
 

 

 
 
 

DEPARTAMENTO DE ARQUITECTURA Y 
TECNOLOGÍA DE SISTEMAS INFORMÁTICOS 

 
 
 

FACULTAD DE INFORMÁTICA 
 
 
 

DIGITAL SIGNAL PROCESSING TECHNIQUES FOR 
APPLICATION IN THE ANALYSIS OF 

PATHOLOGICAL VOICE AND  
NORMOPHONIC SINGING VOICE 

 
 

TESIS DOCTORAL 
 
 

AUTOR: 
KATHARINE MURPHY, BA(Hons), MSc(Dist.)  

 
 
 
DIRECTOR: PROFESSOR DR. PEDRO GÓMEZ VILDA 

 
 

2008 
 

http://www.upm.es/


  
 



  
 

UNIVERSIDAD POLITÉCNICA DE MADRID 
 

 

Tribunal nombrado por el Magfco. y Excmo. Sr. Rector de la Universidad 

Politécnica de Madrid, el día …………………. de …………………………. 200……… 

 
Presidente: 
 
_____________________________________________________ 
Vocal: 
 
_____________________________________________________ 
Vocal: 
 
_____________________________________________________ 
Vocal: 
 
_____________________________________________________ 
Secretario: 
 
_____________________________________________________ 
Suplemente: 
 
_____________________________________________________ 
Suplemente: 
 
_____________________________________________________ 
 

Realizado el acto de defensa y lectura de la Tesis el día 

………de…………………..de 200…..en la Facultad de Informática. 

 
 
EL PRESIDENTE     LOS VOCALES 
 
 
 
 
EL SECRETARIO 
 
 



  
 

 

 
 
 



 

 

Resumen 
 
La voz cantada nos ofrece un ejemplo específico del sonido de la voz humana. Si 
consideramos el aparato de la laringe como una especie de instrumento para el canto 
podremos suponer asimismo que la voz cantada nos muestra quizás la mejor y más estable 
forma de uso de tal instrumento. El canto permanece en una frecuencia estable durante un 
periodo de tiempo y puede considerarse que los cantantes profesionales son aquellos 
sujetos que utilizan las cuerdas vocales de forma más apropiada.  
 
Si comparamos una vocal estable y continua producida por un cantante no formado con la 
misma producida por un cantante profesional, la diferencia en la calidad del registro se 
aprecia en la estabilidad de la energía, frecuencia, jitter, shimmer y los parámetros clásicos 
de perturbación de uso en la evaluación de la Calidad de la Voz. Para formular una 
hipótesis acerca de la salud de la voz, las señales más interesantes son las asociadas a las 
variables dinámicas en las cuerdas vocales porque la mayoría de los problemas de la voz se 
ponen allí de manifiesto.  
 
Al utilizar las técnicas de DSP para extraer tales señales se consigue extraer asimismo una 
serie de evidencias de gran interés. En primer lugar se puede examinar la dinámica que 
tiene lugar en la estructura de las cuerdas vocales respecto a la entonación y, en particular, 
qué parámetros guardan relaciones más importantes que otros en el análisis de la dinámica 
de dicho sistema. En segundo lugar, se puede utilizar los resultados para llevar a cabo 
investigaciones estadísticas con grupos de individuos para averiguar si los parámetros 
pertinentes muestran desviaciones anómalas. Los resultados de este estudio poseen un 
indudable interés médico.  
 
La presente tesis tiene como objetivo proporcionar una descripción del análisis de la voz 
cantada. Dirige su atención hacia los cambios en la dinámica de la cuerda vocal producidos 
por las variaciones de la frecuencia y ofrece un ejemplo pormenorizado de la 
experimentación a mediante la parametrización avanzada de las variables dinámicas de 
interés.  
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Laringe, Voz, Canto, Cuerdas Vocales, Sistemas de Masa y Elasticidad, Filtrado Inverso, 
Fuente Glótica, Onda Mucosa, Análisis Estadístico Multivariable, Procesando de Señales 
Digitales 



  
 

  

 



  
 

  

Abstract 
 
Singing voice is one specific example of vocal sound made by human beings. If we 
consider the larynx apparatus as a type of singing instrument then we can further say that 
sung voice is perhaps the best and most stable utilisation of such an instrument. Singing 
remains at a stable pitch over time, and professional singers may well be the people who 
utilise the vocal apparatus most appropriately.  
 
If we compare a healthy sustained vowel given by a non-singer to that given by a 
professional singer, the difference in quality of recording can be seen in the stability of 
energy, pitch, jitter, shimmer and other classical perturbation parameters of Voice Quality 
assessment. In order to make assumptions about the health of the voice, signals produced 
at the vocal folds are the most interesting, as it is around this area specifically that most 
vocal problems are encountered.  
 
Using Digital Signal Processing techniques to extract such signals we can ascertain a 
number of things. Firstly, we can examine what happens to the structure of the vocal 
folds in intonation, and in particular, which parameters are more pertinent than others in 
analysis of the system. Secondly, we can attempt to use the results to make statistical 
studies on groups of subjects, in the hope that the pertinent parameters can pull out any 
abnormal samples. Results from this process have a potential medical application.  
 
The thesis will provide a description of the analysis of singing voice, paying particular 
attention to the changes happening due to pitch increase, and give a detailed example of 
statistical experimentation using parameters taken from the signals of interest. 
 
Key words 
 
Larynx, Voice, Singing, Vocal Cords, Vocal Folds, Mass-Spring Systems, Inverse Filtering, 
Glottal Source, Mucosal Wave, Multivariate Statistical Analysis, Digital Signal Processing  
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1.1 Overview 
 
Recent research and development into Digital Signal Processing (DSP) has influenced 
advances in technology and science that have affected many different areas of human 
existence; such as entertainment media, telecommunications, space exploration and 
medical systems, to name a few. The following work aims to further develop successes 
already achieved in the field of voice analysis. We will look closely at the DSP tools being 
utilised for voice pathology detection, which overlap with current research into the fields 
of voice recognition/speaker identification, voice fingerprinting, speech synthesis and 
analysis, and speech processing in general. Most of the current research has been focused 
entirely on speech processing. This work differs in that singing voice will be studied and, 
through this, we hope to open up many more areas of potential research in this fairly 
uncharted region and add value to the parallel investigations being made into speech.  
 
Some justification of our investigations comes from the fact that voice disorders appear to 
be becoming more common in the workforce. Simberg states an increase in the reporting 
of voice problems amongst teachers in Finland from 5% to 20% over a twelve year period 
from 1988 to 2001.1 A large proportion of the population of the US - around 45% - was 
reported to be using voice as a key occupational tool in 1997. These groups included 
salespeople, teachers, call centres operatives and singers, all of whom were represented at 
voice health clinics in Wisconsin; teachers coming out with the highest proportion of 
voice disorders (19.6%) followed by singers (11.5%).2 More recently, in 2004, the Trade 
Union’s Congress in the UK highlighted the fact that call centre operatives are the fastest 
growing “at risk” group that may suffer from occupational voice loss.3  
 
Although it is interesting to analyse singing voice within the general population, analysis 
of the professional singing voice has added interest for the scientific community. The 
larynx is the area of the human body that contains the largest amount of nerve endings 
and this allows for sophisticated high-performance singing. Professional singers have been 
described as vocal athletes who, by putting their body functions under an increased level 
of daily stress without due care and attention can find the often resulting voice disorders 
seriously affecting their ability to work and, in the case of required surgical intervention, 
potentially putting them out of work for good.4 Professional singers can be said to be 
experts in the field of voice production and any study made on data sets of professionally 
trained singers may be useful for defining some ideal parameters for voice analysis. 
 
