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Abstract

Recent advances in machine learning and time series analysis techniques have
brought new perspectives to a great number of scientific fields. This thesis
contributes applications of such techniques to voice analysis, in an attempt
to extract information on the vibration of the vocal folds as such, as well as
on the radiated acoustic signal. The data that was analyzed in this work are
acoustic recordings, electroglottographic (EGG) signals and transnasal high-
speed videoendoscopic images. The data analysis techniques are primarily
based on clustering, i.e., grouping of data based on similarity, and sample
entropy analysis, i.e., quantifying the degree of irregularity in a given signal.
The experiments were conducted so as to provide data for different types
of vibratory behaviors (or vibratory states) of the vocal folds. Clustering
was used in order to categorize in an unsupervised fashion these different vi-
bratory states, based solely on the electroglottographic signal, or the glottal
area waveform, or both. Sample entropy was utilized as an indicator of in-
stabilities, when subjects produced voiced sounds using irregular vibratory
patterns, such as register breaks, intermittent diplophonia, and other types
of irregularities. The prominent role of sound pressure level and fundamental
frequency motivated further study of the relationship between them and the
shape of the electroglottographic waveform. Graphical representations were
created to visualize the relationship between different vibratory behaviors
with fundamental frequency and sound pressure level. The EGG waveform
shape was seen to depend strongly on sound pressure level and somewhat
less on fundamental frequency. In very soft phonation, the almost sinusoidal
waveform of the EGG suggests that studying the EGG using clusters may
give a better representation compared to conventional time-domain metrics.
The paradigm of the clustering was later applied in synchronous recordings
of electroglottogram and glottal area waveforms in professional tenor singers.
Different vibratory states were classified successfully using clustering, and
the electroglottogram was seen to be as good as the glottal area waveform
for such a classification task. The last part of this work concerns voices from
subjects with organic dysphonia. A study was dedicated to investigate how
vowel context (sustained versus excerpted from speech) can affect the power
of quantitative acoustic measures to discriminate dysphonic subjects from
controls. Two acoustic voice quality measures were used: the cepstral peak
prominence (smoothed) and sample entropy. The cepstral peak prominence
(smoothed) showed better discriminatory power with excerpted vowels, while
sample entropy with sustained vowels. Additionally, it was found that sample
entropy was strongly correlated with cepstral peak prominence (smoothed)
and with the perceptual quality of breathiness.
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Abbreviations

EGG electroglottogram
dEGG first derivative of the electroglottogram
GAW glottal area waveform
F0 or fo fundamental frequency of phonation
SPL sound pressure level
VRP voice range profile
DFT discrete Fourier transform
FFT fast Fourier transform
FD Fourier descriptor
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SampEn sample entropy
CQ electroglottographic contact quotient
RTEGG relative rise time of contact area
DPREGG ratio between maximum and minimum
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EM expectation maximization
SVaP stage voice above the passaggio
CPPS cepstral peak prominence smoothed
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Background

1.1 Thesis framework

The generation of voice in humans is a complex physiological phenomenon. It
requires the concerted activity of several body parts that have other biological
functions than just voicing. For example, the lungs have the main purpose of
enriching the blood with oxygen extracted from air, the larynx acts as a protector
of the airway so that nothing solid travels down the trachea, and the mouth cavity
is used to prepare food for digestion. Voicing and speech, although not primary
functions of these internal systems and structures, play a vital role as the main
means of communication in every day life.

The main ingredient of voiced sounds, i.e., its harmonic content, stems from the
vibration of the vocal folds, which are situated in the larynx. The large number
of biomechanical degrees of freedom in the laryngeal structures, in combination
with regulation of the subglottal air pressure by the respiratory muscles, allow for
a variety of different types of vibration of the vocal folds.

A convenient way of studying different types of vibration of the vocal folds is
electroglottography. Electroglottography is a non-invasive measurement technique
for obtaining a signal that is proportional to the relative contact area of the vocal
folds as they vibrate. The measurement principle is based on the conductance
of human tissue. When the vocal folds vibrate, they come into contact and the
electrical admittance increases across the midline. Since vibration of the vocal
folds implies an alternation between opening and closing, the contact area, and
thus the electrical admittance, varies accordingly.

Other methods used to study vocal fold vibration are high-speed videoendoscopy
and photoglottography. However, these techniques are to a greater or lesser degree
invasive, and depending on legislation they might require qualified clinicians for
their deployment. Hence, EGG is more practical for applications in the singing
studio, or for home health care.

This thesis presents three experimental studies to investigate how the elec-
troglottographic signal can be used to: (a) detect different vibratory states in

3



4 i. introduction

phonation (Paper I), (b) investigate relationships between relative contact area,
sound pressure level and fundamental frequency (Paper II), and (c) study the dif-
ferent ways that professionally trained tenor singers use their voice in the higher
part of their fundamental frequency range (Paper III). A fourth study was dedicated
to the analysis of pathological voices using microphone signals (Paper IV).

1.2 Motivation

The character of phonation is known to change significantly with fundamental fre-
quency (fo) and sound pressure level (SPL), and therefore they need to be accounted
for in any measurement of phonatory properties. The voice range profile (VRP) is
a measurement paradigm (Ternström et al., 2016) that uses fo and SPL as a frame
of reference for mapping phonation related metrics and depicts them in a plane,
with fo on the x-axis, and SPL on the y-axis. The VRP display is often often is
discretized using cells 1 semitone wide and 1 dB high. A point or cell in the (fo,
SPL) plane can often be reached using different phonation types. Therefore, the
initial motivation for the work of Paper I was to supplement the two dimensional
VRP plot with information about vocal fold vibration. By using the EGG signal,
additional information can be added about the type of vocal fold vibration that
underlies specific (fo, SPL) points or regions. Another topic of interest was the
trajectories in the (fo, SPL) plane and abrupt breaks of these trajectories due to
vibratory instabilities.

In experimental protocols that involve phonation of fo glides, it is common
to observe abrupt transitions between phonation mechanisms, i.e., register breaks.
The occurrence of these breaks is thought to be due to the nonlinear nature of the
aerodynamically driven oscillating vocal folds. Using terminology from the field of
nonlinear dynamical systems, the abrupt passing from one state to another state
is called a bifurcation. Having a reliable indicator for marking transitions between
stable oscillatory regions would be useful for analyzing dynamically changing voice
signals in singing, or voicing in the presence of laryngeal pathologies.

The amplitude of the oscillatory motion of the vocal folds depends greatly on
subglottal pressure. Consequently, the EGG waveform is known to change consid-
erably with vocal intensity. The study of Paper II measured subjects who used
modal phonation and varied intensity gradually, in order to chart the variation of
the EGG waveform shape in the (fo, SPL) plane. By color-coding the correspond-
ing average EGG waveform of each VRP cell, an overview can be obtained for the
underlying vibration across fo and SPL. Such a visualization scheme exposes dif-
ferences in voice use between individuals, or across different voicing conditions for
the same individual.

The EGG-based analysis provides insights into the variation of the vibratory
state of the vocal folds across the (fo, SPL) range. From the results of Papers I and
II, the question arose to what extent the EGG-based analysis would be corroborated
by independent information, such as imaging methods. To that purpose, Paper
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III comprises a study that investigates whether clustering based on glottal area
waveforms yields similar results as clustering based on the EGG signal. The test
subjects of the study documented in Paper III were professionally trained singers,
in contrast to the subjects of the first two studies. This gave rise to some singing
specific questions regarding the vocal fold vibratory characteristics of classical male
singing in high fundamental frequencies. An attempt was made to characterize
this type of phonation based on time domain metrics of the electroglottogram and
glottal area waveform signals.

The first three studies (Papers I, II, and III) were concerned with healthy voices.
The fourth study (Paper IV) deals with discriminating pathological from healthy
voices, by analyzing the airborne acoustic signal. Advances in biomedical signal
processing in the 1980’s have exploited the usability of nonlinear time series anal-
ysis for detecting signs of pathology in biological systems. These methods were
introduced in voice analysis in the 1990’s, but still have not been as established in
clinical practice, compared to perturbation analysis. Another family of methods
which are more established in clinical use are based on cepstral analysis. A key ad-
vantage of nonlinear and cepstral methods is that they do not require fundamental
frequency estimation. In Paper IV, an entropic measure of time series irregularity,
together with an established cepstral measure of voice quality, are put to test for
their potential to differentiate between pathological and healthy voice signals in
different vowel contexts, i.e., vowels excerpted from speech, or sustained vowels.

Research goals
The core research goals that were pursued in the present thesis can be summarized
as follows:

• To explore the utility of the electroglottogram in automatically tracking phona-
tory states

• To map properties of vocal fold vibration over fo and SPL

• To compare the information content of the electroglottogram with that of
data acquired from high-speed imaging

• To find how vowel context (sustained or excerpted from speech) may affect
the predictive power of two acoustic measures of dysphonia

1.3 Related work

Analysis of phonation based on electroglottographic signals is a field of growing
interest as can be seen in Fig. 1.1. The number of journal publications that contain
the term electroglottograph (or its variants) in their abstract or title, has increased
significantly during the last 55 years.
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Figure 1.1: Number of refereed journal articles that contain the terms electroglot-
tograph (or laryngograph) or any of its variants in their abstract or title, over year
of publication. [Data retrieved from Scopus®, Elsevier B.V., December 2017]

New approaches for analyzing the EGG signal have emerged in the last decade.
Most notably, Herbst et al. (2010a, 2013) contributed two new tools of visualizing
the EGG signal variation in time: the wavegram, and the phasegram. The EGG
wavegram separates the EGG signal into cycles and codes the sample values of each
cycle (or its derivative) as brightness. The brightness coded stripes are rotated and
concatenated to form a 2-D plot, similar to a spectrogram, with the important
difference that the y-axis corresponds to specific percentage of the progress of the
time-normalized EGG cycle. The wavegram is a powerful tool, that allows the
inspection of a long EGG signal at a glance (cf. Fig. 7, 8 in Herbst et al. (2010a)) .

