [UBB13b], the author proposed an approach to systematic database creation,
generating automatically a set of short melodic exercises that cover various
combinations of features for a certain singing style. In [STK10], 5 japanese
children songs recorded by a male professional singer in a "deep bendy" style are
used. The study in [UBB13a] used 4 recordings of a female trained singer in soul
and pop style, for a total of 6 minutes. In [Umb15], 17 recordings of jazz standards
where also recorded for a total of around 18 minutes.
However, a particular drawback in [UBB13a] and [Umb15] is that the recordings
were sung using only vowels. While this avoids the influence of the micro-prosody
on the expressive features, which should better be considered separately, as is done
in our multi-layer f0 model, this also does not allow to learn the possible expressive
use of phonemes’ durations, which may be of importance.
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A particularly interesting goal to achieve would also be to be able to model a
singing style from existing music recordings, allowing for example the modeling of
famous historic (deceased) singers, which is not intended in the above-mentioned
studies using dedicated a capella recordings. In this direction, commercial
recordings with instrumental accompaniments were used in [IIO14a] and [IIO14b]
to extract vocal expressions of famous Japanese singers and apply them to
synthesized voices.
In the present work, we thus also propose to study and model singing styles
of specific singers based on commercial recordings. For this purpose, a corpus
has been constituted, with the help of our musicologist collaborator Céline
Chabot-Canet. In order to benefit from her specific musicological knowledge
as well as some well-known French cultural references, we chose to base our
work on recordings of 4 famous French singers from the 2nd half of the XXth

century, representative of different styles, rather than using dedicated recordings
from unknown singers. Another reason for this choice is that our system, in the
framework of the ChaNTeR project, is primarily targeting the French language.
The 4 singers we chose are: Edith Piaf, Sacha Distel, Juliette Greco, and François
Le Roux.

As has been previously evoked, many scores are not well suited to be sung in
different styles. In order to compare and evaluate the modeled singing styles, it
is thus beneficial to find a score that may be reasonably interpreted in the styles
of the different chosen singers. The choice of those 4 singers has thus also been
encouraged by the fact that they all recorded an interpretation of the same song
“Les feuilles mortes” (“Autumn leaves” in English) in their own singing style, thus
providing a common reference for comparison. A musicological study of various
covers of this song by many singers has been conducted in [Cha08], stating that it
is especially suitable to be interpreted in various styles.

Using commercial recordings is more challenging than using a cappella
singing, as the presence of other instruments makes the analysis and annotation
process more difficult and fastidious, but it has also several advantages regarding
the evaluation process. One reason is that finding a capella recordings of a same
song by several singers in different styles is not easy, and conversely, it is hard for
a singer to sing in different styles ("generic models") while getting rid of his/her
own personal interpretative style ("stylistic model"). For these reasons, previous
studies have limited the evaluation of their methods to a single style, which doesn’t
account for the ability of those methods to properly differentiate several styles. For
evaluation purposes, one may also assume that it is preferable to model the styles
of well-known singers who listeners may already be familiar with.

In the ideal case, one should be able to learn a style even from a single song,
as a same singer may sing a bit differently from one song to another. However,
this may lead to overfitting, and for a good generalization, the database should
also ideally cover the complete space of musical contexts, in terms of possible
notes’ durations, pitches, and intervals. A compromise is thus to be found, using
a reasonable amount of data covering various possible contexts, while keeping
enough consistency between the recordings. For each of the 4 singers, 2 others
songs than "Les feuilles mortes" have thus been selected. Table 5.1 summarizes
the content of our corpus. The given tempi are approximative, based on manual
annotations of beats (the perception of tempo being subjective, some possible
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TABLE 5.1: Description of our singing styles corpus

Singer Sex Style Song Tempo (BPM) Duration Total duration

Edith Piaf female Chanson réaliste
Les feuilles mortes 70 3’29"

9’55"La foule 62 (or 186) 2’58"
Hymne à l’amour 65 3’28"

Juliette Greco female Chanson rive gauche
Les feuilles mortes 64 2’58"

9’01"La javanaise 44 (or 132) 2’28"
Je hais les dimanches 64 3’35"

François Le Roux male Mélodie française
Les feuilles mortes 60 4’37"

8’34"Dernier voeu 86 1’42"
Sous l’épais sycomore 85 2’15

Sacha Distel male Chanson de charme
Les feuilles mortes 70 3’31"

9’13"Parlez-moi d’amour 108 (or 36) 2’28
Que reste-t-il de nos amours 55 (or 110) 3’14"

alternative values are given between parenthesis). (Note that the given durations
represent the total lengths of the songs, including sections without singing voice.)
In terms of size per singer, this corpus is comparable to those used in [UBB13a]

and [STK10], whose sizes are respectively around 6’ and 5’ of a capella recordings.
Some links to all songs of the corpus can be found on the web page at url2.

5.3.2 Styles description

As the singing styles we propose to model here may not be well identified by ev-
eryone (and especially for non-French readers), we shortly describe here the prin-
cipal characteristics relating to the voice for each one, based on the work of Céline
Chabot-Canet [Cha13] (except for the style "mélodie française" of François Le
Roux, which is not studied in this work, but which is documented elsewhere).

• Chanson réaliste - Edith Piaf:
Concerning the timbral aspect, a particular characteristic of this style is the
use of belting, with a tense and loud voice and a rather uniform timbre and
energy. The overall voice timbre also sounds quite low.
The pitch and loudness tend to be quite correlated: the higher the pitch the
more tense and loud the voice is. Ascending glissendi are also often accom-
panied with a crescendo and descending glissendi with a decrescendo.
The first notes of sentences are usually attacked with an ascending glissendo,
and a rather continuous movement of the f0 can be observed on groups of
succeeding short notes. The highest notes of musical phrases are usually
also attacked with a rather long glissando (long transition).
In this style, the vibrato is not permanently present, but is rather used in-
tentionally on sustained notes. An alternation between short notes without
vibrato and long notes with vibrato can thus be observed. When present, the
vibrato is usually wide, and very regular, especially at the end of sentences.
The vibrato of Edith Piaf is particularly identifiable for being quite strong,
with a high frequency (between 7 and 8 Hz).
The text is well articulated for a good intelligibility. The phonemes /R/ are
systematically rolled and often quite long. Semi-vowels are also usually long
and well articulated.
Some rhythmical deviations like ritards and rubato are regularly observed.

• Chanteur de charme - Sacha Distel:
The French terms "chanteur de charme" corresponds to what would be called

2http://recherche.ircam.fr/anasyn/ardaillon/these/these.php

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php


5.3. Styles corpus 123

a "crooner" in English.
In this style, the voice is soft (not very loud) and languorous with a "jazzy"
coloration, and breathiness is a recurrent vocal quality used to confer a se-
ductive and sensual dimension to the voice. The voice can be rather deep and
fry might also be used punctually (although not much for Sacha Distel).
The tempo is usually particularly slow.
Notes are often attacked with a portamento, using rather long attacks and
transitions, starting lower than the target pitch, and notes are sometimes
linked together in a continuous glissando. Groups of syllables are tied to-
gether in a same dynamic move with crescendo or decrescendo, without dy-
namical contrast between adjacent notes.
Vibrato is present on sustained notes, but is not very intense and might be
sometimes slightly irregular. The expression used by this kind of singers can
also get closer to speaking voice at certain moments.

• Chanson rive gauche - Juliette Greco:
This style, also called "chanson littéraire" ("literary song" in english), is char-
acterized by a predominance of the text, for which a good understanding of
the lyrics is especially important. A particular emphasis is thus placed on the
syllabic articulation, using regular and well marked attacks with an accen-
tuation to give an impulsive and dynamic aspect in the interpretation. Such
accents are also usually accompanied with an ascending glissando starting at
a rather low pitch (big downward preparation or overshoot). The syllables on
offbeats are often more accentuated.
To avoid monotony related to a too high regularity, some rhythmical devi-
ations are used (ritards, anticipations, ...), introducing a higher rhythmical
complexity.
The expression is also often rather close to the prosody of spoken voice, rein-
forcing the natural accents of speech, associated with a dramatization of the
text and the search for contrasts. For this purpose, singers of this style also
tend to punctually use a whispered or breathy voice.
The pitch range of Juliette Greco is rather low and notes are often attacked
from a lower pitch, with a short glissando. The pitch also tends to go down
at the end of notes.

• Mélodie française - François Le Roux:
While the previous styles can be considered as sub-genres of the very wide
category called "chanson française" (French variety), the style "mélodie
française", dating from the XIXth century, rather belongs to classical music
and is quite close to the German Lied. It corresponds to a particular musical
form sung with a text usually borrowed from a poetic work and accompanied
with a piano. Famous composers for this style are Debussy, Fauré, Duparc
and Chausson.
Contrary to the Bel Canto (operatic lyrical singing), which is rather focused
on the virtuosity and the search of an homogeneous purely harmonic timbre,
to the detriment of the text, more emphasis is placed on the intelligibility of
the lyrics in the mélodie française, favouring the clarity of the pronunciation.
The voice is also less loud (more intimate) than in operatic singing, privi-
leging the smoothness of the pitch and intensity variations, without much
abrupt contrasts and with a fine control of nuances. The phrasing is thus
rather legato, with crescendi and decrescendi encompassing several notes
over a whole musical phrase.
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Vibrato is also well present on sustained notes, and rather wide, accompany-
ing the changes in dynamic (particularly wide on loudest notes).

5.3.3 Analysis and annotations3

In order to learn the various prosodic features based on the recordings, each song
of the corpus has been analyzed and annotated with its phonetic transcription and
the f0 and loudness curves. In order to ease the annotation process, we tried to
choose recordings with a rather light instrumental accompaniment when possible.
We describe below how those analysis have been obtained.

Phonetic transcription: For the phonetic transcription, a first automatic pass
has been run using the ircamAlign software [Lan+08] to create and approximately
position phonetic markers with the labels of the phonemes in SAMPA notation,
based on the raw text of the songs written in French. Then, this first transcription
has been manually corrected using the audiosculpt software4 [Bog+04].

f0 analysis: For the f0 analysis, we used for a first automatic pass the same
previously-mentioned algorithm from superVP that we used for our synthesis
databases. Using appropriate settings (especially regarding the f0 range) on
small sound segments, this already allows to have reasonable results when the
instrumental accompaniment is not too much present. Then, this curve was
manually corrected in audiosculpt [Bog+04], by drawing over the fundamental
on the spectrogram. Depending on the instrumental accompaniment, some
higher harmonics of the voice may be clearly visible, while the fundamental
is hidden by the presence of other instruments. A functionality of audiosculpt
allows to multiply the f0 curve by a certain factor, which we can use to draw
over the most visible harmonics before transposing the curve back to its orig-
inal range. Using this approach, we could obtain a rather reliable analysis for the f0.

Loudness analysis: In order to estimate the loudness variations of the voice, it
is necessary to get rid as much as possible of the influence of the other instruments.
For this purpose, it is possible, in audiosculpt to run an harmonic partials analysis,
based on the f0 curve, and then resynthesize the sound using only the partials
from this analysis, which should mainly contain the voice part. The principles
and algorithm behind this harmonic partials analysis have been described in
[Bon+11]. Some refinements for a better estimation of the partials amplitude for
non-stationary (frequency-modulated) signals have also been proposed in [Röb08],
which are included in the implementation used by audiosculpt. An example of such
resynthesis from the harmonic analysis is given in sound 5.3. Then, a loudness
analysis can be run on this approximate resynthesis of the vocal part. The loudness
model used for this analysis will be detailed in the next chapter, section 6.2.3.1.
However, due to the overlap between the voice and the instruments for some of
the partials and to small f0 analysis errors, part of the voice may be missing, and
part of the instrumental content may still be present, which affects the result. The
obtained loudness curves have thus then been manually corrected when necessary,
based on the subjective perception of the loudness variations.

3The annotation of the corpus has been done in collaboration with Céline Chabot-Canet
4http://forumnet.ircam.fr/product/audiosculpt-en/

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.3.EdithPiaf-LesFeuillesMortes-resynthHrm.wav
http://forumnet.ircam.fr/product/audiosculpt-en/
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FIGURE 5.1: Example of annotation for an extract of "Les feuilles
mortes" by Edith Piaf, showing f0 (blue curve), loudness (black
curve), phonemes segmentation (vertical lines), and midi notes

(red horizontal bars)

Besides those 3 parameters, additional annotations relating to the symbolic
musical informations from the song are necessary to derive various contextual
factors that may influence the interpretative choices of the singers, and that will
thus be used when learning the singing styles from this corpus, as will be explained
in the next section.
Assuming that the notes’ onsets coincide with the vowels’ onsets, the rhythmical
information (notes’ durations) was obtained directly from the phonetic tran-
scription, by keeping only the phonetic markers labelled as vowels or silences.
The approximate tempo of each song was also obtained, based on the median
inter-onset time of manually annotated beats. The annotation of the notes’ pitches
(in midi value) has then been performed manually to avoid errors. Note that in
other works like [STK10], manual annotations of the f0, phonemes, and midi events
were also used. Note also that for the interpretation of "Les feuilles mortes" by
Edith Piaf, only the refrain, which is sung in French, has been fully annotated, the
rest of the song being sung in English. All other songs have been fully annotated.

A visualization of the various analysis and annotations in audiosculpt is shown
in figure 5.1, for an extract of "Les feuilles mortes" by Edith Piaf.

5.4 Proposed approach

5.4.1 Overview

In [Shi+01], the authors suggest that "the concept of a style implies a set of
consistent features", that "lend themselves to quantitative studies and modeling",
and that “personal style is conveyed by repeated patterns of [the prosodic] features
occurring at characteristic locations”. Modeling a singing style would thus imply
being able to appropriately capture these features along with the characteristic
contexts where they occur.
We already reviewed in section 2.6 the various existing approaches to expression
control and singing style modeling, that all provide different means to generate
control parameters according to the contexts defined by a target score. Each of
the methods presented so far however has its own advantages and drawbacks. A
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particular drawback of rule-based and units selection approaches is their lack of
flexibility, as only a restricted and fixed set of contextual informations is used
in empirically-defined rules and costs functions, which doesn’t allow to easily
include new contexts or to take into account the possible variable importance
of some contextual factors from one style to another. However, units selection
has the advantage of reproducing accurately the expressive variations of singers.
Rule-based approaches also have the advantage of introducing expert musical
knowledge into the system, but require a thorough musicological study to define
new rules for each singing style. Conversely, HMM-based approaches relying on
automatic context clustering offer more flexibility, with the possibility to use many
contextual factors, and can easily model a new style using an appropriate database
without requiring specific knowledge, while allowing a global high-level control
of the expressivity. But they may suffer from oversmoothing and don’t allow to
reproduce the fine details on the f0 or intensity contours like with units selection.
Another limitation in most approaches is also a lack of intuitive and local control
over the expressivity for the user.
In order to overcome the limitations of exiting approaches, it would thus be
interesting to combine different methods while keeping only the best of each
one. In this direction, the hybrid approach proposed in [Umb15] tries to combine
some advantages of the HMM-based and units selection-based approaches.
However, this approach still doesn’t provide any control to the user to modify the
expressivity. The use of parametric templates, as is done in [IIO14b] may however
overcome this problem.

Building up on this idea, we thus propose here to combine the use of a rich
set of contextual factors (with automatic decision tree-based context-clustering as
in HMM-based methods) with the use of our parametric f0 and loudness models
to approximate real contours, while providing some local control of the expression
and the possibility to use some rules to constrain the result based on specific knowl-
edge.
For this purpose, the f0 and loudness-related parameters and phonemes’ durations
are first extracted from our corpus, and stored in styles databases as parametrized
templates, along with their original contexts. In a first learning stage, decision trees
are then built from each style database to automatically cluster similar f0 model
parameters, intensity model parameters, or phonemes’ durations according to their
original context. The databases constituted for each singing style along with the
trees built from those databases form our models of the singing styles.
At the synthesis stage, those styles models can then be used to choose in the
database the most appropriate parameters according to the target contexts from the
score, based on the decision trees. For this purpose, the appropriate tree is browsed
from its root to the leaf corresponding to the target context, and a parametric tem-
plate (or a phoneme’s duration) is picked from all the occurrences associated to
this leaf, and used for the synthesis. The selection of a specific template (e.g. an
f0 transition or sustain, or the loudness profile of a note), keeping all its parameters
tied together, rather than a statistical modeling as is done in HMM-based systems,
avoids a possible oversmoothing of the parameters. This approach is illustrated in
figure 5.2 for the choice of a transition’s parameters.

In our first implementation of this approach, a random selection was used in
order to choose a template among the different occurrences on the leaf of the tree
corresponding to the target context, as explained in [ACR16b]. However, this may



5.4. Proposed approach 127

Annotated
corpus

decision trees 
building

data 
extraction

Style database 
(contexts + parametric templates)

Learning
Synthesis

Style model
(database

+ decision trees)

selected
transition

 parameters 

Transition

FIGURE 5.2: Overview of the proposed approach (Example for
the choice of a parametric f0 transition template)

not always lead to the best choice, as the leaf may sometimes still contain disparate
values. In order to further improve the selection process, we thus compute a simple
distance between the original and target contexts for all the templates of the leaf,
and choose the one with the smallest distance. We used as a distance measure
the sum of the absolute difference on all contextual factors normalized by their
maximum absolute values (all contextual factors being thus considered of equal
importance in this case).

For the proposed approach to work, mainly 2 conditions have to be fulfilled: the
use of an appropriate parametric representation for the f0 and loudness to match the
real contours from the recordings; the use of appropriate contextual factors, with a
sufficient coverage in the corpus.
The first condition has been already addressed in the previous chapter. In the fol-
lowing, we first explain the mechanism used to build the decision trees, and then
discuss the various contextual factors that may be considered for this purpose. The
estimation on the various parameters on the recordings, and the specificities related
to the modeling of each parameter will be addressed in the next sections.

5.4.2 Decision tree-based context clustering

Ideally, if our corpus would cover every single possible combination of contex-
tual factors for each style, one could simply choose the parameters associated
to contextual factors that perfectly match the target contexts of the score for
synthesis, as suggested in [Boh+91]. But having such an extensive coverage
of the contexts is absolutely unrealistic, especially regarding the small size of
our corpus. As previously evoked, a solution employed in some systems like
[UBB13a] is to define a cost function to compute a distance between the target
contexts and the original contexts from the corpus and choose the parameters
associated with the closest contexts. But this approach enables to use only a
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restricted set of contextual factors, and requires to make some hypothesis on
their relative importance, independently of the singing style to be modeled. An
alternative approach to circumvent these limitations is to use decision trees to
automatically cluster together groups of contexts for which singers use similar
expressive features, selecting first the most influential contextual factors among all
the possibilities.
This approach can’t be applied in the case of a unit selection-based system, as the
contours are not quantified, but is well-suited in our case as we rely on parametric
models for the f0 and loudness.

Decision tree-based context clustering is a supervised machine learning method
that may be used either for solving classification or non-linear regression problems.
In our case, the problem to be solved is a regression problem. The goal is to create
a model that predicts the numerical values of the parameters by learning simple de-
cision rules inferred from the data (as a set of "if-then-else" conditions giving rise
to binary choices) based on the values of input contextual factors.
To construct a binary decision tree, we thus begin with a collection of data, which
in our case consists of either the phonemes’ durations, the f0 model’s parameters,
or the intensity model’s parameters extracted from our corpus, along with a set of
associated contextual factors, for a specific singing style. This collection of data
constitutes the root node of the tree, where all possible contexts are represented.
The tree is then built in a top-down iterative fashion, by sequentially splitting the
data at each node into two new smaller subsets, on the basis of binary questions
about the context. The question at each node of the tree is chosen automatically so
that the homogeneity of the parameter to be predicted (e.g. the consonant duration
or the vibrato amplitude) on both child nodes is maximized. A typical measure
of the homogeneity used for this purpose is the Mean Squared Error (MSE). Sev-
eral algorithms exist to automatically build such trees [Ode95; Boh+91; Qui93;
Bre+84]. In this work we used an optimized implementation of the CART algo-
rithm [Bre+84] from the sklearn python package5. More detailed explanations on
this algorithm are given in appendix B.
An example of decision tree is illustrated in figure 5.3 for a simple hypothetical
case where the vibrato amplitude is predicted based on a few musical contexts.

In order to avoid overfitting, a stopping criteria must be provided to the
algorithm to stop the tree growth at some point. A possible criteria is to terminate
splitting when the number of samples at a node falls below a given threshold, or
when a maximal allowable depth is reached. According to those criteria, the final
tree is obtained when none of the terminal nodes can be further split.

In case several correlated parameters are to be predicted, it is possible to
use "multi-variate", or "multi-target" regression trees [Bor+15], in which case
several parameters (e.g. all transitions’ parameters AL, dL, AR, and dR) are
clustered together simultaneously in a single tree. In such case, the only difference
in the algorithm to build the tree is that the variance on the child nodes must
be minimized for all parameters simultaneously (e.g. by computing the sum
of the MSE over each parameter to find the best split). In our approach, this
allows to keep the parameters of each f0 or loudness segment tied together as
parametrized templates. However, as the parameters to be predicted may be of
different natures, and thus have values of different orders (e.g: Hz, cents, seconds,

5http://scikit-learn.org/stable/modules/tree.html

http://scikit-learn.org/stable/modules/tree.html
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FIGURE 5.3: Illustration of a decision tree for a single parameter
(vibrato amplitude)

...), it is useful to normalize them so that they lie in the same range and thus
all have a similar impact on the choice of the best split. A possibility for this
is to rescale the distribution of each parameter to have zero-mean and unit-variance.

A particular advantage of using decision trees is that they are "white box mod-
els", easy to understand and to interpret, as they can be visualized as a simple
graph, contrarily to "black box models" such as neural networks. They can also
handle both categorical and numerical data, which is advantageous, regarding the
different natures of the contextual factors used, as will be detailed below. How-
ever, one should be aware of some possible drawbacks when using decision trees.
A first possible problem is overfitting, which can be limited by setting appropriate
stopping criteria. Note that there is however no absolute rule for choosing the best
stopping criteria, which may especially depend on the quantity and consistency of
the data available. Because the splitting process of the algorithm is only locally
optimal, it also does not guarantee to return the globally optimal decision tree, and
some small variations in the data may thus induce non-negligible changes in the
structure of the tree in some cases. Finally, the trees might be biased if some par-
ticular contexts are more represented than others. It is thus important to have a
well-balanced coverage of the contextual factors in the training dataset. In the next
section, we discuss the various contextual factors that may be used for our purpose
to build appropriate decision trees.

5.4.3 Contextual factors

A contextual factor can be defined as a variable partly representing the situation in
which a certain sample of the features to be modeled (e.g. a parametric transition’s
template, or the duration of a specific consonant extracted from our corpus)
has been observed. Examples of contextual factors are for instance the pitch or
duration of a note, its position in a musical phrase, or the number of syllables in a
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pronounced word. We denote in this work by the more generic term of "context"
any combination of various contextual factors associated to a particular sample.

For statistical-based speech synthesis, rich sets of contexts have been defined
in the literature, essentially related to the syntactic information, such as described
in [SG11] or [Obi11]. However, singing being based on a musical score, different
contextual factors must be considered. In [Our+10], many contextual factors have
also been defined for singing, at different levels (song, phrase, note, japanese mora,
and phoneme), for HMM-based synthesis. However, as previously evoked, other
studies focusing more on expression control and singing style [STK10; Nos+15;
UBB13a] tend to use more restricted sets of contextual factors, limited to the note
or bar levels, and don’t always consider the phonetic aspect. It seems important to
us, though, to take into account a wider variety of contextual informations, such
as the temporal or melodic position of a note in a whole musical phrase, or the
phonemes pronounced, which may have influence on the interpretative choices of
the singers. From the analysis of our corpus, we can for instance notice that Edith
Piaf uses rather consistently a particularly present vibrato on the last note of musical
phrases. In [IIO14b], the temporal position of a note in the musical phrase has been
considered, but other contextual factors are missing. It was also shown in [LDL12]
that the influence of the lyrics’ phonetic on the f0 is of importance and should
thus be considered. Based on those previous studies and the experience of our
musicologist collaborator Céline Chabot-Canet, we defined an extended list of all
the potential contextual factors, at different levels, that may have to be considered
in the context of singing style modeling, summarized in figure 5.4.

As shown in this figure, many different contextual factors may be considered.
All of them may not be important for all styles or singers, but it is not always
obvious to know which are really important and which are not. However, using
the CART algorithm, using additional contextual factors of less importance is not
a problem and won’t degrade the results, as only the most influential ones will be
selected by the algorithm when building the tree.
Those contextual factors relate to various aspects (rhythm, melody, syntactic
and semantic features, ...) and structural levels of a song, encompassing the
macro-structure of the song, the musical phrase, as well as very local levels like the
note, the syllable or the phoneme. They are also of different natures, some of them
being boolean, and other being continuous numerical values. However, note that
using both discrete and continuous types of contextual factors is not a problem for
the CART algorithm, as previously explained. Note that some contextual factors
may sometimes be missing (e.g. the pitch of the next note, when the current note
is the last of a musical phrase and thus followed by a silence). In such case, their
value is simply set to -1 and treated as usual by the algorithm.

However, one should be aware that singing is not a fully deterministic process,
and the expressive gestures of singers may be subject to some part of randomness
or result from personal choices that might not always be predicted from those con-
textual informations.
Moreover, all contexts listed here are considered as potentially useful for some
singing styles, but not all of them could be exploited in our work. This is the
case for the macro-structure of the song, as we don’t have enough songs in our
corpus to properly cover those contexts. Although potentially important, the se-
mantic informations could also not be exploited, because it would require to map
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FIGURE 5.4: Structured list of all identified potential contex-
tual factors (based on work from the musicologist Céline Chabot-

Canet)
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each phonemes in the input lyrics of the synthesis and in our corpus to the syllables
and words to which they belong, in order to know those informations, which is not
possible in the current state of our system and from the current annotations of our
corpus. Similarly, the bars have not been annotated in our corpus, and the positions
of the notes in the bar are thus unknown.
Regarding the other contextual factors, we define in this work a musical phrase by
the set of notes comprised between 2 silences (although this definition is not always
ideal, as small silences may sometimes be inserted inside of a musical phrase). The
caducity of a syllable ("caducous syllable" in the figure) is a concept present in the
French language, corresponding to a syllable at the end of a word finishing with a
"silent" /@/ that is usually not pronounced in fluent speech, but that is pronounced
in singing to support a note at the end of a musical phrase.

5.5 Estimation of parameters on the corpus

Once the corpus has been annotated, and previous to build styles models, it is nec-
essary to extract from the corpus the f0 and intensity parameters that will be used
to build those styles models. For this purpose, our aim is to approximate as best
as possible the real curves with the parametric models presented in the previous
chapter.