The singing voice can also be considered as a type of musical instrument, giving scientists 
the opportunity to bring harmonic and musical sound wave theory into the analysis 
process. However, musical instrument technology does not lend itself well to singing 
voice, mainly due to the variations between singers, but can be useful for modelling and 
conceptual problem solving. As a professional singer can be considered a master of the 
vocal apparatus, it will be useful for us to justify research into healthy professional singing 
voice in order to draw conclusions on how a voice performs when it is at its very best. 
Any conclusions on the nature of the voice taken from an analysis of professional singing 
may help towards defining values for normal voice parameters. These values could help 
with diagnoses and assist with other areas of voice research mentioned earlier, such as 
voice fingerprinting, a field which is currently very prominent due to the present focus 
on global security and terrorism.5 
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DSP technology has enabled scientists to analyse the voice signal carefully. In analysis of 
the voice it is possible to deconstruct the separate waveforms created at phonation. The 
most important of these waveforms will be seen to be the mucosal wave and its 
transformation into the frequency domain.6,7,8 The mucosal wave is a representation of the 
movement of the smaller masses of the vocal folds. It is in this area that the largest 
proportion of voice problems appears; in the form of unusual growths and/or pathological 
behaviour. The process of deconstructing the voice signal in order to extract the mucosal 
wave will be discussed at length. 
 
1.2 Justification and hypotheses 
 
This work aims to add to the growing understanding of how vocal production takes place. 
We are justified in that any advances in scientific knowledge surrounding the process of 
vocal production will be useful to current work in lucrative research fields. For example, a 
recent report in the IET magazine, Engineering & Technology, highlighted current work 
being done into biometric voice identification for customers using banking call centres to 
limit fraudulent activity.9 Furthermore, in 2007 ABN Amro in the Netherlands rolled out 
its speaker identification system for telephone banking. The thesis is closely connected to 
health and medical practices, but we expect our conclusions to overflow into other areas. 
 
Using DSP techniques to deconstruct the voice signal and extract the relevant component 
signals created at the location of the vocal folds we can determine a number of things. 
Firstly, we can examine what happens to the biomechanical structure of the vocal folds in 
phonation by defining parameters from the signals, and further ascertain which of these 
parameters are more significant than others in an analysis of the system. Secondly, we can 
attempt to use these parameter values to make statistical studies of different groups of 
subjects - singers and non-singers - in the hope that these pertinent parameters will pull 
out any abnormal samples from a group of mixed data and tell us more about the nature of 
the vocal processes in normal singing phonation.  
 
The first set of hypotheses supposes that a large selection of parameters taken from a vocal 
recording can be compared against other subject recordings in order to find the most 
relevant parameters in voice production via statistical method. We expect to find that 
parameters taken from the mucosal wave are most significant and hope that this process 
will enable us to make clear splits in data sets provided by health professionals which 
include normal and pathological voice. 
 
The second set of hypotheses supposes that we will be able to see - via careful inspection 
of singing voice and utilising the same parameter sets as mentioned previously - expected 
changes in the biomechanical properties of the vocal folds, such as masses, springs and 
losses, over longer term phonation and increasing pitch. Any information we can glean 
from the research that may help in avoiding pathology will be welcomed by the 
professional singing community and will justify further research into professional subject 
sets. 
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1.3 Objectives and assumptions 
 
Our aims for the study in the long-term are to help with the future provision of cheaper 
and less invasive methods for the diagnosis of voice pathology for professional singers and 
vocalists and all other groups using voice as an essential career tool. We also hope to 
enhance current scientific knowledge about voice production in general. In the short-
term we hope to supply effective analytical tools by highlighting the most relevant 
parameters of voice production. 
 
Two main experiments will be described and the sample data will come from mainly 
adolescent voices in both cases. Firstly, a mixed set of normal/abnormal voice data will be 
analysed. A large set of parameters will be evaluated and statistical analysis on the data 
will take place in order to extract the parameters that may better reflect the presence of 
pathology. Secondly, a group of healthy singers (non-professional at this stage) will be 
analysed in order to examine what happens to the parameters of voice, especially those 
describing the biomechanical properties of the vocal folds when pitch increases over time. 
Our assumptions are as follows:  
 
 On analysis, any unusual masses will appear on the vocal fold cover material, and this 

will show up on inspection of the mucosal wave signal 
 Normal phonation will produce an ideal mucosal wave movement 
 Healthy singing voices will provide consistently normal samples, and successes in 

results and conclusions will justify further work into collecting professional singing 
voices for study 

 We will use the same set of tools for singing voice analysis as have been used for 
speech and non-singing voice in previous research 

 Singing voice will present states that differ from speech; for example, fundamental 
frequency will be maintained over longer time periods, at broader ranges and higher 
amplitudes 

 Significant changes are expected to be seen in the stiffness, losses and mass 
distributions within the vocal folds due to the enhanced exertion of the voice in 
singing increasing frequencies 

 Statistical analysis will be able to successfully split normal/abnormal samples in a 
group of pre-diagnosed data  

 The work will help towards the definition of benchmark values for voice parameters 
that describe normal voice in certain groups  

 Results obtained from adolescent populations will justify further work into adult 
populations 

 
1.4 A brief historical overview 
 
It may be pertinent at this stage to look at the history of voice science over the last 500 
years or so and relate the scientific discoveries of our ancestors to the thesis work and, 
indeed, to much of the work being done in voice research today. Since the alchemists of 
the 17th century dared to defy the Church and begin to objectively investigate the 
existence and behaviour of matter in the universe, our scientific understanding of the 
world around us has grown exponentially to the point where we now have important and 
impressive new discoveries being made in all scientific fields on a daily basis. Science 
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owes a debt of gratitude to these people and we will find that their work is fundamental 
to the current study. This section is not meant to be an essential element of the thesis 
work and is instead added to inspire the reader and create interest. 
 
Isaac Newton (1643-1727) is often regarded as the greatest scientist that ever lived and 
founder of the mechanical universe. Known to be one of the foremost alchemists, he was 
certainly the best British mathematician of the times and is renowned for his work in 
optics and his definition of “fluxion”, which is the measurement of the fluid rate of 
change at infinitesimally small time segments, clarified by Leibniz; both works giving 
birth to the differential calculus. He is also credited with discovering the concept of 
gravity. Newton’s Laws of Motion are essential to a mathematical understanding of matter 
in movement such as the vocal folds in phonation. Newton gives his name to a measure of 
force, the newton (N), one of which is required to accelerate a mass of one kilogram at a 
rate of one meter per second, squared. The discoveries that Newton made underpin our 
descriptions of the movements of the masses of the vocal folds and the relationships 
between the forces and speeds of this physical system. Differentiation and integration is 
also essential to our work, especially for defining the separate signals that make up the 
voice signal of human beings. 
 
Gottfried Wilhelm Leibniz (1646-1716) is known to be the creator of the binary system 
and made an original formulation of logic theory. German born Leibniz was the first 
mathematician to arrange the coefficients of linear equations into matrices in order to 
evaluate system solutions, this tool underpinning our computational and statistical 
research into large sets of data. Along with Newton, Leibniz developed the differential 
and integral calculus, underpinning much of the current work. His first professional role 
in Nuremberg was as an alchemist. Our work utilises his discoveries into loading linear 
equations containing parameter values from subject recordings into matrices for further 
analysis. 
 
