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Abstract

From arti cial voices in GPS to automatic systems of dictation, from voice-based identity veri cation

to voice pathology detection, speech processing applications arewadays omnipresent in our daily
life. By oering solutions to companies seeking for e ciency enhancenent with simultaneous cost
saving, the market of speech technology is forecast to be partitarly promising in the next years.

The present thesis deals with advances in glottal analysis in order toncorporate new tech-
niques within speech processing applications. While current systemseiusually based on information
related to the vocal tract con guration, the air ow passing throug h the vocal folds, and called glottal
ow, is expected to exhibit a relevant complementarity. Unfortunately, glottal analysis from speech
recordings requires speci ¢ complex processing operations, whickxgains why it has been generally
avoided.

The main goal of this thesis is to provide new advances in glottal anabkis so as to popularize

it in speech processing. First, new techniques for glottal excitatin estimation and modeling are

proposed and shown to outperform other state-of-the-art aproaches on large corpora of real speech.
Moreover, proposed methods are integrated within various spebcprocessing applications: speech
synthesis, voice pathology detection, speaker recognition and pressive speech analysis. They are
shown to lead to a substantial improvement when compared to otheexisting techniques.

More speci cally, the present thesis covers three separate but imrconnected parts. In the rst
part, new algorithms for robust pitch tracking and for automatic determination of glottal closure
instants are developed. This step is necessary as accurate gldttanalysis requires to process
pitch-synchronous speech frames. In the second part, a new ngarametric method based on
Complex Cepstrum is proposed for glottal ow estimation. In addition, a way to achieve this
decomposition asynchronously is investigated. A comprehensive mparative study of glottal ow
estimation approaches is also given. Relying on this expertise, the efilness of glottal information
for voice pathology detection and expressive speech analysis is éoqed. In the third part, a new
excitation modeling called Deterministic plus Stochastic Model of the esidual signal is proposed.
This model is applied to speech synthesis where it is shown to enhantlee naturalness and quality
of the delivered voice. Finally, glottal signatures derived from this nodel are observed to lead to an
increase of identi cation rates for speaker recognition purpose.

Keywords: Information Technology, Voice Technology, Speech Processing, &gch Analysis,
Speech Synthesis, Speaker Recognition, Voice Pathology, Expsdge Speech, Glottal ow, Source-tract
Separation, Pitch Estimation, Glottal Closure Instant, Excitation M odeling.
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Chapter 1

General Introduction

Contents

1.1 Speech Technology: What For? . | . . . . . ... oo 1
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122 SpeechModelidg . . .. .. ... ... ... .. 5

1.3 Contributions and Structure of the Thesis . . ] . . . . ... ... ...... 6

1.1 Speech Technology: What For?
1.1.1 Did you say "Speech Processing" ?

Speech is certainly the most natural communication mode which humas use to interact with each
other. This can be explained by the fact that speech is charactered by a high delivery rate of
information. This information can be analyzed at several non-exclsive levels of description. At the
acoustic level [1], speech is studied as a mechanical wave that is an oscillation pfessure. Phonetics
[2] deals with the physical properties of speech sounds (phonegjow it is produced by the articulatory
system, and how it is perceived by the auditory system. Thephonological level [2] is the necessary
interface between phonetics and linguistical descriptions of highdevels. It introduces an abstract and
functional unit called phoneme which has the property to convey a meaning.Morphology [3] focuses
on the formation and composition of words, whilesyntax [4] studies the formation and composition
of phrases and sentences from these words. Thsemantical level [5] is concerned with how meaning
is inferred from words and concepts. As for the last description leal, pragmatics [6] analyses how
meaning is inferred from context. In this thesis, it is focused on theacoustic analysis of speech.

These several levels explain why language acquisition is such a highlynaplex task [7], which
is carried out by infants a long time after the learning of skills such as waiking. Nonetheless, after
this long acquisition step, speech turns out to be one of the most ecient means of communication.
Therefore there is an important demand to incorporate speech aa possible modality in Human-
Computer Interactions (HCls, [&]). This motivates the interest for a large variety of Speech Processing
applications.

In the broad sense, Speech Processing refers to the study of spk signals and the ensuing pro-
cessing methods. The main applications of Speech Processing candategorized as follows:

1



GENERAL INTRODUCTION

Speech Recognition:Speech Recognition refers to the task for a machine to recognizedunder-
stand speechl[9]. Main challenges are to reach high recognition ratés any speaker and in any
environment.