The EGG phasegram is another visualization tool that utilizes the nonlinearity
that underlies the voice production process. The phasegram uses attractor re-
construction, i.e., a technique for describing the behavior of nonlinear dynamical
systems whose phase space trajectories tend to evolve on a given set of points, i.e.,
an attractor (Packard et al., 1980). Attractor reconstruction allows to obtain phase
portraits from a single time series (Strogatz, 2014). For assembling a phasegram,
the 2-D phase portrait is calculated in overlapping fixed length frames, and for each
frame a straight line is used to sample the 2-D phase portrait at the intersection
points (Poincaré sections). Then a histogram of the amplitudes of the signal at
these section points is created for each window, coded as intensity, rotated by 90◦

degrees and concatenated across time (cf. Figure 2 of (Herbst et al., 2013)).
The wavegram and the phasegram are useful approaches for visualizing the

variation of the EGG signal. The wavegram is constrained by the need to separate
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cycles, and thus requires quasi-periodic signals. The phasegram does not have
such a limitation, and can be insightful for signals containing different phonatory
regimes where nonlinear phenomena occur, such as period doubling, subharmonics,
and chaos.

However, the recognition of the different vibratory regimes on the wavegram (or
the phasegram) is a task that is carried out manually. It would be desirable to have
access to a method which could differentiate between vibratory regimes that occur
dynamically in phonation, and that was one of the goals of the present thesis.

As far as the singing voice is concerned, several studies have utilized the elec-
troglottogram to study vibratory states in relation to vocal registers. A systematic
review of EGG-based research of the singing voice can be found in D’Amario and
Daffern (2017). The shape and amplitude of the EGG waveform were observed to
differ significantly between different vocal registers in both professional and ama-
teur singers already in the 1980s (Kitzing, 1982; Roubeau et al., 1987; Welch et al.,
1988). The most common observed differences between modal and falsetto voice
are reported in terms of the contact quotient (CQ), open quotient (OQ=1-CQ),
the amplitude of the waveform, and qualitative differences between the waveform
shapes.

Transitions between registers have also been studied using electroglottography
(Roubeau et al., 1987; Vilkman et al., 1995; Švec et al., 1999; Henrich et al., 2004,
2005; Roubeau et al., 2009; Salomão and Sundberg, 2009; Echternach et al., 2010,
2011; Henrich et al., 2014; Echternach et al., 2017). The experimental protocols used
to study register transitions include glissandi (pitch glides), from low to high fo and
vice versa, scales, and sustained phonation on the same fo with register shifts. The
voice production in glides commonly elicits abrupt transitions between registers and
other instabilities. Such events can be either acoustically induced due to source-
filter interaction, or source-induced due to coexistence of limit cycles (Zañartu et al.,
2011; Tokuda et al., 2007). The variation of the EGG waveform with SPL or fo
has been found to depend on register. In modal phonation, the electroglottographic
contact quotient (CQ) is positively correlated with vocal intensity (Orlikoff, 1991;
Henrich et al., 2005), and in falsetto with fo (Howard, 1995; Henrich et al., 2005).

Research on the spectrum of the EGG signal has been scarce. Libeaux (2010)
investigated how the EGG spectrum slope varied with subglottal pressure and SPL
and found significant correlation with SPL but not with subglottal pressure esti-
mated from oral pressure during p-occlusion (Löfqvist et al., 1982). Enflo et al.
(2016) found that the EGG spectrum slope correlated with collision threshold pres-
sure, i.e., in phonation with vocal fold collision, the spectrum slope is less negative
compared to phonation without collision.

The EGG signal has also been used for voice training purposes. A number of
studies have utilized EGG for providing real-time biofeedback in voice training.
Garner and Howard (1999) created a PC-based system for displaying fo and CQ
extracted from EGG, as a function of time. They used their system with singing
students and found that the feedback was helpful in enhancing their awareness.
A study by Herbst et al. (2010b) demonstrated that it was possible to train a
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female subject to control posterior glottal adduction using appropriate instructions
in conjunction with EGG real-time feedback.

In clinical voice research, the EGG has been used to study fo variation and
range, vocal fold vibration type, voice quality, and as biofeedback for voice therapy
of individuals with severe hearing impairment (Kitzing, 1990). In pathological
voice analysis, a large number of studies have been dedicated to establishing a
connection between EGG waveform features and laryngeal pathologies. For an
overview of clinical applications of EGG the reader is referred to (Kitzing, 1990;
Colton and Conture, 1990; Colton et al., 2011). The EGG signal has also been used
to assess irregularity of vocal fold vibration using approximate entropy (ApEn), an
irregularity measure for time series introduced by Pincus (1991). Manickam et al.
(2005) and Douglas et al. (2010) found that ApEn was significantly different for
pathological compared to normal voices.

Clinical examination of voice more often includes acoustic analysis of micro-
phone signals and perceptual assessment. Disordered voice signals have been cate-
gorized into four types, i.e., Type 1–4 (Titze, 1995; Sprecher et al., 2010). Type 1
signals are nearly periodic signals suitable for perturbation analysis with measures
such as jitter and shimmer; type 2 signals contain subharmonics and modulations,
and type 3 are irregular signals with little harmonic content. Type 4 signals is a
more recent category introduced by Sprecher et al. (2010) to describe voice signals
with a high stochastic noise component, which makes them unsuitable for either
perturbation or correlation dimension analysis.

An acoustic voice quality measure that can be used for all signal types is the
cepstral peak prominence (CPP), introduced by Hillenbrand et al. (1994). The
cepstrum is the log power spectrum of the log power spectrum of a signal (Bogert
et al., 1963). Since the power spectrum of a voice signal contains harmonic peaks,
its power spectrum (cepstrum) has a strong peak, whose strength depends on the
regularity of the distance between the harmonics. The prominence of the cepstral
peak is regarded an overall voice quality indicator, and has been found to correlate
with the perceptual quality of breathiness (Hillenbrand et al., 1994; Hillenbrand
and Houde, 1996; Fraile and Godino-Llorente, 2014).

Another family of acoustic measures that can be used in the absence of peri-
odicity are those originating from signal processing methods derived by nonlinear
dynamical system theory. The aforementioned approximate entropy is such a tech-
nique, as well as its successor, sample entropy (SampEn), which was introduced
by Richman and Moorman (2000) for studying electrocardiograms (ECG). Since
then SampEn has been used as an irregularity metric for studying pathological
voice signals (Jaramillo et al., 2012; Fabris et al., 2013), and as a feature for voice
classification (pathological vs. normal) systems (Arias-Londoño et al., 2011).

Common signals that are analyzed to obtain objective voice quality ratings are
running speech, sustained vowels, or vowels excerpted from speech. The predictive
power of acoustic measures of dysphonia can vary depending on the analyzed sig-
nal’s context (Parsa and Jamieson, 2001; Zhang and Jiang, 2008; Gerratt et al.,
2016). For example, Zhang and Jiang (2008) found that two out of four acoustic
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measures of voice quality did not show significant differences between pathological
and control groups for excerpted vowels, while in sustained vowels all four measures
showed significant differences.





Fundamentals of phonation

2.1 The vocal instrument and vocal fold vibration

Seen from a mechanical/acoustical point of view, the phonatory system comprises
three main parts: an aerodynamic energy source, an energy transformer that trans-
forms this aerodynamic energy to acoustic energy, and a cavity, which allows this
energy to be propagated through it and radiated to the environment in the form
of acoustic waves. The energy source is the respiratory system, which provides air
under pressure to the vocal folds. The vocal folds, being part of the larynx, vibrate
and modulate the airflow to form acoustic waves that propagate in the space above
them. The vocal tract, i.e., the space between the vocal folds and the lips, acts as a
resonator that transforms and transmits the sound waves to the environment. An
overview of the anatomy of the vocal instrument is illustrated in Fig. 2.1. The Speech System and Basic Anatomy 7

1.2 The Building Blocks of Articulatory Phonetics

The field of articulatory phonetics is all about the movements we make 
when we speak. So, in order to understand articulatory phonetics, you’ll 
need to learn a good deal of anatomy. Figure 1.4 shows an overview of 
speech production anatomy. The speech production chain begins with the 
brain and other parts of the nervous system, and continues with the respira-
tory system, composed of the ribcage, lungs, trachea, and all the supporting 
muscles. Above the trachea is the larynx, and above that the pharynx, which 
is divided into the laryngeal, oral, and nasal parts. The upper vocal tract 
includes the nasal passages, and also the oral passage, which includes 
structures of the mouth such as the tongue and palate. The oral passage 
opens to the teeth and lips. The face is also intricately connected to the rest 
of the vocal tract, and is an important part of the visual and tactile com-
munication of speech.

Scientists use many terms to describe anatomical structures, and anatomy 
diagrams often represent anatomical information along two-dimensional 
slices or planes (see Figure 1.5). A midsagittal plane divides a body down 
the middle into two halves: dextrad (Latin, “rightward”) and sinistrad (Latin, 

Figure 1.4 Anatomy overview: full body (left), vocal tract (right) (image by 
D. Derrick).