Irish born Robert Boyle (1627-1691) was another alchemist noted mainly for his work in 
chemistry. Boyle’s Law relates the product of the pressure and volume of a gas maintained 
at a fixed temperature to a constant value. This discovery is invaluable for an explanation 
of the increased lung pressure required for phonation and helps define and analyse the air 
pressures around the glottis during vocal fold vibration. 
 
Robert Hooke (1635-1703) was a British scientist involved in research into biological 
function. He is credited with formulating Hooke’s Law, which equates the relationship 
between stress and strain in body materials, essential to the study of vocal fold 
biomechanics. He was another alchemist and philosopher, believing in the possible 
transmutation of metals. Again, these discoveries have led us to the point where we can 
accurately measure the mechanics of human body material in motion, specifically that of 
the vocal folds. 
 
Not known as an alchemist, but contemporary to them, a French mathematician and 
physicist, Blaise Pascal (1623-1662), left us with a law known as Pascal’s principle, which 
states that enclosed fluid pressure will be transmitted quickly and uniformly when it is at 
rest. This has given us important insights into the working of the lungs and the value for 
lung pressure in differing human activities. He gives his name to the unit of pressure, the 
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pascal (Pa), equivalent to 1 newton per square metre. Examinations of voice production in 
human beings has utilised this information, specifically for assessing the required lung 
pressure needed to excite vocal fold vibration. 
 
Daniel Bernoulli (1700-1782) was born in Holland but spent his life in Switzerland. His 
mathematics gives us insight into the nature and activity of fluids in tubes, essential to 
understanding the air pressures within the larynx. Bernoulli’s principle states that there 
will be an increase in velocity whenever there is a decrease in pressure in a fluid. This 
principle was an essential tool used in aviation development, and has been instrumental in 
the explanation of the sustained vibrating movement of the vocal folds.  
 
Thomas Young (1773-1829), another British polymath, gives us Young’s Modulus, the 
measure of stiffness or elasticity in materials. He was also one of the first scientists to 
establish the wave theory of light. If we wish to describe the stiffness measure of the 
material of the vocal folds, at some point along the analysis process Young’s work will 
have been applied. 
 
The mathematician Carl Friedrich Gauss (1777-1855) is certainly worth a mention as his 
ingenious mathematical discoveries have been utilised extensively in the fields of 
computer science, DSP and statistical modelling. Other notables, such as Fourier (1768-
1830), Euler (1707-1783), Laplace (1749-1827) and Lagrange (1736-1813) added to the 
growing wealth of mathematical knowledge required today for successful digital 
computation. From these first mathematical discoveries, advances in computer science 
have been made possible. 
 
The majority of the aforementioned mathematicians and scientists were also alchemists. 
Alchemy, then, meant that the work involved a spiritual aspect, as if in discovering the 
nature of the physical universe the mind of God was also being unveiled. It is interesting 
to note that the spiritual and, therefore, artistic aspect of mathematics and science has 
been somewhat forgotten in the race to label, measure and define the building blocks of 
matter. The work here hopes to go some way, albeit small, towards bringing together 
again an artistic field (singing) with a scientific one. In some ways, the deconstruction of 
the voice signal into components parts in order that it may be reconstructed at some time 
in the future can be likened to the alchemists’ desire to discover and define the basic 
building blocks of the universe in order that they might reconstruct them at a future time 
to their advantage. 
 
Certainly, and as expected, the resounding majority of scientists of note over the last 500 
years or so have been men. However, that doesn’t mean there were no women 
mathematicians or scientists. There were simply so few that they were mostly 
unrecognised and forgotten in the historical record. One of these was Frenchwoman 
Sophie Germain (1776-1831), student of Lagrange and Gauss. In the beginning of her 
career she submitted work under a male pseudonym, for obvious reasons. In 1816 she 
won a prominent competition of the time to explain the theory of Chaldni’s vibrating 
elastic surfaces and thus became the first woman to attend the French Academy of 
Sciences. Her main contribution to the field of mathematics in her later life was in the 
theory of elasticity.  
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The science of sound and vibration was examined extensively by the various notables 
mentioned above, to whom we must include Hermann von Helmholtz (1821-1894), 
whose excellent book “On The Sensations Of Tone” remains valid today and is used 
extensively by students of acoustics, music and mathematics.10  
 
Current developments are discussed in detail in the State of the Art section, but it would 
be worth noting that newer advances in mathematics and physics, particularly concerning 
the quantum field, relativity and uncertainty principles contained therein may well add 
much to the field of DSP and voice science in the not so distant future. It has been 
suggested by some that quantum mechanics does much to explain the nature of the 
psychic processes in human beings and work is currently being carried out to bring 
together the previously separate fields of psychology and physics.11,12,13  
 
Seeing that our experiments are conducted with data sets taken from human beings, and 
human beings cannot be considered entirely in terms of machine body parts without 
marginalising their subjective mental and emotional experiences, perhaps it will be 
important for us to consider the nature of the mind/emotion states of the subjects at the 
time of recording. Certainly, a subject giving a recording for the study may have been to a 
football match the night before, they may have had that morning a heated argument with 
a partner or they may have had a cold at the time. A woman’s monthly menstrual cycle is 
also known to affect the vocal processes in professional singers.14 We cannot make 
absolute measurements on vocal processes without assuming erroneously that they will 
remain in the same state at each measurement at different periods of time – even small – 
in the lifetime of the subject. The very fact of being recorded can invite a nervous state of 
tension in some, adversely affecting the vocal folds. Indeed, voice production can be 
different from one day to the next. For example, I experience a dry throat in the summer 
due to air conditioning in the office and a cough in the winter when the outside 
temperature gets colder. Would this allow for different diagnoses at each successive point 
in time? Perhaps not, but we can expect the parameter values taken from my voice to 
alter in some way. This is the current limitation with the work, and I believe with science 
in general. It is possible that new developments in science and mathematics will close the 
gap between our current focus on the objective observer as scientist and the 
marginalisation of the subjective state of the observed. As Richard Feynman, Nobel Prize 
winning physicist famously postulated, 

 
The next great era of awakening of human intellect may well produce a method of 

understanding the qualitative content of equations.13  
 
1.5 State of the art 
 
Advancements in engineering and science gave rise to the desire to synthesise voice 
mechanically, thus pioneering the beginnings of the telecommunications industry. 
Successful synthesis of voice is still an important area of research in computer science and 
can be said to have begun in 1773 when Kratzenstein (1723-1795) managed to reproduce 
vowel sounds using bellows to power pipes. In 1791 von Kempelen (1734-1804) designed 
a machine that could produce phonemes and words, but was extremely complex to use. 
Many other machines have been created, including Faber’s Euphonia, built in 1835, 
which could sing the British National Anthem.  
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One of the first successful attempts to analyse and synthesise voice in the last century was 
seen in the first experiments with a Vocoder in 1928 by Bell Laboratories in the USA; the 
machine was finally patented in 1935. The Vocoder is a spectral sub-band voice coder, the 
technology of which splits the spectrum of frequencies generated by a given voice 
recording into sub-bands. Each sub-band frequency is then analysed and the parameter 
information saved for reuse and synthesis. The Voder, a similar process, was also designed 
by Bell Laboratories, a little later in 1939. This machine could produce voiced sounds by 
utilising electrical signals.15  
 