5.5.1 fo model parameters

5.5.1.1 Pre-processing of the f0 curve

Before extracting the f0 model’s parameter, a pre-processing step is applied on the
f0 analysis of the songs. Despite the manual correction of the curves, some spurious
values may remain, which are discarded by setting a threshold on the confidence
score returned by the f0 estimation algorithm. Then, in order to limit the influence
of the micro-prosodic variations on the estimation of parameters, the f0 curve is
linearly interpolated across each voiced consonants (except semi-vowels), based on
the phonetic annotation, similarly to [STK10]. Finally each voiced segment of the
curve is low-passed filtered using a hanning window, with -6dB bandwidth of 20Hz.
Figure 5.5 shows an example comparing the curve before and after pre-processing.
Then, all unvoiced consonants are also interpolated to obtain a continuous curve.

5.5.1.2 f0 curve segmentation

As our f0 model consists of a succession of segments with their own set of
parameters, it is first necessary to segment the f0 curve appropriately into the
elementary units of the model (attacks, sustains, transitions, releases, and silences).
In order to alleviate the need for manual work, this is done in a semi-automatic
procedure, with manual correction. Such a semi-automatic procedure is also used
in [Umb15] to delimit the transitions and sustains segments used by the proposed
units selection and HMM-based systems, as well as a manual annotation for the
first and last cycles of vibrato sections. In [MBL06], for the purpose of automatic
evaluation of singing performances, the f0 curve is also automatically segmented
into attacks, sustains, transitions, releases and vibratos, using an algorithm based
on untrained HMMs with probabilistic models built out of a set of heuristic rules.
We present here the approach used to generate the first automatic pass of the curve
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FIGURE 5.5: Comparison of an f0 curve before and after pre-
processing

segmentation, also based on heuristic rules.

Transitions’ centers:
In our case, contrary to [Umb15] and [MBL06], we already have a notes segmenta-
tion in our corpus annotations. Then the first step in this automatic f0 segmentation
procedure is to find the center of transitions segments around notes’ onset times.
For each transition, this center position is searched on a segment spanning from the
half of the left note to the half of the right note. In ideal cases, the transition’s cen-
ter should be simply positioned at the time of the maximum of the f0 1st derivative.
However, the f0 contours are not always as ideal and this unique condition is often
not sufficient. For instance, important f0 fluctuations due to vibrato may interfere in
the choice of the right position, or some long transitions may have more complex
profiles with several peaks in the derivative. To limit its influence, the vibrato is first
reduced using a FIR low-pass filter (using a hanning window as filter’s coefficients,
whose length is equal to the supposed maximum vibrato cycle). Then, for a more
robust detection, the transition’s center tc is assumed to lie at the maximum of a
probability function, obtained by the multiplication of 4 weighting curves defined
on the given f0 segment around the note’s onset:

tc = argmax
t

(w(t)) = argmax
t

(w1(t) · w2(t) · w3(t) · w4(t)) (5.1)

The first weighting curve w1(t) is defined as the f0 1st derivative (multiplied by
−1 for downward transitions, so that the negative minima of the derivative become
positive maxima), normalized by its maximum value.
The 2nd weighting curve w2(t) is equal to the concatenation of 2 half-hanning win-
dows of the lenght of half the left and right notes respectively, which is used to
favour positions closer to the note’s onset.
Around the center of a transition, the absolute value of the 2nd derivative is ex-
pected to be rather low. The 3rd weighting curve w3(t) is thus defined by w3(t) =
1−|f0′′(t)|, where f0′′(t) is the 2nd derivative of the f0, normalized by its maximum.
The last weighting curve w4(t) is used to favour positions around which the pitch
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FIGURE 5.6: Examples of estimation of the transition’s center for
f0 curve segmentation

change is as close as possible to the theoretical interval given by the midi annota-
tion. For this purpose, a set of candidate positions is first extracted based on the
local extrema of the 1st derivative (maxima for upward and same-note transitions,
or minima for downward transitions). Then, for each candidate position, a value
δi = 1

|∆pi−∆̂pi | is computed, where ∆pi is the expected pitch difference (based

on the midi annotation), and ∆̂pi is the actual pitch difference measured on the
curve based on the closest f0 extrema around the ith candidate position. With this
measure, the smaller the difference between the measured and expected interval,
the bigger δi. Finally, w4(t) is obtained as a linear interpolation of the values δi
between the candidates positions, and normalized by its maximum.
Note that the 4 weighting curves have been normalized to a maximum value of 1 to
be of equal importance.
Figure 5.6 shows 2 examples of transitions with the original and smoothed f0
curves, the 4 weighting curves, the final probability curve w(t), and the chosen
positions for the transition’s center.

Transitions’ boundaries:
Once the transitions’ centers have been properly detected as described above, the
transitions boundaries around those positions are found. The limits of a transition
are assumed to be characterized either by a rather flat f0 curve beyond the boundary
(possibly before/after a preparation/overshoot), or by the start of a vibrato cycle
(possibly directly chained with the preparation/overshoot).
Thus, for each transition, a segment is first defined, spanning 75% of both left and
right notes, to limit the search of the boundaries. Then, on each side of the pre-
viously found transition’s center, the flatness of the f0 curve is verified. For this
purpose, the f0 is scanned in each direction, from the transition’s center, and if the
1st and 2nd derivatives of the f0 are both below a certain threshold for a minimum
amount of time, the f0 curve is assumed to be flat enough and the position at the
beginning of the flat zone is memorized. The thresholds have been empirically set
to 300 cents/s for the 1st derivative and to 100 for the 2nd derivative. The minimum
time has been set to 0.05s.
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FIGURE 5.7: Example of transition’s boundaries found with the
automatic procedure

Then, the positions of the prominent peaks of the absolute value of the 1st deriva-
tive are found, which correspond to an f0 variation in the opposite direction of the
transition (as it should be the case at the beginning/end of a preparation/overshoot).
The prominence of a peak is defined by the fact that the peak is surrounded by
2 minima and for which the difference between the peak value and both minima
is superior to 10cents/s. Finally, for each side of the transition, if a flat zone has
been detected, and there is not more than 1 prominent peak between the transition’s
center and the flat zone, the transition’s boundary is set at the start of this zone.
Otherwise, the last prominent peak on the left side, or first one for the right side, is
retained as the boundary.
If the transition’s boundaries don’t encompass all consonants of the right syllable,
they are corrected afterwards so that all consonants are contained in the transition.
Once the boundaries have been found for all transitions, in case 2 transitions over-
lap, they are adjusted to the middle position of the 2 boundaries.
Figure 5.7 shows an example of transition’s boundaries found with this technique.
On the left, there is no flat zone because the transition is directly chained with a
vibrato, and the boundary is thus set just before the preparation. On the right part
of the figure, a flat zone is detected and the boundary is thus set just after the over-
shoot, at the beginning of the flat zone.

Attacks’ boundaries:
For notes following a silence, the note starts with an attack segment. However, the
attacks may possibly start on voiced consonants, before the onset of the vowel,
but not necessarily at the start of the voiced consonant, as the consonants may
be sustained at a lower pitch than the target pitch of the attacked note before the
vowel’s onset. The start of the attack is thus set at the position of the minimum f0
value between the end of the silence and the vowel’s onset (given by the phonetic
annotation).
Similarly to the transitions, we then check for a flat zone at the right of the attack’s
start. If such a flat zone exists, then the end of the attack segment is set at the start
of this zone. Otherwise, the end of the attack is set to the first time position where
the derivative becomes negative or where the frequency goes above the median
frequency of the note. (Note that the attacks may thus be as short as 1 sample if
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FIGURE 5.8: Example of automatic f0 curve segmentation

the conditions are met.)

Releases’ boundaries:
For release segments, before each silence, the same procedure than for attack
segments is followed, in the opposite direction.

Sustains and silences:
Finally, sustain segments are placed between the transitions, attacks, and releases,
and silence segments between each pair of release and attack.

Figure 5.8 shows an example of segmentation obtained with the procedure de-
scribed, along with the f0 curve and the midi notes, for an extract of "Les feuilles
mortes" by François Le Roux. From this automatic segmentation, a marker file is
generated and can be manually corrected (e.g. using audiosculpt), in order to obtain
the most appropriate results for the parameters estimation.

Once this segmentation is established, the parameters of each segment, previ-
ously illustrated in figure 4.8, can be estimated as will be now explained in the
following section.

5.5.1.3 Estimation of segments’ parameters

Sustains segments:
For sustains segments, the vibrato is first removed by interpolating between the
local extrema of the f0 derivative (between each half vibrato cycle) to obtain a
smooth curve crossing the vibrato cycles, and further low-pass filtering the result
using a FIR filter whose coefficients are made of a hanning window with a size of
twice the maximum vibrato cycle, similarly to [RM11]. An example is shown in
figure 5.9. Then, this curve is subtracted from the original one to obtain only the
frequency modulation related to the vibrato, centered around 0 (as shown in figure
5.11), and the extrema of this new curve are found. In case several succeeding
extrema with the same sign are found, only the one with the biggest absolute value
is kept (black dots in figure 5.10).

In case the duration of the sustain segment is shorter than the minimal possible
duration of a vibrato cycle, or if the biggest absolute value of the extrema
corresponds to an amplitude inferior to a minimum threshold of 10 cents, it is
assumed that there is no vibrato. Otherwise, the vibrato periods are computed
according to the distance between the extrema, and a local vibrato frequency is
obtained for each half-cycle of vibrato. For long notes, this is done using only the
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FIGURE 5.9: Example of vibrato removal on a sustain segment

central part (2/3 of the extrema), where the vibrato is assumed to be the most sta-
ble. Finally, the median of those values is chosen as the final vibrato frequency fvib.

Then, a continuous vibrato amplitude envelope is obtained by linearly interpo-
lating the extrema values, to which the previously-described piecewise-linear ASR
amplitude profile (including a possible offset time before the start of the vibrato)
is fitted, using a grid-search procedure. An appropriate grid is defined in order to
reduce the search space and thus reduce the computation time on long notes. For
the vibrato amplitude Avib, a step size of 10 cents is used between the smallest
and the biggest absolute values at extrema positions. For the offset time To, a step
size equal to half a vibrato cycle is used, from 0 up to the position of the first ex-
trema above 20 cents. For the attack time Ta, the maximum value is set to the
position of the maximal amplitude (biggest extrema), and a step size of 25ms is
used. Similarly, for the release time Tr a step size of 25ms is used between the
biggest extrema and the end of the sustain segment. Then, the parameters are es-
timated using a brute-force approach on this grid, with the Mean Squared Error as
error function (computed between the generated ASR envelope and the real one).
In case To + Ta + Tr > dseg, where dseg is the duration of the sustain segment,
the error value is set to infinity. Figure 5.10 shows an example of such an ASR
amplitude curve fitted on a vibrato.

Transitions segments:
For the transition segments, the durations of the left and right parts dL and dR are
computed according to the segment’s boundary and transition’s center position.
The amplitudes of the preparation and overshoot AL and AR are computed as the
distance, in cents, between the extrema frequency fmin (respectively fmax), on
each side of the transition, and the frequency f1 (respectively f2) at the segment’s
boundary, as already explained in section 4.4.2.1: AL = 1200 · log2(fminf1

) et

AR = 1200 · log2(fmaxf2
).

Attacks and releases segments:
For attacks and releases, D is computed as the distance, in cents, between the
minimum value fmin, and the final (respectively initial) value fend (resp. fstart) of
the f0 segment: D = 1200 · log2(fminfend

). The length L is obtained directly from the



138 Chapter 5. Modeling singing styles: towards a more expressive synthesis

Avib

T0 Ta Tr

FIGURE 5.10: Vibrato parameters estimation. The vibrato is cen-
tered around 0. Then extrema are found for each half cycle. Fi-
nally, a continuous amplitude envelope is obtained by linearly in-

terpolating the extrema, to which the ASR envelope is fit.

segment’s boundaries.

Once the parameters have been estimated for each segment, the f0 curve can
be reconstructed from the model using those parameters. Figure 5.11 compares
an extract of a real f0 curve with the synthetic curve generated from the estimated
parameters, for the same extract as figure 5.8. As one can see on the figure, the
reproduction is not perfect, but the synthesized curve is rather close to the original
one, and most of the expressive features have been captured (vibrato amplitudes and
frequencies, attack’s depth, transitions’ shapes, ...). When synthesized using pure
sinusoids, very few differences can be heard between those 2 curves. Example of
such resynthesis of the original and synthetic f0 curves are given respectively in
sound 5.4 and sound 5.5. (Note that the frequency has been set to 0 on the figure
for unvoiced parts.)

5.5.2 Intensity model parameters

As explained in section 4.5, the intensity is parametrized using a piece-wise linear
ASR envelope for each note, that is to be fitted on the real loudness curve only
on the vowels segments. For this purpose, the loudness curve is first smoothed
using a low-pass filter. There is however no absolute reference to compare the
loudness curves between the recordings (which depend on the gains used), and we
are thus only interested in the relative variations. For this reason, each curve is
first normalized by its maximum value over the whole song. Then, the intensity
model being similar to that used for the vibrato amplitude envelope, the same
grid-search procedure is used to optimize the parameters, using the MSE between
the generated amplitude envelope and the real contour as error function. The step
δt used for the attack and the release time is δt = max(0.05, d10) where d is the
duration of the vowel. For the global amplitude of the segment, a step of 0.05
between the minimum and maximum values is used. For the attack’s and release’s
depths, parametrized as a ratio of the global amplitude, the step used is 0.05, with

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.4.edithPiaf-les_feuilles_mortes-f0Orig-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.5.edithPiaf-les_feuilles_mortes-f0Model-resynthSin.wav
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FIGURE 5.11: Example of f0 synthesized from the estimated pa-
rameters against the real f0 curve

time (s)

no
rm

al
iz

ed
 lo

ud
ne

ss

FIGURE 5.12: Example of estimated loudness profile for 1 note,
fitting an ASR envelope on the real curve

a minimum of 0 and a maximum detphmax = 1 − lmin
lmax

, where lmin and lmax are
the minimum and maximum values of the loudness segment. An example of an
ASR envelope fitted on a real loudness segment (from a single note) is shown in
figure 5.12.
Figure 5.13 show this estimation on a longer extract. The vertical lines represent

the limits of vowels and loudness has been set to 0 on consonants for clarity.
As one can see, the proposed approach gives a reasonable approximation of the
measured loudness contours. Note that for the 8th note, the contour may be better
fitted by using an offset time before the start of the crescendo, but this has not been
included for simplicity, assuming that this case is quite rare and that the perceived
difference is not too important.
Besides the loudness profile of each individual note, the mean loudness over each

musical phrase (between 2 silences) is also extracted, as well as the ratio between
the maximum loudness of each note and that of the previous one, which are
required for the prediction of the loudness curve at synthesis, as will be explained
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FIGURE 5.13: Loudness model fitted on each note of a song ex-
tract

in section 5.6.3.

Along with those parameters, we also extract the corresponding contextual fac-
tors to constitute our styles databases, as illustrated in figure 5.2 for f0 transitions.
From these data, we can then build decision trees to constitute the style models.

5.5.3 Comparison of parameters between styles

Based on those parameters estimations, one can observe and compare the distribu-
tions obtained for each style. Due to the high number of parameters and the many
contextual factor that may influence their values, a detailed analysis of the esti-
mated parameters would be very complex and fastidious. Nevertheless, we wish to
give here some insight on the differences between the styles, based on a few global
observations that tend to correlate with the general description of the styles given
in section 5.3.2. Figure 5.14 shows the distributions of the vibrato amplitudes on
all the notes longer than 0.5s for the 4 styles of our corpus. The main observation is
that François Le Roux tends to use a much wider vibrato than other singers, mostly
around 100cents, and up to 200, although the amplitude seems to vary a lot. Distel
and Greco are the ones with the smaller vibrato amplitudes with the bigger peak
under 50cents.

Figure 5.15 shows the distributions of the attacks’ depths for notes longer than
0.25 seconds. It is clear from this figure that François Le Roux uses much smaller
attacks than other singers.
Figure 5.16 shows the distribution of the preparations’ amplitudes in upward tran-

sitions when both the left and right notes are longer than 0.25s.
Figure 5.17 shows the distributions of the duration, in seconds, of the phoneme

/R/ for the 4 styles on notes longer than 0.5s. As one can see, Edith Piaf and Juli-
ette Greco tend to use longer /R/ than the others. Note that in this plot, the note’s
duration is long enough (0.5s) so that the phoneme’s duration is not constrained by
the note’s duration.
Figure 5.18 shows the distribution of the attacks’ depths of the intensity model for

notes longer than 1s.

Although we only plotted here the values of a few parameters in certain
contexts, this already shows some differences between the styles that have been
captured by the proposed parametrization and that should thus be reflected in the
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FIGURE 5.14: Distributions of the vibrato amplitudes (in cents)
for the 4 singers of our corpus
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FIGURE 5.15: Distribution of attacks’ depths (in cents) for the 4
singers of our corpus

synthesis when modeling those different styles.

We now detail in the following sections the contextual factors and specific pro-
cedures that have been used for generating style-dependant models to be used dur-
ing the synthesis for each parameter.

5.6 Styles models and parameters generation

5.6.1 Phonemes durations

As said in section 4.3.2, consonants’ durations vary in a non-linear way with tempo
and context and may be used by singers as an expressive mean to purposely accen-
tuate certain notes. However, it seems that this aspect has not been much considered
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FIGURE 5.16: Distribution of the preparations’ amplitudes in up-
ward transitions (in case the left and right notes are longer than

0.25s)
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FIGURE 5.17: Distributions of the duration of the consonant /R/
(in seconds)

in previous works on singing style modeling. We thus propose here to include this
aspect in our styles models.
For this purpose, the durations are directly extracted from the phonetic segmenta-
tions of the corpus. As some phonemes may not be encountered in a wide variety
of contexts due to the small size of our corpus, phonemes are grouped into pho-
netic classes with other phonemes having similar articulatory characteristics (and
thus hopefully similar durations) for a better coverage of contexts. Then during
the learning stage, a decision tree is built for each phonetic class. The phonetic
classes that we have used are (with the corresponding phonemes in SAMPA no-
tation): voiced fricatives (/v/,/z/,/Z/); unvoiced fricatives (/f/,/s/,/S/); voiced plo-
sives (/b/,/d/,/g/); unvoiced plosives (/p/,/t/,/k/); nasals (/m/,/n/, /N/); semi-vowels
(/w/,/j/,/H/); /R/; and /l/. The phoneme’s identity then becomes itself a contextual
factor used in the tree building for each of those classes.
The contextual factors used for the tree building mainly encompass:
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FIGURE 5.18: Distribution of attack’s depth αa of intensity
model for notes longer than 1s.

– the class and identities of previous, current and next phonemes;

– the number of successive consonants, and position of the current one;

– the duration of the previous consonant if any;

– the pitch and durations of the previous, current and next notes;

– the durations and pitch differences with the previous and next notes;

– the temporal positions of the current note in the musical phrase (first, penul-
timate, or last note);

– the melodic positions of the previous, current and next notes in the musical
sentence (ascending or descending scale, melodic peak or valley, highest or
lowest note in sentence);

– the caducity of the current or next note;

The full detailed list of the contextual factors used is detailed in annexe, in appendix
in section C.1. Note however that they are not all present in the final trees, depend-
ing on the output of the CART algorithm. As the tempo varies between songs, it
seems more reliable for the contextual factors related to notes durations to use only
the absolute durations in s, rather than symbolic durations relative to the tempo.
The stopping criteria used for building those trees is to have at least 5% of all sam-
ples on each leaf, with a minimum of 5. Figure 5.19 shows an example of a tree for
the phoneme /R/ of the Greco style model. for each node, the question asked, the
MSE, the number of samples and the mean phonemes duration (in s) on the node
are given. The color varies according to the range of the predicted value (the bigger
the darker). As one can see, for longer notes (on the right side of the tree), the
phoneme’s duration tends to be much higher than for the shorter notes (on the left
side of the tree). But although the note’s duration seems to be the most important
factor (as could be expected), many other contextual factors are also used.

During the synthesis stage, consonants durations being used as contextual fac-
tors for the f0 modeling, they need to be fixed first. For each consonant in the input
phonetized text, the procedure previously explained in section 5.4.1 is used, reading
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currentNoteLenSec <= 0.5625
mse = 0.0023
samples = 96

value = 0.0964

currentNoteLenSec <= 0.2729
mse = 0.0012
samples = 82

value = 0.0856

True

nextNoteLenSec <= 0.3646
mse = 0.0042
samples = 14

value = 0.1601

False

noteNbCons <= 2.5
mse = 0.0004
samples = 33

value = 0.0662

nextNotePitch <= 51.5
mse = 0.0013
samples = 49

value = 0.0986

currentNoteLenSec <= 0.1563
mse = 0.0003
samples = 28

value = 0.0699

mse = 0.0002
samples = 5

value = 0.0452

mse = 0.0
samples = 5

value = 0.0542

nextNotePitchLower <= 0.5
mse = 0.0003
samples = 23

value = 0.0733

nextNotePitch <= 61.0
mse = 0.0003
samples = 15

value = 0.0685

mse = 0.0003
samples = 8

value = 0.0823

mse = 0.0002
samples = 9

value = 0.0615

mse = 0.0002
samples = 6

value = 0.079

mse = 0.0016
samples = 5

value = 0.139

nextNoteIsMelodicValley <= 0.5
mse = 0.001
samples = 44
value = 0.094

nextNoteDiffLenSec <= 0.2464
mse = 0.0009
samples = 36

value = 0.1006

mse = 0.0004
samples = 8

value = 0.0646

prevNotePitch <= 24.5
mse = 0.0008
samples = 31

value = 0.0953

mse = 0.0006
samples = 5

value = 0.1335

mse = 0.0001
samples = 5

value = 0.0688

currentNotePitch <= 61.0
mse = 0.0007
samples = 26

value = 0.1004

nextNotePitch <= 57.5
mse = 0.0005
samples = 19

value = 0.1062

mse = 0.0011
samples = 7

value = 0.0846

nextNoteLenSec <= 0.2896
mse = 0.0003
samples = 10

value = 0.0963

mse = 0.0005
samples = 9

value = 0.1172

mse = 0.0004
samples = 5

value = 0.1003

mse = 0.0002
samples = 5

value = 0.0922

mse = 0.0017
samples = 6

value = 0.1036

mse = 0.0019
samples = 8

value = 0.2024

FIGURE 5.19: Example of a decision tree built for the phoneme
/R/ of the Greco style model



5.6. Styles models and parameters generation 145

the values that correspond to the target context from the tree of the corresponding
phonetic class.

5.6.2 f0

At synthesis stage, once the consonants’ durations have been fixed, the sequence
of segments of the f0 model is first determined according to the notes in the score,
as explained in the previous chapter, section 4.4.2.3. Then, for each segment, the
same procedure as for the phonemes’ durations is used to select a set of parameters
among the samples from the database that are associated to the target leaf of a de-
cision tree.
As already said, rather than a statistical modelization of those parameters, our ap-
proach is to select parametric templates, where the parameters for each template
are not considered independently, but tied together. For this purpose, we thus used
multi-output decision trees [Bor+15]. Such a tree is built for each type of segment
of the model. However, we differentiate transitions according to the pitch interval
direction (ascending, descending, or same-note), similarly to [Umb15], to avoid for
instance to select a downward transition in place of an upward transition at synthe-
sis. But as our corpus is made of real singing with lyrics, contrarily to [Umb15]
which used recordings with only vowels, only the voiced transitions extracted from
the corpus are used. A total of 6 decision trees are thus built for the different seg-
ments of our f0 model: 1 for the sustains, 1 for the attacks, 1 for the releases, and
3 for the transitions. This distinction is rather similar to what is done in the 2nd

HMM-based approach proposed in [Umb15], where 6 different models are also
built for sustains, attacks, releases, and the 3 types of transitions.
For sustain segments, the estimated parameters are the amplitude, offset time, at-
tack time and release time of the vibrato. The vibrato frequency being assumed to
be not controllable and rather stable for each singer, it is not considered in the tree
building, and we use as vibrato frequency for each singer only the median value
over all the sustained notes that are longer than 0.2s and that carry a vibrato. This
avoids choosing undesirable and unexpected vibrato frequencies, which may other-
wise occur sometimes due to possible errors in the f0 analysis and vibrato frequency
estimation. Figure 5.20 shows the distributions of the vibrato frequency estimated
on the corpus for each of the 4 styles. For transitions, the estimated parameters are
the durations of the left and right parts, and the amplitudes of the preparation and
overshoot. For attacks and releases, the parameters are the depth and duration.

Model parameters having different ranges and dimensions (lengths in s and
amplitudes in cents), they are first normalized previous to building the tree so that
they all lie in the same range. The normalization is done by removing the mean
and dividing by the standard deviation for each parameter, so that the distribution
has zero-mean and unit-variance. Note that in a first publication on this approach
[ACR16b], the parameters were normalized by their maximum. However, this may
be more sensitive to the influence of possible outliers with high values, and using
the mean and variance thus seems better-suited.
Moreover, different weights can then be set on each parameter so that some param-
eters judged as perceptually more important have more impact on the tree building.
Table 5.2 summarizes the weights used for each parameter. We assume that using
such weights can help to build better trees by putting more emphasis on parameters
that seem perceptually more important. For vibrato, we assume that the most per-
ceptually important aspect is its amplitude, as a long attack or release time is not
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FIGURE 5.20: Distributions of the vibrato frequencies estimated
on the corpus

vibrato
upward

and downard
transitions

same-note
transitions attacks releases

Avib 3 dL 2 dL 1 D 2 D 2
T0 2 dR 2 dR 1 l 1 l 1
Ta 1 AL 1 AL 2
Tr 1 AR 1 AR 0

TABLE 5.2: Weights of f0 parameters used for building decision
trees

much probable for vibrato of small amplitudes. The offset time T0, by delaying the
vibrato, put more emphasis towards the end of the note, which is also an impor-
tant expressive effect to be considered. For upward and downward transitions, we
assume that the durations are more important for the prediction, as the preparation
and overshoot’s amplitudes are rather dependant on those durations (it is not very
likely for instance to have a very deep preparation if the transition’s duration is very
short). However, for same-note transitions, which are characterized by a possible f0
valley, the most important parameter is the preparation’s amplitude which creates
this valley. We assume that their is no overshoot for same-note transitions and thus
give it a weight of 0. Finally, for attacks and releases, the depth is perceptually
more important than the duration, as for instance a long attack with a very small
depth won’t do much difference compare to a flat sustain segment, but the attack
will be well perceived if the depth is important, whatever the duration.