Speech Synthesisin Speech Synthesis, also called Text-to-Speech (TTS), the goal is produce
the automatic lecture of an unknown text [10]. Challenges are typially expressed in terms of
naturalness and intelligibility of the produced voice.

Speaker Recognition: Automatic Speaker Recognition refers to the use of a machine in oat to
recognize a person from a spoken phrase [11]. Speaker Recognif®made of two main sub elds
[12]: SpeakerVeri cation (i.e to verify a person's claimed identity from his voice) and Speaker
Identi cation (i.e there is no a priori identity claim, and the system decides who the prson is).

Voice Analysis: Voice Analysis is the study of speech sounds for the purpose of da&terizing
non-standard speech, i.e exhibiting an a ect, a voice disorder andcsforth. Goals can be, for
example, to detect, quantify and qualify a voice pathology within a melical context [|13], or to
study and synthesize expressive speech [14].

Speech EnhancementSpeech Enhancement refers to theleaning process which aims at reducing
the presence of noise in a corrupted signal, or the task of enhangjrits intelligibility [15].

Speech Coding:Speech Coding is the art of reducing the bit rate required to descrié a speech
signal while preserving its quality [16]. This is a particular form of data @mpression (and sound
compression), important in the telecommunication area.

The positioning of this thesis with regard to these Speech Procesgrapplications is described in
Section[1.3.

1.1.2 The Speech Technology Market

As an important component of Information Technology, the eld of speech technology has exploded with
the advent and dazzling growth of telecommunication techniques. écording to the Global Industry
Analysts (GIA), world speech technology market is forecast to reeh US$20.9 billion by the year
2015 [17]. In that study, GIA focuses on the three following product sgments: Speech Recognition,
Speech Synthesis and Speaker Recognition. The GIA report pro les1d companies (including 231
divisions/subsidiaries) including many key and niche players/[17]. To givean idea of the location of
speech technology companies around the world, Table1.1 shows thepartition of the players considered
in [17].

Country Number of market players
United States 145
Canada 13
Germany 13
United Kingdom 16
Rest of Europe 24
Asia-Pacic 15
Middle-East 5

Table 1.1 - Global repartition of speech technology market players ceitered in [17].




1.2 Speech Production and Modeling

It is worth noting that these latter statistics do not encompass the budget spent by armies, most
of all by the US army which is known to invest collocal amounts of mong in speech technology
applications.

A patrticularly attractive asset of the speech technology market isthat it bene ts from several
medium to long-term advantages|[17]. This has allowed the speech mk&t to stay a oat and perform
remarkably well even in the harsh nancial crisis.

Besides the private sector, speech technology has caught the amest of a large research community.
To illustrate this, the Interspeech conference is the world's largesand most comprehensive conference
on issues surrounding the science and technology of spoken langegprocessing both in humans and in
machines. For its 2010 edition held in Makuhari, Japan, 1324 scienti c gicles were submittedd (among
which 779 were included in the technical program), which re ects thestrong interest in developing new
speech technology solutions.

1.2 Speech Production and Modeling

1.2.1 Speech Production

Organs intervening in the phonation process can be categorized imthree main groups|([18]: the lungs,
larynx and vocal tract. The lungs are the source of energy and thir role is to provide an air ow
arising in the trachea. This air ow then reaches the larynx where it is nodulated. The larynx houses
the vocal folds (see Figuré_1]1), which are an essential componeot phonation. The space comprised
between the vocal folds is de ned as the glottis. The glottal modulaion provides either a periodic
or a noisy source to the vocal tract. The vocal tract (see Figurdl.d) is made of the oral, nasal and
pharyngeal resonant cavities. Its role is to"color" the sound, i.e to de ne its timbre, by spectrally
shaping the glottal air ow [1]. The air ow modulated by the glottis and co lored by the vocal tract is
then radiated by the lips. This variation of air pressure causes a treeling wave which is perceived as
speech by the listener|[1].

Median glosso-epiglottic fold

Vallecuia ,f’ Epiglottis

Tubsrele of epiglottis
Voeat folid

Ventricular fold

Aryepiglottic fold

Cuneiforin cartilage

“ Corniculate cartilage

Trachea
Figure 1.1 - Tranversal view of the larynx. Glottis is de ned as the spaceomprised between the vocal
folds. From Gray's Anatomy of the Human Body, 20th edition.