Within the last 50 years we have seen huge advancements in technologies for voice 
processing in the laboratory. In order to transform a time domain sound into its frequency 
sub-band representation Fourier mathematics has been used. Prior to the mid-1960s 
performing a computational discrete Fourier transform took a great deal of time. The 
development of the fast Fourier transform algorithm sped up the process to an acceptable 
level, helped along by advancements in hardware and processing.16  
 
LPC (Linear Predictive Coding) algorithms, developed in the ‘60s and ‘70s, have allowed 
for even more advances in the field of telecommunications and voice processing using 
speech analysis and synthesis techniques.17,18 In short, the algorithms extract the formants 
of voice, subtract these from the original voice signal (this is known as Inverse Filtering) 
and then analyse the remaining information. In its adaptive version this is done with a 
time-varying digital filter that predicts the next voice sample from a linear combination of 
the previous samples. The linear correlations correspond to spectral features, such as 
formants. The filter also produces an error signal (the noise) which, when run back again 
through the original prediction filter, produces the original voice signal (noise plus 
formants). The success of LPC in the domain of speech signals is due to the similarity of 
the algorithmic deconstruction of the input voice to the common source/filter model of 
the vocal process. 
 
Laryngology and Phonosurgery are the medical specialties in the study of the health of 
the larynx apparatus and voice. Laryngology is the overall study of the health of the vocal 
operation and phonosurgery encompasses the surgical techniques that have been 
developed to repair and rectify problems encountered in the larynx. In 1855, an opera 
teacher, Manuel García, developed an instrument for inspecting the larynx using mirrors. 
This was called the laryngoscope and was formally introduced into the medical 
establishment by Alfred Kirstein in 1895.4 
 
Nowadays, the electroglottograph (EGG) places two electrodes on the subject’s neck at the 
level of the vocal folds and picks up direct measures for the fundamental frequency and 
other important voice parameters.19 The vocal folds in motion are inspected with a 
modern laryngoscope which is a rather large tube containing a camera at one end. This 
tube is inserted into the patient’s throat and back as far as possible in order to view the 
vocal process. The patient is required to phonate – usually a sustained vowel /a/ – and 
then the vocal folds in movement are captured on video. Also known as stroboscopic, or 
videolaryngoscopy, a strobe light is emitted onto the folds in vibration which allows slow-
motion vibration to be visible via video screen. It can also be carried out by the 
introduction of a flexible cable into the nose. It is a rather unpleasant process, the results 
of which are not always successful. A recording of the vocal sound is a far simpler, 



Chapter One - Introduction 
 

9 
 

cheaper and cleaner way of extracting the data, especially now we have the technology to 
filter the input voice and analyse the signal created at the site of the vocal folds.  
 
Speech therapy is a non-intrusive and subjective method used for evaluating the voice of 
patients. GRBAS20 is a speech therapist’s tool whereby the expert listens to a voice and 
scores it using a points system for diagnostic purposes. Medivoz21, Dr Speech & CSL are 
common software packages used by speech therapists to record patient data and include 
the GRBAS scale options. They also include voice recordings and patient information 
gleaned from EGG and videolaryngoscopy. The subjective analysis of voice by expert 
listeners is enhanced by the computational data.  
 
A number of different mathematical models of the vocal process have been developed 
over the years. The most common model for voice production is the source-filter model 
which represents the voice as being made up of an initial sound source at the vocal folds 
which is then filtered by the vocal cavities before combining to form the voiced sound 
past the lips. The source-filter model diagram is shown in Figure 1.1. The vocal folds 
themselves have been modelled as mass-spring systems, or k-mass models, further 
deconstructing the signal produced at the folds. Mathematical models of the vocal folds in 
terms of body and cover masses have allowed for computer based inverse filtering 
techniques to deconstruct the signal produced at the glottis and this has allowed for 
detailed work into computational vocal health analysis.22,23,24  

 
Figure 1.1 Source-filter system 

 
Extraction of the original sound wave produced at the glottis (the source) is important for 
ascertaining unusual behaviour occurring at the site of the vocal folds. Inverse Filtering 
and Iterative Adaptive Inverse Filtering are processes whereby the effects of the vocal 
resonant chambers and lip radiation (the filter) are extracted from the voice signal, 
leaving an estimation of the sound wave produced at the glottis in the time domain.25 
Considering that most voice pathologies occur in or around the glottis, the information 
gained from robust inverse filtering of the voice signal is invaluable. In brief, the average 
effect of the glottal sound wave in the vocal tract is estimated using low-order all-pole 
filtering of the speech trace, y(t). Then, the model for the vocal tract filter, h(t), is 
obtained by LPC. Finally, the glottal sound wave, x(t), is obtained by eliminating the 
effects of the vocal tract and lip radiation. The system diagram below represents the 
technique of inverse filtering and iteration of the original voice trace that has been used 
in the study. Chapter four gives a more detailed discussion on this process and its 
application to the thesis work. 

Filter Source Speech 

h(t) x(t) y(t) 
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Figure 1.2 Inverse filtering model23

 
Once a number of signals representing the various components of voice production have 
been extracted by the inverse filtering methodology they may be parameterised in order 
to analyse the state of health of the voice. A number of commonly used parameters, such 
as jitter, shimmer and HNR, have been used in earlier studies.26 These are referred to as 
temporal and classical vocal health parameters. Parameters for vocal health inspection can 
now be taken from the frequency domain representations of the signals, especially from 
those of the mucosal wave representations. Computer science has provided the 
technology needed to extract such parameters not commonly used by expert listeners or 
speech therapists.27 
 
It would be interesting to take a brief look at current parallel investigations in the field of 
singing voice synthesis and analysis, which are mainly utilised by the entertainment 
industry, for example the karaoke craze seen in many Asian countries. The Excitation plus 
Resonance model is one particular methodology used towards this end; the separate 
component parts of the model working in a similar manner to the source-filter modelling 
process.28 This system attempts to artificially synthesise singing voice using only the 
melody and lyrics of a known song. Another recent detailed study has taken place into 
modelling singing voice production, specifically in the analysis of vibrato, the quickly 
modulating frequency changes realised by professional singers.29 The current work brings 
together the previously separate areas of pathology detection and singing voice analysis 
but uses the same methodology at each step. If we are successful in splitting groups of 
subjects into normal/abnormal clusters, we can justify using similar statistical methods on 
larger sets of data from wider populations. By taking parameters of the vocal fold 
biomechanics from healthy singing voices we hope to provide vocal health specialists 
with useful diagnostic information. Any success we have with the non-professional 
singing voice sample utilised in the study will justify the collection of professional singing 
voice recordings for further study. We hope that our results will justify future research 
into the analysis of singing voice and eventually benefit all areas of voice research. 
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1.6 A guide to the text 
 
Chapter two, ‘Singing Voice’, explains in more detail the science behind sound 
production, the vocal process and singing, including information on sound wave and 
music theory. Details of the anatomy of the larynx are given and, specifically, a close 
analysis of the vocal instrument is undertaken.  
 
Chapter three, ‘DSP Tools’, gives an overview of Digital Signal Processing technology, 
explaining the general theory of signal processing and filtering, towards the specific 
process of extracting voice as a signal and representing it digitally. 
 