The contexts used for building the trees are for the main part rather similar
to those used for modeling the phonemes durations, but with some differences
to take into account the specificities of each segment. As vibrato is only car-
ried by the vowels, the other phonemes are not considered in the contexts.
Transitions being at the junction of 2 notes, only 2 notes (left and right) are
considered in the contexts. The presence of certain voiced phonemes and their
duration is also considered, as we assume they may influence the duration of
the transition, as well as the preparation or overshoot’s amplitude. Attacks and
releases being respectively at the begining and end of a sentence, just after or
before a silence, only 1 note is considered in the contexts. The detailed list of con-
textual factors used for each type of segment is detailed in appendix, in section C.2.

The stopping criteria used for building those trees has been empirically set to
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a minimum of 1%, and more than 2 samples, on each leaf of the tree. Figure 5.21
shows the first levels of the decision tree built for upward transitions of the Greco
style. For each node, the question asked, the number of samples, the MSE and the
mean values of the normalized parameters are given. In this figure, the color varies
according to the purity of the node (the darker the purer).
Figures 5.22, 5.23 and 5.24 show respectively all the upward voice transitions from

our corpus for the Greco style, and the transitions contained in the nodes A and B
from figure 5.21. In the plot, the value 0 on the time axis corresponds to the center
of the transition, and all transitions have been normalized in frequency, between 0
and 1, by subtracting their minimum frequency and dividing by their ambitus. As
can be seen in those figures, there is a rather high disparity in the durations and
shapes when considering all the transitions together, but the decision tree managed
to cluster appropriately transitions with similar durations and shapes, based on the
provided contexts.

Once the parameters have been chosen for each segment, the specific additional
rules and corrections detailed in the previous chapter, sections 4.4.2.6 and 4.4.2.7,
are used in case of overlapping segments and for a correct placement of transitions
according to the phonemes’ timing. Some limits may also be used to constrain the
parameters to lie in a given range (e.g. to avoid too important overshoots), which
can be useful for discarding possible outliers due to errors in the annotation or in
the parameters’ extraction previous to the construction of the trees.

5.6.3 Intensity

For generating the intensity curve, the mean normalized loudness (between 0 and
1) must first be given for each musical phrase to be synthesized, a value of 1
corresponding to a maximum loudness level to be defined by the user. Ideally, this
value should be automatically inferred according to the high-level structure of the
song, but this would require much more data to be properly modeled. This aspect
is thus not considered in our system and this value is left to the choice of the user.

Then, knowing this mean loudness value, our aim is to generate a loudness
profile for each note in the musical phrase. Contrary to the f0 for which the pitch
is given in the score for each note, we assume here that the intensity of each note
is not given in the score and should thus be automatically generated. Moreover,
we assume that the intensity of a note should be included in the contextual factors
for generating the possible crescendo and decrescendo on each note (a note with
a high maximum intensity is more likely to carry a crescendo than a note with
a low intensity). We thus decompose the loudness curve generation in 2 steps.
First, a "static" loudness value (Imax according to the notations in figure 4.22) is
determined for each note, without considering the dynamic variations (crescendo,
decrescendo). Then, once this maximum loudness value Imax is set for each
note, the dynamic parameters (da, αa, dr, and αr, shown in figure 4.22) can be
generated. For this purpose, 2 decision trees are thus built: 1 for predicting the
static loudness value Imax, and 1 for predicting the other dynamic parameters in
the second step.

As already said, we are only interested here in predicting the relative loudness
values, as the absolute value depends on the gain of the recording and should thus
be set by the user to obtain a desired level. The difference of loudness between
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FIGURE 5.21: Example of decision tree for upward transitions of
the Greco style model. The transitions contained in nodes A and

B are plotted in figures 5.23 and 5.24 below.
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FIGURE 5.22: All upward voiced transitions for the Greco style
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FIGURE 5.23: Transitions contained in node A from figure 5.21



150 Chapter 5. Modeling singing styles: towards a more expressive synthesis

0.2 0.1 0.0 0.1 0.2
time (s)

0.0

0.2

0.4

0.6

0.8

1.0

FIGURE 5.24: Transitions contained in node B from figure 5.21

FIGURE 5.25: Example of loudness value Imax for each note of
a musical phrase, for a direct prediction of Imax

values 0.25 and 0.5 and between values 0.5 and 1 should thus be considered to be
equivalent when computing the mean square error used for building the tree, as in
both cases the ratio is 2. For this purpose, the tree is built using log2(Imax) as target
feature to be fitted instead of Imax.
Then, our initial approach was to directly use this tree to predict Imax according
to the context. But this first approach considers each note independently without
taking into account the note-to-note variations. The consequence is that in some
cases, the difference of loudness obtained from one note to the next could be too
important. Figure 5.25 shows as an example the predicted loudness values for all
the notes in one musical phrase using this first strategy. As one can see, there are
some rather abrupt changes on notes 5 and 14, which are about twice as loud as the
surrounding ones.

To avoid this, we tried to rather predict the evolution of the loudness over time
as the ratio of loudness from one note to the next, also extracted from the corpus.
By fixing the level on the first note (e.g. using the direct prediction of the first
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FIGURE 5.26: Example of loudness value Imax for each note
of a musical phrase, based on the prediction of the note-to-note

loudness ratio rImax

approach), the level of each note is then set according to that of the previous one
based on the predicted ratio, which should thus avoid too abrupt variations that are
not encountered in the corpus. In this case, we also use the log2 value of the ratio,
for the same reason as evoked above. But then, another problem may arise: in case
the predicted ratio is quite monotonous, the change of loudness can go in the same
direction for several consecutive notes, and this may rapidly lead to either very
high or very weak loudness values. Figure 5.26 shows a possible result with this
2nd strategy. As one can see, the loudness goes very rapidly down to a small value.

In order to limit the problems of those 2 strategies, it appears necessary to take
into account both the possible loudness values on each note (according to the mean
value of the sentence), and its note-to-note variations. Our final approach has thus
been to simultaneously predict both the loudness values Imax and the associated
loudness ratio with the preceding note rImax , and find the best compromise between
the two. For this purpose, a multi-target regression tree is thus built for fitting both
log2(Imax) and log2(rImax). The same normalization by the mean and variance as
for the f0 trees is also used here. Then for each note i in the sentence, both values
Iimax and riImax are predicted simultaneously from this tree. The contexts used to
build this tree are listed in appendix, section C.3. Finally, we try to find the best
compromise Î between the 2 sequences by minimizing the sum of 2 error functions,
as described in the following equations:

Î = argmin
I

N∑
i=1

(εI(I) + εR(I))2 (5.2)

with

εI(I) =

∣∣∣∣log2(
I

I0
)

∣∣∣∣ =
∣∣log2(I)− log2(I0)

∣∣ (5.3)

εR(I) =
∣∣log2(R(I))− log2(R0)

∣∣ (5.4)

where I = [Imax,0, ..., Imax,N ] is the predicted sequence of loudness values to be
optimized, R(I) = [r1, ..., rN ] is the sequence of loudness ratios to be optimized,
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FIGURE 5.27: Example of optimized loudness value Imax for
each note of a musical phrase, based on the described approach

with ri =
Imax,i
Imax,i−1

, and N is the number of notes in the musical phrase. I0 and R0

are the sequences of loudness and ratio values predicted from the decision tree.

The minimization of this error function is then obtained using a modified ver-
sion of the levenberg-marquardt [Mor78] algorithm implemented in the leastsq
function of the scipy.optimize python package67. The algorithm is initialized with
the mean of the 2 sequences generated by the 2 independent approaches described
above, based on the values obtained from the decision tree. An example of result
of this approach, for the same example as the previous figures, is shown in figure
5.27.

Another strategy may be to use the viterbi algorithm to choose the best path
among the possible values, using a cost function based on the ratios of loudness
with the surrounding notes so to better model the loudness variations over time.
But this possibility has not been tested yet.

Once the final sequence has been determined, a factor is applied on all values
Imax,i so that the mean loudness value over the whole musical phrase corresponds
to that given by the user.
Then, in a second step, the dynamic variations can be estimated. For this purpose,
a second multi-target decision tree is built for parameters da, αa, dr, and αr. The
contextual factors used are the same as for the 1st tree, to which are added the
loudness value Imax and the ratio of loudness with the previous note rImax . The
values are also normalized as for the other trees.

Finally the generated normalized loudness curve is rescaled according to a
given maximum value to have an appropriate absolute level. Figure 5.28 shows
an example of a curve generated for the beginning of "Les feuilles mortes" in the
Piaf style (note that only the vowels segments are shown here for clarity, but the
curve should be linearly interpolated in-between). Based on this target curve, the

6https://docs.scipy.org/doc/scipy/reference/generated/scipy.
optimize.leastsq.html

7http://www.netlib.org/minpack/lmdif.f

https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.leastsq.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.leastsq.html
http://www.netlib.org/minpack/lmdif.f
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FIGURE 5.28: Example of generated loudness curve. Only the
vowels segments, delimited by vertical bars, are shown for clarity

final loudness is applied on the synthesis using a time-varying gain computed to
match this target loudness, as will be explained in the next chapter, section 6.2.3.

5.7 Evaluation

The evaluation of singing style modeling is a difficult task. A first reason, as
already evoked, is that only a few of the many characteristics implied in the
perception of a singing style are modeled, and one might thus wonder to which
extent using only those features already allows to properly recognize a singing
style, and to which extent the style is already contained in the score itself or is
related to the singer’s own interpretation or to personal timbral characteristics
which are not modelled.
Another reason is that there is no really objective measure that would allow us to
quantitatively assess the proper modeling of a singing style, which should thus be
evaluated by means of subjective listening tests. A possible idea for an objective
evaluation may be to use a K-folds cross-validation, by generating the expressive
parameters for songs extracts not included in the learning data, and compare the
values of the generated parameters to the real ones from the recording. But in
case the values are different, this would not necessarily mean that the style is not
properly modeled, as singing is not a deterministic process and nothing ensures
that both interpretations might not be valid for this style.
In [STK10], the evaluation of the style’s perception was only assessed for 1 style
("deep bendy" children songs). But in order to assess how well the proposed
approach allows to capture and reproduce the characteristics of each style based on
the modeled features, a better test would be to synthesize a same song in several
styles and see if each style is well perceived and recognized among other ones in a
listening test. But, as said previously, it is difficult to find a score that is well suited
to be interpreted in different singing styles, as the score itself may already be
oriented towards a certain style. The synthesis database should also ideally be well
suited, in terms of timbre characteristics, for the different styles to be synthesized.
These 2 conditions are hard to fulfil if the styles to be compared are too different
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from one another. But on the other hand, the less different the styles, the harder it
becomes for the listener to differentiate them in the synthesis.
For those reasons, one may probably not expect listeners to differentiate the styles
modeled with a very high rate, based only on the prosodic features and using the
exact same score, lyrics, and synthesis database for all styles.
However, besides the modeling of the singing styles, another goal of this work was
also to improve the expressiveness of the synthesis, which may be easier to assess,
as there is no need to compare the different styles for this purpose.
In order to evaluate those 2 aspects (the recognition of the singing style modeled
and the improvement in expressivity with the addition of context-dependant
variations), several listening tests have been conducted, which we present in the
following sections. For this purpose, the proposed approach to style modeling has
first been integrated into our ISiS synthesis system, and a style model has been
built for each of the 4 styles in our corpus.

5.7.1 1st evaluation

5.7.1.1 Test design

For a first evaluation of the proposed approach, only the f0 and phonemes’
durations were modeled, and the style models were built from a single song from
the corpus (other than "les feuilles mortes") for each style. The details of this first
evaluation have been described in [ACR16b]. Note however that, although the
approach remains the same, some improvements described in this chapter have
been implemented after this publication (use of a different normalization, addition
of a few contextual factors, use of weights on target parameters, and use of a
distance function instead of a random selection on the leaves of the tree) and were
thus not included in this first evaluation.

The first goal of this work being the modelization of singing styles, a first
test aimed at measuring the recognition rate of the style modeled on synthesized
singing. For this purpose, the chorus of the song “Les feuilles mortes” has been
split into 4 parts (of around 15s each). For each part, the original interpretations
in 2 styles were first presented (the 2 male or 2 female styles). Then, a synthesis
produced using one of the 2 corresponding style models was presented, and the
user had to guess which style was used for the synthesis, among the 2 possibilities,
in an ABX testing procedure.

A second test was designed to assess the gain in expressivity when using the
proposed approach to predict parameter values from contexts, compared to the use
of a default configuration, where similar parameters are used for all contexts. The
same song extracts that for the first test were used. For the default configuration,
the parameters used for each f0 segment were the mean values computed from
the learning data of each style. For the vibrato, the sustain segments that don’t
carry any vibrato were not used to compute the mean parameters values. For the
phonemes durations, the default durations computed on the synthesis database, as
explained in the previous chapter, were used. Then, the listeners were asked to
compare those 2 configurations (default values without context and style model
with context), presented in random order, and rate their preferred interpretation on
a 0-3 scale, based on the perceived expressivity (also defined in the instructions as



5.7. Evaluation 155

"liveliness", or "musicality") of the synthesis, using a standard CMOS procedure,
similarly to the previous test presented in section 4.4.5.

The 2 tests have been conducted on 22 participants listening with either
headphones or earphones through a web interface (similar to that shown in figure
4.20). All synthesis were generated using the SVP engine, and the 2 female and
the 2 male styles of our corpus were used for both tests, using respectively the MS
and RT databases. However, for the 1st test on style recognition, the female styles
(Piaf and Greco) were not compared with the male styles (Distel and Le Roux),
as the voices and pitch ranges are too different. Only 2 pairs of styles were thus
assessed: LeRoux-Distel and Piaf-Greco. Furthermore, although the song is the
same, their are some non-negligible differences in the interpreted scores between
the 4 singers, which are also related to the style of each singer. Those differences
concern the tempo, some rhythmical deviations and notes insertions. In order to
compare the synthesis on a similar basis, and not influence listeners with stylistic
differences related to the symbolic domain, which are not modeled in this work,
we used for the 1st test an average score of the 2 singers for each pair. The sounds
used in this evaluation can be found on the web page at the url8, and the original
listening test with the full instructions can be found at url9 (note that in the web
page, the test described here as 2nd was actually presented 1st to the listeners).

5.7.1.2 Results and discussion

The results of the first test are shown in table 5.3. The overall mean recognition
rate is only 58.9% but gets up to 76.3% for the Piaf style, which suggests that the
f0 variations and/or phonemes’ durations are characteristic features for this singing
style, while those features may not be sufficient to differentiate well other styles.
The percentages of good answers for the presented A-B pairs of styles are also
given in the second row, and the p-value obtained for the Piaf-Greco pair indicates
a significant result in regard to the random hypothesis. This result shows that we
managed to capture some of the stylistic characteristics allowing to discriminate
those 2 styles, while only modeling the f0 and phonemes durations. We assume that
this is mainly due to differences in the vibrato and transitions parameters (vibrato
amplitude and frequency, transitions durations, and amplitude of preparations in
upward transitions), which appear to be rather salient features for the Piaf and
Greco styles. However, the results also suggest that those parameters alone are
not sufficient to recognize a style very well, and thus encouraged us to pursue
our research by including more features in our modelization, starting with the
loudness.
The different original interpretations of the song presented for this test had
important differences in rhythm and pitch range, which may also help to explain
the low rating obtained for the LeRoux-Distel pair, as it was difficult for the
listeners to focus only on the f0 and phonemes durations, despite the fact that
we used an average score for the synthesis to avoid favouring one style due to
similarities in the score itself.

8http://recherche.ircam.fr/anasyn/ardaillon/IS2016/listTest/
demo.php

9http://recherche.ircam.fr/anasyn/ardaillon/IS2016/listTest/

http://recherche.ircam.fr/anasyn/ardaillon/IS2016/listTest/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/IS2016/listTest/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/IS2016/listTest/


156 Chapter 5. Modeling singing styles: towards a more expressive synthesis

style all Le Roux Distel Piaf Greco

recognition rate 58.9% 52.3% 55.9% 76.3% 54%
54.2% 63.6%*

p-value 0.365 0.024*

TABLE 5.3: Singing style recognition rates for 1st test (*signifi-
cant results)
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FIGURE 5.29: CMOS scores for default settings (def) vs. style
models (mod) for the 2nd listening test of the 1st evaluation

Figure 5.29 shows the results of the second CMOS test on the assessment of
expressivity, with confidence intervals of 95%. Although not very strong, a pos-
itive tendency in favour of the proposed model is observed for the global result.
However, the results for each style differ a lot. Especially, the preference is quite
clear for the Distel and Piaf styles, while no significant difference is observed for
the Le Roux or Greco styles. A possible explanation for the fact that there is no
preference for the Le Roux style is that his style is quite smooth and homogeneous
such that the variations of the parameters with contexts remains limited and thus
don’t make a big difference with the use of default parameters. For the Greco
style, a possible explanation is that it often presents quite unusual and exagerated
downward inflexions (preparations) in transitions (such a shown in figure 5.23) that
are not so much present in other singers, such that listeners may sometimes have
preferred the default configuration in the synthesis for which those inflexions are
limited. We may also expect the results to get better using longer test sounds, as the
repetition of the same parameters may become more obvious for the default con-
figuration. But longer sounds are harder to memorize to assess the differences, and
we thus chose to keep them relatively short. The contexts present in the song used
for each style may also not cover well all target contexts for the synthesis, and we
may expect that the results improve by using more songs from the corpus to build
the style models. However, the obtained results show that the proposed method
can already, in some cases, improve the expressivity of the synthesis, compared to
using a default configuration without additional input from the user. Considering
that each singing style was built from a single song and that we only modeled the f0
and phonemes durations, many other stylistic aspects being left apart in this study,
the results obtained in these first tests are encouraging.

5.7.2 2nd evaluation

After integrating the various improvements described in this chapter and extending
our style corpus to 3 songs per style, a 2nd similar evaluation has been conducted,
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using the same styles and songs extracts. In this 2nd evaluation, all the songs from
the corpus have been used to build the style models, except the chorus from "Les
feuilles mortes", so that the extracts used in the test were not used in the learning
stage. Note that similarly to the 1st evaluation, only the f0 and phonemes’ durations
were modeled, the modeling of the intensity being judged not robust enough yet for
a proper evaluation.

5.7.2.1 Test design

This 2nd evaluation also consisted in 2 tests to assess both the perception of the
singing style and the expressivity in the synthesis.
The 1st test was however different from that of the 1st evaluation, using a CMOS
procedure instead of ABX. For this purpose, an extract of an original recording of
a target style was first presented. Then, for each extract, listeners were asked to
compare a pair of synthesis of the same extract, and rate them according to which
sound sounded the more similar to the target original recording, in terms of singing
style. 3 different possible configurations were used to generate the parameters for
the 2 synthesis in each pair: the use of the target style model corresponding to
the presented original recording (labelled "target" or with the target name below
the plots in figure 5.30); the use of default mean parameters from the target style
without contextual dependency, similarly to the 1st evaluation described above
(labelled "def"); and the use of the other non-target style model (labelled "other"
or with the name of the non-target singer. e.g: If the "target" style is Piaf, the
"other" style is thus Greco and vice-versa, and similarly for Le Roux and Distel).
As this time a single target style was presented for each pair, there was no need to
average the musical scores between different styles as was done in the previous
evaluation. The scores used for the synthesis were thus built from the annotations
of the corpus to match the notes in each target extract (in terms of midi notes and
durations). An advantage of using a CMOS test to evaluate singing styles is that it
allows to obtain a more graduated assessment than with the ABX procedure.

The 2nd test of this evaluation was similar to that of the 1st evaluation, aiming
at assessing the perceived difference in expressivity when using the style models
to predict the parameters from the contexts compared to the use of average default
parameters.

This evaluation was conducted on 46 participants listening either with head-
phones or earphones. All synthesis for this evaluation were generated using the
PaN engine with the MS and RT databases. In order to limit the duration of the
evaluation, only 15 and 10 randomly-selected pairs were assessed in each test (from
respectively 48 and 16 possible pairs) by each listener. The sounds used in this eval-
uation can be found on the web page at the url10, and the original listening test with
the full instructions can be found at url11.

5.7.2.2 Results and discussion

Figure 5.30 and 5.31 below show the results of those 2 tests. As a main result, one
can observe in figure 5.30 that the Piaf model is well recognized in the synthesis,

10http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/
demo.php

11http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/
index.php

http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/index.php
http://recherche.ircam.fr/anasyn/ardaillon/singingStyles2017/index.php
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as it is clearly perceived as closer to the target Piaf style than the synthesis using
the Greco style and the default setting. The default setting is also rated as closer to
the target Piaf style than the Greco model. For the target Greco style, the Greco
model has also been better rated than the Piaf model, but no significant difference
has been found with the default configuration. Those results are coherent with our
1st evaluation and confirm that we managed to model some of the stylistic features
of the Piaf and Greco styles, although the use of contexts don’t seem to make much
difference for the Greco style. Unfortunately, no improvement can be observed for
the Le Roux and Distel styles.
An hypothesis to explain this apparent limitations for the Distel and Le Roux styles
is that the intensity variations are of particular importance in the characterization
of those 2 styles, but has not been modeled in this test. Moreover, besides the fact
that the intensity variations are not modeled, one may assume that this also have
implications on the perception of the f0 variations. It seems indeed that fluctuations
like attacks or vibrato are perceived differently depending on the intensity, such
that they may be properly modeled but not considered as such because of a higher
loudness level or a lack of intensity variations compared to the original recording.
Additionally, Some remaining artifacts in the synthesis may also sometimes impact
the proper perception of the f0 and durations parameters et degrade the results
(e.g. when important downward transpositions are required during attacks or
transitions).
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FIGURE 5.30: CMOS scores related to the perception of the tar-
get singing style in synthesis for the 1st listening test of the 2nd

evaluation. "target" stand for target style model, "def" stands
for default setting using averaged values from target model, and
"other" stands for the "non-target" style model (e.g. other is Greco

if target is Piaf)

Regarding the 2nd test, the results seem to have been well improved for the Piaf
style compared to the 1st evaluation, which suggests that the various improvements
and the use of a bigger corpus have been effective to model context-dependant
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variations for this style. However, no improvement are observed for the other
styles, especially for the Distel style for which the results have been surprisingly
degraded. A possible explanation is that in this test the scores were extracted from
the original recordings, and thus had a lower pitch and slower tempo for the Distel
style. Due to the resulting important durations of the sounds, it may thus have been
more difficult for listeners to evaluate the extracts in their globality, and they may
have focused more on localized artifacts. The use of a slower tempo might also
have highlighted more the lack of dynamic variations on long sustained notes.

Note that the results obtained in these evaluations (especially for the Distel
style) highlights the difficulty of conducting and interpreting such evaluations, as it
is difficult to assess whether the differences between the 2 evaluations come from
limitations of the proposed method or from some bias of the evaluation procedure
itself.

def mod def mod def mod def mod def mod

FIGURE 5.31: CMOS scores related to perceived expressivity for
default settings using average parameters of target style (labelled
"def") vs. style models (labelled "mod") for the 2nd listening test

of the 2nd evaluation

5.8 Summary and perspectives

In this chapter, we first discussed the notion of singing style and the many aspects
involved in its perception. We saw that this notion is hard to precisely define as it
is somewhat subjective and can be perceived at different levels, with a "generic
model" representing a broad stylistic category, and a "stylistic model" representing
the style of a specific artist inside those generic categories. From these consid-
erations, we decided to follow an "inductive" approach, from the example to the
generic model (similarly to [Cha13]), in order to have a maximum of consistency
in the various aspects of the styles to be modeled. Based on this approach, we
constituted a corpus with recordings of 4 famous French singers representative
of different stylistic categories. Among the many aspects involved (symbolic,
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prosodic, timbral, ...), we focused in this chapter on the prosodic aspect, encom-
passing the f0 and loudness fluctuations as well as phonemes’ durations. We then
proposed a new approach for automatically generating expressive interpretations
from a score and lyrics, and model singing styles, based on parametric templates
selection, that has been the subject of 2 publications [ACR16a; ACR16b]. In this
approach, the f0 and loudness parameters and phonemes durations are extracted
from annotated recordings, along with a rich description of contextual informa-
tions, and stored to form a stylistic database of parametric templates. In order
to take into account the potential variable importance of contextual factors in the
interpretative choices of singers of different styles, this database is then used to
build styles models using decision tree-based context clustering. At the synthesis
stage, appropriate parameters are then selected according to the target contexts
obtained from the score, by picking templates from the corresponding leaf of the
trees. The proposed approach has been finally evaluated in listening tests to assess
both the gain in expressivity compared to the use of default parameters without
manual tuning, and the ability of listeners to recognize the styles modeled in the
synthesis. The results of this evaluation showed that the proposed approach can,
in some cases, improve the expressivity of the synthesis, and that we managed to
capture some of the stylistic characteristics allowing to recognize certain singing
styles in the synthesis. However, those results remain limited and vary a lot
depending on the target style. In future works, a priority would be to improve the
modeling of the intensity, which seems of particular importance for the modeling
of the Distel and Le Roux styles.

The proposed approach aims at combining the advantages of the various
state-of-the-art approaches while avoiding some of their drawbacks.
Similarly to HMM-based approaches, the use of parametric representations with
decision tree-based contexts clustering allows to benefit from a rich contexts
description that can hardly be used in units selection-based approach which rely
on costs functions. But the use of specific templates of f0 or intensity segments,
extracted from recordings, without short-time statistical modelisation avoids the
oversmoothing problems of HMM-based approaches by using variations close
from the real original curves as in unit selection-based approaches.
As said previously, a particular advantage of our approach over HMM or unit
selection-based systems is also that the parametrization of the f0 and loudness
curves allows the user to intuitively refine the result obtained with the automatic
approach. In cases where the result of the automatic procedure is not found to be
optimal, it nevertheless already allows to alleviate the need of fastidious manual
tuning to obtain a satisfying result. With this approach, the final result is also not
constrained by the material from our corpus, as the parameters can be adjusted to
generate expressions that are not present in the corpus.
Finally, our models being parametric, one can also easily constrain the result based
on specific knowledge, as in rule-based approaches, which we do for instance
regarding the placement of f0 transitions according to the phonemes’ positions.
Note that the use of a parametric model to represent the expression contours
has been mentioned in [Umb15] as a perspective for improvements over the
proposed unit selection-based approach, which tends to confirm the relevance of
our approach (although we started working on our parametric approach before the
publication of this thesis).
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Furthermore, an advantage of using decision trees in our approach is that, con-
trary to other machine learning techniques like neural networks, they can be used
with fewer data and are easily readable and interpretable by a human. Beyond their
use for synthesis, the reading of the trees built from the data might thus also be
useful for musicological purposes, for instance to verify some hypothesis about the
importance of the various contextual factors in the interpretative choices of singers.
Using a large set of contexts, the most influential ones are automatically found,
regarding a specific expressive feature to be studied, and the sound extracts from
the corpus matching those contexts can be automatically retrieved, which can ease
the systematic and large-scale study of a musical corpus for musicologists. Fur-
thermore, using an analysis-by-synthesis approach, hypothesis can be formulated
from the observation of recordings, which can be verified using synthesis, and the
models can be further refined based on the results. This way, both fields of singing
voice synthesis and musicology can benefit to each other, in an incremental pro-
cess, as illustrated in figure 5.32.