This thesis focuses on the glottal component of the speech signdlhe glottal behaviour manipulates
both pitch and volume, as well as the voice quality. Pitch representshe perceived fundamental
frequency of a sound, and allows the construction dimelody” in speech (i.e if a sound ishigher" or

Interspeech Conference 2010http://www.interspeech2010.org/
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Hypophysis

X\ Frensddum lingues

Mylohyoideus muscle

Cricoid cartilage | ] Ventricular fold

Vocal fold

Cricoid cartilage

Tsthmus of thyroid gland

Figure 1.2 - Representation of the phonation apparatus. Speech resuli®m an air ow evicted from
the lungs, arising in the trachea, passing through the gldst Itered by the vocal tract cavities and
nally radiated by the lips. From Gray's Anatomy of the Human Body, 20th edition.

"lower" ). The estimation of pitch from the speech signal is studied in Chapte@l Pitch and volume are
important features for controlling stress and intonation of speek. As for the voice quality, it refers to
the laryngeal phonation style E%] and provides paralinguistic infornation. For example, voice quality
makes the di erence between a soft, normal or loud phonation.

As previously mentioned, one may distinguish two modes in the glottalbehaviour. During the
production of voiced soundsthe air ow arising from the trachea causes a quasi-periodic vibratio of
the vocal folds EB]. On the opposite, when the glottal excitation isoisy, resulting sounds are quali ed
as unvoiced In this thesis, it is focused on the glottal characteristics during tre production of voiced
speech.

Figure [I.3 gives an illustration of speech analysis on the senten¢&he cranberry bog gets very
pretty in Autumn." uttered by a male speaker. Plot (a) shows the speech waveform aaptured by a
microphone. The second plot is the so-calledpectrogramof the speech signal, i.e a representation of the
energy distribution in the time-frequency domain. Plot (c) displays the corresponding pitch track. It
can be observed that pitch only exists for voiced regions of speeciwhere the signal is pseudo-periodic.

An important di culty in glottal analysis is the di culty in observing the glottal behaviour. Some
devices such as electroglottographs (EGG) or laryngographs meare the impedance between the vocal
folds @], which is an image of the glottal opening. Another approacis the use of high-speed imaging
(typically around 3000 images/second,@l]) recorded by introducig a laryngoscope positioned to
visualize the larynx. A crucial drawback of these apparatus is thatthey are particularly uncomfortable
for the speaker. In addition, although they are informative about the glottal behaviour, they only
provide an image (e.g the glottal impedance, or surface) of the réglottal ow. For these reasons, this
thesis only focuses on designing techniques which solely rely on thedia speech signal captured by a

4



1.2 Speech Production and Modeling

T T

R VY e A

Figure 1.3 - lllustration of a speech sound. The sentencéThe cranberry bog gets very pretty in
Autumn.” has been uttered by a male speakefa): The speech waveform(b): its spectrogram, (c): the
pitch track.

microphone, as it is the case for the great majority of Speech Pressing applications.
A more thorough introduction on the processing of the glottal ow is given in Chapter[4.

1.2.2 Speech Modeling

A large number of speech models rely on a source- Iter approach [1L8In such an approach, the source
refers to the excitation signal produced by the vocal folds at theglottis, and the lItering operation to
the spectral coloring carried out by the vocal tract cavities. In s@eral speech processing applications,
separating these two contributions is important as it could lead to their distinct characterization and
modeling. This is advantageous since these two components act omeadent properties of the speech
signal.

The actual excitation signal is the air ow arising from the trachea and passing through the vocal
folds, and is called the glottal ow [1]. However, its estimation directly from the speech waveform
is a typical blind separation problem since neither the glottal nor thevocal tract contributions are
observable. This makes the glottal ow estimation a particularly compex issue. Part[I] of this thesis
adresses the problem of automatically estimating the glottal ow directly from the speech waveform,
and how it can be applied in Voice Analysis.

Due to the aforementioned hindrances, using the real glottal ow inusual speech processing systems
is commonly avoided. For this reason, it is generally preferred to caider, for the Iter, the contribution
of the spectral envelope of the speech signal, and for the sourcthe residual signal obtained by
inverse ltering. Although not exactly motivated by a physiological int erpretation, this approach has
the advantage of being more practical while giving a su ciently good gproximation to the actual
deconvolution problemi.e the problem of source-tract (or source- Iter) separation.