Chapter four, ‘Modelling the Voice’, presents a detailed analysis of the modelling tools 
available for the vocal process. An explanation of the technology that has been used in the 
present study is given as well as a description of how the relevant wave forms and 
parameters are acquired. The mucosal wave and biomechanical parameters of the vocal 
folds will be investigated in some detail.  
 
Chapter five, ‘Statistical Analysis’, presents and justifies the statistical techniques that 
have been used at the experimentation stage in order to understand and make meaningful 
conclusions on the results.  
 
Chapter six, ‘Experiments’, presents the two experimental objectives that have been 
carried out by the study, giving a full description of the voice parameters of interest, some 
analyses of groups of data that include both healthy and unhealthy voices, and an analysis 
of a group of data that is made up entirely of healthy singing voices. Results for both 
stages of work are given. 
 
Chapter seven, ‘Conclusions’, sets out the concluding remarks for the study, presents any 
specific problems encountered at experimentation time and looks at possible hypotheses 
and objectives for future research.  
 
* * * * * * * * * * * * 
 
In order to fully explain and understand singing voice production, we first have to delve 
into the science of sound - which includes sound wave, acoustics and music theory; the 
biology of the larynx, lungs and resonant chambers used for sound production by humans; 
and the biomechanical nature of the human vocal process. The following chapter intends 
to present these concepts in a logical and coherent manner, in order that we may fully 
comprehend the workings of voice before we attempt to analyse it using DSP techniques. 
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2.1 Sound waves 
 
With the basic mathematical principles revealed by the progenitors of modern science it 
is possible to paint a clear picture of the nature of sound waves and especially those made 
by the human voice. Acoustics is the name given to the science and study of the 
behaviour of sound, its production and effects. Any sound can be described in terms of its 
frequency (this is a measure of pitch, i.e. where the sound lies on the perceptual scale, for 
example, high, low, etc), amplitude (the loudness or intensity of sound) and timbre (this 
term refers to the quality of a sound, i.e. the difference between a woodwind and a brass 
instrument, or a good singer and a bad singer, for example). The wave theory of sound 
reportedly came from an analogy of the movement of waves in water and their 
propagation from an original point of source.1 The mathematics for the wave theory of 
sound came initially from the work of Sir Isaac Newton2 and has since been clarified and 
refined by others, such as Lagrange and Euler.3 Experimental studies undertaken in the 
19th century, such as those carried out by Helmholtz and Rayleigh, have further enhanced 
our understanding of the mathematics and physics of sound production.1,4  
 
Sound waves are considered to behave similarly to other sorts of mechanical waves, 
conceptual or observed. Sound waves travel through mediums from an initial vibrating 
source known as an oscillator. They are also known as energy waves, or longitudinal and 
transversal waves. The medium of propagation for sound is usually air, but can be any 
other type of material, including vocal fold and human body material. It is important to 
remember that sound waves cannot pass through a vacuum; unlike electromechanical 
waves such as light waves, which have a dual nature of both wave and particle action. 
When a sound wave is travelling through one medium and arrives at a different type of 
medium, a proportion of the wave will be reflected back through the original medium, 
the rest of the wave carrying on through the new medium. This can be understood when 
we consider the echoes created by canyon and mountain valley walls. Auditory systems 
that can perceive sound waves are systems such as microphones or ears. 
 
The medium of air, like any medium, can be conceptualised as a series of interconnected 
and interacting particles that transport the energy of a wave by means of particle 
displacement. We can visualise more clearly the action of a propagating sound wave using 
the analogy of a pebble being dropped into a pool of water. At the initial drop of the 
pebble, a wave is created that appears to move outwards away from the place of impact in 
a travelling wave formation. What is actually happening is that the particles of water 
immediately beside the dropped pebble are set into vibration by the initial impact of the 
pebble. This vibration sets into vibration the next set of particles, which in turn sets into 
vibration the next set of particles, and so on, creating a flowing wave which moves in an 
outward direction until the energy has finally dissipated. In the same way as the dropped 
pebble, a sound wave is propagated through the air, initially by the displacement of the 
air particles at the source of the vibration and consequently by the displacement of 
neighbouring air particles - until such time as the energy is dissipated. When the air 
particles are in motion, areas of high pressure are created, leaving areas of low pressure in 
between them, called compressions and rarefactions respectively. This repeating pattern 
of compression and rarefaction makes it possible to represent a singular sound wave, or 
any sort of mechanical wave, as a function of pressure with respect to time or distance 
from the source in terms of maximum and minimum pressure values.  
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The function for such a sound wave is a sinusoidal. This is because a sound wave does not 
move in just one direction, but in a 3-dimensional circular motion from the point of 
source. Sinusoidals represent the projection of 3-dimensional circular motion at constant 
speed onto one axis in a 2-dimensional plane. The peaks of the wave are the compressions 
where the air pressure is highest and the troughs of the wave are the rarefactions where 
the air pressure is lowest. Figure 2.1 is a pictorial representation of a singular sound wave 
travelling through the air, creating compressions and rarefactions in air pressure which 
are shown by the regular undulations of the sinusoidal wave form. 
 

   

 
Figure 2.1 Compressions and rarefactions in sound waves

 
When two or more waves meet, wave interference occurs, causing the medium to reshape 
itself. Constructive interference is what occurs when two waves meet and areas of 
compressions or rarefactions are matched to the same type. This enhances the 
compression or rarefaction respectively. Destructive interference is the opposite process 
and is caused when compressions in one wave meet rarefactions in another. This causes 
the waves to cancel each other out. All other meetings of waves at varying parts of 
compression or rarefaction will affect each other following this rule in varying gradations.  
 
A simple representation of wave interference is shown in Figure 2.2. The small and 
singular blue and red waves in the figure have differing yet constant frequencies. When 
they meet each other the sinusoidal function of each wave interferes with the other. The 
two waves combined produce the black wave. We can see clearly where the waves have 
interfered constructively, at the areas of the peaks and troughs, and destructively, at the 
areas between them. The two smaller separate waves have been effectively joined 
together to produce the larger one. The fact that waves can be deconstructed and 
reconstructed in this way is an important part of DSP techniques.  
 

Particles 

 
 
Wave length 
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Figure 2.2 Constructive and destructive interference of sound waves
 
Wavelength is the measure of one cycle of oscillation, or period, and is the distance taken 
between peak-to-peak or trough-to-trough. The frequency of the wave is determined by 
calculating how many cycles of oscillation have taken place within a time period of 1 
second, given in Hertz (Hz) named after German physicist Heinrich Hertz (1857-1894). 
Periodicity is granted when the same waveform cycle occurs at each successive 
wavelength index and when the following equation is true for successive cycles. 
 
 f(t ± nT) = f(t)         (2.1) 
 
where n is any positive integer, and T is the period.5 
 
A sound wave, such as that made by a musical instrument, singing or speech production, 
will contain an infinite collection of time-varying frequencies added together to produce 
the resulting sound wave. Fundamental frequency, F0, is the definition of the pitch which 
is the clearest tone perceptible by the auditory system and can be described as the musical 
note we hear the instrument playing or singer singing. F0 is governed by the initial energy 
imparted at excitation to the oscillator and the material construct of the oscillatory system 
and is most commonly the frequency containing the most energy within the collection of 
frequencies of the original sound wave. The fundamental frequency is also the first 
harmonic frequency. 
  