Brain

Spinal Cord

Trachea

Ribcage
Lungs

Larynx

Ve
lu

m

Lips

Teeth

Nasal Passage

Tongue

Epiglottis

Soft Palate Hard Palate

Laryngopharynx
Oropharynx
Nasopharynx

Diaphragm

Oral Passage

Figure 2.1: Overview of human anatomy: upper half of the body (left), vocal tract
(right) (image by D. Derrick). Reproduced with permission of the Licensor through
PLSclear.
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12 i. introduction

The larynx is a complex structure consisting of cartilages, muscles, and mem-
branes. Figure 2.2 shows a side view (a) and a top view (b) of the anatomy of the
laryngeal cartilages. In Fig. 2.2a, the arytenoid cartilages are not seen, as they are
hidden by the thyroid cartilage.

Thyroid cartilage 

Cricoid cartilage 

Hyoid bone 

(a) Side view of the larynx. Adapted
from the Union of European Phoni-
atrics.

Figure 5.1a Major cartilages of the larynx: anterior view (top left), posterior view 
(top right), right side view (bottom left), top view (bottom right) (image by D. 
Derrick).
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Figure 5.1b Larynx: top view (image by A. Yeung).
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(b) Top view of the larynx (image by A. Ye-
ung). Reproduced with permission of the
Licensor through PLSclear.

Figure 2.2: Anatomy of the laryngeal cartilages.

The intrinsic laryngeal muscles (see Figure 2.3) control the position of the vo-
cal folds, their shape and their biomechanical properties. Some of the intrinsic
muscles control the function of adduction, i.e., bringing the vocal folds close to
each other. Adduction includes two main components, membranous (medial) and
cartilaginous (posterior) adduction (Herbst et al., 2011). Posterior adduction is
accomplished by contraction of the interarytenoid (IA) muscles, and medial ad-
duction through contraction of the oblique arytenoids and lateral cricoarytenoids
(LCA). The thyroarytenoid (TA) muscle contributes to the medial bulging of the
vocal folds and also shortens them by bringing closer the thyroid cartilage to the
arytenoids. Abduction (separation of the vocal folds) is achieved by contraction
of the posterior cricoarytenoid (PCA) muscles. The lateral cricoarytenoid and the
posterior cricoarytenoid can be regarded as antagonists, since they produce oppo-
site results by means of rotation of the arytenoids. The function of adduction and
abduction is illustrated in Fig. 2.4.

Adduction and abduction of the vocal folds are critically important biological
functions. Involuntary adduction can occur in a reflexive way, as in reflexive cough-
ing when anything but air attempts to travel down the wind pipe (Ludlow, 2015).
When there is intention of vocalization, adduction occurs voluntarily. The default
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Figure 5.5 Intrinsic muscles of the larynx: right side view (image by E. Komova, 
based on Gray, 1918).
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Figure 5.4 Intrinsic muscles of the larynx: top view (left), posterior view (right) 
(image by W. Murphey and A. Yeung).
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Figure 2.3: Intrinsic muscles of the larynx: top view (left), posterior view (right)
(image by W. Murphey and A. Yeung). Reproduced with permission of the Licensor
through PLSclear.
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The arytenoid cartilages are connected to each other by the interaryten-
oid (IA) muscles: the transverse interarytenoid (IAt) muscle, a single muscle 
that connects the backs of the arytenoid cartilages horizontally, and the 
oblique interarytenoid (IAo) muscles, which connect diagonally behind 
the IAt muscle. The IA muscles can, in conjunction with the LCA muscles, 
tense to close the vocal folds completely (see Figure 5.6).

The IAo muscles each continue upward to connect to the top of the 
epiglottis. These extensions of the IAo muscles are sometimes called  
the aryepiglottic muscles, and they form part of the aryepiglottic folds, the 
largest of the folds in the larynx. The aryepiglottic folds (at the sides),  
the epiglottis (in front), and the arytenoid cartilages (at the back) make 
up the epilaryngeal tube. Because the tube starts at the false vocal folds (at 
the sides), these also contribute to part of the tube. Each aryepiglottic fold 
wraps around to the back of the larynx to envelop the cuneiform and 
corniculate cartilages, which look like white areas protruding along the 
upper posterior edges of the folds. These cartilages increase the rigidity 
of the aryepiglottic folds and add characteristic irregularities to aryepi-
glottic vibration.

All of the above intrinsic laryngeal muscles are innervated by the  
recurrent (inferior) laryngeal nerve, which extends from the vagus nerve 
(CN X).

The cricothyroid (CT) muscle originates at the front of the cricoid cartilage 
and inserts into two places on the thyroid cartilage, the inferior horn and 
the lower surface. The CT muscle is the only intrinsic laryngeal muscle 
innervated by the external branch of the superior laryngeal nerve, which 
itself extends from the vagus nerve. This muscle is of primary importance 
in pitch control.

Figure 5.6 Schematic showing functions of the laryngeal muscles: top view of the 
larynx (image by D. Derrick).
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Figure 2.4: Schematic showing functions of laryngeal muscles: top view of the
larynx (image by D. Derrick). Reproduced with permission of the Licensor through
PLSclear.

state of the vocal folds in tidal breathing is to be abducted, so that inspiration and
expiration can occur uninhibited.

The structure of the vocal folds can be separated in three layers. The outer
layer corresponds to the epithelium and lamina propria (mucosa), i.e., a passive
soft tissue, the intermediate layer to the ligament, a stiffer passive tissue, and the
deepest layer to the thyroarytenoid muscle (cf Fig. 2.5). These layers have dif-
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corniculate (Latin, “horned”) cartilages, sit atop each arytenoid, adding 
structure to the aryepiglottic folds (see Figure 5.1a).

The epiglottis is a flap of cartilage attached behind the angle of the thyroid 
near the root of the tongue, and projecting upward behind the tongue. 
During swallowing, the larynx is raised, and the epiglottis folds over to 
keep food from going down the trachea.

Now that you know the names of the hard structures of the larynx, it 
will be easy to learn the names of the muscles that connect them.

5.1.2 Intrinsic laryngeal muscles

Several small but important muscles connect the main cartilages of the 
larynx to one another. These are called the intrinsic muscles of the larynx.

The vocal folds, despite their small size, are actually very complex (see 
Figure 5.2). Medially to laterally (right to left in the figure), they are  
made up of: two covering membranes called the epithelium and the 
superficial lamina propria, both of which contribute to the vibrations  
of the folds, the vocal ligament, and finally a thin vocal fold muscle 
called the vocalis muscle, which is actually the lateral part of the thyroary-
tenoid (TA) muscle.

Figure 5.2 Internal structure of a vocal fold: coronal cross-section (image by W. 
Murphey).
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Figure 2.5: Internal structure of a vocal fold: coronal cross–section (image by W.
Murphey). Reproduced with permission of the Licensor through PLSclear.

ferent mechanical properties and their combination in one layered structure allows
significant variation in the vibratory behavior of the vocal folds.

Vocal fold posturing

In order to vocalize, the vocal folds need to be configured appropriately. Vocal fold
posturing is the set of laryngeal adjustments that enables the vocal folds to vibrate.
Adduction is a primary ingredient of vocal fold posturing and can be accomplished
in several ways, depending on the relative activation of different adductors.

The biomechanical properties of the vocal folds can be adjusted by contraction
of the thyroarytenoid muscle and the cricothyroid (CT) muscle. The thyroarytenoid
muscle shortens the vocal folds and increases their stiffness. The cricothyroid mus-
cle, by rotating the thyroid cartilage to approximate the cricoid cartilage, makes the
vocal folds longer and increases their stiffness. The thyroarytenoid and cricothyroid
are antagonists: they have opposite effects on the length of the vocal folds. Both
muscles increase the vocal fold stiffness, though not in the same way, because of
the different tissues that comprise the vocal folds. Lengthening the vocal folds in
the anterior–posterior dimension by contraction of the cricothyroid muscle results
in an increase of stiffness of the cover. Shortening the vocal folds by contracting the
thyroarytenoid muscle increases the stiffness of the muscle but lowers the stiffness
of the passive tissue of the cover, which becomes more lax. Figure 2.6 provides
an illustration of the function of the thyroarytenoid and cricothyroid muscles and
their effect on fo control. The function of the cricothyroid muscle is illustrated in
a side view in Fig. 2.7.
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Apart from the intrinsic muscles that affect the length and stiffness of the vocal
folds, there are indications that extrinsic laryngeal muscles can contribute indirectly
to vocal fold stretching (Vilkman et al., 1996).
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Figure 5.13 Flow separation theory: coronal view of the vocal folds (image from 
Reetz and Jongman, 2008).
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Figure 5.14a Muscles of the larynx – pitch control: top view (image by D. Derrick 
and W. Murphey).
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muscles to change pitch during modal voicing, as shown in Figures 5.14a 
and 5.14b.

More massive things vibrate more slowly. To achieve the slower vibration 
needed to produce a lower pitch, parts of the thyroarytenoid (TA) muscles 
contract, shortening the vocal folds and making them thicker and heavier. 
It is not, however, the length alone that changes pitch. As the mass of the 
vocal folds remains more or less constant during modal voicing, changing 

Figure 2.6: Muscles of the larynx – pitch control: top view (image by D. Derrick
and W. Murphey). Reproduced with permission of the Licensor through PLSclear.88 Articulatory Phonetics

their length does not substantially change their absolute mass. However, 
shortening the vocal folds does increase their mass per unit length. Mass per 
unit length has a much larger effect on the rate of vibration than tension 
does: the greater the mass per unit length, the slower the vocal folds vibrate. 
Slower overall vibration equates to lower f0, which is in turn perceived as 
lower pitch.