Methods parameterizing the spectral envelope (i.e the lIter), suchas the well-known Linear Pre-
dictive Coding (LPC) or Mel Frequency Cepstral (MFCC) features [22], are widely used in almost
every eld of Speech Processing. FigurE1.4 illustrates the LPC technige for the windowed segment

5
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of real speech shown in plot (a). This speech frame is a segment dfet sentence analyzed in Figure
1.3. It is observed in plot (b) that the spectral envelope of the spegh signal (thin line) is correctly
estimated via the LPC modeling (solid line). Note that the speech specum, as displayed in plot(b),
can be seen as a vertical slice in the spectrogram of Figure 1.3(b)t the considered analysis time.
Various peaks can be noticed in this spectrum. They correspond tthe vocal tract resonances, called
formants. The rst four formants, denoted F; to F4, are indicated on the plot. The residual signal
obtained via inverse ltering (i.e after removing the contribution of th e spectral envelope) is displayed
in plot (c), and is referred to as the LPC source or excitation signal. For this example, the speech
and the residual signals are periodic, and consequently the corggsnding sound is quali ed as voiced.
Particular instants of signi cant excitation are observed in the residual signal. These are referred to
as Glottal Closure Instants (GCIs). Their automatic determination from the speech signal is studied
in Chapter 3. It is also seen in plot (d) that the amplitude spectrum of the residual signal is almost
at, which is a result of the "whitening" process (i.e the e ects of the vocal tract resonances have been
removed) achieved by inverse ltering.

Contrarily to methods capturing the spectral envelope (i.e modelinghe lIter), techniques modeling
the excitation signal are still not well established and there might bea lot to be gained by incorporating
such a modeling in several speech processing applications. This is thbieject of Part 111 which proposes
a new model of the residual signal, and investigates its application t&peech Synthesis and Speaker
Recognition.

"

Figure 1.4 - lllustration of the LPC method. (a): the speech signal (thin line) and the applied window
(solid line), (b): the magnitude spectrum of the speech signal (thin line) andsi LPC spectral envelope

(solid line), with the four rst formants indicated for info rmation, (c): the LPC residual signal obtained

by inverse lItering, (d): the magnitude spectrum of the residual signal.

1.3 Contributions and Structure of the Thesis

The contribution of the present thesis is schematized in Figure 1.5. fie main outter circle (in purple)
is Speech Analysis, which is a eld aiming at developping tools of signal paessing applied to the
speech signal. As explained in Section 1.2.1, during the mechanism ofqgatation, an air ow is evicted
from the lungs, arises in the trachea and is modulated by its passagbarough the space delimited by
the vocal folds and called glottis [1]. Glottal Analysis (the middle circlein green in Figure 1.5) then
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1.3 Contributions and Structure of the Thesis

refers to the study of methods using information from the glottal component of speech. This thesis
(inner circle in red in Figure 1.5) will present some advances made in thesld of Glottal Analysis.

Figure 1.5 - Schematic representation of the contribution of the presdrthesis. Its goal is to develop
new methods of Speech Analysis using glottal informationnd to integrate them in several applications
of Speech Processing: Voice Analysis in Chapters 8 and 9, $pé Synthesis and Speech Coding in
Chapter 12, and Speaker Recognition in Chapter 13.

The six black ellipses in Figure 1.5 represent the six main applications offf@ech Processing intro-
duced in Section 1.1.1. It is worth noting that although these latter are not independent and should
therefore exhibit some overlap, this is not displayed in Figure 1.5 forhie sake of clarity. Since methods
designed in Speech Analysis are fundamental tools of signal prosésy, they can be applied to all elds
of Speech Processing. The goal of this thesis is to develop new teajues of Glottal Analysis, and
to integrate them in several applications of Speech Processing: ¥ Analysis in Chapters 8 and 9,
Speech Synthesis and Speech Coding in Chapter 12, and Speakerc8&gnition in Chapter 13. Albeit
glottal information could be useful for Speech Recognition and Sgeh Enhancement, these issues are
not tackled in the frame of this thesis.

Figure 1.6 - Schematic structure of the thesis in three layers. Part | is epresented in blue, Part Il
in red and Part Il in green.




GENERAL INTRODUCTION

The structure of this thesis is schematized in Figure 1.6, accordingotthree abstraction levels: the
development of fundamental tools, the proposition of new techniges for glottal ow estimation and
modeling, and their integration within various speech processing agjtations. The thesis is divided
into three parts, represented by three di erent colours in Figure1.6:

" Part | investigates the development of e cient and robust tools using onlythe speech recordings,
which are necessary for precise Glottal Analysis. Chapter 2 focas on robust pitch tracking,
where, even in adverse conditions, the goal is to determine the vad regions of speech and to
extract the pitch contour. Chapter 3 studies the automatic detection of Glottal Closure Instants
(GCls), these particular moments of signi cant excitation of the vocal tract. The accurate,
reliable and robust estimation of both the pitch and GCI locations is reuired in several speech
processing systems, and in particular for Glottal Analysis. Indeedfor such applications, it is
preferable to process speech frames synchronized on GCls andosk length is proportional to
the pitch period. Algorithms proposed in Chapters 2 and 3 are thusdndamental tools for Speech
Analysis.