Besides learning the style of an existing singer, an interesting perspective for
the proposed approach would be to create a new singing style from scratch, only
based on the inputs of the user, without using any recordings. For this purpose,
one might start with a default configuration. Then, while synthesizing some songs,
the user may manually adjust the parameters. Based on the user’s choices, the
system could then start building a new custom style model for this user, iteratively
updating the decision trees each time the user modifies some parameters. This
way, the system could then propose more and more appropriate parameters to
the user, based on his past choices (assuming the user is rather consistent in his
interpretative choices).

However, the main limit of our approach is that the shapes that may be
produced by our f0 and intensity models are limited by the restricted set of
parameters used. Although those models fit rather well the variations encountered
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FIGURE 5.33: f0 extract showing a downward transition carrying
vibrato in a recording of Edith Piaf

FIGURE 5.34: f0 extract showing a "broken" 2-steps transition
with a "knee" on the right part in Piaf

in recordings in most cases, each singer may use specific types of variations that
are never or rarely encountered in other singers and that the model may not be able
to fit well. This could be seen as some kind of oversmoothing, as for instance 2
transitions with different shapes but with similar characteristics (e.g. durations)
may be parametrized similarly for the model and thus reproduced with a single
shape. An example is the ending of some long notes followed by a note with a
lower pitch in Piaf, in which case the f0 curve sometimes falls down towards the
next note’s pitch while the vibrato is still present, as shown in figure 5.33. In our
model, vibrato is only present on sustains segments, while the fall of the f0 would
rather be seen as a downward transition. To represent such a case, we would thus
need to enable the vibrato to continue during the transition, which is currently not
possible in our model.
Another example in Piaf is some upward transitions presenting a knee followed by

a rather flat ascending slope on the right part, as shown in figure 5.34, which can
also not be accurately represented with the provided parameters in our f0 model.
Representing such cases with our approach would require to add new parameters

to allow a higher flexibility of the generated curve’s shape. But this would also
increase the complexity of the model, which would be more fastidious to use
for manually tuning the parameters, and would also make the automatic learning
of singing styles more difficult. Moreover, one may always expect to encounter
new specific cases when studying new singers which would require to adapt the
model. But this limitation only concerns a few specific and rather rare cases, and
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we assume that our model is able to reproduce most of the important features and
typical variations found in Western-European musical styles.
Another related limitation of our approach is that it is quite dependant on the
accuracy of the parameters estimation, and thus on the corpus annotation, and
especially the consistency of the f0 segmentation. In some particular cases, the
better segmentation strategy is not straightforward, like for instance in the case
represented in figure 5.34, where the flat ascending part may be either considered
as the end of the transition segment, or the beginning of the sustain segment.
In such case, the chosen segmentation would result in different parameters for
both segments. Due to possible parameters estimations errors, some outliers with
inappropriate parameters values may also be selected and sound unnatural in the
synthesis. Such outliers should thus ideally be discarded beforehand.

To circumvent such problems, an interesting perspective would be to somehow
combine our parametric approach with a unit selection approach, by parametrizing
real contours and learn the contextual dependencies using decision trees similarly
to our current approach, but using the real contours for synthesizing the final curve
instead of using our B-splines-based model. This way, the approach would keep
the advantages of using decision trees (adaptability and use of a rich contexts
description) rather than using a cost function, but would benefit from the precision
of the real contours.
In order for the user to keep some control and be able to modify the result, the
target parameters could also be modified intuitively like in our approach, and
the curve may then be modified to approximate those new target parameters by
directly streching or warping the original f0 curve. In order to avoid too important
transformations, another contour that better matches the new target parameters
could also be selected from the database to replace the original one before being
further transformed.

As said in section 5.4.3, some contextual factors have not currently been
exploited due to current limitations of our system and a lack of data or specific
annotations. Especially, semantic informations like the grammatical category of a
word or the position of a syllable in a word, as well as rhythmical informations like
the position of a note in a bar may be of particular importance, as some notes may
be particularly emphasized if they are at the beginning of an important word, or on
a downbeat. Thanks to the help of our musicologist collaborator, some semantic
annotations have now been added to the corpus, but have not been exploited yet.
In future works, those annotations may thus be exploited and hopefully further
improve the results of our approach.

In our approach, the phonemes durations, f0, and loudness are modeled rather
independently from each other. But in real singing, they appear to be often cor-
related. For instance, a note may be accentuated by simultaneously having a high
loudness level, as well as a long consonant and a big preparation’s amplitude before
the vowel’s onset. Vibrato also tends to be wider for high loudness levels [BS02].
In a first attempt to take this inter-correlation of parameters into account, we already
used the consonants identities and durations as contextual factor for predicting the
f0 transitions’ parameters. Similarly, one may also first predict the loudness so that
the loudness level of a note could be used as a contextual factor to determine the
consonants’ durations and f0 parameters. Another possibility might be to tie the
loudness and the vibrato parameters together, for instance by first predicting the
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loudness parameters and then choose the vibrato parameters corresponding to the
same note in the corpus than that of the chosen loudness parameters.
The "intra-correlation" of each parameter could also be better taken into account.
For instance, the amplitude of overshoot in upward transitions are often related
to the presence and amplitude of vibrato in the following sustain segment. Cur-
rently, the f0 parameters are chosen for each segment independently of the sur-
rounding ones. To better take into account this possible inter-correlation between
f0 segments, one may for instance first predict the transitions durations and vibrato
parameters in a first step, and then predict the amplitudes of preparations and over-
shoots only in a second step, using the parameters of the surrounding segments (e.g.
vibrato amplitude) as contextual factors.
With a similar idea of a 2 steps procedure, one could also first predict only the
global vibrato amplitude, and then predict the other vibrato parameters in a second
step, according to the predicted amplitude, as is done for loudness, which would
have the advantage of using less target parameters for building the decision trees.

Finally, another perspective would be to use a more refined distance measure
for selecting the templates on the leaves of the trees, based on the cost functions
defined in [Umb15], thus introducing some more knowledge in the selection pro-
cess while still benefiting from the learning capabilities of the decision-tree-based
contexts clustering. Another possible solution, rather than using multi-target
regression trees, might also be to first cluster the segments into a set of prototypic
classes (e.g. very short transitions, long transitions with big preparation, ...),
then use a simple classification tree to predict the class to use, and finally use a
cost function to choose the best example in the prototypic class according to the
contexts.

Regarding the loudness, we proposed a first approach to model both the note-
to-note variations along a musical phrase and the intra-notes dynamic variations.
However, this approach has not yet been thoroughly tested. From preliminary
informal tests, we found out that the proposed approach often improves the expres-
siveness of the synthesized voice by introducing dynamic variations. However, the
generated variations of the loudness level are still sometimes too important, which
sounds somewhat unnatural in some cases, and the proposed approach should thus
be further improved to obtain better results. It remains however unclear where
the limitations come from, as it may also be partly related to the accuracy of
the loudness analyzed on polyphonic music, which is quite approximative. It is
also not easy to properly evaluate the control of the loudness without a realistic
intensity transformation, as although the applied variations may be appropriate,
the transformation might be judged too unnatural for its control to be considered
as correct (e.g. if a simple change of gain without timbre modification is applied).
However, a possibly better approach regarding the control may be to use a
multi-layer model for the loudness, by first generating a global loudness contour
over the course of a whole musical phrase, and then add the more local intra-notes
variations on top of this curve.

But using only the prosodic parameters is also not sufficient to represent all
the stylistic characteristics of singers. In future works, the symbolic and timbral
aspects should also be modeled for a more complete representation of the singing
styles.
Regarding the symbolic aspect, the authors in [Umb+15] suggested to use rule-
based techniques "as a preprocessing step to modify the nominal target score so
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that it contains variations such as ornamentations and timing changes related to
the target style or emotion".
In the next chapter, we will present some works on several types of timbre
transformations in order to further improve the expressiveness and naturalness of
the synthesis, and modify the vocal quality, which is necessary to represent more
varied singing styles.
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Chapter 6

Expressive timbre
transformations

6.1 Introduction

In previous chapters, we first saw how we can generate the voice signal using
concatenative synthesis, and then how to generate appropriate control parameters
to produce a more expressive synthesis. Although those 2 aspects already allow
synthesizing singing voices with a rather good quality, they still lack of naturalness
and expressiveness compared to real singers, as has been assessed in [Feu+16].
An appropriate control is indeed not sufficient to obtain a truly natural result if the
timbre is not coherent with the control parameters, especially regarding the pitch
and intensity. For high-quality synthesis, it is therefore necessary to provide means
to generate appropriate changes in timbre that are coherent with those control
inputs. Past studies have already permitted to gather knowledge about how various
spectral features of voice may change during singing, which could be exploited in
synthesis systems by defining a set of rules, as suggested for instance in [HSW11]
regarding formant tuning for pitch transformations. But if such rules are easy to
implement in formant synthesizers like [Feu+17], where all source and formants’
parameters can be explicitly controlled, this task is much more complicated for
systems based on signal transformations like our system.
In the previous chapter, we also evoked many features that may be used by singers
as vectors of expressivity related to specific singing styles or singers’ identities,
some of which are related to the voice timbre. Some examples are the use of
different registers or specific techniques (e.g. belting, fry, ...), vocal roughness,
breathiness, ...

In the present chapter, we focus on the modeling of those 2 aspects of timbre,
both for generating a more natural synthesis, and to extend the palette of possible
expressive vocal effects necessary to synthesize a wider variety of singing styles,
which are major current challenges to improve state-of-the-art SVS systems. The
contributions presented in the following thus concern the development of rules and
algorithms to produce such expressive transformations, that may be later integrated
into our synthesis system to improve its naturalness and extend its expressive ca-
pabilities. In a first section, we will focus on the problem of producing realis-
tic intensity transformations, considering various physiological aspects involved.
Then, some investigations on 2 new approaches to model vocal roughness will be
presented.
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6.2 Intensity transformation

Regarding the timbral features related to intensity, various aspects have to be
considered. Voice intensity is highly related to the notion of vocal effort, and
as pointed out in several sources [PD16; TE00; LB13], a vocal effort increase
is physiologically linked to an increase in subglottal pressure, an increase in
vocal-fold tension, and a wider mouth opening. From the view point of the
source-filter model, the well-known effect of increasing the vocal folds’ tension on
the source’s spectrum is an increase of the glottal formant frequency and a decrease
of the spectral tilt, while the main effect related to a wider mouth opening is an
increase of the 1st formant’s frequency (F1), as observed in many studies [PD16;
TE00; LB13; LD99b; Hub+99; Sun90]. Additional aspects to be considered may
be the level of aspiration noise, or the singer’s formant’s prominency [Sun01]. For
changing the intensity of a voice, it is thus not sufficient to only modify the sound
level. For our purpose, 2 different types of approaches to produce these effects
have been considered.

Spectral morphing approach:

A possible approach to create transformations of vocal intensity is spectral
morphing, that uses target templates recorded at different levels of low and
high vocal efforts, as proposed in [SG03; Tur+05; DSC13] for diphone speech
synthesis. We explored the potential of such a morphing approach to be used in
our singing synthesizer, as presented in [DAR16a]. Note that this approach may
also be used for pitch transformations, as the spectral envelope is also dependant
on the pitch. The suitability of this approach mainly relies on a proper estimation
of the spectral envelope for its integration into a singing synthesizer (which is
especially a problem for high-pitched female voices, as already discussed in
section 2.2.3). Indeed, if the target envelope is not properly estimated, this may
lead to an unnatural result when this envelope is applied to a voice signal with a
different pitch. In order to alleviate this problem, we proposed to use a multi-frame
analysis (MFA) of the spectral envelope, by combining spectral information from
several successive frames. For singing voice, this approach allows to exploit
the pitch changes related to vibrato, which sweeps through the spectral envelope
across time. Assuming that the VTF is rather stable across a vibrato cycle, this
can lead to more accurate estimates of the spectral envelope than the traditional
single-frame approaches presented in section 2.2.3.

Based on this idea, 2 variants have been tested, mainly aiming at simplifying
previous over-complex approaches to such multi-frame analysis. The 1st method,
named SDCE-MFA (for Simplified Discrete Cepstral Envelope for Multi-Frame
Analysis), consists in a mathematical simplification of a previous approach
presented in [SK03b], which is an MFA version of the least-square (LS) cepstral
solution [GR91; CCM01] mentioned in section 2.2.3.1. The 2nd method, named
Linear-MFA-Lift, consists in low-pass liftering the envelope obtained by linear
interpolation of the harmonic peaks of the pre-aligned frames, which is computa-
tionally lighter than the SDCE-MFA method.
The analysis procedures for those 2 variants have been detailed in [DAR16a] and
[DAR16b] and the morphing approach using those multi-frame analysis has been
integrated into our ISiS system for testing this approach in the context of singing
synthesis. However, although I contributed to the publications of these methods
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and to the integration of the algorithm into ISiS, this study essentially results from
the work of Dr. Gilles Degottex, who contributed to the ChaNTeR project as a
post-doctoral researcher, and thus can’t be accounted as a contribution from this
thesis work, and won’t be further detailed here.

Although the stability assumption of the spectral envelope throughout a vibrato
cycle may not be fully satisfied, this approach nevertheless gave encouraging
results in listening tests. In [DAR16a], spectral morphing has been evaluated on
sustained vowels both for pitch and intensity transformations, using the envelopes
obtained with both MFA approaches, and the results showed clear improvements
for both approaches over the use of the True-Envelope algorithm, thus supporting
the use of multi-frame analysis methods for spectral morphing-based transforma-
tions.

A particular advantage of the spectral morphing-based approach is that it
includes both the effects related to the glottal source and to the vocal tract, without
requiring advanced knowledge of the underlying physiological mechanisms or
signals properties.

However, the target envelopes used for morphing are taken from stable parts
of vowels only and thus don’t allow to correctly reproduce the timbre variations
occurring on coarticulation parts where the envelope is less stable. In our
implementation, we used a linear interpolation between the original and target
envelopes around the stable parts to avoid timbre discontinuities, but this tends to
create unnatural transitions at vowels’ boundaries, when used in the real context of
singing synthesis. An example of such morphing-based transformation is given in
sound 6.1. A solution to this problem may be to use aligned parallel recordings at
various intensities for the full database. But this would be much heavier compared
to using recordings of vowels only. Moreover, recordings at different vocal
intensities are not always available, and it would thus be interesting to be able to
apply intensity transformations on any voice, without the need of such recordings.
Another limit of morphing-based approaches for intensity transformations is that it
doesn’t allow to generate the missing higher harmonics that are accompanying the
decrease of the spectral slope of the source for weak-to-loud transformations, and
the application of the target spectral envelope on the whitened original signal may
thus amplify the noise in high frequencies instead of sinusoidal components, thus
increasing the hoarseness of the voice.

Parametric approach:

To overcome the limitations of morphing-based approaches, a possible alterna-
tive is to use a more knowledge-based parametric (or spectral modeling) approach
to transform the sound without the requirement of additional recordings, by
decomposing the global effect of intensity variations into several physiologically
meaningful independent components related to the modification of the source,
the VTF, the noise level, etc..., that can then be adapted to the context of vowel,
gender, or singing style.
In that direction, past studies investigating voice quality modifications such as
[AD03] and [ADC98] have primarily focused on the source-related spectral
characteristics, while only few recent studies based on parametric approaches like
[PD16] and [Mol+14] started considering the effect of the vocal tract for intensity

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.1.morpingIntensitySVP.wav
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transformations.

In our work, we investigated rule-based approaches to modify both the voiced
source spectrum and the VTF, that we present below.

6.2.1 Glottal source transformation1

As said previously, two effects have to be considered for the modification of
the glottal source with intensity: the change of spectral tilt, and a modification
of the glottal formant. A particular effect when decreasing the spectral tilt (for
weak-to-loud transformations) is the emergence of new harmonics that rise above
the noise floor in the high frequency range.

In some of the previously mentioned studies, authors approximated these
behaviours using filters and non-linear time-domain transformations. However,
using the PaN parametric synthesis engine introduced in section 3.5.2, we have
access to the Rd shape parameter of the glottal pulse, which controls both the
spectral tilt and glottal formant behaviours, and may thus be used for intensity
transformations. When lowering the Rd value, the spectral tilt decreases (generat-
ing new high-frequency harmonics) and the glottal formant’s frequency increases,
as was already illustrated in figure 2.6. The use of the Rd parameter has already
been investigated for breathiness and tenseness modifications (which are also
related to intensity) in the context of parametric speech synthesis [DRR11b;
HR15]. This relation between Rd and intensity variations is also mentioned in
[Roe+12] in the context of singing voice.

In [Fan97], the author stated that the "overall voice intensity [is] manifested by
increasing Ee, and usually decreasing Rd and Ra" (with Ra = ta/T0, following
notations from section 2.2.2), and further suggested a "general rule of covariation
of 1dB in 1/Rd with 2dB in Ee [that has been found] to be typical of dynamic
variations [...] as a consequence of varying voice effort". This rule is assumed
to maintain a certain coherence in the evolution of the source’s spectrum and its
energy, and we thus chose to start by implementing this rule into our system,
using the PaN engine, while limiting the Rd value to its usual range [0.3; 2.7],
as described in [Dic16]. Note that such modification of the Rd parameter could
potentially be also applied in the SVP engine by modifying the spectral envelope
to reflect the change in the source spectrum (which is implemented as an option in
superVP). This approach could thus modify the spectral tilt and glottal formant,
but this would not allow generating the missing high-frequency harmonics for
weak-to-loud transformations. The advantage of using PaN for this purpose is thus
that those harmonics are also automatically generated by the LF source model
when lowering the Rd value.

According to the results of the previously mentioned studies, the relevance
of varying the Rd parameter with vocal intensity is not to be attested anymore.
However, the remaining question is to which degree this rule should be applied,
for each phoneme, according to a given target intensity level.
A first idea to answer this question was to measure theRd values on vowels sung at

1The work presented in this section on glottal source modification was conducted with Maxime
Dickerson in the framework of his masters’ internship [Dic16]
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different intensities, available in our databases. However, although the tendency is
towards a decrease of Rd for highest intensity levels, the measured values did not
show enough coherence to infer a clear correlation between Rd and intensity, and
no generic behaviour could thus be hypothesized from those measures. Reasons
for this may be that some errors may remain in the Rd analysis, or that the voice
quality is not consistent enough between the different recordings. One may expect
that a clearer correlation between the measured Rd and intensity could be obtained
by averaging the analysis from many recordings. However, we currently don’t
have enough data on hand to verify this.

Our next idea was thus to rather measure the loudness variations induced by the
change in the source parameters, and then invert the result to deduce the necessary
increment in Rd and Ee to match a given target level for a specific vowel and f0.
This was done by synthesizing a set of source signals based on a grid of f0 and
[Ee;Rd] values (incremented according to Fant’s rule evoked above), and further
filter them by a VTF corresponding to each vowel. Then, the loudness level was
measured on each synthesized signal, and some regressions were used to deduce to
which degree the rule should be applied for each vowel, according to a given f0 and
target loudness value, as detailed in [Dic16]. A preliminary subjective listening
test was then conducted to evaluate the gain in naturalness obtained for intensity
transformations using this approach. For this test, we generated crescendi on 3
vowels (/a/, /i/, /u/) using the inferred rule to match the loudness profiles of real
crescendi. Then, listeners were asked to compare the result, in terms of naturalness,
to the original crescendi recordings and to another synthesis for which a simple
gain was applied to match the target loudness (as will be explained in section 6.2.3)
without modifying Rd. The sounds used for this test can be found on the web
page at url2. However, although informal listening suggested that the proposed
approach should give more realistic results, the answers to this test confirmed this
improvement only for the vowel /i/. Several hypothesis may explain this limited
result:

• A 1st hypothesis is that the test was designed in such a way that listeners
unfortunately didn’t really answer the question asked. It appears to us, after
analyzing the answers and feedbacks from listeners, that some of them may
have rather assessed the aesthetic qualities of the voice, rather than the natu-
ralness or coherence between timbre and intensity. It seems that modal voices
using the original Rd contours (without applying the rule) may have been
preferred to more tensed voices with more high-frequency content, charac-
teristic of high loudness levels when lowering the Rd value.

• A second hypothesis is that the Rd parameter itself is not sufficient to fully
represent the appropriate change in source spectrum, and some source shape
parameters like ta may need to be tuned more finely, e.g. to limit the ampli-
tudes of the highest harmonics that may confer a buzzy quality to the sound.

• Another potential issue is that in this approach we used a fixed VTF, assum-
ing that the loudness variations were primarily related to the source com-
ponent. But the VTF should also vary with intensity (e.g. due to mouth
opening), which would then also have impact on the loudness variations.
This aspect may thus change the values obtained to control the degree of the

2http://recherche.ircam.fr/anasyn/ardaillon/
testIntensitySrc2016/demo.php

http://recherche.ircam.fr/anasyn/ardaillon/testIntensitySrc2016/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/testIntensitySrc2016/demo.php
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rule to be applied for each vowel, which has not been considered here. For
some vowels, the modification of the source to be applied may thus be over-
estimated and judged as unnatural, because of too extreme Rd values. The
fact that better results were obtained for the closed vowel /i/, for which mouth
opening (and thus potential VTF variations) are more limited than for open
vowels like /a/ tend to confirm this hypothesis. A more fastidious, but possi-
bly better approach may thus be to manually tune the degree of the rule for
each vowel and each voice according to the perceived timbre coherence, in
an analysis-by-synthesis approach, rather than using a systematic approach
like we did.

• Finally, as the change in the VTF has not been modeled in this experiment,
one may assume that the lack of coherence between the source spectrum and
the VTF could be judged as unnatural and thus doesn’t allow to properly
assess the result of the rule, although the transformed source may be closer
to what would be expected for the target intensity level.

These results and hypothesis thus encouraged us to work on the modeling of the
VTF variations related to intensity, in order to create a more complete effect, in-
cluding both the contributions of the source and vocal tract, which we expect to be
easier to assess and give better results.

Besides the voiced component of the glottal source, the noise level is also
likely to vary with vocal effort and should probably be amplified when the voice
gets louder, limiting the potential "buzzyness" that may arise due the rise of
high-frequency partials. In the PaN engine, the noise level can easily be modified
by simply applying a factor on the unvoiced component. In our previous tests,
we simply used the variation of Ee as a gain for the noise component. However,
further research on this aspect would be necessary to properly tune the noise level
according to the overall intensity.

6.2.2 Mouth opening transformation

In order to sing louder, singers tend to open their mouth more widely, which
changes the vocal tract’s shape (VTS) and resonances, thus affecting the VTF. In
this section, we show, by means of signals analysis and simulations, that the main
effect of mouth opening is an increase of the 1st formant’s frequency (F1) and a
decrease of its bandwidth (BW1). From these observations, we then propose a rule
for producing a mouth opening effect, by modifying F1 andBW1, and an approach
to apply this effect on real voice sounds. This approach is based on poles modifica-
tion, by changing the AR coefficients of an estimated all-pole model of the spectral
envelope. Finally, listening tests have been conducted to evaluate the effectiveness
of the proposed effect.

6.2.2.1 Real signals analysis

As a starting point for this study, we analyzed spectral envelopes on the 15 French
vowels from our RT database, sustained on 1 pitch (135Hz) and 5 levels of intensity,
from pianissimo (pp) to fortissimo (ff ). In order to observe the change in the vocal
tract’s resonances, we employed the following procedure for estimating the VTF:

• First, the DAP algorithm [EM91] with order 50 was used to estimate an all-
pole model of the spectral envelope;
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FIGURE 6.1: measured VTF for the vowel /a/ sung by RT on 5
intensity levels

• Then, theRd parameter of the LF source model was estimated based on algo-
rithm described in [DRR11a; HR14], and the contribution of the source was
removed by spectral division of the DAP envelope with the spectral shape
associated with the estimated Rd value.

The DAP algorithm is used here instead of the True-envelope as it better allows
to differentiate the resonances of the vocal tract associated to the poles of the model.
Informal observations of these analysis confirmed an increase of F1 with intensity
in many cases, especially for open vowels like /a/, and sometimes a decrease of
BW1. Figure 6.1 shows an example of such analysis for the vowel /a/. However,
these observations present an important variability, depending on the vowel, but
also maybe related to some limitations of the analysis algorithms, or to the consis-
tency of the recordings across the various intensity levels. The same procedure was
also applied on recordings of varying degrees of mouth opening (without inten-
tional changes of intensity levels), but resulted in similar observations. Similarly to
the source component, this variability makes it difficult to infer a precise rule to be
used in a synthesis system, based on those observations only. For this purpose, we
thus employed a simulation approach, as described in the next section.

6.2.2.2 Simulations

As seen previously, it is rather clear that F1 should increase with mouth opening.
But it is not clear to what extent, and most studies don’t evoke a possible change of
BW1. Another possible approach to make assumptions on the voice characteristics
behaviours is to use simulations.

As explained in [Wak73; MG76], there is a direct equivalence between the
simple acoustic tube model of the vocal tract and linear prediction. It has indeed
been demonstrated in [AH71] that "a transfer function with P poles is always
realizable as the transfer function of an acoustic tube consisting of P cylindrical
sections of equal length". We can thus use this relation to estimate a Vocal
Tract Shape (VTS) from an all-pole model, modify this VTS to simulate mouth
opening, and convert it back to an all-pole model to observe the effect on formants
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parameters (represented by the poles of the model).