To produce higher pitches, the vocal folds must be stretched out to 
decrease their mass per unit length. To achieve this, the cricothyroid (CT) 
muscles must contract. Because of the way the thyroid cartilage rests on  
the cricoid cartilage, contracting the CT muscle tilts the thyroid cartilage 
forward, increasing the distance between the thyroid notch at the front  
and the arytenoids at the back, stretching and thinning the vocal folds. 
While the CT muscles contract, the TA muscles can also help to increase the 
frequency of vibration. Recall that the TA muscles, acting alone, will shorten 
the vocal folds to lower pitch. If, however, the TA muscles contract simul-
taneously with the CT muscles, creating an opposition, the vocal folds 
stiffen, which can contribute to raising f0. The PCA muscles, normally used 
for abducting the vocal folds, also play a synergistic role in stabilizing the 
vocal folds as they stretch. When the CT muscle contracts, the PCA must 
contract somewhat as well to prevent the arytenoid cartilages from sliding 
forward, as any such sliding would hinder vocal fold lengthening, making 
it more difficult to increase f0.

Figure 5.14b Muscles of the larynx – pitch control: right side view (image by D. 
Derrick and W. Murphey).
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Figure 2.7: Muscles of the larynx – pitch control: right side view (image by D.
Derrick and W. Murphey). Reproduced with permission of the Licensor through
PLSclear.
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Vocal fold vibration
Once the vocal folds are postured by means of adduction and tension adjustment,
they can vibrate if sufficient air pressure is applied under them (subglottal pressure).
Subglottal pressure is regulated by the action of the respiratory musculature, and
the volume of air contained in the lungs. The minimum amount of subglottal
pressure that is required to initiate vocal fold vibration is called phonation threshold
pressure (Titze, 1994).

When the subglottal pressure reaches or exceeds the phonation threshold pres-
sure, the adducted vocal folds move outwards from the medial plane, and air flows
between them. The open space between the two vocal folds is the glottis. Once
the vocal folds reach their maximum excursion away from the midline, because of
their elasticity and the inertance of the airflow, they start to move back towards
their initial position. The course of an idealized vibratory cycle is depicted in Fig.
2.8. Vocal fold vibration is basically a quasi-periodical motion of the vocal folds
resulting from the energy exchange between the airflow and the vocal folds. From Flow to Sound 85

uniform mass of muscle but is instead many layered, creating multiple 
masses that can vibrate semi-independently. This concept was originally 
described as the two-mass theory of vocal fold vibration (Ishizaka and Flana-
gan, 1972), and you can see it in Figure 5.11. Researchers quickly adopted 
much more complex vocal fold models which included as many as 16 or 
more semi-independent masses (Titze, 1973, 1974) – you can see the differ-
ences between a one-, two-, and three-mass model in Figure 5.12. The pre-
dicted shape of the vocal folds is indicated by the dotted lines. In this 

Figure 5.11 A schematic of vocal fold vibration: coronal view (image from Reetz 
and Jongman, 2008).
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Figure 5.12 One-, two-, and three-mass models generate different predictions 
(dotted lines) for the motion of the vocal folds: coronal view (image by D. Derrick).
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Figure 2.8: Schematic illustration of vocal fold vibration: coronal view (image from
Reetz and Jongman, 2008). Reproduced with permission of the Licensor through
PLSclear.

The aerodynamic forces exerted on the vocal folds drive them into self-sustained
oscillation. The physics governing self-sustained oscillation are different from those
of forced linear oscillation, due to the underlying nonlinearities. For an overview
of nonlinear oscillators in biophysical systems the reader is referred to Pikovsky
et al. (2003) and Strogatz (2014). For the vocal folds, the nonlinearity stems from
the dependence on their material properties (such as stiffness) on the deformation
that they experience during oscillation (Fletcher, 1996). The deformation is largest
when the vocal folds collide. The collision itself introduces another nonlinearity and
contributes to the stability of the oscillation through mode locking (Fletcher, 1996).
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Another nonlinearity originates from the aerodynamic driving forces, which depend
on the geometry of the glottal channel in a nonlinear way. Humans have the capacity
to voluntarily adjust their laryngeal configuration to utilize nonlinear effects in
vocalization, producing sounds that exhibit subharmonics and chaos (Neubauer
et al., 2004). Asymmetries in the vocal fold structure as in cases of organic laryngeal
pathology can also produce such nonlinear phenomena.

2.2 Generation and propagation of voiced sounds
The accelerating and decelerating transglottal airflow through the vibrating vocal
folds generates small pressure disturbances, i.e., sound. The transglottal airflow is
the voice source, and it is a result of the interaction between the moving air and
the oscillating the vocal folds. Thus, the type of oscillation of the vocal folds is
reflected in the voice source.

The vocal tract is the enclosed space that begins just above the vocal folds and
terminates at the mouth, and allows propagation of acoustic waves. A parallel
path for the propagation of acoustic waves is the nasal tract, which begins at the
velopharyngeal port and terminates at the nostrils. The characteristic geometry
and material properties of an enclosed space define how the propagated sound is
transformed. Thus, the function of the vocal tract is that of an acoustic filter,
which is strongly dependent on the resonances (formants). The source-filter theory
for voiced sounds assumes a linear system consisting of the voice source followed by
the vocal tract. The transformation of the voice source to the final radiated voice
signal can be described mathematically by a convolution operation (Fant, 1960).
The transformation involves the voice source, the impulse response of the vocal
tract, and the acoustic radiation impedance at the lips.

Still, this approach is an approximation since even for static vocal tract shapes
the vocal folds–vocal tract system is not time-invariant, because of the time-varying
acoustic impedance of the glottis (Meyer and Strube, 1984; Barney et al., 2007).
This means that the acoustic properties of the vocal tract depend to some extent
on the state of the glottis. At the same time, the transglottal airflow and vocal
fold oscillation are affected by the supraglottal (and subglottal) aerodynamics and
acoustics (Titze, 2008). The motion of air in the vocal tract affects the transglottal
airflow itself. The inertance of the air column above the vocal tract is known to
skew the glottal flow pulse (Rothenberg, 1981; Guérin, 1983; Titze, 2004, 2008).
Moreover, vocal fold vibration can depend on supraglottal geometry; it has been
demonstrated in numerical simulations as well as in vocal fold replica experiments
that the inertive load of the vocal tract lowers the phonation threshold pressure
(Titze, 1988; Chan and Titze, 2006).

Vibratory states in phonation
The degree of activation of the intrinsic laryngeal muscles, in combination with sub-
glottal pressure and adjustments of the supraglottal structures, define the resulting
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vibratory state of the vocal folds. The term vibratory state includes the kinematic
characteristics of vocal fold vibration, such as vibratory amplitude, relative domi-
nance of vibrational modes, type of mode synchronization, presence or absence of
contact, and degree of asymmetry of left and right vocal fold motion.

The word state implies some sort of stationarity, i.e., that the essential features
of the vocal fold motion are not changing considerably with time. The regulation of
the activation of intrinsic laryngeal and respiratory muscles is responsible for that
the vocal folds remain in the same vibratory state or transition to another. The
nonlinear nature of the vocal fold vibration allows also for hysteresis to manifest.
Hysteresis is a nonlinear phenomenon where the current state of a system depends
not only on its instantaneous control parameters, but also on its previous state.
Hysteresis phenomena have been observed in in vivo (Švec et al., 1999), ex vivo
(Baer, 1981; Titze et al., 1995; Hanna, 2014), and in vitro (Ruty et al., 2007; Hanna,
2014) experiments, as well as theoretical studies based on computational models
(Lucero, 1999). The most common manifestations of hysteresis are for subglottal
pressure, which has a lower value at the voice offset than at the voice onset, and for
fo jumps in glides, where the magnitude of the jump and the frequency at which
it happens depends on the direction of the glide (increasing or decreasing fo).

Typically, but not necessarily, a change in vibratory state in healthy phonation
can result in a distinct change of perceived voice quality, which is usually referred
to as a change of vocal register (Titze, 1995; Henrich, 2006; Roubeau et al., 2009).
The vibratory correspondence to registers, has been termed laryngeal mechanisms
by some researchers (Henrich, 2001; Roubeau et al., 2009). The term modal or
chest register or M1 is used to describe phonation with full vocal fold contact, and a
phase difference in the inferior-superior dimension of the vocal folds. The term pulse
register or vocal fry is used to describe phonation at the lowest possible fundamental
frequencies. The kinematic characteristics of vocal fry include full vocal fold contact
with a long closed phase, and weak or no periodic motion. The term falsetto, or M2
corresponds to phonation at higher fo, with absence of pronounced phase difference
in the inferior–superior dimension of the vocal folds. In falsetto, if contact occurs
at all, the closed phase is of shorter duration compared to vocal fry or modal.

Another type of phonation, whose nature is still not clearly understood, is the so
called mixed register, particularly relevant to the singing voice for middle to high
fundamental frequencies of a singer’s range (Miller and Schutte, 2005; Henrich,
2006). It has been debated whether the vibratory behavior underlying the mixed
register is distinct from that of modal and falsetto (Miller and Schutte, 2005; Hen-
rich, 2006; Titze, 2014). An analysis by Titze (2014), based on computational
models of vocal fold vibration and empirical evidence suggests that mixed register
phonation can be achieved by maintaining an adductory posture that exhibits a
low convergence angle between the two vocal folds. The conditions for maintaining
this adductory posture are: (a) balancing of inferior (TA dominated) and superior
(LCA-dominated) adduction, and (b) balancing of subglottal and supraglottal pres-
sure via respiratory control and vocal tract adjustments. This type of adductory
posture may be of interest for voice therapy as it can be associated to low phonation
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threshold pressure and moderate vocal fold collision (Titze and Verdolini Abbott,
2012; Titze, 2014).

Apart from modal and falsetto, where vocal fold vibration is regular and fo is
well defined, other vibratory states can occur, such as superperiodic behavior (giv-
ing rise to subharmonics) and chaos. These states can occur both involuntarily as
in the case of laryngeal pathologies, or voluntarily for artistic purposes. Commonly
such non-modal vibratory behavior, is linked with organic (or voluntarily induced)
asymmetries of the vocal folds that result in eigenmode desynchronization (Berry,
2001). The asymmetries that can lead to such complex vibratory patterns can occur
both in the anterior-posterior or inferior-superior dimensions.