" Part Il addresses the issue of glottal ow estimation from the speech waf@m. An introduction
on this topic as well as a presentation of the state-of-the-art mnods are rst given in Chapter
4. The three following chapters focus on the development and assament of a non-parametric
technique of glottal ow estimation which exploits phase properties é the speech signal. The
theoretical framework as well as a rst evaluation of this method ae given in Chapter 5. This
approach is quantitavely compared to other existing techniques ofjlottal ow estimation in
Chapter 6. Finally, Chapter 7 aims at removing the constraint of GCl-synchronization in the
proposed method. Based on the study led in these three chapterthe remainder of Part Il
then targets incorporating glottal features within two speci ¢ applications of Speech Processing:
automatic voice pathology detection in Chapter 8 and expressive sgech analysis in Chapter
9. Finally, Chapter 10 highlights the main results of glottal ow estimation and applicability
obtained in Part II.

" Part Ill  proposes a new model of the residual signal. The theoretical fraework and properties
of this model are thoroughly described in Chapter 11. The two nexthapters are then targeted
at applying this new excitation model within two important elds of Speech Processing. Chapter
12 integrates this model in a vocoder for Speech Synthesis, while @pter 13 investigates the
potential use of glottal signatures derived from this model for Spaker Recognition. In both
applications, it is shown that the proposed model outperforms oter state-of-the-art excitation
modelings.

Finally Chapter 14 concludes and summarizes the main contributions fathis thesis.
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ROBUST PITCH TRACKING BASED ON RESIDUAL HARMONICS

Abstract

This chapter focuses on the problem of pitch tracking in noisy con ditions. A method

exploiting the harmonics of the residual signal is presented. The p roposed criterion is

used both for pitch estimation, as well as for determining the voic ing segments of speech.
In the experiments, the method is compared to six state-of-the-art p itch trackers on the

Keele and CSTR databases. The proposed technique is shown to be particu larly robust
to additive noise, leading to a signi cant improvement in adverse conditions.

This chapter is based upon the following publication:

" Thomas Drugman, Abeer Alwan, Robust Pitch Tracking Based on Residual Harmonigsinter-
speech Conference, Firenze, Italy, 2011.

Many thanks to Prof. Abeer Alwan from University of California, Los Angeles, for her helpful
guidance and fruitful discussions.
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2.1 Introduction

2.1 Introduction

Pitch tracking refers to the task of estimating the contours of the fundamental frequency for voiced
segments. Such a system is of particular interest in several applitans of speech processing, such as
speech coding, analysis, synthesis or recognition. While most currepitch trackers perform well in
clean conditions, their performance rapidly degrades in noisy enviroments and the development of
accurate and robust algorithms still remains a challeging open probia.

Techniques estimating the fundamental frequency from speechighals can be classi ed according
to the features they rely on [1]. Some methods use properties in ¢htime domain, others focus on the
periodicity of speech as manifested in the spectral domain, while a lasategory exploits both spaces.
Besides, this information can be processed in a deterministic way, arsing a statistical approach [1].
This chapter proposes a pitch tracking method exploiting the harmaics contained in the spectrum
of the residual signal. The idea of using a summation of harmonics fadetecting the fundamental
frequency is not new. In [2], Hermes proposed the use of a subharmo summation so as to account
for the phenomenon of virtual pitch. This approach was inspired bythe use of spectral and cepstral
comb lters [3]. In [4], Sun suggested the use of the Subharmonic-to-#ddmonic Ratio for estimating
the pitch frequency and for voice quality analysis. The method propsed in this chapter is di erent in
several points. First, the spectrum of the residual signal (and at of the speech signal) is inspected. As
in the Simpli ed Inverse Filter Tracking (SIFT) algorithm (which relies on th e autocorrelation function
computed on the residual signal, [5]), attening the amplitude spectium allows to minimize the e ects
of both the vocal tract resonances and of the noise. Secondlyhé harmonic-based criterion used for
the pitch estimation is di erent from those employed in the two aforementioned approaches. Besides
the proposed criterion is also used for discriminating between voicednd unvoiced regions of speech.
Note that harmonic-based Voice Activity Detector (VAD) has also been exploited in [6].