From the acoustic point of view, reflection coefficients µk between the sections
k and k − 1 of an acoustic tube model are defined as:

µk =
Ak−1 −Ak
Ak−1 +Ak

(6.1)

where Ak and Ak−1 are the areas of the kth and (k-1)th sections of the tube.
As explained in section 2.2.3.2, an all-pole model can be defined by its transfer
function:

H(z) =
G

1 +
∑P

i=1 aiz
−i

(6.2)

where the ai are the AR coefficients of the model, P is the model order, and G is
a fixed gain coefficient. And as explained in [MG76], the P filter coefficients ai
can be computed from the reflection coefficients µk of the equivalent P-sections
acoustic tube model using the step-up procedure, which can be summarized by the
following equation:

aki =


ak−1,i i = 0
ak−1,i + µkak−1,k−i i = 1, 2, ..., k − 1
µk i = k

(6.3)

for k = 1, 2, ..., P with a00 = 1, where the aki are the coefficients of the kth order
model, and P the final order of the model.
Conversely, the step-down inverse procedure can also be used to retrieve the reflec-
tion coefficients, and thus the area ratios describing the VTS by inverting equation
6.1, from the filter coefficients, according to the following equation:

ak−1,i =
aki−µkak,k−i

1−µ2k
µk = akk

(6.4)

for k = P, P − 1, ..., 1, i = 0, 1, ..., k − 1, and |µk| < 1. Thus, a unique discrete
tube shape can be reconstructed from a transfer function polynomial of given order.
Assuming that the source component has been properly removed, a reasonable
estimate of the VTS can thus be obtained from the all-pole coefficients.
More details on those procedures and the relations between the acoustic tube
model and all-pole model of voice are given in [MG76].

Simulation procedure:
In the following experiment, we used the open-source sparkNG software3

[Kaw16], that implements those procedures in the matlab environment to convert
back and forth between the VTS and its equivalent all-pole model, while providing
a convenient GUI to manipulate, display, and store both. Figure 6.2 shows the
interface of the software. In the top left panel, the VTS is displayed from the lips
to the glottis as relative areas of the acoustic tube model; the top right panel shows
the corresponding all-pole spectral envelope model. The frequency and bandwidth
of each formant can be displayed just below the plot. The bottom left panel allows
to draw a modification curve to be added to the original VTS, from which the
all-pole model is automatically re-computed. The slider on the left allows to set the

3http://www.wakayama-u.ac.jp/~kawahara/MatlabRealtimeSpeechTools/

http://www.wakayama-u.ac.jp/~kawahara/MatlabRealtimeSpeechTools/
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FIGURE 6.2: Interface of the sparkNG software
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FIGURE 6.3: Estimated VTS for vowel /a/ at intensities pp, mf, ff

degree of this modification. A button also allows to synthesize the corresponding
sound (the source being generated based on the LF model), giving an idea of the
perceptual effect related to the modification.
Based on the analysis exposed in the previous section, we used the estimated
all-pole models to get the corresponding VTS. Figure 6.3 shows as an example the
estimated VTS for the vowel /a/ sung at 3 different intensity levels (pp, mf and ff ).
As could be expected, it clearly exhibits an increasing mouth opening from pp to
ff. Similar results can be obtained for other open vowels, but not for closed vowels
like /u/.
For the rest of our experiment, we thus only used the 4 most open French vowels:
/a/, /E/, /9/ and /O/. As a first approximation of the VTS change induced by mouth
opening, we used a linear slope from the glottis to the lips, as shown in figure 6.2
(bottom left), and applied it to the estimated VTS of the 4 vowels sung at medium
intensity level (mf ). By scaling this shape modification curve using the slider, such
that the opening at the lips was multiplied by factor γ ∈ [0.25, 0.5, 1., 2, 4] (on
a linear scale), we could then measure the variations of the formants parameters
induced according to the degree of mouth opening.

Results:
Figure 6.4 shows the ratios of the estimated formants frequencies (RFi) after mod-
ification of the shape over the original values, for the 4 vowels (with γ displayed
on a log scale). Similarly, figure 6.5 shows the ratios for the estimated bandwidths
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FIGURE 6.4: Ratios of new and original formants frequencies as
a function of γ (in log2 scale) for vowels /a/, /E/, /O/ and /9/

(RBWi). As one can see, the main effect of the simulated mouth opening is a lin-
ear increase of F1 and linear decrease for BW1 (according to log2(γ)), similarly
for the 4 vowels. Comparatively, the effect on the 3 other formants is negligible.
Again, this increase of F1 is coherent with previous studies and observations, and
this correlation between F1 and jaw opening was also already clearly illustrated in
figures 2.2 and 2.3. But the decrease of the 1st formant’s bandwidth has rarely been
reported in the literature. A decrease of all formants’ bandwidths with intensity
was however reported in [Mol+14], and [Par02] also evoked an increase of the 1st

formant’s bandwidth in soft breathy voices, which is thus coherent with the results
of the present simulation, as soft voices are assumed to be related to a small mouth
opening and thus a larger bandwidth.

6.2.2.3 Transformation procedure

Rule for formant’s modification:
From these simulations, a simple rule has been inferred, based on the mean slope
for F1 and BW1 over the 4 simulated vowels. This rule is given by the following 2
equations:

F1new = F1 · (1 + 0.25α) (6.5)

BW1new = BW1 · (1− 0.4α) (6.6)

where α ∈ [−1; 1] is the opening factor to control the degree of the transformation,
and F1new and BW1new are the new values of F1 and BW1 to be applied for
transforming the original sound. The gain of the formant was not included in this
rule, as it is directly linked to its bandwidth and to possible interactions with other
close formants.
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FIGURE 6.5: Ratios of new and original formants bandwidths as
a function of γ (in log2 scale) for vowels /a/, /E/, /O/ and /9/

Proposed transformation approach:
In order to apply the defined rule, the spectral envelope has to be modified
appropriately to include the change in F1 and BW1. This can be done easily in
formants synthesizers, but applying this effect on any real voice sample is more
challenging.
In [Don+11], frequency warping is used in order to transform the spectral envelope
to create natural pitch changes in singing voice. However, it is not easy to precisely
change the formants parameters using frequency warping. We first tested this
possible approach, but the perceived effects (according to informal listening)
remained limited. Especially, the natural increase of the amplitude of a formant
when its bandwidth decreases is not reproduced, and formants can’t be merged
together when getting closer to one another as they should.
In [Mol+14], the authors used a parametric model of spectral envelope based on
4-pole resonators (somewhat similar to Klatt’s formant synthesizer [Kla80]) to
modify gain, spectral tilt, and formants’ frequencies and bandwidths, based on
regressions computed from 60 recorded vowels. However, this approach requires
to properly extract the parameters of all formants, which is not straightforward
without manual correction. Another drawback in [Mol+14] is that the regressions
are computed from all vowels, without considering the gender of the singer or the
type of vowel. This probably oversmoothes the variations and does not allow to
observe the typical move of F1 related to mouth opening, as mouth opening can’t
physiologically be as prominent for closed vowels like /i/ or /u/ than for open
vowels like /a/.
Another possible approach that we propose to use here is poles modification,
based on an all-pole model of spectral envelope. This possibility is mentioned in
[San+16], but has been discarded for being too complicated. A similar approach
was used in [MAH93] and [HC96] to modify formants, focusing on controlling
poles interaction. These works are also mentioned in [Lee05], but the author
evokes as a limit that the amplitude and bandwidth of the formants can’t be
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FIGURE 6.6: Transformation of vowel /a/ with α ∈ [−1, 0, 1]

controlled independently. However, we assume that this is not necessary, as
amplitude should naturally change when bandwidth is modified, as stated in
[Par02]. The proposed method is described below.

Considering an all-pole model of the spectral envelope, assuming that the
model is estimated with an appropriate order, the most important formants of the
voice should be associated with a pair of conjugate poles.
From the AR coefficients (the ak in equation 6.2), the roots ri of the polynomial
can be computed by factorization. Then, the frequencies and -3dB bandwidths of
the poles, in Hz, are given by the following formulas [Lee05]:

Fi =
fs
2π
6 ri (6.7)

BWi = −fs
π
ln(|ri|) (6.8)

Once the frequency and bandwidth of each pole are known, the values correspond-
ing to the 1st formant can be selected and modified according to equations 6.5 and
6.6. From there, the equations 6.7 and 6.8 can be inverted in order to get the new
roots of the model. Finally, these modified roots are converted back to the AR
coefficients of the new transfer function, using Leja ordering to limit effects of
rounding errors in computation [Ped11]. Figure 6.6 shows an example of using
this poles modification approach to apply the given rule on a spectral envelope of
the vowel /a/, for α ∈ [−1, 0, 1].

The transformation is then applied by inverse filtering the original sound by the
estimated spectral envelope, and filtering it back with the newly modified envelope.

Note that for the mouth opening effect, the conversion back and forth between
the acoustic tube model and the AR coefficients could theoretically allow us to
apply the effect by modifying the vocal tract area function and converting it directly
to AR coefficients to generate a new envelope. But the proposed procedure has the
advantage to:

• allow the direct observation of the changes in formants parameters to deduce
a simple rule that can then potentially be used in any type of synthesis system
(parametric, concatenative, ...), whereas it relies on an all-pole model or not;

• allow to apply other rules for formants modifications, that are not necessarily
related to a specific or well-known change of shape of the vocal tract (e.g.
for formant tuning as proposed in [HSW11]).
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6.2.2.4 Evaluation

Finally, an evaluation has been conducted to validate the effectiveness of the
proposed rule and approach. For this purpose, 2 online listening tests have
been run for evaluating both the quality of the transformed sounds in term of
naturalness, and the proper perception of the degree of mouth opening produced
by the effect. A demo page with the sounds used in the tests can be found at url4.
All sounds were normalized at the same level, and listeners had to use headphones
or earphones to do the tests.

Original sounds:
For the 2 tests, recordings of the vowels /a/, /E/, /9/ and /O/, sung by both a male
(RT) and a female (MS) professional singer, at a fixed pitch (135Hz for RT, and
250Hz for MS) and a medium intensity (mf ), were selected. On each of these
sounds, the transformation was applied with α ∈ [−1;−0.5; 0; 0.5; 1], 0 meaning
no transformation. A total of 40 sounds (8 original sounds × 5 α values) were thus
used in the tests.

AR model estimation:
For the transformations, an all-pole envelope model was first estimated for each
sound, using an implementation of the DAP algorithm [EM91] in SuperVP. An
important parameter to be considered for this analysis is the order of the model.
From the results presented in [VRR07; RVR07] (about order selection of all-pole
models) and informal tests, we used an order of 50 which seemed appropriate in
our case.

Estimation of the 1st formant:
Ideally, the pair of conjugate poles with the lowest absolute frequency should
correspond to the 1st formant, but depending on the analysis, this may not always
be the case. For a more robust estimation of the 1st formant, we thus imposed as
a constraint that F1 ∈ [350 − 1000]Hz. However, this range could potentially
be adapted according to the analyzed voice and vowel (which are known in our
concatenative synthesis system). Then, the pair of conjugate poles with the lowest
frequency following these constraints is selected.

Stable frames selection:
For transforming a sound, the pole modification has to be applied on each frame.
Neighbouring frames should have similar formants and therefore pole parameters.
However, the analysis may sometimes contain some jumps in the estimated poles’
frequencies from one frame to another, which could create artifacts. To avoid this,
the median value of the F1 over the central stable part of the vowel is computed.
Then, only the 25% of the frames for which the estimated F1 are the closest to
the median are kept. The other frames are discarded and the remaining ones are
interpolated (after modification of F1 and BW1), in order to fill the gaps.

Test 1: Quality of the transformation:
In the first test, 15 of the 40 sounds where randomly selected and presented in ran-
dom order, with no repetition. The sounds then had to be rated on a 1 to 5 scale
by listeners following a standard MOS test procedure [ITU16], according to the

4http://recherche.ircam.fr/anasyn/ardaillon/mouthOpening2017/
demo.php

http://recherche.ircam.fr/anasyn/ardaillon/mouthOpening2017/demo.php
http://recherche.ircam.fr/anasyn/ardaillon/mouthOpening2017/demo.php


180 Chapter 6. Expressive timbre transformations

a). RT b). MS c). All

FIGURE 6.7: MOS test evaluating the quality of the transforma-
tion according to α, for both voices RT and MS and all sounds

confounded

perceived naturalness of the sounds.
48 listeners answered this test. Figure 6.7 shows the results for the different α val-
ues for both voices RT and MS and for all sounds. As one can see on figure 6.7
c)., the answers highly overlap and span the whole [1-5] range for all sounds cate-
gories, with no difference between α values -0.5, 0, and 0.5, when considering all
sounds together. The mean rating is however a bit lower for higher transformation
levels -1 and 1. Possible explanations for these slightly lower results may be that
the degree of the effect applied (α) starts to be a bit too important to stay fully re-
alistic, or that the changes in F1 may reinforce too much some particular sinusoid
which may then become a bit to prominent and start to whistle. The results were
slightly better for RT than for MS, which is understandable as the lower pitch of RT
eases the spectral envelope estimation compared to MS. From those results, we can
thus assume that the proposed approach can apply the transformation appropriately
without important degradation of the naturalness and sound quality.

Test 2: Perception of transformed mouth opening:
The second test presented 15 pairs of sounds to the listener. For each pair, one
voice (male or female) and one vowel where first randomly selected, and 2 different
sounds were randomly chosen among the 5 possible transformation levels to form
the pair. Then, for each pair, a grade from 0 to 3 had to be given according to which
sound seemed to be related to a more widely open mouth and how big was the
perceived difference between the 2 sounds, following a standard CMOS procedure
[Rec03], using a similar web interface to that shown in figure 4.20.
Before starting the test, listeners were given, as a reference, sounds of a vowel /a/
recorded with 5 degrees of mouth opening (from maximally closed to maximally
open), in order to give an idea of the expected perceptual effect on a real voice.
Also, as the transformation may sometimes change the perception of the vowel
identity (an /a/ pronounced with a closed mouth may sound almost like an /o/ or
/2/), the transformed vowel was written above each pair of sounds.
36 persons answered this test. As one can see on figure 6.8, those results perfectly
reflect the expected effect of the transformation. None of the confidence intervals
overlap, which means that the difference between each degree of the applied effect
is clearly perceived by listeners, and the results were very similar for both voices.
As a result, one can assume that the proposed rule and transformation method are
effective for simulating mouth opening.
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FIGURE 6.8: CMOS evaluation of the perceived degree of mouth
opening induced by the transformation, according to α, for both

voices RT and MS and all sounds confounded

6.2.3 Loudness correction

The transformations proposed above aim at modifying the voice timbre according
to intensity. But the final intensity level obtained after these transformations (and
possibly others like transposition) can not be easily predicted. In the previous
chapter, we proposed an approach to generate a target intensity level, which should
then be matched at the end of the synthesis, once all sound transformations have
been applied. For this purpose, a correction gain should thus be computed in order
to adjust the final level.
The computation of such a gain requires a certain measure of the intensity, in
order to assess the difference between the target intensity level and that of the
synthesized voice. A possible simple measure of a signal’s intensity is the RMS
(Root Mean Square). However, this measure is only related to the amplitude of the
temporal waveform of the signal and doesn’t reflect well the intensity level that
is really perceived by listeners. In order to better assess the perceived intensity
of sounds, loudness models have been developed [FPR11], which should thus
better be used for the control of the synthesis rather than RMS. According to
[FPR11], loudness can be defined as "the perceptual strength of a sound that
ranges from very soft (or quiet) to very loud", or "the subjective intensity of a
sound", that is closely associated with measures of acoustical level (energy, power,
or pressure) but not identical to any of them. This definition suggests that there
is unfortunately no objective measure of loudness, which only exists "within" a
listener and depends on many factors (e.g. frequency, bandwidth, duration, spectral
complexity, presence of other sounds, age of the listener, etc...). There is thus
no perfect approach for measuring loudness, which can only really be assessed
subjectively for each listener, although "most people behave in a consistent
manner when judging loudness". However, several models have been proposed
to approximate the loudness level of a given sound from measurements [FPR11].
But the human auditory system is complex and advanced loudness models may be
computationally too heavy for our purpose, and often specific to certain types of
sounds or listening conditions. We thus propose here to use a simplified loudness
model for the control of intensity, based on informations from [FPR11], that we
present below.
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FIGURE 6.9: equal loudness curves for loudness levels of 40, 70,
and 90 phons

6.2.3.1 Simple loudness model

Background:
The unit commonly used for measuring loudness is the sone, which is defined
in [FPR11] as "the loudness of a 1-kHz tone at 40dB-SPL heard binaurally in a
free field from a source in the listener’s frontal plane". The sone scale is linear,
which means that a sound with a loudness of 2 sones is perceived as twice as loud
as a sound with a loudness of 1 sone. The absolute value of loudness in sones,
relying on an arbitrary choice, is thus not important (only the relative variations
are). Among the many factors that may influence the perception of a sound, the
loudness of pure tones mainly varies as a function of intensity (obviously) and
frequency.

Regarding the relation between loudness and sound intensity, most studies
agree that, for a sound whose intensity level is comprised between 40dB-SPL
and 90dB-SPL (which is a reasonable assumption for human voice), the loudness
varies as a function of intensity (measured in dB-SPL) following a power law with
an exponent around 0.3 (which is commonly known as the Stevens’ power law).

Regarding frequency, the equal loudness contours, defined by the ISO226 stan-
dard [ISO03], give the intensity values in dB-SPL required to maintain an equal
loudness (for a pure tone) as the frequency shifts over the entire audible range. The
unit of loudness level used for defining those curves is the phon, where a loudness
level of X phons corresponds to the loudness of a 1-kHz pure tone at X dB-SPL.
Figure 6.9 shows the equal loudness curves for 3 different phon values. The 3 con-
tours in this figure pass respectively through 40, 70, and 90dB-SPL at 1 kHz and
the points on those contours are thus said to have loudness levels of respectively
40, 70, and 90 phons.
The conversion from the loudness level LN in phons into the loudness N in sones

can then be obtained with the following equation 6.9:

N = (10(
LN−40

10
))0.3 (6.9)

Until now, we have been considering only pure tones, which is the most simple
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case for the computation of loudness. The question then is how the loudness of
each individual component contributes to the overall loudness of a complex sound.
According to [FPR11], the results of past studies can often be summarized by
stating that energy sums for components that are in the same critical band, whereas
loudness sums for components that are in different critical bands. Models like that
presented in [Zwi60] assume that loudness can be first determined separately in
each critical band and then summed across all critical bands (defined by the Bark
scale [Zwi61]).

Other factors, like the type of sound, the durations, and the temporal or spectral
masking, have implications on loudness measurements. But such factors are not
considered here for the sake of simplicity.

Implemented model:
Based on those informations, the simple loudness model we propose to use here for
singing voice mainly relies on 4 assumptions:

– The sound is considered to be steady (which is really verified only for sus-
tained vowels without vibrato).

– The sound level is >40dB-SPL (and <90dB-SPL) so that the SPL to sones
conversion curve follows a simple power low with exponant 0.3.

– The voice signal is considered to be a simple sum of sinusoids (the impact of
the unvoiced part on loudness being thus assumed to be negligible).

– The harmonics are assumed to be sufficiently sparse, lying in different critical
bands (which is true at least for the 6 first harmonics, for an f0 value >90Hz),
so that spectral masking effects are limited and the global loudness can be
obtained as a simple summation of the specific loudness of each harmonic.

Based on those assumptions, the loudness is computed as follows:

– First, a sinusoidal model is built from the synthesized voice, using the har-
monic partials analysis evoked the previous chapter (based on [Bon+11] and
[Röb08]).

– Then, the sinusoids amplitudes are converted to phons, based on the equal
loudness contours. We assume for this purpose that the average level of
voice is around 70dB-SPL and thus use the curve corresponding to 70phons
(shown in figure 6.9) for this conversion. This conversion is then done by
adjusting the harmonics amplitudes according to the difference between the
value of the curve (in dB-SPL) and the reference phon value (70), so that
frequency regions that contribute less to loudness are attenuated.

– Then, the specific loudness of each harmonic, in sones, is computed accord-
ing to equation 6.9.

– Finally, the global loudness, in sones, is obtained by a simple summation of
the specific loudness over all harmonics.

This process can be summarized by the following equation 6.10:

LNi = 20 log10(ai)− (ELC70(ωi)− 70)

N =
∑K

i=1(10(
LNi−40

10
))0.3

(6.10)
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where N is the global loudness of the sound in sones, ai is the amplitude of the ith

harmonic, ωi is the frequency of the ith harmonic, ELC70(ω) is the equal loudness
curve corresponding to a loudness level of 70phons, and K is the total number of
harmonics. Note that the values ai should theoretically correspond to the sound
pressure (relative to a reference level of 20µPa corresponding to the threshold
of hearing) so that 20 log10(ai) gives a value in dB-SPL. However, the value ai
depends on the distance and sensibility of the microphone and on the gain of the
recording, as well as the amplifier and speakers used to listen to the sound, which
are unknown. But this is of no importance, because applying a fixed gain to the
values ai would result in a simple fixed scaling of the measured loudness, which
does not affect the relative loudness variations in which we are interested.

Although all the assumptions of this model are not completely fulfilled, we as-
sume that this measure should already be closer to the reality of perception than
simpler measures like RMS, while still allowing a rather simple and efficient com-
putation. A particular advantage of this simple model is also that it easily allows to
deduce a correction gain to be applied to a sound in order to match a given target
loudness value, as will be explained below in section 6.2.3.3.
Figure 6.10 compares the loudness estimated with our simple model with that of an
implementation of Zwicker’s model [FZ90] (from the Ircam Descriptors [Pee04],
also available in audiosculpt), and with a simpler short-term RMS measure, for 2
files of the RT database. As can be observed, the loudness variations obtained with
our simple model match well the curves obtained with the Zwicker’s model, but the
RMS measure results in more important variations than the loudness measures. In
particular, in the second case, one can observe that the RMS is almost divided by
2 between the 2 vowels, whereas the loudness values are in fact slightly increased,
which demonstrates well why the loudness measure should better be used for the
control of intensity rather than the RMS.

6.2.3.2 Dependence of loudness on vowels

During the recording of our synthesis databases, singers were asked to sing at a
constant intensity level, as previously explained in section 3.2 (although a precise
monitoring is very feasible). However, by analysing the loudness values of on our
databases with our model, it appears that the measured loudness still varies a lot,
although the singer is supposed to keep a stable level. Figures 6.11 and 6.12 show
the distribution of the loudness values computed on each vowel of the RT and MS
databases, and normalized by the mean loudness value measured on the vowel /a/
(which has the highest values). Similar results are obtained with the Zwicker’s
loudness model. An interesting observation from those figures is that the most
closed vowels have the lowest measured loudness, while the most open ones have
the biggest values. Note that the vowels in those figures have been approximately
ordered by degree of openness, from the most open to the most closed vowels.

Although the measured loudness are different, the perceived loudness are how-
ever relatively similar among the vowels (according to informal listening), such
that imposing the same target loudness values to all vowels during the synthesis
results in differences of perceived loudness between vowels when listening to the
result, which is not what is expected. This is illustrated with sound 6.2 for which
all vowels have been synthesized with a similar target loudness level, although the
perceived loudness varies between vowels. To circumvent this, it is thus necessary

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.2.vowels-noScale.wav
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FIGURE 6.10: Comparison of the normalized loudness computed
with our loudness model and Zwicker’s model, and the normal-

ized short-term RMS, for 2 sounds of the RT database

a E 9 O @ e~ e 9~ a~ 2 i o y o~ u

0.4

0.6

0.8

1.0

1.2

FIGURE 6.11: Distribution of measured loudness of each vowels
on RT database (the values have been normalized by the mean

value of the vowel /a/)
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FIGURE 6.12: Distribution of measured loudness of each vowels
on MS database (the values have been normalized by the mean

value of the vowel /a/)

E y a~ o~ i u 9 a~ 9 a i E E e 9 E E

FIGURE 6.13: Example of target loudness curve generated by the
control module, before and after re-scaling the curve according to

each vowel (the sung vowel is written above each note)

to rescale the target loudness values according to each vowel. This is done by mul-
tiplying the loudness profile of each vowel generated by the control module by the
mean normalized value of the corresponding vowel measured on the database (as
shown in figures 6.11 and 6.12). In Sound 6.3, such vowel-dependent correction
has been applied, and the perceived loudness is more homogeneous compared to
sound 6.2. Figure 6.13 shows an example of a target loudness curve generated by
the control model, before and after this correction.

The differences between the measured loudness and the loudness really per-
ceived may be explained by the fact that there exists some perceptual effects spe-
cific to vocal sounds that are not taken into account by the loudness model. An
hypothesis is that our perception is more sensible to the vocal effort, and different
vowels with similar vocal efforts would thus be perceived with a similar loudness,
independently of the vowel, while the proposed loudness measure is more sensible

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.3.vowels-scaled.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.2.vowels-noScale.wav
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R
d

FIGURE 6.14: Distribution of measuredRd values of each vowels
on RT database

to the differences in formants between the different vowels. Figure 6.14 shows the
distribution of the Rd parameter analyzed on the RT database for each vowel. As
can be observed, the Rd value, strongly related to vocal effort, is relatively stable,
with very few differences between vowels, which tends to support our hypothesis.
However, loudness is easier to measure than vocal effort and thus more convenient
to use for controlling intensity.

6.2.3.3 Correction gain

Based on the proposed loudness measure, we need to compute a correction gain α
to be applied to the synthesis as a last step, in order to match the target loudness
curve generated by the control module (once re-scaled properly according to the
sung vowels).
Denoting Nt the target loudness and Ns the loudness of the synthesis before this
loudness correction, we have (at a specific instant t):

Nt = γNs =
∑

i(10
20 log10(αai)−(ELC70(ωi)−70)−40

10 )0.3

= (10
20 log10(α)

10 )0.3
∑

i(10
20 log10(ai)−(ELC70(ωi)−70)−40

10 )0.3

= (10
20 log10(α)

10 )0.3Ns

(6.11)

As Nt and Ns are known (Ns being computed on the synthesized sound just
before loudness correction), we have γ = Nt

Ns
, and the correction gain α can thus

be computed, from equation 6.11, as:

α = 100.5 log10(γ
1
0.3 ) (6.12)

Using this correction gain, the final loudness should match exactly the target value.
Note that such a correction gain could not be obtained so easily using more com-
plex loudness models.
Figure 6.15 shows an example comparing the loudness measured on the original
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FIGURE 6.15

concatenated segments, the loudness of the synthesized voice before loudness cor-
rection (with the rule described in section 6.2.1 for glottal source modification ap-
plied), the target loudness curve, and the loudness of the synthesis after correction.
Only the vowels segments are shown, delimited by the vertical lines, the gain being
linearly interpolated in-between. As can be seen, the corrected loudness matches
the target curve, as expected. (Note that a small margin of 0.06s is used at the vow-
els’ boundaries to compute the correction gain, in order to avoid amplifying too
much the sound at voice onsets and offsets.)