The speed, or velocity, of a sound wave is dependent upon the natural properties of the 
medium through which it travels; essentially the inertial and elastic properties of the air 
particles. Inertia is the resistance to change in momentum, a property of all mediums. 
Elasticity, or stiffness as we have described it pertaining to the vocal folds, is a measure of 
how a medium responds to stress, or force per unit area, and can be described as an 
elongation or contraction. If air is the medium of interest, it is possible to say that the 
pressure of the air will affect the strength of the particle interactions in any sound 
production. The speed of sound through air can be approximated by the following 
equation: - 
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 c = (λ P/ρ)½        (2.2) 
        
where, λ is a constant, ‘P’ is the atmospheric pressure of air and ‘ρ’ is air density. At 
standard Earth atmosphere this works out to approximately 343 meters per second 
dependent on temperature, density, humidity and other weather conditions.6  
 
Sound waves can be represented in both the time and frequency domains. In the time 
domain, sound gives us amplitude values at successive time segments. In the frequency 
domain, we see the amplitude values of the set of constant frequencies contained within 
the original wave. Such a set of frequencies is known as a spectrum, a word originating 
from Sir Isaac Newton’s studies into light and the effect of a prism on varying light 
sources. He found that as light was projected onto the prism it would split up into separate 
colours, or light frequencies. In the same way, an original sound is split up into separate 
constant frequencies. The word spectrum is derived from spectra, or spectral, (Latin for 
apparition), which is in reference to the fact that each frequency is a “ghost” of the 
original source.7  
 
To clarify the two different domains of sound, a small and very basic experimental 
example is presented, the results of which can be seen in Figure 2.3. In the first instance, 
using MATLAB®, a constant frequency was created and represented in the time domain, 
seen in Figure 2.3a. In music theory this sound wave would be called a pure tone. 
However, it is important to note that a singular constant pure tone such as seen here is 
rarely encountered, and can only be generated electronically. The pure tone in the 
diagram has a frequency of 220Hz, corresponding roughly to the A below middle C on the 
keyboard and roughly average to an adult female voice pitch. In Figure 2.3b, the wave 
form for a more common musical tone is shown; in this case a sound wave that we might 
expect to see from a violin. This common wave form is known as a saw tooth, these types 
of waveforms being generated by the bowing action on a stringed instrument.  
 
By calculating the Fourier decomposition (explained in detail in chapter three) on the 
wave in 2.3b, the original time domain wave is deconstructed and each frequency 
contained within it is represented separately, which can be seen in the time domain in 
Figure 2.3c. Figure 2.3d is the frequency domain representation of the same 
deconstruction process, whereby the x-axis is valued in frequency (numbers of cycles per 
second, Hz) and the y-axis is valued in intensity level, or loudness, usually measured in 
decibels. We see frequencies at every 220Hz interval, starting with the original 220Hz 
(the fundamental frequency and first harmonic) and rising to 1100Hz. If we wish to 
transform the pure tone from Figure 2.3a into the frequency domain, we get one single 
amplitude value on its own, a peak of energy at 220Hz. It is important to remember that 
this is a discrete digital representation of a continuous analogue event. 
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Figure 2.3 Frequency analysis of a sound wave

 
 
The frequency domain of sound tells us much about the timbre, or quality, which cannot 
be understood by looking at the time domain representation of the sound wave alone. For 
voice, the frequency spectrum is of most interest, as it is here the differences between one 
voice and another, when making the same utterance, are revealed. In the example above, 
an analysis of the spectral slope of the series of frequencies seen in the frequency domain 
can tell us something about the type of oscillator we are analysing. 
 
Spectral slope is the measure of how the amplitudes of successive frequency components 
decrease and influence the timbre of a sound. Spectral slope of around 6dB per harmonic 
means the prevalence of higher frequencies resulting in a sharper sound, such as heard in 
a violin. An average slope of around 12dB per octave corresponds roughly to normal voice 
in speech. A steep slope, dropping at around 18dB per octave, produces more powerful 
lower frequencies, resulting in a ‘fluty’ sound. The steeper the slope the closer we get to 
the sound of a pure tone. The flute is a good example of an instrument with a steep 
spectral slope.5  
 
In Figure 2.3d, each successive harmonic frequency was created at half the intensity of 
the previous. If we give the fundamental frequency value the theoretical amplitude of 
60dB, then the 2nd harmonic can be calculated as 57dB, the 3rd harmonic as 54dB, the 
4th as 51dB, and the 5th as 48dB. The 6th harmonic, not shown in the graph, is 1320Hz 
and has a decibel level of 45. The decrease in intensity between the fundamental and the 
first harmonic, corresponding to an octave interval, is 3dB. The decrease between 440Hz 
and 880Hz (another octave interval) is 7dB. The decrease between 660Hz and 1320Hz is 
9dB. If we take the average of these figures we reach a value of 6.33dB. This value is in 
keeping with the sharp and strident sound of a violin. 
  
Sound that is not pleasing to the human ear and hence inharmonic is often called 
dissonant – in contrast, harmonic sound is sometimes termed consonant. Figure 2.4 is a 
display of an aperiodic waveform of inharmonic, discordant noise created by a random 
frequency generator. The wave generates a loud buzzing noise. Radio static is an example 
of inharmonic noise. 
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Figure 2.4 Random noise

 
The fundamental frequency can be compared to the resonant frequency of any system. 
Resonance is the tendency of a system to vibrate at a particular frequency when set into 
motion and is determined by the material of the oscillator and the medium of 
propagation. A system may have more than one resonant frequency. Resonance occurs in 
many different mechanical systems, including voice production. The resonant frequencies 
of a system create ideal reflecting waves that constructively interfere with each other, 
filtering out frequencies that do not match the resonant frequencies. Interestingly, 
professional singers, especially male singers, are known to produce a resonant frequency 
which is seen in the frequency domain as a secondary peak of acoustic energy at around 
2,000-3,000Hz. This peak is called the Singer’s Formant and is produced by the singer 
tuning into the resonant frequencies of the concert hall and matching the sound waves 
accordingly.8 Such a peak allows added volume, important for rising above the sound level 
of the orchestra and being heard by the audience. 
 
Resonant frequencies are also encountered in electronic circuits.9 In an electrical circuit 
resonance occurs when the inductive and capacitive reactance are of equal magnitude, 
causing electrical energy to oscillate between the magnetic field of the inductor and the 
electric field of the capacitor. Resonance occurs because the collapsing magnetic field of 
the inductor generates an electric current in its coil windings that charges the capacitor, 
and the discharging capacitor provides an electric current that builds the magnetic field in 
the inductor, and then the process is repeated. An analogy for this process is a mechanical 
pendulum. At resonance, the series’ impedance of the two elements is at a minimum and 
the parallel impedance is at a maximum. Resonance is used for tuning and filtering, 
because resonance occurs at a particular frequency for given values of inductance and 
capacitance.  
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2.2 Harmonic theory 
 
Harmonic theory is the area of acoustic science that is concerned with resonance and the 
production of musical tones.1 Singing voice is such a sound production, and it is therefore 
essential to have an understanding of the nature of harmonics for our study.  
 
In a musical instrument, including singing voice, when a note is sounded we find that 
there is an integer relationship between each of the frequencies in the harmonic series 
and the fundamental frequency. In musical terms, the first harmonic is an octave above 
the fundamental frequency. This is an essential property of the sound waves of musical 
tones and we can say that voice, even in speech, corresponds to some extent to a musical 
tone. It is therefore possible to compute the frequency of any given harmonic by using the 
value for the fundamental frequency as follows: 
 
 Hn = n x F0        (2.3) 
 
where F0 is the fundamental frequency and n is the required harmonic number. Musical 
tones will present periodicity in the time domain; although voice is not exactly periodic 
but nearly so. 
 