The structure of the chapter is the following. Section 2.2 describethe principle of the proposed
technique. An extensive guantitative assessment of its performrace in comparison with other state-
of-the-art techniques is given in Section 2.3, focusing particularly 1 noise robustness. Section 2.3.1
presents the adopted experimental protocol. The implementatiordetails of the proposed method are
discussed in Section 2.3.2. Methods compared in this work are preded in Section 2.3.3 and results
of the evaluation are provided in Section 2.3.4.

2.2 Pitch tracking based on residual harmonics

The proposed method relies on the analysis of the residual signal. Fthis, an auto-regressive modeling
of the spectral envelope is estimated from the speech signs(t) and the residual signalr (t) is obtained
by inverse ltering. This whitening process has the advantage of reraving the main contributions of
both the noise and the vocal tract resonances. For each Hanningindowed frame, covering several
cycles of the resulting residual signak (t), the amplitude spectrum R(f) is computed. R(f) has a
relatively at envelope and, for voiced segments of speech, pressnpeaks at the harmonics of the
fundamental frequencyFo. From this spectrum, and for each frequency in the ranggFo:min ; Fo:max ],
the Summation of Residual Harmonics (SRH) is computed as:

Nxa,m 1
SRH(f)= R(f)+ Rk f) R(k 3) £ 2.1)
k=2

Considering only the term R(k f) in the summation, this equation takes the contribution of the
Nharm rst harmonics into account. It could then be expected that this expression reaches a maximum
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ROBUST PITCH TRACKING BASED ON RESIDUAL HARMONICS

for f = Fo. However, this is also true for the harmonics present in the rang@~o.min ; Fo:max ]. For this

reason, the substraction byR((k %) f) allows to signi cantly reduce the relative importance of the
maxima of SRH at the even harmonics. The estimated pitch valueF, for a given residual frame is
thus the frequency maximizingSRH (f ) at that time.

Figure 2.1 displays the typical evolution of SRH for a segment of female voice. The pitch track
(around 200 Hz) clearly emerges. Moreover, no particularly high yae of SRH is observed during
the unvoiced regions of speech. Therefor&§RH can also be used to provide voicing decisions by a
simple local thresholding. More precisely, a frame is determined to beoiced if SRH (F,) is greater
than a xed threshold . Note that for the comparison with , the residual spectrumR(f) needs to
be normalized in energy for each frame.
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Figure 2.1 - Evolution of SRH for a segment of clean speech uttered by a female speaker.

It is worth noting that, in Equation 2.1, the risk of ambiguity with odd ha rmonics is not addressed.
This may be problematic for low-pitched voices for which the third hamonic may be present in the
initial range [Fo.min ; Fomax ]- Albeit we made several attempts to incorporate a correction in Eqgation
2.1 by substracting a term in R((k %) f), no improvement was observed (this was especially true
in noisy conditions). For this reason, the proposed algorithm worksn two steps. In the rst step,
the described process is performed using the full rangé€o.min ; Fo:max ], from which the mean pitch
frequency Fo.mean Of the considered speaker is estimated. In the second step, the haitch tracking
is obtained by applying the same process but in the rangf:5 Fomean;2 Fomean]. It can be indeed
assumed that a normal speaker will not exceed these limits. Note Ht this idea of restricting the range
of Fo for a given speaker is similar to what has been proposed in [7] (for thehoice of the window
length).

Figure 2.2 illustrates the proposed method for a segment of femalg@esech, both in clean conditions,
and with a Jet noise at 0dB of Signal-to-Noise Ratio (SNR). In the top pot, the pitch ground truth and
the estimated fundamental frequencyF, are displayed. A close agreement between the estimates and
the reference can be noticed during voiced speech. Interestinglihis is true for both clean and noisy
speech (except on a short period of 5 frames whefg, is half the actual fundamental frequency). It is
worth noting that no post-correction of the pitch estimation, using for example dynamic programing,
was applied. In the bottom plot, the values of SRH (F;), together with the ideal voiced-unvoiced
decisions, are exhibited since they are used for determining the vaig boundaries. It is observed that
SRH(F,) conveys a high amount of information about the voicing decisions. Heever, in adverse
conditions, since the relative importance of harmonics becomes wieer with the presence of noise, the
values ofSRH (F,) are smaller during voiced regions, making consequently the decision®ore di cult.
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2.3 Experiments
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