Laryngeal pathology effect on vocal fold vibration
Healthy larynges, in absence of neurological disorders, are capable of stable reg-
ular vocal fold vibration. In case of organic laryngeal pathologies, the vocal fold
cover may suffer changes in geometry and biomechanical properties. Because the
aerodynamic forcing which leads to self-sustained oscillation is sensitive to the ge-
ometry of the vocal folds, a disturbance of this geometry can act detrimentally and
give rise to irregular vocal fold vibration. Apart from geometry, the biomechanical
properties of the vocal fold cover are important for the generation and propagation
of the mucosal wave.

The geometry and biomechanical properties of the vocal fold cover can be altered
by the presence of protruding structures, such as nodules, cysts, and polyps, or from
cancerous growths. Depending on the degree of severity, these deformations can
result in considerable reduction of vocal fold closure, and destabilization of the vocal
fold vibration. Although lesions may be of different structure and etiology, their
acoustic consequences can be similar: they can result in the vocal folds vibrating
aberrantly, producing sounds without well-defined fundamental frequency. In less
severe cases, their effect may be evident only in specific regions of intensity and
phonation frequency. The perceptual quality of a voice is termed hoarse or rough. A
lack of complete glottal closure gives rise to turbulent aerodynamic high-frequency
noise, resulting in a breathy voice quality.





Methods

This section provides a description of the experimental techniques and processing
methods that were used throughout the four included Papers. The analysis in
Papers I, II, and III is of the electroglottographic signal, while the fourth paper
concerns analysis of the airborne voice signal. The EGG signal is analyzed in terms
of its cycle-synchronous DFT components (Fourier Descriptors) as characteristic
features and the automatic categorization of vibratory states is achieved through
clustering based on these features. The sample entropy is used for detecting sudden
changes of the Fourier Descriptor time series of the EGG, which most often occur
in vibratory state transitions. In Paper IV, for discriminating pathological from
normal voice signals, the cepstral peak prominence (smoothed) and sample entropy
are calculated for excerpted or sustained vowels, using fixed length frames.

3.1 Electroglottography

The electroglottograph was invented by Fabre (1957) for studying vocal fold vibra-
tion in vivo. The measurement principle takes advantage of the changing electrical
impedance (or admittance) across the glottis as the vocal folds vibrate. Two elec-
trodes are placed on either side of the neck, left and right of the thyroid prominence,
and a high frequency1 alternating current is passed through the neck, including the
path through the glottis. The electroglottograph registers the amplitude of the
current that is passed through. The EGG signal, also known as the Lx waveform,
is then recovered as the amplitude modulation of the conducted current that is
produced by the varying admittance of the glottis. Since the admittance is propor-
tional to the contact area between the two vocal folds, the EGG signal is regarded
to represent the time-varying vocal fold contact area. The contact area has a di-
rect mechanical link to vocal fold vibration, therefore can be used to characterize
different types of vibration.

1A frequency of the order of a few MHz.

21
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EGG analysis

Previous research on EGG signals has been based on time domain analysis, using
conventional time domain metrics, such as contact quotient (CQ), relative rise
time (RT), amplitude of the EGG, and amplitude of the derivative of the EGG
(dEGG). These metrics can be physiologically interpreted. The contact quotient,
for quasi–periodic phonation represents the fraction of the glottal cycle for which
the vocal folds are in contact. The relative rise time is defined as the time during
which the amplitude of the EGG signal increases from its 25% to its 100% (Orlikoff
et al., 1997) and quantifies how abruptly vocal fold contact occurs. The peak-
to-peak amplitude of the EGG can be regarded proportional to the contact area,
though with the important caveat that it may vary with the positioning of the
EGG electrodes. This can be important in experimental protocols with gliding
tones, where the vertical laryngeal position tends to change. The dEGG measures
how fast the EGG amplitude changes, and its maximum peak is regarded to be
a reliable marker for the beginning of the contact phase (Childers et al., 1990;
Howard, 1995; Henrich et al., 2004). A limitation of the time-domain metrics is
their dependence upon the threshold that is chosen for their definition (Herbst and
Ternström, 2006).

In this thesis, time domain metrics are used only in Paper III, in an attempt to
find quantitative differences between registers used by professionally trained male
singers (tenors). The waveform for an EGG cycle along with threshold points and
mathematical definitions for the time-domain metrics are shown in Fig. 3.1. The
subscript “norm” for the dEGG denotes that it is the derivative of an EGG cycle
normalized as to have a peak-to-peak amplitude equal to one. The CQ is defined
as in Howard (1995) contacting instant TC being defined by the maximum dEGG
peak, and the decontacting instant TD when the amplitude of the declining phase
becomes 43% of its value. A metric introduced in Paper III DPREGG is defined as
the ratio between the maximum and the minimum dEGG. The relative magnitude
of the dEGG peaks is known to change in different registers Henrich et al. (2004).

Relying on the equivalence of time domain and frequency domain representa-
tions of signals, the spectrum of the EGG can be used as an alternative description
of the EGG waveform. The EGG spectrum is characterized by the presence of
equidistant harmonic peaks, as found in the spectrum of the voice source, or the
radiated acoustic spectrum. The acoustic spectrum depends greatly on the config-
uration of the vocal tract, which introduces peaks on the spectrum envelope due to
its resonances. The EGG amplitude spectrum however is simpler, being in most2

cases dominated by the fundamental, followed by harmonics of decreasing ampli-
tude. The slope of the harmonics’ roll-off with rising frequency can depend on
the vibratory state. An important advantage of the spectrum, i.e., the harmonic
amplitudes and phases, over the time-domain metrics, is that it offers a natural
parameterization of the EGG cycle waveform without the need for defining specific

2That might not be the case in superperiodic phonation.
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thresholds. The spectral description can be particularly useful for very soft, pre-
contacting phonation, where the EGG has almost sinusoidal shape, in which case
the conventional CQ calculation is not applicable. Figure 3.2 shows the spectrum
of the voice signal for a vowel [A:] and the corresponding EGG signal for the same
utterance, of length 40 ms.
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Figure 3.1: Definition of time-domain metrics for an EGG cycle. Contact quotient
CQ (up) and relative rise time RTEGG (down). The two figures depict the same
EGG cycle with different landmark points.
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Figure 3.2: Power spectrum of the voice signal (left) and the corresponding EGG
signal (right).

The discrete Fourier transform (DFT) representation of the EGG spectrum can
be calculated for different window lengths. In this work, the window length is
chosen to be equal to the length of a vibratory cycle. The vibratory cycle can be
regarded as the building block of phonation. Cycle-synchronous analysis is easy
to apply in periodic phonation, where the notion of the cycle has meaning3. The
DFT levels (in dB) and phases (in rad) of the EGG for a vibratory cycle will be
henceforth called the Fourier Descriptors (FDs), and will be symbolized with Ln[c]
and φn[c], respectively. The natural number c symbolizes the index of the vibratory
cycle and n is the harmonic number, with n = 1 corresponding to fo. If all the
FDs are retained, the description of the cycle’s EGG waveform is complete. In this
work four to ten components were retained, in order to reduce dimensionality; this
implies that high-frequency features of the EGG waveform is not accounted for in
the analyses.

Spectral features of the EGG
The FDs of each glottal cycle can be concatenated to obtain cycle-synchronous time
series that contain features, which describe the evolution of the EGG waveform with
cycle time. Instead of using the raw FDs for describing the waveform, a number of
operations can help in reducing the variation due to factors that are not relevant
to the vibration. To avoid dependencies on the amplitude of the EGG waveform,
due to changes in electrode position, the relative FD levels can be used, i.e., the

3If phonation is irregular, the “cycles” that might be detected by a cycle separation algorithm
are not any more events that have the characteristics of contacting and decontacting in an orderly
manner, but rather represent portions of the signal that happen to satisfy the algorithm’s criterion
for defining a cycle.
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difference between the level of the harmonics and the level of the fundamental
(∆Ln). Similarly, the phase differences relative to the phase of the fundamental
(∆φn) can be considered, to eliminate possible dependency on specific trigger points
of the glottal cycle waveforms. The relative FDs can be then described by 2×(N −1)
cycle-synchronous time series, ∆Ln[c] and ∆φn[c] as:

∆Ln[c]= Ln[c] − L1[c]
∆φn[c]= φn[c] − φ1[c], (3.1)

where n is an index for the relative FD (n = 2 . . . N), and N is the number of FDs
retained for the analysis. The choice of the number of retained descriptors depends
on the variability of the signal, e.g., the amount of different types of waveforms
present in the data set. The relative FDs have been used as features in Paper I,
however for Papers II, and III, some modifications took place. Specifically, it was
found that the results of the clustering were more consistent when using the sines
and cosines of the phase differences, as opposed to the phase differences themselves.
The sine and cosine modification was used in Paper II. When using the sines and
cosines instead of the phases, the dimensionality of the features increased by N −1.
To reduce the dimensionality of the features, a principal component analysis (PCA)
was used in Paper III. A number of principal components were retained and were
used as features, based on the percentage of explained variation of the relative FDs
data.