Algebraic manipulation utilises the fact that frequency is the inverse of time and gives an 
equation to calculate the wave length value at successive harmonics. 
 
 Wn = (1/n) x W1       (2.4) 
 
where W1 is the fundamental period wave length, and n is the index.  
 
Frequency is determined by the physical properties of the instrument (in singing this is 
the material of the vocal folds), including values for the tension and viscosity of the 
material, as well as the energy imparted to it at its initial excitement.  
 
The piano keyboard has a fundamental frequency range of 27.5Hz to 4,186Hz and the 
human singing voice has the capacity to produce fundamental frequencies somewhere in 
the range of 65Hz to 2,090Hz, from around the second C on the piano, a low bass note, to 
the seventh C, the highest soprano note. Table 2.1 shows the correspondence between 
frequency values and piano keys. Middle C has been highlighted. 
 
If we double the fundamental frequency value we find an octave interval in music theory 
as well as the next harmonic of the series. From the first harmonic to the next, in Western 
harmony, there is a series of 12 semitone values. This is called a chromatic scale or equally 
tempered tuning. The mathematical ratio between each successive semitone is given as 
the twelfth root of 2, or 1.0594 and was inspired by Bach’s Well Tempered Clavier.10 This 
makes it easy to calculate each successive semitone from the one beneath and has allowed 
for a unified harmonic theory of music and similar tuning for the instruments in the 
orchestra in order that they may play together. We must remain aware that Pythagorean 
harmonic tuning, which uses integer ratios between intervals, is at variance with the 
equally tempered scale and some musicians consider other tunings to be more valid and 
pleasing to the ear than those just described. 
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Notes 
 

Hz Note Hz Note Hz Note Hz Note Hz 
A0 27.500 D#2 77.782 A3 220.000 D#5 622.254 A6 1760.000 
A#0 29.135 E2 82.407 A#3 233.082 E5 659.255 A#6 1864.655 
B0 30.868 F2 87.307 B3 246.942 F5 698.456 B6 1975.533 
C1 32.703 F#2 92.499 C4 261.626 F#5 739.989 C7 2093.005 
C#1 34.648 G2 97.999 C#4 277.183 G5 783.991 C#7 2217.461 
D1 36.708 G#2 103.826 D4 293.665 G#5 830.609 D7 2349.318 
D#1 38.891 A2 110.000 D#4 311.127 A5 880.000 D#7 2489.016 
E1 41.203 A#2 116.541 E4 329.628 A#5 932.328 E7 2637.020 
F1 43.654 B2 123.471 F4 349.228 B5 987.767 F7 2793.826 
F#1 46.249 C3 130.813 F#4 369.994 C6 1046.502 F#7 2959.955 
G1 48.999 C#3 138.591 G4 391.995 C#6 1108.731 G7 3135.963 
G#1 51.913 D3 146.832 G#4 415.305 D6 1174.659 G#7 3322.438 
A1 55.000 D#3 155.563 A4 440.000 D#6 1244.508 A7 3520.000 
A#1 58.270 E3 164.814 A#4 466.164 E6 1318.510 A#7 3729.310 
B1 61.735 F3 174.614 B4 493.883 F6 1396.913 B7 3951.066 
C2 65.406 F#3 184.997 C5 523.251 F#6 1479.978 C8 4186.009 
C#2 69.296 G3 195.998 C#5 554.365 G6 1567.982   
D2 73.416 G#3 207.652 D5 587.330 G#6 1661.219  

 
 

Table 2.1 Piano key frequencies 
 
 
To reiterate and give a simple example, any object is a potential sound source system, or 
oscillator, and has a natural resonant frequency or a set of frequencies at which it will 
vibrate when struck, plucked, or set into oscillation. The resonant frequencies are 
dependent upon the object’s material composition and size. Table 2.2 demonstrates the set 
of resonant frequencies contained in a flute when playing A3 and a book when dropped 
compared to a pure tone. Pure tones are generated electronically and are typically dull to 
the human ear after a short space of time. The flute contains odd and even numbered 
frequencies from 220Hz to an upper frequency level typically above 15 kHz at multiples 
of 220Hz, the fundamental frequency. The dropped book has no clear organisation of 
resonant frequencies, and thus there is no harmonic series and the sound created is 
inharmonic without a fundamental frequency.  
 
 
Pure tone 
 

Flute Dropped book 

F0 = 220  F0 = 220 197 
 440 211 
 660 217 
 880 219 
 1100 287 
 etc 587 
  Etc 
   

Table 2.2 Resonant frequencies in Hz
 
 
As we have seen, the reason a flute sounds different to a violin even if it plays the same 
note for the same duration of time is that the amplitude values of the separate harmonics 
vary, even though the frequency values are equal. We have seen this already in the 
discussion of the spectral slope of sound waves where the harmonic content of a sound 
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generates its timbre in terms of the varying amplitude value levels of each harmonic 
contained within the harmonic frequency spectrum. These amplitude values will be 
determined by the material composition, size and shape of the instrument, room acoustics 
and energy or emotion imparted to the material at sounding. Thus, we can say that any 
change in the material composition of the instrument will affect the set of frequencies 
encountered in the resulting frequency spectrum. For example, a hole in the casing of a 
guitar, poor quality strings for a violin, or a polyp on a vocal fold will affect the sound 
adversely and reveal itself in the frequency domain specifically. Quality strings, wood or 
silver, a great deal of professional energy in constructing the instrument and a 
professional, trained musician; all together affect a fine sound. We should remember that 
the entire system of the musical instrument, including immediate environment, is to be 
taken into consideration when analysing its sound.  
 
Figure 2.5 shows the behaviour of strings in vibration. Here the open vibration 
(fundamental frequency or pitch) is seen clearly, together with the second, third and 
fourth vibrations of a string which is fixed at both ends, such as may be encountered in a 
violin or guitar. Each of these vibratory patterns occurs at the same time. In the diagram, 
a full wave length is twice the length of the string – from one fixed end to the other and 
back. The four harmonics shown below are the first four natural resonant frequencies of 
the string: successive resonances occurring to very high multiples of the fundamental 
until the energy is dissipated.1 Non-resonant or inharmonic frequencies that arise are 
quickly filtered out - the process of attenuation - leaving only the resonant harmonic 
frequencies that produce a musical tone.  
 
 

 
Figure 2.5 Natural frequencies of a string at plucking

 
Mathematically the fundamental frequency of a string in vibration can be equated as 
follows: 
 

 
L
vF

20 =         (2.5) 
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where v is the wave velocity travelling along the string and L is the length of the string. v 
is calculated using the following equation: 
 

Lm
Tv
/

=         (2.6) 

 
where T is the tension of the string and m is the string mass. Thus the fundamental 
frequency of a string can be related to the material composition and size of the string, the 
resonators, by the equation given as follows: 
 

L
Lm

T

F
2

/
0 =         (2.7) 

 
From this we can say that higher tension levels will increase the frequency and vice versa. 
Higher values for mass will produce lower frequency values and vice versa. With longer 
lengths the fundamental frequency decreases and with shorter lengths the fundamental 
frequency increases.  
 