6.3 Vocal roughness

As evoked previously in sections 2.5.4 and 5.2, certain singing styles, such as pop,
blues, rock, etc..., make use of some specific expressive timbre effects related to
vocal roughness. We already reviewed in section 2.5.4 the possible physiological
causes of vocal roughness, as well as the main signal’s characteristics, and the
state-of-the-art approaches to model such effects. The term "vocal roughness" is
quite general and may encompass different voice qualities that may be identified as
rough, but the vocabulary is lacking to precisely name each of those possible voice
qualities. In [Nie08], the author proposed a classification of rough voices into 5
different categories, which are: rattle, distortion, growl, grunt, and scream. But the
terms used tend to vary in the literature and it is thus easier to describe such voice
qualities in terms of their associated spectral and temporal signal’s characteristics.

From the signal point of view, we propose here to simply classify rough voices
into 2 broad categories:

• One for voices whose main spectral characteristic is the presence of clearly
identifiable sub-harmonics that are rather stable in time (with few bifurca-
tions). This type of voices is often referred to as "growl" (or "growl-type")

The work presented in this section was partly supported by the CREAM project: http://
cream.ircam.fr/ and conducted in collaboration with Dr. Marco Liuni.

http://cream.ircam.fr/
http://cream.ircam.fr/
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[LB04; Sak+04; Nie08; BB13], but may also encompass the rattle and dis-
tortion effects described in [Nie08]. An example of spectrogram for this
category is shown in figure 6.16.

• One for other more unstable (or chaotic) regimes, where sub-harmonics may
still be visible in the spectrum, but are more unstable with possible bifurca-
tions and with the presence of noise between the harmonics. An example of
spectrogram for this category is shown in figure 6.17. This type of voices can
also be described as "harsh".

More extreme types of effects may be defined, for very noisy voices which don’t
even have an f0 anymore, but we don’t aim here at modeling such extreme types
of voices, which are too distant from the modal voices used in our databases for
singing synthesis.

FIGURE 6.16: Spectrogram of a sound from the 1st category
(growl effect) with stable sub-harmonics

FIGURE 6.17: Spectrogram of a sound from the 2nd category with
unstable sub-harmonics and noise

We present in this section two different approaches to apply such voice qual-
ities from those 2 categories on modal (or "clean") voices. As rough voices are
usually related to a rather high vocal effort, those effects should however better be
applied on voices that are already tense or loud to obtain natural results. For softer
voices, the intensity transformation discussed above could be used as a first step
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before applying the roughness transformation.
Our first approach is based on a simple amplitude modulation and time-domain
filtering to efficiently create sub-harmonics in the original signal, suitable mainly
for voices of the 1st category. The second approach is based on the PaN synthesis
engine, introduced in section 3.5.2 to generate jitter and shimmer by modifying
the glottal pulses’ positions and amplitudes, capable of modeling more chaotic be-
haviours characteristic of the sounds from the 2nd category. (Note that, in this
section, jitter denotes very local pulse-to-pulse f0 variations, whereas the jitter in
section 4.4.4 tended to designate longer-term variations.)

6.3.1 1st approach: amplitude modulation

Amplitude modulation simply consists in multiplying in the time-domain a carrier
signal with another one (the modulating signal) with a lower frequency and an
amplitude comprised in the range [0-1], centered around 1.
Let xc(t) = Ac cos(ωct) be the carrier signal, with an angular frequency ωc and
an amplitude Ac, and xm(t) = 1 + h cos(ωmt) be the modulating signal with
an angular frequency ωm and a modulation depth h ∈ [0 − 1] (also called the
modulation index). We then have, as a result of the modulation:

y(t) = xm(t)xc(t)
= (1 + h cos(ωmt))Ac cos(ωct)
= Ac cos(ωct) +Ach cos(ωmt) cos(ωct)

= Ac cos(ωct) + Ach
2 cos((ωc + ωm)t) + Ach

2 cos((ωc − ωm)t)
= xc(t) + y+(t) + y−(t)

(6.13)
The resulting signal thus contains the original sinusoidal carrier signal xc(t), and 2
new sinusoids y+(t) = Ach

2 cos((ωc + ωm)t) and y−(t) = Ach
2 cos((ωc − ωm)t)

with amplitudes Ach
2 at frequencies ωc + ωm and ωc − ωm.

Now, let’s consider xc(t) being a voice signal, approximated by a simple sum
of N harmonic sinusoids: xc(t) =

∑N
i=1Ai cos(iω0t) (where ω0 = 2πf0). The

result of the modulation of this signal by xm(t) would simply be the sum of each
harmonic modulated individually:

y(t) = xm(t)xc(t)

= xm(t)
∑N

i=1Ai cos(iω0t)

=
∑N

i=1 xm(t)Ai cos(iω0t)

= xc(t) +
∑N

i=1(y+i(t) + y−i(t))

(6.14)

with y+i(t) = Aih
2 cos((iω0 + ωm)t) and y−i(t) = Aih

2 cos((iω0 − ωm)t).
By choosing an appropriate value for ωm, it is thus possible to generate sub-
harmonics between each harmonics at frequencies iω0 ± ωm, the distance of each
sub-harmonic to its related harmonic i being thus equal to ωm. Thus, setting
ωm = ω0

k , this would generate a pair of sub-harmonics around each harmonic at
iω0 ± ω0

k .
A particular case is ωm = ω0

2 where the upper sub-harmonic generated by the ith

harmonic and the lower sub-harmonic generated by the (i+1)th harmonic have the
same frequency (iω0+ωm = (i+1)ω0−ωm). This results in a single sub-harmonic
being generated between each pair of harmonics (as can be often observed on real
signals like the one from figure 6.16).
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It is also possible to use a sum of sinusoids for the modulating signal, in order to
generate more sub-harmonics:

xm(ω0, t) = 1 +
K∑
k=1

hk cos
(ω0

k
t
)

(6.15)

For instance, in order to generate 3 equally-spaced sub-harmonics, one may use
the sum of 2 sinusoids at ω0/2 and ω0/4.

Note that in terms of signal’s characteristics, temporal amplitude modulation
can be related to some kind of shimmer (in this case with a regular periodic
pattern and not random variations, as the modulation frequency is directly related
to the f0). Sub-harmonics may also be obtained using frequency modulation
(which would then be rather related to jitter). In [Gio+99], the author states that
such non-linear combination of 2 signals with amplitude and phase modulations
produce lateral waves and relates this phenomena as an evidence of coupling
between the 2 vocal folds. However, frequency modulation generates an infinite
series of sub-harmonics (lateral waves) with more complex amplitude relations,
which are thus more complex to control for our purpose.

Figure 6.19 b) shows the result of such an amplitude modulation on an original
"clean" voice signal, whose spectrogram is shown on figure 6.19 a), for the simple
case where ωm = ω0

2 . However, using only this modulation doesn’t result in a
natural-sounding voice signal. The reason for this is that the amplitudes of the
lowest sub-harmonics (and especially that of the first one, below the fundamental)
are too high. Observing real signals, such as the one shown in figure 6.16, we can
see that the amplitudes are much lower for the lowest sub-harmonics.
In order to obtain something similar, it is thus necessary to high-pass filter the
sub-harmonics. As the original signal xc(t) is fully preserved in the modulated
signal, the generated sub-harmonics can easily be isolated by simply subtracting
this original signal from the modulated one: ysub(t) = y(t)− xc(t). Once the sub-
harmonics have been isolated, they can be high-pass filtered before being added
back to the original signal by a simple summation. We use for this purpose a
butterworth digital IIR high-pass filter. We thus obtain the final rough voice signal
as:

yrough(t) = xc(t) + αyHPsub (t) (6.16)

where yHPsub (t) denotes the high-pass filtered sub-harmonics, and α > 0 is a mixing
factor. The whole algorithm is summarized in figure 6.18, and an example with the
signals obtained at each step of the algorithm is shown in figure 6.19.

Figure 6.19 e) shows the final result of the effect, after the filtering step. In
this example, we tried to obtain a result similar to the real voice shown in figure
6.16. For this purpose, we used for the modulation a single sinusoid at ω0/2, with
a modulation depth h = 0.75, a 3rd order filter with a cut-off frequency at 1000Hz,
and a mixing factor α = 1.
However, it seems, from observations, that those parameters, and especially the
filter’s cut-off frequency, tend to vary from one voice to another, giving differ-
ent qualities of roughness. From the physiological point of view, the amplitude
modulation may possibly be related to the interaction between the vocal folds and
other vibrating supra-glottal structures such as the ventricular folds. For instance
in [Bai09], the author observed vibrations of the ventricular folds at frequencies
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FIGURE 6.18: Schematic of the amplitude-modulation-based
roughness algorithm

f0/2 or f0/3, which may then modulate the original sound wave generated by the
vocal folds. But it remains unclear how the high-pass filtering of the sub-harmonics
relates to the voice physiology, and if the cut-off frequency should be related to the
f0 or rather be fixed according to other physiological factors (e.g. vocal tract con-
figuration). The modulation index could also be changed to obtain a more or less
intense effect. Another simple way of varying the intensity of the effect is to vary
the mixing factor α.
Using appropriate settings, this simple approach has proved to give very natural
results on several examples. But due to the lack of time, no proper evaluation has
been done yet, and a subjective listening test should be conducted in order to eval-
uate the naturalness of the sounds produced using a more extensive set of voice
samples and define several presets for generating different rough qualities.
According to our observations on various recordings, it appears that real voices may
contain from 1 to 5 sub-harmonics. The more sub-harmonics there are, the more
rough the voice sounds. Figure 6.20 shows another example of the effect applied
on the same original voice, but using as modulating signal a sum of 3 sinusoids at
f0/2, f0/3 and f0/6, with a modulation depth of 0.5, α = 1, and the same filter
as above. Some sounds for the 2 examples illustrated in figures 6.19 and 6.20 and
others can be found on the web page at url5 (sounds 6.4 to 6.15).

Although other approaches have been proposed to generate sub-harmonics to
create roughness in voice (e.g. [Nie08; LB04; BB13]), the main advantage of this
approach, beyond its simplicity and the naturalness of the results obtained, is its
efficiency. The only operations required to apply this effect are 1 multiplication
for the amplitude modulation, a subtraction to isolate sub-harmonics, a few

5http://recherche.ircam.fr/anasyn/ardaillon/these/these.php

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php#roughnessAM
http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
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a).

b).

c).

d).

e).

FIGURE 6.19: Example of the amplitude-modulation roughness
effect, showing the spectrum of signals at each step of the algo-
rithm. a). original "clean" voice signal xc(t); b). amplitude-
modulated signal y(t); c). isolated sub-harmonics ysub(t); d).
high-pass filtered sub-harmonics yHP

sub (t); e). final rough voice
signal yrough(t)
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FIGURE 6.20: Example of roughness effect with 5 sub-
harmonics, using a sum of 3 sinusoids for the modulating signal

multiplication and additions for the filtering (depending on the order of the filter),
and an addition and a multiplication for the final mixing step. This thus makes
this approach especially suitable for real-time. Although real-time is not necessary
for its integration into our singing synthesizer ISiS, this nevertheless allows other
interesting applications of this effect, which may be very easily integrated into
real-time singing synthesizers like [Feu+17], or used as an audio effect on a real
voice, for instance for a singer who is not able to produce this effect himself. The
effect has first been developed in python, from which a max/MSP implementation
has been derived for real-time, thanks to the work of Dr. Marco Liuni. The most
computationally-heavy step for applying this effect in real-time is however the f0
estimation, that is necessary for setting appropriate frequencies for the modulating
signal. We used for this a real-time implementation of the yin algorithm [CK02],
available at url6, which allowed us to implement the effect with no audible latency
(note that for real-time synthesis systems like [Feu+17], this f0 estimation would
not even be necessary, as the f0 value is directly provided by the user).

The presented approach is especially suitable for generating sounds with stable
sub-harmonics, from the first category defined above. However, for more unstable
types of rough voices, the number of sub-harmonics and the modulation parame-
ters could be changed along time to create bifurcations between different regimes.
Another possibility would be to use not only sinusoids for the modulating signal,
but also more chaotic signals, e.g. using band-pass filtered noise. However, more
research would be necessary to properly investigate those possibilities.
Finally, another remaining open question about this approach is the influence of the
phase of the modulating signal. From empirical testing, it appeared that this phase
value may influence the quality of the result (at least for the single sub-harmonic
case). Some more tests would thus be necessary to investigate this question and de-
termine if some refinements may be necessary to properly control the phase of the
modulating sinusoids (e.g. to better align them according to the pulse positions).

6.3.2 2nd approach: jitter and shimmer modeling with PaN

In the previous section, we focused on the spectral characteristics of rough
voices from the 1st category, proposing a simple approach to generate stable
sub-harmonics using amplitude modulation. But for voices of the 2nd defined

6http://forumnet.ircam.fr/product/max-sound-box-en/

http://forumnet.ircam.fr/product/max-sound-box-en/
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FIGURE 6.21: Waveform extract of a rough voice (from the same
recording as figure 6.17) with annotated periods
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FIGURE 6.22: Distribution of ratios of individual periods over the
periods obtained form the low-passed f0 of 2 analyzed segment
from both a "clean" and a rough voice extracts from the same

singer, showing the presence of jitter in the rough voice

category, sub-harmonics are not always present, or are less stable, and signals are
mainly characterized, in the time domain, by the presence of jitter and shimmer,
that can be described respectively as (pseudo-)random pule-to-pulse frequency
and amplitude variations, as has been attested in previous studies [BB13; VK05;
Jon+01].
Figure 6.21 shows an extract of the waveform corresponding to the spectrogram
of a rough voice from figure 6.17, along with markers at the peaks of each glottal
cycles. As one can see, the peak amplitude varies from one glottal pulse to another
(while the VTF is assumed to be relatively stable in this example). It is not easy to
visualize the jitter directly on the waveform, but figure 6.22 shows the distributions
of the ratio of the local period of each glottal cycle, obtained from the markers
shown in figure 6.21, over the period obtained from the low-passed f0 analysis at
the positions between each markers, both for this rough voice sound and another
"clean" voice sample from the same singer. Figure 6.23 shows the superposition of
the annotated glottal cycles on the same segments, normalized in duration (using
resampling). As one can see, the waveform is much more constant for the clean
voice than for the rough voice.

Using the PaN parametric synthesis engine presented in section 3.5.2, we
generate each glottal pulse individually and thus have the possibility to precisely
control their positions and amplitudes. We thus propose here to model rough
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a). b).

FIGURE 6.23: Superposed normalized periods for a "clean" (a)
and a rough (b) voice
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FIGURE 6.24: Jitter extract showing the local f0 values for indi-
vidual glottal cycles and the low-passed f0

voices by introducing jitter and shimmer by controlling individual pulses (as was
already suggested as a perspective in [Bon04]), using the PaN engine, based on the
analysis of real rough voices.

Currently available f0 estimation methods (such as the one used in our synthesis
system) may be disturbed by the presence of sub-harmonics and are not accurate
enough to precisely extract the local frequency at each glottal pulse to estimate
jitter. It is thus necessary to use a more accurate approach for extracting the pulse-
to-pulse frequency variations in rough voice samples. The Rd estimation algorithm
presented in section 2.2.4 can give an estimate of the glottal closure instant of each
glottal pulse, along with the estimated Rd value. However, this algorithm first
requires an estimate of the f0. In order to precisely analyse jitter and shimmer
from rough voices recordings, we thus first run an approximate estimation of the
f0 and manually correct it when necessary. Then, the Rd estimation algorithm is
used to get an estimate of each glottal pulse position. But this algorithm assumes
that the voice source fits a usual shape that approximately matches the LF model,
which may not be the case for rough voices and can lead to estimations errors. The
positions estimated by this algorithm are thus moved to the biggest peak of each
glottal cycle around the initially estimated position. Finally, those positions are
verified and manually corrected when necessary. These peaks positions then allow
us to precisely extract the frequency and amplitude of each individual glottal cycle.
An example of such annotation was already shown in figure 6.21. Then, from this
annotation, the jitter and shimmer can be estimated by computing the ratio of local
f0 and amplitude values estimated for each glottal cycle over a low-pass filtered
version, as shown on figures 6.24 and 6.25 for jitter, and stored as templates.

Then these templates, stored as simple factors centered around 1, can be used
during synthesis to rescale the original periods and amplitudes of each glottal
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FIGURE 6.25: Jitter template as ratio of local frequency over low-
passed version

FIGURE 6.26: Resynthesis of sound from figure 6.17 with the
PaN engine after suppression of jitter and shimmers

cycles of a pre-analyzed voice before resynthesizing it using the PaN engine, as
previously described in section 3.5.2. Using this approach, the degree of jitter and
shimmer analyzed on a real rough voice can thus be varied to modify the rough
quality of the voice, or transposed on another voice to introduce roughness, possi-
bly using looping to extend the extract, if necessary, as is done for morphing-based
approaches [BB13].

Figure 6.26 shows the resynthesis of the sound from figure 6.17 where the jitter
and shimmer have been removed by low-pass filtering the f0 and spectral envelope
to produce a clean version. In Figure 6.27, the original shimmer and jitter patterns
extracted from the original rough voice (such as the template shown in figure 6.25)
have been reintroduced in the PaN synthesis by scaling the glottal pulse periods and
amplitudes according to these patterns. As can be seen on this figure, the spectrum
is very similar to the original one, contai ning noise and sub-harmonics, and the
result thus also sounds rather close to the original rough voice.

An advantage of this approach over other approaches like spectral morphing
[BB13] is that besides using real recordings, it is also possible to build artificial
jitter or shimmer patterns from the ground up without necessarily requiring to an-
alyze real recordings. It also gives more control over the behaviour of the jitter
and shimmer to vary the degree and type of roughness. Note that more regular (or
periodic) patterns can also be used to generate stable sub-harmonics. For instance,
repeating similar jitter factors every 2 cycles generates 1 sub-harmonic between
each harmonic (spaced by f0/2), and using a repetition rate of 3 glottal cycles gen-
erates 2 sub-harmonics between each harmonic (spaced by f0/3), as illustrated in
figure 6.28. Such local regularity can also be observed on real sounds as for in-
stance in the patterns from figure 6.25. This approach could thus also be used to
generate rough sounds with stable sub-harmonics from the 1st category.
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FIGURE 6.27: Resynthesis of sound from figure 6.17 with the
PaN engine, applying the jitter and shimmer patterns extracted

from the original sound

FIGURE 6.28: Example of using regularly alternating jitter fac-
tors. Sub-harmonics are generated in the spectrum depending on

the alternance rate.

Some examples of results obtained using this 2nd approach are given in sounds 6.16
to 6.24.

Using this 2nd approach, we managed to generate some artificial rough voices
that sound similar to original recordings. This can thus be accounted as a proof
of concept for applying roughness transformations by introducing jitter and shim-
mer with the PaN engine. However, we haven’t managed yet with this approach to
obtain results that sound as natural as the original rough sounds we analyzed. An
hypothesis to explain this is that besides the frequency and amplitudes of the glottal
cycles, their shape should also change from one period to another. Small variations
of the waveform can indeed be observed for instance on figure 6.21. A possibil-
ity would be to apply a filter that varies from one glottal pulse to another, as has
been suggested in [Bon04] and [Nie08], but further research would be necessary to
investigate this possibility. Another limitation is that, contrary to our 1st approach
based on amplitude modulation, it is not possible here to filter the sub-harmonics
which may be too important in the low frequency range. But an hypothesis is
that what we observe as jitter and shimmer should rather be assumed to be con-
sequences of a more global change of the shape of the glottal pulses due to the
interaction between the glottal source and other structures, and a possible idea to

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php#roughnessPaN
http://recherche.ircam.fr/anasyn/ardaillon/these/these.php#roughnessPaN
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simulate this, while limiting the amplitudes of the lower sub-harmonics, would be
to introduce some kind of frequency-dependant jitter using all-pass filters to apply
different phase shifts depending on the frequency (and possibly use an additional
equalization to modify the amplitudes).

6.4 Summary and perspectives

In this chapter, we presented some research aiming at improving the naturalness
of the synthesized voices and extending the expressive possibilities required to
synthesize various singing styles, by means of timbre transformations. In particu-
lar, we first focused on the problem of intensity transformation by modifying both
the glottal source and vocal tract filter. Then we presented 2 new approaches to
introduce roughness in voice.

For modifying the glottal source, we proposed to use the PaN synthesis engine
to modify the Rd parameter along with the energy of the glottal pulses, based on
a simple rule. However, preliminary perceptual tests based on this transformation
did not allow yet to fully confirm an improvement of naturalness for intensity
transformations using this rule alone. Several hypothesis have been formulated to
explain this limited result, one of which is that the vocal tract filter should also
be coherently modified along with the source component for the effect to be well
perceived.
We assume that the most perceptually important modification of the vocal tract
for intensity transformations is the mouth (or jaw) opening. We thus proposed
to simulate the effect of mouth opening on the voice spectrum. For this purpose
we proposed, based on signals analysis and simulations, a simple rule to modify
the frequency and bandwidth of the 1st formant. Then, a new approach to apply
this rule on real voices has been proposed, based on poles modification from an
estimated all-pole model of the spectral envelope. 2 listening tests were conducted
in order to validate the effectiveness of the transformation in terms of naturalness
of the transformed sounds and of perception of the degree of mouth opening
induced. The results of these tests confirmed that the proposed rule and method
were very effective for simulating mouth opening on real voice sounds. However,
it should be noted that the effect should be adapted to the nature of the transformed
vowel, as the degree of mouth opening is physiologically limited for some closed
vowels like /i/ or /u/.
As intensity transformation techniques mainly rely on a proper estimation of the
spectral envelope, an interesting perspective to further improve the accuracy and
robustness of our approach (or for morphing-based approaches) may be to first
use the MFA envelope estimation methods mentioned in section 6.2 to derive
an all-pole model using the DAP analysis, similarly to the TE-LPC approach
proposed in [VRR06] that combines together the True-envelope and the LPC for a
more accurate all-pole spectral envelope estimation.
Finally, a means to correct the final loudness to match the target curve from the
control module is proposed, by computing a time-varying correction gain, based
on a simplified loudness measure that we presented.
This work represents a first step towards a complete parametric vocal intensity
transformation. Due to the lack of time, the 2 proposed modifications of the source
and vocal tract components have not been combined together yet. Future works
should thus investigate the proper tuning of those 2 rules according to vowel,
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gender, or singing style, in order to produce the most natural and expressive
effect, and a new subjective evaluation should then be conducted. It would also be
interesting to compare the results obtained with other approaches such as spectral
morphing. The combined effect should then be properly integrated into our ISiS
synthesizer. However, other aspects are still to be considered to cover all effects
related to vocal effort and intensity. Examples are the noise level, or the singer’s
formant that can be observed in certain voices depending on gender and singing
style. Informal observation on a few recordings also suggested that the zeros of
the spectrum in nasal vowels tend to be less prominent with increasing intensity,
but this aspect cannot be modeled using an all-pole envelope only and should be
further investigated.

While we first focused in this thesis on intensity transformations, the approach
proposed for mouth opening transformations could be also similarly applied to
pitch transformations. In [Sun90] (p.125), Sundberg illustrated the relation be-
tween jaw opening and f0 for different vowels sung by a professional female opera
soprano singer, showing that the jaw opening increases with pitch for all vowels,
except for the /a/ (which is already one of the most open vowels). Following this
indication, the rule we proposed for simulating mouth opening could thus be used
directly for pitch modifications. But other rules could also be applied, using the
same approach, for instance related to formant tuning where the frequency of
formants are tuned to the fundamental or certain harmonics of the voice, as has
been proposed in [HSW11]. Authors in [San+16] also proposed to modify the
frequencies of the first 3 formants F1, F2 and F3 for pitch transformations.Our
approach could also possibly be used to shift F3, F4, and F5 closer to one another,
which is assumed to be the cause of the singer’s formant [Bjo08; SLG13].
For pitch modifications, the glottal source component may also need to be modi-
fied, as suggested in [DRR11b] which proposed a rule to modify the Rd parameter
according to the transposition’s factor for speech. This rule has also already been
implemented into our synthesizer, but its effectiveness in the case of singing could
be further investigated.

Besides our work on intensity, we also proposed 2 approaches for modeling
vocal roughness. The 1st approach is based on amplitude modulation and filtering
for generating rather stable sub-harmonics characteristic of certain types of rough
voices (e.g. growl effect). The advantages of this approach are its high simplicity
and efficiency, which make it suitable for real-time transformations. Based on
informal listening, we state that this approach is capable of generating roughness
on modal voices with a high naturalness. However, this method has not been
properly evaluated yet, and subjective listening tests should be conducted to
confirm this statement. A remaining open question to be further investigated
for this approach is the influence of the phase of the modulating signals on the
naturalness of the results.
The second proposed approach to roughness transformation is based on jitter and
shimmer modeling using the PaN synthesis engine. While the sounds generated
with this technique can reproduce a rough quality similar to that of real sounds
that have been analyzed, we did not managed yet to have it sound as natural as
the original rough sounds, and the quality of the result tend to vary from one
sound to another. An hypothesis to explain this is that the use of the LF-source
model in the PaN engine results in a too important regularity of the waveform,
despite the applied shimmer and jitter, while each pulse should also probably be
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independently modulated or filtered. However, the work presented on this 2nd

approach constitutes only a preliminary step mainly aiming at demonstrating the
potential of the PaN synthesis engine for such transformations, and further works
on this approach will be necessary to improve those results.
Besides singing voice synthesis, these 2 approaches may also be of interest in
the framework of perceptual experiments which require to precisely control the
characteristics of the stimuli used. In collaboration with the perception team at IR-
CAM, it is planned to use the presented approaches in the context of experimental
studies investigating the perception of emotions in voice and music.

In future work, the modeling of other voice qualities could also be investigated
to be used as expressive effects in the context of singing voice synthesis. Examples
are breathy or creaky voices. Vocal fry, or more generally the various laryngeal
mechanisms, could also be modeled. The PaN synthesis engine offers interesting
perspectives for this purpose, as such effects and mechanisms are mainly related
to the source component which can be precisely manipulated with PaN. From
informal tests, it appears that a simple downward transposition to a very low pitch
using the PaN engine already results in a voice quality rather close to vocal fry.
In [Bai09], the author states that the closing time of the glottal source (ta) should
be longer for fry (mechanism M0) than for modal voice (mechanism M1), which
could be investigated.

Finally, for a proper integration into our singing synthesis system, and for the
purpose of singing style modeling, all those timbral effects should ideally be auto-
matically controlled according to the user’s inputs, the musical contexts, the chosen
voice database, and the target singing style.
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Chapter 7

Conclusion

7.1 Summary of personal contributions

The end objective of this thesis was to conduct researches towards the development
a high-quality singing voice synthesis system that can, from a given score and
lyrics, automatically generate a singing voice that sounds as natural and expressive
as possible. This task however implies many aspects, from signal modeling and
expressive voice transformations to the control of the synthesis and singing styles
modeling, and many problems have to be addressed, that could not be all covered.
We summarize in this section the main contributions of this thesis work to the field
of singing voice synthesis and transformations.