Limitations of electroglottography

Electroglottography is a practical measurement technique for studying vocal fold
vibration because it is non-invasive. However it has some limitations. The EGG
is regarded as a fairly good estimation of relative vocal fold contact area, but the
correspondence between the EGG waveform and contact area is not exact. Recent
studies using hemilarynx experiments have shown that the agreement between the
EGG with contact area was better in the decontacting part of the glottal cycle
compared to the contacting part (Hampala et al., 2016). Further cross-validation
experiments should be done to provide deviation bounds between the EGG and
measured contact area. There is also dependence of the strength of the EGG signal
on sex, age, and structure (Kitzing, 1990). Females and children most often have
weaker EGG signals than adult males mostly because of smaller larynx dimensions.
The presence of subcutaneous tissue in individuals with thick necks results in di-
minished transduction, and as a result in weak EGG signals. Another caveat is the
occurrence of mucus bridges, i.e., mucus which provides a path for the current to
flow when the vocal folds might not be in contact. This phenomenon may lead to
artifacts in the EGG waveform.
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3.2 Clustering

In the quest for mapping vibratory states over the voice range, we wish to avoid
making a priori assumptions about the possible shapes of EGG waveforms. The
reason for this is that we want to be able to accommodate EGG waveforms that
have atypical shapes, which we have observed to occur depending on voice task or
morphology of the subject.

The relative FDs for each EGG cycle waveform are a multidimensional descrip-
tion of that waveform. Once the relative FDs time series have been calculated for
a given EGG signal containing different vibratory states, we want to use a method
for their automatic categorization. The task of grouping (multidimensional) data
based on similarity can be accomplished using a data analysis technique known as
clustering.

Clustering can be employed for unsupervised learning tasks, for identifying the
existence of different types of objects and separating them in groups. For example,
if a clustering algorithm were given the descriptive data (color, weight, shape) of a
basket of citrus fruits, including lemons, oranges, and grapefruits, the result should
be one cluster corresponding to all the lemons, one cluster to all the oranges, and
one to all the grapefruits. This separation would happen without the algorithm
having prior knowledge (training) on the features of different fruits. In practice,
however, often due to the overlap of the descriptive data, there are errors in the
clustering procedure, and one cluster may contain different objects. For example,
since grapefruits and oranges can be rather similar, a few grapefruits might be
mistakenly assigned to the orange dominated cluster, and vice versa.

If the number of object types (classes) is not given, choosing the number of
clusters is not trivial. In practical applications, one adjusts the number of clusters
depending on the desired level of detail of analysis. Returning to the citrus fruit
example, suppose that the basket with citrus fruits contains not one, but two kinds
of lemons that differ in size. If the experimenter would wish to separate the citrus
fruits and the two kinds of lemons, the number of clusters could be increased to
four. Ideally, with four clusters the oranges and grapefruits would occupy one
cluster each, and the lemons would occupy two clusters, one corresponding to the
larger, and one to the smaller kind. In our case, the “fruits” are the EGG cycle
waveforms of different shape, and their features are based on the relative FDs.

There are many algorithms that can separate datasets into clusters; for an
overview the reader is referred to Bishop (2006). In this work, two methods were
chosen due to their conceptual simplicity: the Gaussian Mixture Model (GMM)
and k-means.

Gaussian Mixture Model (GMM)
The Gaussian Mixture Model fits a weighted sum of k Gaussian components to
the distribution of an observed data set X = {xi}, i = 1 . . . n. In our problem,
each point xi corresponds to an EGG cycle and is defined by the relative Fourier
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Descriptors4 of that cycle. The index i corresponds to the cycle index c that appears
in Eq. 3.1, and xi = (∆L2[i], . . . , ∆LN [i], ∆φ2[i] . . . , ∆φN [i]). The dimension of xi

is M = 2 × (N − 1), where N is the number of retained DFT components.
A parameter estimation problem is then solved to find appropriate values for

the weights πj , means µj , and covariances Σj (j = 1 . . . k) of the k Gaussian
components. The most common way of estimating the parameters is the iterative
expectation maximization (EM) algorithm (Dempster et al., 1977), which finds
the parameters such that the likelihood of observing the data points given the
parameters is a local maximum.

Each of the Gaussian components represents a cluster, and after the parameters
have been estimated, the probability of each data point xi to belong to any of the
k clusters can be calculated. In our problem, the desired result is that each cluster
will contain cycles of the same vibratory state.

k-means clustering
The k-means algorithm, in contrast to the GMM, does not assume an underlying
statistical model of the data, but groups the points based on Euclidean distance.
Due to the reduced number of parameters, k-means typically converges faster than
the GMM, and is also possible to compute in real-time.

Given a set of M -dimensional data points X = xi and the number of clusters k,
the k-means algorithm estimates iteratively the M -dimensional centroids Kj (j =
1 . . . k) of the clusters. Once the k-means algorithm has converged, the resulting
centroids are such that the sum of squared Euclidean distances between the points
and the cluster centroids for all clusters is minimum. It is not guaranteed that the
k-means algorithm will converge to a global minimum of this sum. To alleviate
this, a number of replications with random initialization of the cluster centroids is
typically employed, and the replication with the minimum sum is selected as the
solution. The clustering in the case of k-means is “hard”, meaning that each data
point belongs to one cluster only.

In this thesis the k-means++ algorithm is used, which was introduced by Arthur
and Vassilvitskii (2007) and is implemented by the matlab function kmeans. k-
means++ converges and yields lower errors than standard k-means. The advantage
of k-means++ over k-means is due to its improved strategy for choosing the initial
centroids of the clusters.

Clustering in Papers I, II, and III
The general analysis framework used in Papers I, II, and III is the same, with some
modifications that were made as evolution of the method. Figure 3.3 illustrates
the different implementations of the framework. The first column of blocks in

4This is the case only for Paper I. The method of Paper II considers instead of the relative
phase differences, their sines and cosines. The points xi in Paper III are made from a number of
principal components derived from the relative levels and phase differences.



28 i. introduction

Fig. 3.3 represents the processing that is common in the three papers, up to the
concatenation of the FDs of the N first harmonics. The sample entropy of the 2
first FDs of the EGG is used only in Papers I and III, to mark the vibratory state
transition locations. Moreover in Paper III the same clustering algorithm was used
for the glottal area waveform, except for the filtering block and the step involving
SampEn, which was computed only for the EGG.

The second column of the flowchart shows the different FD-based features used
in the three papers. In Paper I, the features were the relative FDs themselves.
In Paper II instead of using the phase differences as such, their sines and cosines
were used. This was done to avoid the potential problem of phase wrapping which
introduced jumps to the phase differences. Using the sines and cosines increased the
dimensionality of the features by M = N − 1. The relative levels were multiplied
with a scaling factor, in order to bring their values to a comparable range with the
sines and cosines of the phase differences. Scaling is performed in order to avoid bias
in any of the space’s dimensions. In Paper III, the dimensionality of the features was
reduced significantly by employing a principal component analysis (PCA). Before
using PCA, each dimension of the features was transformed by subtracting the
mean and by dividing with the standard deviation; this ensures that the range of
values is normalized in all dimensions, so that their contribution to the PCA is
equally weighted.

The third column contains the clustering methods that were employed in each
paper. Paper I utilized the GMM, while Papers II and III used k-means clustering.
Although the GMM clustering is more general than k-means, the quality of estima-
tion of its parameters depends on the dimension of the features5 and on sufficient
representation of each underlying class (here vibratory state) in the dataset. In
Paper I the dataset contained a enough cycles of both modal and falsetto phona-
tion and the GMM successfully separated them. In Paper II the region of soft
intensities, occurring mostly at phonation onset and offset, corresponded to almost
sinusoidal shapes of the EGG waveform. Because the number of cycles representing
this region of phonation was quite limited in the datasets of Paper II, the k-means
was preferred, and was found to be more effective in differentiating them than the
GMM.

In Papers I and III the nature of the experimental vocal task involved instabil-
ities and vibratory state transitions. By using SampEn it was possible to mark the
positions in time where these instabilities occur and label the EGG cycles before it
as belonging to one vibratory state and the ones after it as another. This assump-
tion defines the ground truth for the vibratory state of each EGG cycle whereby the
clustering results can be evaluated. In Paper I the evaluation of the clustering was
done using a confusion matrix, while in Paper III the metrics of purity or the error
rate as (1-purity), and normalized mutual information (NMI) were used. Purity is

5For M -dimensional features, the number of parameters of the GMM for k components is kM
for the means, kM(M + 1)/2 for the covariances, and k − 1 for the weights, in total k(M2 +
3M)/2 + 1) − 1. On the other hand, the parameters of k-means are the kM coordinates of the
centroids.



3. methods 29

a measure of how exclusively each cluster represents only one vibratory state, and
NMI refers to the amount of reduction in uncertainty of knowing the ground truth,
given the clustering results.
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Figure 3.3: Flowchart of the algorithms used in Papers I, II, III. N is the number
of retained harmonics, PCs are principal components.

To make an informed choice for the number of clusters two different algorithms
were used. For the GMM (Paper I) the Bayes Information Criterion (Schwarz et al.,
1978) and for k-means (Papers II, III) a statistical distortion-based measure (Sugar
and James, 2003). Though these algorithms can help to estimate an appropriate
number of clusters based on the characteristics of the data distribution, the number
to choose number still depends on the specific research question or application.

3.3 Sample entropy

If the control of the voice remains stable over a voiced utterance, the changes in
vocal fold vibration and the corresponding EGG waveform are minute. When the
control parameters change dynamically, abrupt transitions from one type of vocal
fold vibration to another can occur, i.e., the evolution of the EGG waveform shape
becomes irregular. Instances of such transitions are commonly observed in fo glides
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(modal-falsetto shifts) or in case of vocal pathologies, where due to physiological
or functional reasons the subject cannot phonate with stability.

In stable phonation the shape of the EGG waveform is predictable from one
cycle to the next. In dynamically changing phonation, the possible occurrence of
an instability makes the EGG waveform less self-similar over time and increases
the uncertainty for predicting its shape. This uncertainty in terms of information
theory is known as entropy. A detailed description of entropy in the context of
biophysical time series analysis can be found in the study by Costa et al. (2005).

In this work, the occurrence of irregularities in the FDs of the EGG signal
(Papers I, II, and III), and in fixed length frames of the airborne acoustic voice signal
(Paper IV) are quantified using sample entropy. Sample entropy or SampEn belongs
to a family of entropy measures, whose purpose is to quantify irregularity in finite,
experimentally acquired time series, typically from biological systems (Richman and
Moorman, 2000). SampEn originated from its predecessor, Approximate Entropy
(ApEn), introduced by Pincus (1991). The main contribution of ApEn compared
to earlier entropy estimations, was its applicability to short and noisy time series.
SampEn is calculated in almost the same way as ApEn, with small correction that
reduces its bias towards regularity.

SampEn is defined as the negative natural logarithm of the conditional prob-
ability that a time series similar for m points, remains similar for m + 1 points,
within a matching tolerance r (Richman and Moorman, 2000). The parameter m
is known as epoch length. SampEn was calculated in Papers I and III for the first
two FDs, i.e., the levels and phases of the first two harmonics of the EGG (L1[c],
L2[c], φ1[c], φ2[c]) with overlapping windows of 10 cycles and step size of 1 cycle.
In Paper IV, the SampEn was instead calculated for frames of 41 ms in excerpted
vowels, and overlapping frames of 41 ms with a step size of 2 ms in sustained vowels.

3.4 Cepstral peak prominence

When phonation is irregular, pitch-synchronous analysis may not be possible or
meaningful to perform. In these cases, alternative methods are used from non-
linear dynamic analysis, such as correlation dimension (D2), reconstructed phase
portraits, entropy measures, or cepstral analysis (Sprecher et al., 2010; Little et al.,
2007; Heman-Ackah et al., 2003).

The cepstral peak prominence (CPP) was introduced by Hillenbrand et al.
(1994) as an acoustic correlate of breathy voice quality, and has been used since
as an overall acoustic index of dysphonia. In Paper IV, SampEn and CPP are
evaluated for the same dataset in order to compare their efficacy in discriminating
pathological from normal voices, and to examine whether the results depend on
different vowel context.

The cepstrum has as its independent variable the “quefrency”, a term introduced
by Bogert et al. (1963). For a general description and history of cepstral analysis
see Oppenheim and Schafer (2004). The quefrency where the cepstrum exhibits its
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first peak corresponds to the fundamental period of the analyzed voiced signal. A
linear regression line of the Cepstral level (in dB) over quefrency is then calculated
for establishing a suitable baseline for measuring the magnitude of the cepstral
peak.
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Figure 3.4: Power spectrum of an [A:] vowel (left), the associated cepstrum over
quefrency (right).

An example of the CPP calculation is illustrated in Fig. 3.4. On the left part
of Fig. 3.4 one sees the FFT power spectrum computed from an [A:] vowel 41 ms
long, sampled at 25 kHz using a Hamming window of 1024 points. To the right,
Fig. 3.4 shows the corresponding cepstrum which is calculated by taking the log
FFT of the power spectrum (up to 5 kHz). The regression line is calculated for
quefrencies above 1 ms, as suggested by Hillenbrand and Houde (1996).







Summary and contributions

Paper I

In this paper, two experiments are reported; one concerned with tracking abrupt
vibratory state transitions, and one for automatically categorizing glottal cycles of
different vibratory states. The tracking of vibratory state transitions was achieved
by computing the sample entropy (SampEn) of the first two harmonics and their
phases, cycle-by-cycle. SampEn peaks marked irregularities that typically accom-
pany vibratory state transitions, and a good agreement was found with manual
annotations of instability occurrences from spectrograms. The second experiment
utilized a GMM (Gaussian Mixture Model) for clustering the cycle-by-cycle level
and phase differences of the second to fourth harmonics (relative to the fundamen-
tal) of the EGG.
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Figure 4.1: A spectrogram with SampEn overlaid, the peak marking a register
transition. Adapted from Selamtzis and Ternström (2014).

Contributions
• A method for automatically differentiating vibratory states from the EGG

signal, based on cycle-synchronous spectral features (relative Fourier Descrip-
tors).
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• A reliable vibratory state transition marker based on the sample entropy
(SampEn) of the Fourier Descriptors, which showed high agreement with
manual annotations of transitions on spectrograms.

Paper II

Figure 4.2: Color-coded VRP the color corresponds to the EGG waveforms of
different shape (not shown). Adapted from Selamtzis and Ternström (2017).

This study investigates how the EGG waveform shape varies in modal phonation
from low to high vocal intensity, over an interval of an octave. The analysis method
used is similar as in Paper I, with the difference of using a larger number of relative
FDs, and of using the k-means algorithm instead of the GMM. The dataset of
Paper II contained very soft phonation which exhibited almost sinusoidal EGG
waveforms. It was found that the k-means algorithm was successful in dedicating
a cluster to this type of phonation. Also, the VRP display used in this study
was separated in cells (1 dB SPL high and 1 semitone wide) as in standardized
computerized VRP analysis. In contrast to plotting every single cycle in the fo-
SPL plane, each cell depicts the average of the cycles that fall within its boundaries.
Since the subjects phonated only in modal register, from soft to loud, the EGG
waveforms varied in a continuous smooth manner. The clustering here was used
to “quantize” the continuum of EGG waveform shapes, based on the relative FDs,
for the purpose of visualization. In this study, the clustering was also used for
classification with reference to a basis of chosen waveform shapes. Some reference
EGG cycle waveforms were chosen to represent characteristic categories, and the
clustering was performed by assigning each EGG cycle waveform to the category
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with the closest (in terms of Euclidean distance) reference waveform. This allows
comparison between subjects or between conditions in the same subject.

Contributions
• The visualization of the EGG waveform shape over the voice range profile

plot via the corresponding clusters, which offers a quick overview of vocal
fold vibration variation over fo and SPL.

• Variation of the EGG waveform in normal modal phonation was in most cases
far greater with SPL than with fo.

• The VRP visualization of reference–based classification of EGG waveforms
facilitates comparison of vibratory behavior between individuals or between
conditions.

Paper III
This study had a three-fold purpose: a) To investigate whether the method pre-
sented in Papers I and II can be successfully used with glottal area waveforms
(GAW) extracted from high-speed video recordings, b) To examine degree of con-
gruence of the EGG-based results with the GAW-based results, and c) to investigate
the different vibratory adjustments of professionally trained tenors in the frequency
range above an instability region called passaggio. The phonation type of tenors
at fundamental frequencies above the passaggio (around F4=350 Hz) is termed by
Echternach et al. (2014, 2016, 2017) Stage Voice above the Passaggio, or SVaP. The
tenors phonated ascending fo glides, using modal and falsetto, or modal and SVaP
phonation. The ground truth was defined as in Paper I, i.e., based on the maximum
peak of the sample entropy to serve as a marker of state transitions. It was found
that the analysis method could be used with the GAW waveforms, equally well as
with EGG waveforms. The clustering results based on the EGG compared to those
based on the GAW had similar accuracy. The oscillatory nature of the stage voice
above the passaggio, studied from the perspective of the glottographic waveforms
EGG and GAW, seemed to resemble more falsetto than modal phonation, although
that trend was not consistent in all subjects.

Contributions
• The comparison of EGG– and GAW–based clustering across subjects showed

small differences in their average deviation from the ground truth.

• Tenor singers’ phonation in high fo when using their stage voice depends
on the individual’s strategy. For three out of six subjects, the glottographic
waveforms of stage voice bore stronger resemblance to those of falsetto than
those of modal.
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Figure 4.3: Videokymogram with SampEn overlayed (dotted line) and cluster in-
formation above each cycle; circles denote the cluster that corresponds to modal
and diamonds to falsetto phonation. (Frame rate: 20kHz)

Paper IV

The effect of vowel context (excerpted from speech vs. sustained vowels) was in-
vestigated for two measures of dysphonia: the cepstral peak prominence smoothed
and sample entropy. Correlations were calculated between the measures and per-
ceptual ratings. It was found that the results in terms of Area–Under–Curve of
the Receiver-Operator Characteristic curve depended on the metric. For CPPS the
excerpted vowels worked best while for SampEn the results were better for sus-
tained vowels. It was also found that both CPPS and SampEn correlated strongly
(Pearson’s r = −0.83 for CPPS and r = 0.83 for SampEn) with perceptual ratings
of breathiness. The distributions of CPPS and SampEn across time (or across to-
kens) should be considered in pathological voice analysis, since they contain more
detailed information about voice status than the averages alone.
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Figure 4.4: Box plots for CPPS mean from excerpted vowels and SampEn 95th
percentile for sustained vowels.
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Contributions
• Comparison of performance CPPS and SampEn for pathological voice dis-

crimination in different vowel contexts showed that the vowel context can
have a different effect depending on the measure.

• CPPS and SampEn were found to be correlated with each other.

• On the SVEA perceptual scale, both CPPS and SampEn were correlated most
strongly with perceived breathiness, only CPPS with high–pitch roughness,
and neither with hyperfunction.





Discussion and future work

Assessing the vibration of the vocal folds having access only to the contact area,
reminds one of the story of Plato’s cave1. The prisoners who are kept inside the
cave face towards the wall with the sunlight coming from behind them. They can
see only the shadows of the objects of the beautiful outside world projected on
the wall. In an ideal measurement scenario, one would have access to the three-
dimensional kinematic data of the vocal folds, as well as the control variables, such
as subglottal pressure and muscle activations. Lacking such first–hand data, one is
bound to live to a greater or lesser degree in darkness. Although the biomechanical
nature of the vocal fold oscillatory system imposes a number of constraints on the
diversity of the vibratory behaviors that can occur, the range of possible behaviors
remains large.