A thorough state of the art review:
In chapter 2, we reviewed the various aspects related to singing voice synthesis.
This review covered the voice production mechanism, the existing synthesis
techniques, the approaches to voice modeling and basic transformations (pitch
and duration), the possible more advanced voice quality and expressive timbre
transformations, the control of the synthesis, and the modeling of singing styles.
For each of those aspects, we discussed the main existing techniques, with their
advantages and limitations. Although this review is probably not fully exhaustive
for all aspects covered, we assume that it gives a good overview of the research
field, attesting of the current state of the researches, and pointing out the current
limitations.

Development of a state-of-the-art concatenative singing synthesizer:
In chapter 3, we presented our work on the development of a fully-functional state-
of-the-art concatenative singing voice synthesizer. We first described the specifica-
tions and the process related to the constitution of our synthesis databases. Then,
we presented our strategy for the segmentation of those databases. Finally, the im-
plementation of our singing synthesizer "ISiS" has been described, along with the
signal models and transformations used, and specific processing related to the con-
catenation to avoid discontinuities at junction between segments. In particular, a
first engine based on an advanced phase vocoder implementation (using superVP)
has been developed (the "SVP" engine). Then, thanks to the modular architecture
of the system, a second parametric synthesis engine (the PaN engine, developed by
Dr. Axel Roebel) has also been integrated.
Although this work doesn’t constitute a major personal contribution in terms of re-
search results, being partly based on previous works and relatively similar to other
state-of-the-art concatenative systems, the development of such a system was a first
necessary step to identify the limits of the techniques employed, before working on
further improvements, and to provide an essential tool allowing to work on other
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more specific aspects like expression control and singing style modeling.

A new parametric f0 model with intuitive controls:
In order to synthesize natural and expressive singing voices from a simple score,
providing only notes’ pitches and durations, an appropriate control of the synthesis
is also necessary. In chapter 4, we addressed the problem of generating the
synthesis parameters, encompassing the phonemes durations, the f0 and the
intensity variations.
In particular, we proposed a new multi-layer f0 model with intuitive controls to
generate natural and expressive f0 variations from the score. This model is mainly
composed of a melodico-expressive layer generated using B-splines, with a re-
stricted set of intuitive parameters that can be used to generate attacks, transitions,
sustains and releases with expressive fluctuations like preparations, overshoots, and
vibrato. To this first layer are also added a jitter and a micro-prosodic component
to improve the naturalness of the generated curve.
This model has been evaluated by means of a listening test and has proved to be
suitable to generate artificial curves that sound similar to real f0 curves extracted
from recordings of professional singers in different singing styles.

A new approach to automatic tuning of expressive parameters and singing
styles modeling:
Although the proposed control model provides intuitive parameters to the user, the
manual tuning of the synthesis remains a fastidious task, that should thus better be
automatized, which cannot be done without considering the target singing style.
In chapter 5, we thus addressed the question of how to automatically generate
appropriate parameters to render expressive performances and model various
singing styles in the synthesis.
First, we discussed the definition of a singing style, which had not been well
established until now in the framework of singing synthesis and tends to vary a lot
in the literature, and we reviewed the various aspects implied in its perception.
Based on the suggested definition, we then constituted a stylistic corpus of
consistent commercial recordings from 4 famous French singers representative of
different singing styles.
Among the various features implied, we proposed in this work to model singing
styles based on the 3 basic prosodic parameters that are phonemes durations (not
much considered in previous works), the f0, and the intensity. For this purpose, we
developed a new approach to learn the specific variations inherent to each singing
style by choosing appropriate parameters estimated on the corpus, according to the
target contexts of the score, using decision trees.
Although many aspects related to singing style have not been considered, some
encouraging results were obtained in an evaluation of this approach. Besides
modeling singing styles, this approach also alleviates the need of manual tuning
by automatically generating expressive performances with context-dependant
variations, while still providing useful controls to the user to modify the result.

Investigations on parametric intensity transformations, including a new
rule and approach to produce a realistic mouth opening effect:
In order to further improve the quality of concatenative synthesizers, one of the
main current challenges is to provide appropriate transformations that are coherent
with the variations imposed by the control parameters, and extend the timbre space
covered by the synthesizer, based on the limited set of recordings contained in the
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database.
In chapter 6, we proposed to use a parametric approach for intensity transfor-
mations, by decomposing the global effect into several contributions related to
different physiological factors. First, we proposed to modify the source spectrum
to vary the perceived tenseness of the voice according to the target intensity, by
applying a simple modification rule on the Rd and Ee parameters of the LF glottal
source model in the PaN synthesis engine.
Then, we proposed a simple rule to modify the frequency and bandwidth of the
first formant according to the degree of mouth opening, which is assumed to be
related to variations of vocal intensity. Then, in order to apply this effect on real
recordings, a new approach has been proposed, based on poles modification of an
all-pole model of the spectral envelope. A subjective evaluation confirmed that
the proposed rule and approach were very effective to provide a realistic mouth
opening effect on sustained vowels recordings. Note that these proposed rule and
approach may also be applicable for pitch transformations.
Finally, in order to provide an appropriate control of the sound level according to
the target intensity, we proposed to use a simple loudness model, from which a
correction gain can be computed to correct the final level of the synthesis.
Although other aspects like the level of aspiration noise, or the singer’s formant,
could be also considered, we assume that the combination of those 3 components
should result in a satisfying intensity transformation, although they have not been
properly integrated together in our synthesizer yet.

New approaches to roughness transformations:
In order to further extend the possibilities of the synthesizer and model various
singing styles, some specific vocal qualities should also be reproduced. A particular
timbral effect used in certain singing styles is vocal roughness. In chapter 6, 2 new
approaches to roughness transformations have been investigated.
The first approach we proposed is based on amplitude modulation and time-domain
filtering to generate sub-harmonics with appropriate amplitudes in a modal voice
recording.
The second approach aims at introducing jitter and shimmer patterns, extracted
from real rough samples, in synthesized voices. This is done by controlling the
position and amplitude of each glottal pulse using the PaN synthesis engine to
reproduce variations similar to that of real rough voices.

7.2 Artistic collaborations

Singing voice synthesis being meant to be used in musical productions, IRCAM
offers an ideal environment, by bringing together researchers and composers, to
explore the possibilities (and the limits) offered by the results of our research in
artistic contexts.
During this thesis, the system developed has been used to produce synthetic voices
for the virtual clone of a singer for the opera "I.D."1, composed by Arnaud Petit
and written by Alain Fleischer, to be created in october 2017. For this purpose, the
EL synthesis database has been used, which has actually been recorded by the so-
prano singer Eléonore Lemaire, who will interpret the real character of this opera.
An extract of the synthesis generated for this piece is given in sound 7.1 (using a
temporary midi musical accompaniement).

1http://www.lefresnoy.net/panorama18/artwork/710/id/arnaud-petit

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.1.ID_ArnaudPetit_synthesisExtract.mp3
http://www.lefresnoy.net/panorama18/artwork/710/id/arnaud-petit
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Besides this first artistic collaboration, the potential of our approaches to rough-
ness transformations for artistic applications is also being currently explored by the
composer Marta Gentilucci in the framework of her composer’s residency at IR-
CAM during the year 2017.
Hopefully, future works will further improve the quality and flexibility of our syn-
thesis system, as well as its accessibility (the current user interface remaining lim-
ited), and will spark interest from other composers and artists to explore the possi-
bilities offered by such systems.

7.3 Current limitations and perspectives

In the introduction of this thesis, section 1.5, we listed 3 main challenges to be
faced to improve the quality of state-of-the-art synthesizers. In the previous chap-
ters covering the different aspects of singing voice synthesis, some issues related
to those challenges have been addressed, and some ideas for future improvements
and perspectives have been given. We aim to summarize in this section the
main limitations of state-of-the-art systems, including ours, and possible research
perspectives to further improve the quality and extend the possibilities of singing
synthesis.

Signal modeling and transformations:
Although HMM-based synthesis systems may still be improved, e.g. using
better vocoders, their quality currently remains limited due to oversmoothing
problems related to the statistical modeling. Neural-network-based synthesizers
have recently emerged [BB17] and seem to have good potential to improve the
results obtained with HMM-based systems. However, we assume that current
concatenative synthesizers still provide the best synthesis examples, regarding
sound quality, and can already produce intelligible and rather natural-sounding
voices, based on signal modeling techniques like the phase vocoder, or parametric
vocoders like PaN. However, such quality can currently be obtained only for a
limited range of the control parameters, mainly regarding pitch. The more distant
the target parameters are from the original ones, the more artifacts arise. One of
the main current challenges is thus related to voice transformations, in order to
extend the quality of the synthesis to a larger range of parameters, by producing
an homogeneous, natural, and coherent timbre over an important range of pitch or
intensity values.

Regarding the pitch transformations, a first cause of artifacts with the phase
vocoder, especially for downward transpositions, is related to the amplification of
noise in formants after transposition with spectral envelope preservation, which
augments the hoarseness of the voice, along with the lack of higher harmonics. In
order to limit this effect, the noise could be treated separately from the harmonic
part. The use of a parametric glottal source model in the PaN engine, along with a
separate processing of the unvoiced part, already tends to improve the quality for
downward transpositions over the phase vocoder approach.
But another important limitation for transposition is related to the spectral envelope
estimation, especially for high-pitched female voices, due to its sparse sampling by
the harmonics. A possible direction to try to improve such estimation, that has been
evoked in sections 2.2.3.3 and 6.2, is the use of multi-frame analysis techniques,
which has already given encouraging results for transposition, as has been detailed
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in [DAR16a], and could thus be further explored. For the PaN approach, the
estimation of the Rd parameter also remains difficult for high-pitched voices and
should be improved.
Finally, it is also well-known that the spectral envelope is dependant on the pitch,
and should thus be modified accordingly. For this purpose, the mouth-opening
effect developed in chapter 6 for intensity transformations could also be used in
the case of pitch modification (as jaw opening seems to be correlated to pitch,
as illustrated in [Sun90], p.125), or adapted to implement other rules related
to formants tuning, as suggested in [HSW11]. Besides the VTF, the source
component may also need to be adapted according to the pitch, as has been already
suggested in [DRR11b], and to model the various laryngeal mechanisms. This
possibility should thus also be considered for a fully-realistic transformation.

Regarding intensity transformations, the transformations of the glottal source
and spectral envelope proposed in chapter 6, along with loudness correction,
should first be properly integrated to create a complete intensity transformation
effect, and evaluated. Then, other elements like the level of aspiration noise and
the singer’s formant should also be investigated and could be integrated in this
parametric effect for further improvements. We assume that such a parametric
approach could circumvent the limitations of morphing-based approaches, which
relies on specific recordings and can’t properly model the timbre variations on
coarticulation parts, at vowels boundaries. But it would be interesting to compare
both approaches in a real use-case with our concatenative synthesizer, once
properly integrated, to verify this assumption.

Expression control and singing styles modeling:
Regarding the generation of control parameters, a particular limit of state-of-
the-art approaches that we aimed at overcoming in this thesis, while combining
the advantages of each technique, is the lack of intuitive means for a user
to control and modify the result of the synthesis, especially regarding the f0.
However, the approach we proposed also has its own limitations, the main
one being that the possible expressions that can be produced are limited by
the restricted set of control parameters provided for tuning the f0 and intensity
curves. All possible contours thus can’t be accurately reproduced with our ap-
proach, although the proposed models appear to be rather well suited in most cases.

In [Umb15], the author defended the idea of using hybrid approaches to
combine the advantages of HMM and units selection-based approaches. In order to
further improve our results, while maintaining our idea of providing some higher
degree of controllability compared to other approaches, we suggest, as a new
perspective, to develop an hybrid approach combining our parametric approach
to parameters generation with a units selection-based approach similar to that
proposed in [Umb15]. With such idea, real contours could be used to accurately
reproduce the expressions of real singers, while still being parametrized and
quantified. This way, it would thus still be possible to use decision trees, based
on a rich contexts description, for selecting the target units, with the additional
possibility to modify the expressive parameters to drive the selection process and
further transform the selected units to change the expression.

The modeling of singing styles could then be further improved, by considering
more contextual factors in the selection process, like the rhythmical position of
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notes in bars and syntactic labels to identify important words to be emphasized.
Regarding the units/templates selection process, it would also be possible to mix
the decision tree-based clustering with a cost function similar to that used in units
selection, in order to choose the most appropriate units on the leaves of decision
trees.
Note that besides the implicit knowledge induced by machine learning, a certain
amount of explicit knowledge is still necessary, in order to determine the important
contextual factors to be considered (e.g. for building the decision trees, or in the
cost function), and to maintain the coherence between the various parameters,
using specific rules and constraints (e.g. regarding the alignment between f0
variations and phonemes, as suggested in section 4.4.2.6).
The coherence between the f0 and intensity could also be improved, for instance
by using the intensity parameters as contextual factors for predicting the f0, or by
using multi-dimensional units, selecting simultaneously the f0 and intensity units
from the same notes in the stylistic corpus.
Finally, other aspects related to singing style should also be modeled, encompass-
ing symbolic features like rhythmical deviations and ornamental notes, and timbral
features like voice quality.

Voice quality and expressive timbral effects:
A last challenge to be faced to extend the expressive potential of synthesized voices
concerns the modeling of specific voice qualities and expressive timbral effects,
necessary to model more varied singing styles. In this thesis, we proposed 2 ap-
proaches to produce vocal roughness transformations (such as the growl effect),
based on amplitude modulation and jitter and shimmer modeling.
Regarding the 1st approach, the implication of the phase of the modulating signal
on the produced sound should however be further investigated.
Although the 2nd approach proved (based on informal listening) to be able to pro-
duce voice qualities close to original rough voices in synthesis, further work is still
necessary to improve the quality that remains limited in some cases. In particular,
besides jitter and shimmer, modulations of the pulse’s shape can be observed that
are not currently modeled, and the current approach doesn’t provide any means
to limit the amplitude of the generated sub-harmonics and noise in the low fre-
quencies, which seems important to consider to obtain a natural-sounding result.
In future works, we might investigate the possibilities of using all-pass filters and
equalization to model the variations on the pulse’s shape and limit the amplitudes
of the lowest harmonics to improve the quality.
Besides vocal roughness, other timbral features like tenseness or breathiness could
also be modeled in the synthesis, for which the PaN synthesis engine has a great
potential.
Finally, the automatic control of such effects has not been given much attention
until now, and should thus be considered in future works to appropriately generate
those vocal effects according to the target singing style and musical contexts.

7.4 About the evaluation of singing voice synthesis

An important, but difficult task for singing synthesis is the evaluation of the
results, in order to assess the obtained quality compared to other state-of-the-art
systems and to real voices. As there is not much objective measure to assess the
quality (considering both naturalness and expressivity) of the synthesized voice,
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evaluations mainly rely on subjective listening tests.

As many different aspects are involved in singing synthesis, each one should
ideally first be evaluated independently, besides the overall quality of the system,
to assess the relevance of the proposed methods. In this thesis, such tests have been
conducted for instance for evaluating the f0 model, the singing styles modeling,
and the mouth opening effect, while trying each time to minimize the impact of
other aspects.
Depending on the feature to be evaluated, many factors should be carefully
considered when conducting a listening test. The type of test to be conducted
(e.g: MOS, CMOS, AB, ABX, MUSHRA, ...) is a first element to consider, as
different tests may be more or less suited to evaluate certain specific features. In
some tests, the sounds are assessed separately, whereas in other tests, they are
compared by pairs or groups with other methods and with target or reference
sounds. In this thesis, we used for instance the MOS, CMOS and ABX testing
procedures to evaluate different aspects, as has been detailed in the previous
chapters. The duration of the test and number of sounds to be assessed is also
an important aspect to be considered, in order to avoid fatigue and encourage
more people to do the test. Some procedures like CMOS or paired comparisons
require more judgements from the listeners for a similar number of sounds
than other procedures like absolute category ratings (MOS tests). Then, the
duration of each sound should also be sufficient to clearly hear the differences
in the evaluated features, but not too long to allow a good memorization before
rating the sound. Finally, the clarity of the instructions and the precision of the
questions asked are of major importance, as depending on how listeners understand
it, they might judge different aspects that may not correspond to what was intended.

But such tests may be time-consuming to conduct and require the participation
of many listeners, and it is thus not easy to systematically and thoroughly test each
aspect of the synthesis.
Furthermore, due to some interdependences, it is sometimes difficult to evaluate
certain aspects separately from other ones. It is for instance difficult to evaluate the
quality of the control of intensity if the system doesn’t already integrate a realistic
intensity transformation, because although the control may be appropriate, it might
not be judged as such if the transformation doesn’t already sound natural. Also,
even with well-designed tests and oriented questions, it is sometimes hard for
listeners to understand what they are expected to listen, and their attention may be
disturbed by artifacts or other aspects that should not be considered.
Besides those aspects, the fact that a listener knows that he/she is listening to
an artificial voice tends to change his/her perception, as certain sound attributes
that would not be questioned when coming from a real voice may sometimes be
considered by listeners as unnatural although they are sometimes similarly present
in real voices (e.g. some degree of buzzyness or nasality, the high or very short
duration of certain phonemes, small pitch or timbral irregularities, or conversely a
very regular sustained vibrato, ...), although this might also be sometimes related
to a lack of coherence with other features. For these reasons, the result of a
listening test is sometimes difficult to interpret in case it does not correspond to
what was expected (as has been evoked for instance in section 6.2.1 regarding our
experiment on glottal source transformation with intensity).
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In this thesis, we have mainly evaluated the quality of the control of the synthe-
sis, as well as some specific timbre transformations. In order to evaluate the quality
of the synthesis (concatenation and signal modeling and transformations) without
the influence of its control, a possibility is to use copy synthesis, were all the
control parameters like f0, phonemes durations, and intensity are analyzed on real
recordings and given as input to the synthesis. Then, the result can be compared to
the original voice (ideally using the same singer in the synthesis database and the
target recordings) to identify the remaining artifacts and limitations to be tackled
in order to obtain a quality similar to the real voice. It would thus be interesting in
the future to do such test with our synthesis system.
It would also be interesting, if possible, to use other singing synthesizers
like Vocaloïd2, Cevio3, or Utau4 as different baselines for comparison, as has
been done for instance in [Umb15] with Vocaloid for evaluating expression control.

However, the overall evaluation of a synthesis system and its comparison
with other ones is a particularly difficult task, due to the disparity and lack of
consistency and compatibility between the existing systems, that rely on different
synthesis techniques, are targeting different languages, use different databases,
provide different interfaces, operate under different constraints (e.g. real-time or
offline synthesis), model different features, etc... A list of the past research projects
on singing synthesis, and some of the differences between existing systems are
given in [Umb+15], in tables 1, 4 and 5. An overview of some subjective and
objective evaluations conducted using those different systems is also given in table
10 of this paper. So, unless the different systems have been developed within the
same research team or project (as it is the case for instance in [BB17] or [Feu+16]),
such comparative evaluation can hardly be conducted.
Some attempts in that direction have however been conducted, at the occasion of
2 singing synthesis challenges at the Interspeech conference, in 20075 and 20166,
the later having been initiated by the collaborators of the ChaNTeR project. In
those 2 sessions, a common score was given to be synthesized by the participants
with their own systems. In the 2016 session, we participated in the challenge,
submitting a song synthesized with the PaN engine and the RT database, using the
"Le Roux" style model to generate the expression parameters (cf sound 7.2 and
sound 7.3), and our submission was rated 2nd among the 7 submitted synthesis
from other participants, based on an online evaluation campaign. However,
although this result may give a rough idea on the quality of each system compared
to others, it doesn’t constitute a rigorous evaluation, for the reasons evoked above,
as the database, languages and modeled features differed between the evaluated
systems. It is thus hard to know what has really been evaluated for each systems,
some being possibly more limited by the signal models used, while others may be
more focused on producing a very natural timbre but are more limited regarding
the control part.

For a more rigorous comparison between systems, it would be necessary to
impose similar conditions for all systems, synthesizing the same score and lyrics

2https://www.vocaloid.com/en
3http://cevio.jp/
4http://utau-synth.com/
5https://www.interspeech2007.org/Technical/synthesis_of_singing_

challenge.php
6https://chanter.limsi.fr/doku.php?id=sidebar

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.2.feuilles-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.3.feuilles-RT-PaN-with_music.wav
https://www.vocaloid.com/en
http://cevio.jp/
http://utau-synth.com/
https://www.interspeech2007.org/Technical/synthesis_of_singing_challenge.php
https://www.interspeech2007.org/Technical/synthesis_of_singing_challenge.php
https://chanter.limsi.fr/doku.php?id=sidebar
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in the same language, using the same database, ideally with similar annotations
(as the quality of the synthesis may also be related to the quality of the database
annotations). In [Umb+15] and [Umb15], the authors also evoked the necessity
of such a common evaluation framework to easily evaluate and compare singing
synthesis systems under similar conditions, with a shared evaluation criterion, so
that the comparison could focus on the technological differences, independently
of the material used. Regarding the testing conditions, several aspects could
be shared, like the target songs to be synthesized and the stylistic corpus and
databases used for generating the sound and modeling the expressive features, as
well as an evaluation framework with clear instructions on what should be rated
and how. However, due to the differences between systems, the task of building
a publicly available dataset for this purpose may not be so easy, and would need
some common agreements among the developers of the different systems on what
should be provided.

As a first step in that direction, an evaluation has been conducted, in the
framework of ChaNTeR project, to compare the results obtained with our system,
with both the PaN and SVP engines, with that of another system (a singing
instrument called "Calliphony", controlled in real-time) developed at the Limsi
laboratory (collaborator of the ChaNTeR project), and with real singing in several
conditions, as has been detailed in [Feu+16]. In this study, 2 conditions were used
for generating the synthesis, in order to evaluate the impact of the concatenation
process on the final result. For the 1st condition, our synthesis system was used
in its usual mode, concatenating and transforming segments from the synthesis
database. For the 2nd condition, a recording of the target lyrics, sung on a flat
pitch and with a regular rhythm by the same singers than our databases (RT
and MS), was used for the synthesis, instead of the usual synthesis databases
RT and MS, to get rid of the units selection and concatenation process. Then 2
different evaluations were conducted. Some examples of sounds synthesized for
this evaluation are given in sounds 7.4 to 7.7.
The 1st one consisted in a standard MOS evaluation, were all systems were
compared to natural singing from the same songs extracts by the same singers,
and to 3 degraded conditions where the natural singing was transformed using an
autotune, an overdrive and a time-stretching effect, as described in [Feu+16]. In
this evaluation, both the SVP and PaN engines were rated similarly, below the
natural voice, but better than the other system and all degraded conditions. Both
synthesis conditions, with and without the concatenation were rated similarly in
this test, which suggests that the concatenation process does not introduce too
much artifacts in the synthesis.
The 2nd evaluation consisted in paired comparisons of short extracts produced by
the different synthesis systems, to evaluate both the quality of the articulation and
of the expression ("melodic") modeling. In this evaluation, the synthesis of the
PaN and SVP engines were rated better than that of the Calliphony system. The 2nd

condition without the units concatenation process was prefered to the 1st condition
using the database in this test, which suggests that their is nevertheless still some
improvement possible on the unit selection and concatenation process to increase
the quality of the synthesis. Finally, the PaN engine was also rated slightly better
than the SVP engine, although this last result is not very significant.
Compared to the simple evaluation procedure from the Interspeech challenge, such
an evaluation, imposing similar conditions for all systems and using real singing
extracts from the same singers than the synthesis database, already provides a

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php#synthEvalFeugereArticle
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more accurate assessment of the systems’ qualities, along with some interesting
insights on the causes of the limited quality and on the possible improvements. All
the details related to this evaluation are given in [Feu+16].
Regarding our system, it would also be interesting to further compare the SVP and
PaN engine on specific aspects like the quality of the transposition.

Besides subjective evaluations, objective evaluations may be used to evaluate
certain aspects that do not depend on perception, like the efficiency of the proposed
algorithm (computation cost and time). In order to alleviate the need of conducting
numerous time-consuming listening tests to assess every aspects of singing
synthesis, it would be beneficial if one may also use such objective measures to
assess the quality of the synthesis or the expression control. For assessing audio
and speech quality, some objective measures, that are assumed to correlate with
perception, have been proposed [CJG09; Bee+13]. But if such measures may be
well suited to identify various distortions related to the coding and transmission
of speech in telecommunication systems, one may doubt of their applicability in
the case of singing. In [Umb15], the authors evoked the possibility to establish
such measures to provide ratings for particular features such as timing, vibrato,
tuning, voice quality, or the overall performance expression, independently of
singing style. But the development of such measures would be complex and the
results obtained would be questionable, considering that singing is also subject to
aesthetic considerations with cultural influences.
A proper objective evaluation of a synthesis would ideally require to compare it
to some ground truth data (e.g. an audio file, an f0 curve, ...). But singing is not a
deterministic process, and due to the high flexibility of human voice, with infinite
possibilities of different timbres and expressions, such ground truth may often
not exist, which is fortunately what provides to singing voice, and more generally
music, all its richness.
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Appendix A

Sampa phonetic alphabet

FIGURE A.1: List of French SAMPA characters used in this the-
sis
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Appendix B

The CART algorithm

In section 5.4, we explained how we used decision trees to build style models
and choose appropriate control parameters for synthesis according to musical
contexts. We used for this purpose an implementation of the CART algorithm (for
"Classification And Regression Tree") [Bre+84]. For the sake of completeness, we
detail here the mechanism behind this algorithm.

The aim of the CART algorithm is to build a tree that allows to predict some
class or features based on contextual factors, by learning some simple decision
rules from a given dataset associating the features to be predicted to contextual
factors. This is done by sequentially splitting the dataset at each step into two new
smaller subsets, on the basis of binary questions about the context. For this pur-
pose, the algorithm relies on a "goodness-of-split" evaluation function, commonly
called "impurity" function, related to the homogeneity (similarity) of the features
contained in each generated subset, and some stopping criteria. In regression trees,
the mean-square error (MSE) is commonly used as an impurity function. At each
step of the algorithm, for each of the current terminal nodes, the best question
that minimizes the total impurity (MSE) on the resulting subnodes is chosen,
in a locally optimal fashion. We summarize below the procedure for building a tree.

Let Q denote a set of binary questions about the contextual factors, n a node in
the tree, D(n) = (X,Y ) the data contained at node n where X are the contextual
factors and Y the features to be modeled, and G(q, n) the total impurity of the 2
child nodes obtained when asking the question q ∈ Q at node n. In the following,
we call a "tested node" a node for which we have already evaluated G(q, n) for all
questions q ∈ Q and either split the node or designated it as a terminal node. Then,
the steps defined in algorithm 1 below are followed.