The main contribution of the present thesis is a new analysis paradigm for glot-
tographic waveforms. A large body of research studies using electroglottography
most commonly use and report the contact quotient. The contact quotient is an
important metric that has kinematic and physiological relevance. A large contact
quotient signifies a larger relative duration of the contact phase of the glottal cy-
cle, which is likely connected to stronger glottal adduction. The assumption that
the EGG waveform encodes more information, motivated taking a closer (cycle-by-
cycle) look at the whole waveform of the electroglottographic signal, via the Discrete
Fourier Transform. A number of previous studies have attempted to extract more
detailed information from the EGG signal by studying additional metrics and sig-
nals, such as the first derivative of the EGG signal in time, the relative rise time,
and the contact index (Orlikoff et al., 1997), or by using functional data analysis
(Mooshammer, 2010; Kuang and Keating, 2014). Compared to time-domain met-
rics, the use of DFT is advantageous because it allows to easily refine the description
of the waveform by increasing the number of retained harmonics. Additionally, the
DFT can be calculated even for phonation with incomplete glottal closure, where
time domain metrics often provide irrelevant results (Herbst et al., 2016). In gen-
eral, it would be advantageous to consider spectral metrics for EGG analysis. It

1This is an metaphor due to Malte Kob, which came up in a conversation with the author.
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could even be possible to establish normative values for spectral-based metrics in
different vibratory states, however this would require consistency in terms of equip-
ment, measurement method, signal conditioning and (pre-)processing.

Variability of vocal fold vibration
The variability of the vibratory behavior of the vocal folds is partly functional and
partly anatomical. Functional variability refers to the large set of possible states of
vibration due to the biomechanical degrees of freedom. A further contribution to
the functional variability arises from acoustic and aerodynamic interactions with
the subglottal and supraglottal tracts. The anatomical variability is due to the
variability of the anatomical structures themselves, among individuals. The pres-
ence of functional and anatomical variability makes it virtually impossible to create
precisely controlled conditions in voice science experiments. Increasing the number
of measurements by introducing more transducers, tends to discomfort the subject
and thus to reduce the ecological validity of the study. Part of this variability
can be accounted for by using the VRP paradigm, which considers any measure of
phonatory function in relation to fo and SPL.

Inverse modeling
Electroglottograph and glottal area waveforms represent quantities that do not pro-
vide spatial information about 3-D vocal fold vibration. Thus, there is no one–to–
one relationship between glottographic waveforms and the corresponding vibratory
behavior, in other words, the inverse problem of obtaining vocal fold kinematic
data from contact area signals is underdetermined. Titze (1984) has attempted to
address this inverse problem using a kinematic model for the glottis and an opti-
mization procedure to find the model parameters that minimize the mean square
error between the measured and model–generated waveform.

More recently, Bayesian inference has been used for predicting muscle activations
in low order vocal fold models by using as input the fundamental frequency (Cataldo
et al., 2013) or the glottal area waveform (Hadwin et al., 2016). The power of
Bayesian inference lies in the consideration of the uncertainty that is inherent in the
observations obtained from measurements, in terms of probability density functions
via Bayes’ theorem. As a result, a solution to the inverse problem using Bayesian
inference is probabilistic and accompanied by a set of credibility bounds. Such
an approach could be used for inferring kinematic vocal fold data, using EGG
waveforms in conjunction with a kinematic model such as the one by Titze (1984).

Applications in augmenting voice training or therapy
The principle of biofeedback is to use data from sensors in order to increase a per-
son’s awareness of some physiological process, in real-time. In that way biofeedback
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can assist in the process of learning a skill. The biofeedback can be visual, audi-
tory, or tactile, whatever is more appropriate to help optimize the performance of
the task of interest. Biofeedback applications in sports have become increasingly
available to the lay public either as separate devices, or as integrated applications
in smartphones.

Sustainable voice production for speaking or singing relies on appropriate “op-
timized” vocal (motor) behaviors. A deciding factor in voice training (or voice
therapy) is the interaction with the teacher (or voice therapist). The feedback that
the student (or patient) receives is critically important for the successful applica-
tion of exercises and suggestions. The aim of biofeedback in voice training is to
augment the educational (or therapeutic process) and especially contribute to the
self-monitoring, in the absence of supervision.

A real-time version of the method presented in Paper I was implemented by
Johansson (2016), resulting in the software package FonaDyn, which runs in the
SuperCollider programming environment. The FonaDyn software analyzes the mi-
crophone signal for fo and SPL, performs k-means of the EGG cycle waveforms and
visualizes the results in a color-coded (fo, SPL) plane. A master’s thesis project
explored the potential of FonaDyn as real-time visual feedback for Contemporary
Commercial Music (CCM) singing style (Nilsson, 2016).

Future work will explore the use of the FonaDyn software in voice training or
voice rehabilitation. The aim would be to establish a reasonably consistent mapping
between the EGG waveform shapes or the corresponding clusters, with specific
vocal behaviors for a given subject so that the desired behaviors can be encouraged
through specific instructions and exercises. The aforementioned master’s project
(Nilsson, 2016) took a step in this direction attempting to analyze the differences
between pressed and normal phonation in singing. The results were encouraging
with regard to separating pressed from normal phonation, however more refinement
of the graphical user interface needs to take place for effective use as real-time
feedback for voice training.

There is also potential in applying the same principle in assessing pathological
voices, particularly when periodicity is intermittent. It is expected that the cycle-
based SampEn will yield peaks which will mark where in the (fo, SPL) plane the
instabilities occur. The specific (fo, SPL) regions where instabilities occur may be
useful to clinicians in prescribing more targeted therapeutic exercises/interventions.

Reproducibility
Clustering requires an initialization of its parameters to provide initial conditions
to the iterative Expectation Maximization algorithm. This typically corresponds
to assigning random values to the initial parameters. In the case of GMM the
parameters correspond to initial means, covariances and weights of the Gaussian
components, and in the case of k-means, the cluster centroids. It was observed
that the final results of the GMM clustering tended to vary more with the random
assignment compared to k-means. However, the variation of the results due to the
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random initialization of the GMM was seen not to alter significantly the overall
clustering performance. Therefore, the method and application of the clustering
algorithms presented in this thesis can be regarded as sufficiently repeatable and
reproducible.

Singing voice experiments

A new experiment could investigate the stage voice above the passaggio of tenors
and compare it to falsetto by transitioning on the same fo for a number of different
fos, rather than with fo glides. This would be advantageous since it would eliminate
the influence of fo in the variation of the EGG waveform.

The mechanical link between the larynx and the trancheobronchial structures
below it, results in a caudal force on the larynx, known as the tracheal pull (Son-
ninen, 1968; Zenker, 1964). This effect is stronger for high lung volumes, such as
those encountered in classical singing (Iwarsson and Sundberg, 1998; Iwarsson et al.,
1998). A manuscript describing the effect of lung volume on the EGG waveform is
in preparation (D’Amario et al., 2018).

EGG and imaging

Although the potential of EGG for encoding information about vocal fold vibration
is constrained by its dimensionality, it contains valuable information on the inferior-
superior dimension, which is hard to obtain from imaging techniques. Recently,
Semmler et al. (2016) have managed to reconstruct 3-D motion of the vocal fold
surfaces by using laser grids and stereo triangulation. Such an approach could be
augmented with simultaneous EGG recordings to explore whether traces of inferior–
superior vibration of the vocal folds can be linked to specific features of the EGG
waveform, or to the larynx height signal available in some EGG devices.

Pathological voice analysis

Cepstral peak prominence and sample entropy showed significant correlation with
breathiness. The behavior of CPPS and SampEn should be tested for different
disordered voice signal types (Types 1–4). It is expected that the measures would
show consistent behavior in relation to signal type classification. Lower values of
SampEn and higher values of CPPS should correspond to signals of type 1 and
gradually increase or decrease gradually for types 2, 3, and 4. Ideally, synthesized
signals using appropriate synthesizers of disordered voices such as those developed
by Fraj et al. (2012) and Rruqja et al. (2014) could be used to have precise control
over different ingredients of the signals such as harmonic content, turbulent noise,
fo modulation, and superperiodic behavior.
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General future direction
About three decades ago, Childers et al. (1990) concluded their paper “Electroglot-
tography and Vocal Fold Physiology” with the following words:

Clinicians and voice scientists desire a noninvasive device to assist the
tracking of laryngeal physiology. Currently, we are left to reconstruct a
total image of laryngeal physiology from separate overlapping but incom-
plete measures of vocal fold behavior. The EGG does not and probably
will never represent more than one tap of that physiology. Its unique
noninvasive nature as well as its documented promise suggest that re-
searchers should press forward to uncover its full potential. It is impor-
tant to establish whether or not the EGG waveform can provide new,
useful, consistent and reliable information about vocal fold physiology.
In this regard investigators must continue to find methods to validate
the laryngeal behavior that the EGG is presumed to monitor.

The passage still holds today – with the important difference that many scientific
studies have taken significant steps in the direction of better understanding the
EGG signal. These steps include cross-validation of the EGG signal against high–
speed videoendoscopy either in vivo, or ex vivo setups (Herbst et al., 2014, 2016),
as well as a recent attempt to address the most central question in EGG related
research, i.e., how well does the EGG signal reflect contact area when checked
against direct measurements of vocal fold contact area (Hampala et al., 2016).
The general direction of research remains the same, and the ultimate goal is still
the linking of the EGG waveform with the underlying biomechanics of vocal fold
vibration. Still, even without a concrete understanding of this link, the EGG is
consistent enough in reflecting different vibratory states. That gives it enough merit
for conducting clinically and pedagogically oriented research exploring the variation
of vibratory behavior across the voice range. It is hoped that the methods that were
developed in this work will also contribute in this direction.
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