Algorithm 1 Decision tree construction (CART algorithm)

1. Start with all samples at the root node
2. While there are untested nodes do

2.1. Select some untested node n
2.2 Evaluate G(q, n) for all possible questions q ∈ Q at this node.
2.3 Select for this node the question q̂ that minimizes the function G(q, n):
q̂ = argminQ(G(q, n))
2.3.1 If a stopping criterion is met, declare this node as terminal.
2.3.2. else create two new child nodes. All samples that answer positively

to the question are transferred to the left child node nq+ and all other samples
are transferred to the right child node nq−.
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In our approach, the total impurity function G(n, q) is defined by equation B.1
below:

cn = 1
Nn

∑Nn
i=1 yi

H(n) = 1
Nn

∑Nn
i=1(yi − cn)2

G(q, n) =
Nnq+
Nn

H(nq+) +
Nnq−
Nn

H(nq−)

(B.1)

where yi is the value of feature y for the ith sample, q+ represents a positive
answer and q− a negative answer to question q, H(n) is the impurity at node n
(here the MSE), and Nn is the number of samples present at node n.
A possible stopping criterion that we used is to keep a minimum number, or
percentage, of samples on each leaf (terminal node) of the tree.

As some of the contextual factors used in our system are continuous numerical
values, we have q = (j, tj,n) consisting of a contextual factor j and a threshold
tj,n. The optimal value for tj,n can be chosen among a set of discrete points based
on the available data. Boolean contexts can then be considered similarly, simply
by setting tj,n = 0.5.

For multi-target decision-trees [Bor+15], where several correlated features are
tied together in a single tree as we use in our approach for f0 and intensity segments,
the same steps as for the basic CART algorithm are followed, the only difference
being the redefinition of the impurity measure of a node as the sum of squared
errors over all features.
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Appendix C

Lists of contextual factors

In this section, we list all the contextual factors that have been used for building
the styles models for generating the phonemes durations, f0 segments’ parameters
and intensity parameters, as described in chapter 5. Note that in the following, a
"musical phrase" is defined as the group of notes comprised between 2 silences.

C.1 for phonemes durations models

– consPos: position of the consonant inside the cluster, in case there are several
successive consonants (0 is 1st one, 1 is middle one, and 2 is last one)

– currentNoteLenSec: current note duration in seconds
– currentNotePitch: pitch of current note (in midi value)
– hasSeveralCons: there are several clustered consonants in the note
– isAscendingScale: the current note is in an ascending scale (previous note

lower and next note higher)
– isDescendingScale: the current note is in a descending scale (previous note

higher and next note lower)
– isFirstCons: 1 if the consonant is the first of a cluster, 0 otherwise, or -1 if

the consonant is not in a cluster
– isMidCons: 1 if the consonant is in the middle of a cluster, 0 otherwise, or -1

if the consonant is not in a cluster
– isLastCons: 1 if the consonant is the last of a cluster, 0 otherwise, or -1 if the

consonant is not in a cluster
– isFirstNote: the current note is the first note of a musical phrase
– isLastNote: the current note is the last note of a musical phrase
– isHighestNote: the current note is the highest note of a musical phrase
– isLowestNote: the current note is the lowest note of a musical phrase
– isMelodicPeak: the current note is a melodic peak (previous and next notes

are lower)
– isMelodicValley: the current note is a melodic valley (previous and next

notes are higher)
– isPenultimateNote: the current note is the penultimate of a musical phrase
– isSilence: the current note is a silence (if the consonants are on the attack of

the first note of a musical phrase)
– nextIntervalJoint: the interval with next note is inferior to 1 tone
– nextNoteDiffLenSec: difference of duration with next note (in seconds)
– nextNoteIsCaduque: the next note is caduc (= next vowel is either /9/ or /@/

and is last note)
– nextNoteIsHighest: the next note is the highest of the musical phrase
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– nextNoteIsLowest: the next note is the lowest of the musical phrase
– nextNoteIsMelodicPeak: the next note is a melodic peak (higher than its 2

surrounding notes)
– nextNoteIsMelodicValley: the next note is a melodic valley (lower than its 2

surrounding notes)
– nextNoteLenSec: duration of next note (in seconds)
– nextNotePitch: pitch of next note (in midi value)
– nextNotePitchDiff: pitch difference with next note (in number of semitones)
– nextNotePitchEqual: the current and next notes have the same pitches
– nextNotePitchHigher: the next note has a higher pitch
– nextNotePitchLower: the next note has a lower pitch
– nextNoteSameDur: the next note has a similar duration to the current one

(according to a given threshold relative to the tempo)
– nextNoteLonger: next note is longer than the current one (according to a

given threshold relative to the tempo)
– nextNoteShorter: next note is shorter than the current one (according to a

given threshold relative to the tempo)
– nextPhonIsNASAL: the next phoneme is a nasal consonant
– nextPhonIs[SEMI_VOWEL; SILENCE; sUNVOICED_FRICATIVE;

UNVOICED_PLOSIVE; VOICED_PLOSIVE; VOICED_FRICATIVE;
VOWEL]: the next phoneme is a [semi-vowel; silence; unvoiced fricative;
unvoiced plosive; voiced plosive; voiced fricative; vowel]

– nextPhonIs_/x/: the next phoneme is a /x/ (where /x/ should be replaced by
any consonant)

– prevPhonIs[SEMI_VOWE; SILENCE; UNVOICED_FRICATIVE; UN-
VOICED_PLOSIVE; VOICED_FRICATIVE; VOICED_PLOSIVE;
VOWEL]: the previous phoneme is a [semi-vowel; silence; unvoiced
fricative; unvoiced plosive; voiced plosive; voiced fricative; vowel]

– prevPhonIs_/x/: the previous phoneme is a /x/ (where /x/ should be replaced
by any consonant)

– noteNbCons: number of succeeding consonants in current note
– prevConsLen: duration of preceding consonant if any (otherwise = -1)
– prevNoteIsHighest: previous note is the highest of the musical phrase
– prevNoteIsLowest: previous note is the lowest of the musical phrase
– prevNoteLenSec: duration of the previous note is seconds
– prevNotePitch: pitch of the previous note (in midi value)

C.2 for f0 models

C.2.1 for sustain segments

– currentNoteLenSec: absolute note duration (seconds)
– currentNotePitch: note pitch as midi value
– isFirstNote: is first note of a musical phrase (= preceded by a silence)
– isPenultimateNote: is penultimate note of the musical phrase (= next note is

the last one)
– isLastNote: is last note of the musical phrase (= followed by a silence)
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– noteIsCaduque: note is the last note of a musical phrase and vowel is /9/ or
/@/

– isLowestNote: is lowest note of the musical phrase
– isHighestNote: is highest note of the musical phrase
– isMelodicPeak: is a melodic peak (= left and right notes have lower pitches)
– isMelodicValley: is a melodic valley (= left and right notes have higher

pitches)
– nextIntervalJoint: the pitch interval with next note is <= 2 semitones
– nextNoteDiffLenSec: difference of duration with next note (in seconds)
– nextNoteLenSec: next note duration (in seconds)
– nextNoteLonger: next note is longer than current one (according to a given

threshold relative to the tempo)
– nextNotePitchDiff: pitch difference with next note in semitones
– nextNotePitchEqual: next note has same pitch than current one
– nextNotePitchHigher: next note has a higher pitch
– nextNotePitchLower: next note has a lower pitch
– nextNoteSameDur: next note has a similar duration than current note (ac-

cording to a given threshold relative to the tempo)
– nextNoteShorter: next note is shorter (according to a given threshold relative

to the tempo)
– prevIntervalJoint: the pitch interval with the previous note note is <= 2 semi-

tones
– prevNoteDiffLenSec: difference of duration with next note (in seconds)
– prevNoteLenSec: duration of previous note (in seconds)
– prevNoteLonger: previous note is longer than the current one (according to

a given threshold relative to the tempo)
– prevNotePitchDiff: pitch difference with previous note in semitones
– prevNotePitchEqual: previous note has the same pitch
– prevNotePitchHigher: previous note has a higher pitch
– prevNotePitchLower: previous note has a lower pitch
– prevNoteSameDur: previous note has a similar duration (according to a given

threshold relative to the tempo)
– prevNoteShorter: previous note is shorter (according to a given threshold

relative to the tempo)
– vowelLen: duration of the vowel in s

C.2.2 for transition segments

– isFirstNote: left note is the first note of the musical phrase
– isMelodicPeak: the left note of the transition is a melodic peak
– isMelodicValley: the left note of the transition is a melodic valley
– isPenultimateNote: the left note of the transition is the penultimate note of

the musical phrase
– jointInterval: the interval of the transition is <= 1 tone
– leftNoteIsHighest: the left note of the transition is the highest note of the

musical phrase
– leftNoteIsLowest: the left note of the transition is the lowest note of the

musical phrase
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– leftNoteLenSec: duration of the left note (in second)
– leftNotePitch: pitch of the left note (in midi value)
– notesLenSecDiff: difference of duration between left and right notes (in sec-

onds)
– notesSameDur: the 2 notes around the transition have a similar durations

(according to a given threshold relative to the tempo)
– pitchDiff: pitch difference between the left and right notes (in semitones)
– rightNoteIsCaduque: the right note of the transition is "caduque" (last note

and phoneme is /@/ or /9/)
– rightNoteIsHighest: the right note is the highest of the musical phrase
– rightNoteIsLowest: the right note is the lowest of the musical phrase
– rightNoteLenSec: duration of the right note (in seconds)
– rightNoteLonger: the right note is longer than the left one (according to a

given threshold relative to the tempo)
– rightNotePitch: pitch of the right note (in midi value)
– rightNoteShorter: the right note is shorter than the left one (according to a

given threshold relative to the tempo)
– prevNoteSameDur: previous note has a similar duration (according to a given

threshold relative to the tempo)
– prevNoteShorter: previous note is shorter (according to a given threshold

relative to the tempo)
– hascons: transition contains consonants (between the 2 vowels of the sur-

rounding notes)
– totalConsLenSec: total cumulated duration of the consonants in the transition

(between the 2 vowels)
– hasSemiVowel: there is a semi-vowel in the transition
– hasVoicedCons: there is a voiced consonant in the transition
– hasVoicedPlosive: there is a voiced plosive in the transition
– hasVoicedFricative: there is a voiced fricative in the transition
– hasVoicedFricativeOrPlosive: there is either a voiced plosive or a voiced

fricative (or both) in the transition
– hasNasal: there is a nasal in the transition
– hasL, hasR, has_b, has_d, has_g, has_v, has_z, has_Z: there is a /l/ (resp. /R/,

/b/, /d/, /g/, /v/, /z/, /Z/) in the transition

C.2.3 for attack and release segments

– hascons: there is one or several consonants at the attack (resp. release) of the
note

– hasVoicedCons: note is attacked (resp. released) with one or several voiced
cons

– hasSemiVowel: there is a semi-vowel at the beginning of the attacked note
(resp. the end of the released note)

– has[VoicedPlosive; VoicedFricative; VoicedfricativeOrPlosive; Unvoiced-
Plosive; UnvoicedFricative; UnvoicedFricativeOrPlosive; Nasal]: there is a
[voiced plosive; voiced fricative; voiced fricative or voiced plosive; unvoiced
plosive; unvoiced fricative; unvoiced fricative or unvoiced plosive; nasal] at
the beginning of the attacked note (resp. the end of the released note)
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– has_b, has_d, has_g, has_v, has_z, has_Z, hasL, hasR: there is a /b/ (resp.
/d/, /g/, /v/, /z/, /Z/) at the start of the attacked (resp. end of the released)
note.

– noteLenSec: duration of the attacked (resp. released) note (in seconds)
– currentNotePitch: pitch of the attacked (resp. released) note (in midi value)
– totalConsLenSec: total cumulated duration of the consonants at the start of

the attacked (resp. the end of the released) note (in seconds)
– vowelLen: duration of the vowel of the attacked (resp. released) note (in

seconds)

C.3 for intensity models

– currentNoteLenSec: duration of current note (in seconds)
– currentNotePitch: pitch of current note (in midi value)
– isAscendingScale: the current note is in an ascending scale (previous note

lower and next note higher)
– isDescendingScale: the current note is in a descending scale (previous note

higher and next note lower)
– isFirstNote: the current note is the first note of a musical phrase (= preceded

by a silence)
– isSecondNote: the current note is the second note of a musical phrase
– isPenultimateNote: the current note is penultimate note of the musical phrase

(= next note is the last one)
– isLastNote: the current note is last note of the musical phrase (= followed by

a silence)
– noteIsCaduque: the current note is the last note of a musical phrase and the

vowel is /9/ or /@/
– nextNoteIsCaduque: the next note is caduque
– isHighestNote: the current note is the highest note of the musical phrase
– isLowestNote: the current note is the lowest note of the musical phrase
– isMelodicPeak: the current note is a melodic peak (= left and right notes have

lower pitches)
– isMelodicValley: the current note is a melodic valley (= left and right notes

have higher pitches)
– nextNoteIsHighest: the next note is the highest of the musical phrase
– nextNoteIsLowest: the next note is the lowest of the musical phrase
– nextNoteLenSec: duration of the next note (in seconds)
– nextNoteLonger: the next note is longer than the current one (according to a

given threshold relative to the tempo)
– nextNotePitch: pitch of the next note (in midi value)
– nextNotePitchDiff: pitch difference with next note in semitones
– nextNotePitchEqual: the next note has the same pitch than current note
– nextNotePitchHigher: the next note has a higher pitch than the current one
– nextNotePitchLower: the next note has a lower pitch than the current one
– nextNoteSameLen: the next note has a similar duration than the current one

(according to a given threshold relative to the tempo)
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– nextNoteShorter: the next note is shorter than the current one (according to
a given threshold relative to the tempo)

– prevNoteIsHighest: the previous note is the highest of the musical phrase
– prevNoteIsLowest: the previous note is the lowest of the musical phrase
– prevNoteLenSec: duration of the previous note (in seconds)
– prevNotePitch: pitch of the previous note (in midi value)
– posInSentence: position of the note in the musical phrase (between 0 and 1,

0 being for the 1st note et 1 for the last one)
– sentenceLenSec: total duration of the musical phrase in seconds
– sentenceLoudness: target normalized mean loudness value for the musical

phrase
– sentenceNbNotes: number of notes in the musical phrase
– vowelLenSec: duration of the vowel (in seconds)

The previous contextual factors are used for predicting both the static and dy-
namic loudness parameter. In addition, the 2 following factors are used to predict
the dynamic parameters:

– noteLoudness: target static loudness value for the current note
– deltaLoudness: difference of target static loudness values between the cur-

rent and previous notes
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List of publications

International conferences:

• Ardaillon, L., Degottex, G., & Roebel, A. (2015, September). A multi-layer
F0 model for singing voice synthesis using a B-spline representation with
intuitive controls. In Interspeech 2015.

• Degottex, G., Ardaillon, L., & Roebel, A. (2016, March). Simple multi frame
analysis methods for estimation of amplitude spectral envelope estimation in
singing voice. In IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), 2016 (pp. 4975-4979).

• Ardaillon, L., Chabot-Canet, C., & Roebel, A. (2016, September). Expres-
sive control of singing voice synthesis using musical contexts and a paramet-
ric F0 model. In Interspeech 2016 (Vol. 2016, pp. 1250-1254).

• Feugère, L., d’Alessandro, C., Delalez, S., Ardaillon, L., & Roebel, A. (2016,
September). Evaluation of Singing Synthesis: Methodology and Case Study
with Concatenative and Performative Systems. In Interspeech 2016 (pp.
1245-1249).

• Ardaillon, L. & Roebel, A. (2017, September). "A mouth opening effect
based on pole modification for expressive singing voice transformation". In
Interspeech 2017.

National conferences:

• Ardaillon, L., Roebel, A., & Chabot-Canet, C. (2016, April). Modéli-
sation des paramètres de contrôle pour la synthèse de voix chantée. In
CFA/VISHNO 2016.

Contribution to a journal paper:

• Gilles Degottex, Luc Ardaillon, & Axel Roebel. “Multi-Frame Amplitude
Envelope Estimation for Modification of Singing Voice”. In: IEEE/ACM
Transactions on Audio Speech and Language Processing 24.7 (2016), pp.
1242–1254.
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Seminars, workshops:

• Chabot-Canet, C., Ardaillon, L., & Roebel, A. (2017, proceedings waiting
for publication). Analyse du style vocal et modélisation pour la synthèse de
chant expressif: l’exemple d’Edith Piaf. In colloque international "La voix
dans les chansons: approches musicologiques", Lyon, 03/03/2016.

• Ardaillon, L., & Roebel, A. (2014, July). Synthèse concaténative de la voix
chantée. In Journées des Jeunes Chercheurs en Audition, Acoustique musi-
cale et Signal (JJCAAS), 2014.

• Ardaillon, L., & Roebel, A. (2016, November). A multi-layer F0 model for
singing voice synthesis using a B-spline representation with intuitive con-
trols. In JJCAAS 2016.

• Summer school "Sciences et Voix : expressions, usages et prises en charge
de l’instrument vocal humain", 26-30/09/2016

Master’s thesis (supervision):

• Dickerson, M. (2016, July). Modification expressive de la voix chantée.
IRCAM.

Undergraduate internship’s report (supervision):

• Sébal, L. (2014, may). Stage sur le projet ChaNTeR. Enregistrement des
chanteurs et traitement des bases de données.
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List of audio files
All sounds referenced here can be accessed from the following url:
http://recherche.ircam.fr/anasyn/ardaillon/these/these.php

Chapter 3:

• 3.1 Soud example from the RT database for word "coïnculpé" (/ _ k O e k y
l p e _ /)

• 3.2 Soud example from the RT database for word "ovni" (/ _ O v n i _ /)

• 3.3 Soud example from the MS database for word "ovni" (/ _ O v n i _ /)

• 3.4 Soud example from the MS database for word "myosotis" (/ _ m j O z O
t i s _ /)

• 3.5 Soud example from the EL database for word "myosotis" (/ _ m j O z O
t i s _ /)

• 3.6 Soud example from the EL database for words "parking lapin" (/ _ p a R
k i N l a p e _ /)

• 3.7 Copy synthesis (f0 and durations extracted from a real recording of "Les
feuilles mortes" by RT) using the SVP engine and the RT database

• 3.8 Copy synthesis (f0 and durations extracted from a real recording of "Les
feuilles mortes" by RT) using the SVP engine and the MS database

• 3.9 Copy synthesis (f0 and durations extracted from a real recording of "Les
feuilles mortes" by RT) using the SVP engine and the EL database

• 3.10 Copy synthesis (f0 and durations extracted from a real recording of "Les
feuilles mortes" by RT) using the PaN engine and the RT database

• 3.11 Copy synthesis (f0 and durations extracted from a real recording of "Les
feuilles mortes" by RT) using the PaN engine and the MS database

• 3.12 Copy synthesis (f0 and durations extracted from a real recording of
"Les feuilles mortes" by RT) using the PaN engine and the EL database

Chapter 4:

• 4.1 Synthesis using an upward release (positive value for depth parameter of
release segment)

• 4.2 Synthesis with transition from figure 4.9 a).

• 4.3 Synthesis with transition from figure 4.9 b).

• 4.4 Synthesis with transition from figure 4.9 c).

http://recherche.ircam.fr/anasyn/ardaillon/these/these.php
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.1.RT_DTB-1-coinculpe.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.1.RT_DTB-1-coinculpe.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.2.RT_DTB-2-ovni.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.3.MS_DTB-2-ovni.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.4.MS_DTB-3-myosotis.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.4.MS_DTB-3-myosotis.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.5.EL_DTB-3-myosotis.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.5.EL_DTB-3-myosotis.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.6.EL_DTB-568-parking_lapin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.6.EL_DTB-568-parking_lapin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.7.RT.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.7.RT.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.8.MS.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.8.MS.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.9.EL.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.9.EL.SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.10.RT.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.10.RT.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.11.MS.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.11.MS.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.12.EL.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter3/3.12.EL.PaN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.1.releaseUp.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.1.releaseUp.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.2.trans1.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.3.trans2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.4.trans3.wav
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• 4.5 Synthesis with transition from figure 4.9 d).

• 4.6 Synthesis with transition from figure 4.9 e).

• 4.7 Synthesis with transition from figure 4.9 f).

Chapter 5:

• 5.1 Copy synthesis (f0 and durations extracted from a real recording of "Car-
men" from Bizet) using the SVP engine and the RT database with pop/variety
timbre style.

• 5.2 Copy synthesis (f0 and durations extracted from a real recording of "Car-
men" from Bizet) using the SVP engine and a restricted database from RT
with a lyrical timbre style.

• 5.3 Resynthesis of the voice from an extract from "Les feuilles mortes" by
Edith Piaf based on an harmonic partial analysis conducted on the original
commercial recording with musical accompaniment.

• 5.4 Synthesis of the f0 curve extracted from the original recording of "Les
feuilles mortes" by Edith Piaf, using a single sinusoid.

• 5.5 Synthesis of the f0 curve generated by the proposed f0 model for
the original recording of "Les feuilles mortes" by Edith Piaf, using a sin-
gle sinusoid, after extracting the model parameters from the original f0 curve.

Chapter 6:

• 6.1 Example of morphing-based intensity timbre transformation

• 6.2 Synthesis of vowels without applying vowel-dependant loudness correc-
tion factors.

• 6.3 Synthesis of vowels using vowel-dependant loudness correction factors.

• 6.4 Original recording of loud "clean" voice.

• 6.5 Amplitude modulation applied on sound 6.4 with a sinusoid at f0/2 as a
modulating signal.

• 6.6 Isolated sub-harmonics (difference between sounds 6.4 and 6.5).

• 6.7 High-pass filtered sub-harmonics.

• 6.8 Synthetic rough voice obtained by mixing sound 6.4 with sound 6.7.

• 6.9 2nd example of amplitude modulation applied on sound 6.4, using a sum
of 3 sinusoids at f0/2, f0/3, and f0/6 as a modulating signal.

• 6.10 Isolated sub-harmonics from sound 6.9.

• 6.11 High-pass-filtered sub-harmonics from sound 6.10.

• 6.12 Synthetic rough voice obtained by mixing sound 6.4 with sound 6.11.

• 6.13 Original recording with a roughness (growl) effect by MS singer.

• 6.14 Original recording of same extract than sound 6.13 but without rough-
ness.

• 6.15 Synthetic roughness (growl) effect applied on sound 6.14.

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.5.trans4.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.6.trans5.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter4/4.7.trans6.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.1.carmen-RT_YM.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.1.carmen-RT_YM.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.1.carmen-RT_YM.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.2.carmen-RT_lyr.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.2.carmen-RT_lyr.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.2.carmen-RT_lyr.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.3.EdithPiaf-LesFeuillesMortes-resynthHrm.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.3.EdithPiaf-LesFeuillesMortes-resynthHrm.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.3.EdithPiaf-LesFeuillesMortes-resynthHrm.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.4.edithPiaf-les_feuilles_mortes-f0Orig-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.4.edithPiaf-les_feuilles_mortes-f0Orig-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.5.edithPiaf-les_feuilles_mortes-f0Model-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.5.edithPiaf-les_feuilles_mortes-f0Model-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter5/5.5.edithPiaf-les_feuilles_mortes-f0Model-resynthSin.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.1.morpingIntensitySVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.2.vowels-noScale.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.2.vowels-noScale.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/6.3.vowels-scaled.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.4.cleanVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.5.ampModVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.5.ampModVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.6.subHarms.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.7.subHarms-Filtered.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.8.mix.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.9.ampModVoice-ex2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.9.ampModVoice-ex2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.10.subHarms-ex2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.11.subHarms-Filtered-ex2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.12.mix-ex2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.13.realGrowlVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.14.realCleanVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.14.realCleanVoice.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/AM/6.15.synthGrowlVoice.wav
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• 6.16 Original recording of a rough (shouted) voice.

• 6.17 Synthesis of shouted voice from sound 6.16 using PaN without rough-
ness (no jitter/shimmer).

• 6.18 Synthesis of shouted voice from sound 6.16 using PaN with original
jitter and shimmer.

• 6.19 Original recording of a rough (shouted) voice by MS singer.

• 6.20 Synthesis of shouted voice from sound 6.19 using PaN without rough-
ness (no jitter/shimmer).

• 6.21 Synthesis of shouted voice from sound 6.19 using PaN with original
jitter scaled with a factor 0.5.

• 6.22 Synthesis of shouted voice from sound 6.19 using PaN with original
jitter scaled with a factor 2.

• 6.23 Original recording of "clean" loud voice without roughness by MS
singer.

• 6.24 Jitter and shimmer extracted from sound 6.19 applied on sound 6.23
using PaN.

Chapter 7:

• 7.1 Extract of synthesis for the opera I.D. by Arnaud Petit with the EL
database (with midi musical accompaniment).

• 7.2 A capella version of the song "Les feuilles d’Interspeech" submitted to
the singing synthesis challenge at the Interspeech 2017 conference, using the
PaN engine, RT database, and Le Roux style model.

• 7.3 Sound 7.2 with musical accompaniment.

• 7.4 Synthesis of song "les feuilles d’Interspeech" with the PaN engine and
the MS database, used for the evaluation in [Feu+16].

• 7.5 Synthesis of song "les feuilles d’Interspeech" with the PaN engine and
the MS database, used for the evaluation in [Feu+16].

• 7.6 Synthesis of the song "Au temps d’Interspeech" with the SVP engine and
the RT database, used for the evaluation in [Feu+16].

• 7.7 Synthesis of the song "Au temps d’Interspeech" with the PaN engine and
the MS database, used for the evaluation in [Feu+16].

http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.16.roughOrig.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.17.clean.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.17.clean.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.18.roughSynth.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.18.roughSynth.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.19.MS-roughOrig.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.20.MS-resynthClean.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.20.MS-resynthClean.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.21.MS-jitSynth0.5.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.21.MS-jitSynth0.5.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.22.MS-jitSynth2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.22.MS-jitSynth2.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.23.MS-cleanOrig.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.23.MS-cleanOrig.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.24.MS-ShimAndJit.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter6/roughness/PaN/6.24.MS-ShimAndJit.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.1.ID_ArnaudPetit_synthesisExtract.mp3
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.1.ID_ArnaudPetit_synthesisExtract.mp3
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.2.feuilles-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.2.feuilles-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.2.feuilles-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.3.feuilles-RT-PaN-with_music.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.4.feuilles-MS-SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.4.feuilles-MS-SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.5.time-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.5.time-RT-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.6.time-RT-SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.6.time-RT-SVP.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.7.time-MS-PAN.wav
http://recherche.ircam.fr/anasyn/ardaillon/these/sounds/chapter7/7.7.time-MS-PAN.wav
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