From the equations above, we can deduce that there is a direct relationship between the 
size of the instrument, or oscillator, and its resonant frequency and this can clearly be 
seen by larger instruments which produce low sounds - for example, the double bass or 
church organ pipes. Smaller instruments meanwhile produce high sounds; for example, 
the piccolo. If the piano is opened up it can clearly be seen that the longer, thicker strings 
produce the lower sounding notes.  
 
The production of sound in air tubes, such as by an oboe, is a similar process to strings in 
vibration.1,4 The oscillating source, in this case, is the vibration of the lips or reed at a 
mouth-piece in the instrument. The sound wave created at the blowing source is 
propagated through the air in the tube. The length of the tube is the main factor in 
equating fundamental frequency, as well as whether the tube has both ends open or not – 
as can be visualised by the differences between a flute and clarinet. When a sound wave 
reaches one end of the tube from the source, some of it will reflect backwards while the 
rest of the wave will be emitted to the environment outside the tube, assuming the end is 
open. Open-ended tubes do not invert the wave on reflection. Tubes with one end closed 
invert the wave on reflection which affects the resonant harmonics present in the 
standing wave patterns and generates only odd numbered harmonics. Figure 2.6 shows 
the first resonant frequencies of an open-ended tube and a tube with one end closed.  
 
Tubes with both ends open resonate at the frequency given as follows: 
 

L
vF

20 =         (2.8) 

 
where v is the speed of sound in air and L is the length of the tube. A longer tube 
produces lower frequencies whilst a shorter tube produces higher frequencies. 
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Figure 2.6 Natural frequencies of air tubes

 
 
The frequency of an air tube with one end closed only produces odd-numbered 
harmonics and is defined as follows: 
 

L
vF

40 =         (2.9) 

 
In order to change the pitch or fundamental frequency of a stringed instrument whilst 
playing a tune the string is shortened or lengthened. This process also affects the values 
for stiffness and mass. In tuning a string, such as tuning a guitar or violin string, the string 
is stretched or relaxed which increases its tension accordingly and thus increases or 
decreases the resonant frequency to the desired pitch. In instruments that can be 
compared to open ended or one end closed tubes, such as a flute or clarinet, pitch is 
changed by effectively lengthening or shortening the tube by opening and closing valves 
in the instrument.  
 
2.3 Biology of the human vocal process 
 
The mechanism that produces voice in humans is contained within the larynx structure 
found inside the neck.8 From the action of the lungs and breath, the vocal folds, situated 
at the midpoint of the larynx, vibrate as an oscillating force and, together with the 
resonant cavities of the mouth and nose, this force creates the sound waves required for 
voice. 
 
The primary requirement of the larynx is to protect the lungs from foreign objects, 
particularly food, and to facilitate breathing. As shown in Figure 2.7 below, the larynx is 
situated at the front of the neck and at the top of the trachea. The larynx is made up of 
various cartilage and muscle systems and has great mobility, being able to move its 
position up and down and forward and backward within the neck. The ease of youthful 
voice production decreases in old age as the cartilage turns to bone, losing its flexibility. 

H1 

H2 

H3 

H1 

H3 

H5 

Tube with one end closed Open-ended tube 
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The act of swallowing forces the larynx up and the act of yawning lowers the larynx. The 
larynx can also move forward during eating or when more air is needed. This flexibility 
facilitates a range of pitch and tone for the human voice by lengthening and shortening 
the air tract. The oesophagus (food pipe) is situated directly behind the trachea, and it is 
clear that the close proximity of these two structures require some mechanism to protect 
the airway from food objects. The epiglottis is the primary protection of the airway. This 
cartilage closes over the tracheal opening in reflex to the swallowing action that occurs 
upon the taking of food or drink. The secondary protection mechanism is the vocal folds 
at their closure point.  

 
Figure 2.7 The vocal mechanism

 
There is only one bone in the larynx, known as the hyoid bone, situated at the top of the 
larynx structure underneath the epiglottis and above the thyroid membrane. This singular 
bone can be considered as an anchor for the cartilage, muscular and tissue connections of 
the larynx. The cartilage structure facilitates the range of movement required.  
 
The closing together of the vocal folds is known as adduction. When the folds are apart 
they are abducted. It is this adduction and abduction action - the closing and opening - 
when performed at certain frequencies that causes the production of a sound wave at the 
glottis, the opening between the folds, and this is then propagated through the vocal tract 
towards the lip opening and out into the surrounding environment to be picked up by a 
receptive system. The glottis is found at the site of the Adam’s Apple, and it is at this point 
that the vocal folds are situated. The Adam’s Apple protrusion is created by the angle at 
the front of the thyroid cartilage, which is generally much smaller in men than in 
women. Vocal folds themselves are longer for men than women and are made up of 
muscular flaps of tissue which can close and block the airway (they are quite often termed 
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vocal cords but we will consistently use the form ‘vocal folds’ in the study). The longer 
and thicker size of the vocal folds in men generates a lower pitch range. These folds are 
soft tissue structures, made up primarily of the thyroarytenoid muscles running from the 
thyroid cartilage to the arytenoid cartilages. The muscle and cartilage structure containing 
the vocal folds is shown from above in Figure 2.8. Each vocal fold is inserted into an 
arytenoid cartilage, these having great flexibility of movement. The cricoarytenoid and 
thyroarytenoid muscles adduct and abduct the vocal folds, working as an agonist-
antagonist muscle pair. The cricothyroid muscles are the primary pitch controllers as their 
actions control the stretching facility of the vocal folds.11  

Figure 2.8 The vocal fold structure
 
Above the muscular body layer of the folds (vocalis muscle) is a layered system of tissues 
around 2-3mm thick, known as the lamina propria, sometimes called the vocal ligament 
but more often referred to as the vocal fold cover tissue.6 At the exterior surface of these 
cover tissues of the vocal folds, encapsulating the lamina propria, is the epithelium - a 
thin, scaly skin about 0.05-0.10mm in width. The top layer of the lamina propria is made 
of softer and more fluid elastin fibres, which allow for elongation, rather like a rubber 
band. The intermediate layer of tissue is also made up of elastin but also contains collagen, 
which limits elasticity. The deepest layer of tissue is made up primarily of collagen. This 
cover system contains the defensive and protective, shock-absorber tissues for the vocal 
folds in vibration. The layered system helps protect the vocal folds from the continual 
battering they receive in phonation. Much vocal pathology is seen to be localised in this 
area.  
 
We find that at the site of the cover tissues of the vocal folds the mucosal wave motion 
can be seen to occur during phonation. The mucosal wave is a flowing movement which 
travels from the top to the bottom of the cover tissues of both vocal folds and back. The 
mucosal wave has been seen to be present in healthy voice production and a lack of 
mucosal wave in analysis can point to the presence of pathology.12 
 
For the majority of the time the vocal folds remain open. This allows for a steady flow of 
oxygen to the lungs. Sometimes, however, they close; for instance at swallowing when 
food particles go down the oesophagus, or when extreme body muscle tension is required, 
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such as in lifting a very heavy weight. This is for conservation of oxygen in the lungs 
required for the extra bodily effort. In voicing the folds close also, but very rapidly, 
between 100Hz to 250Hz in speech, men averaging at the lower end of this scale and 
women at the upper end. This rapid closing and opening can be considered to be a 
vibratory action, and permits the required oscillation for the production of a sound 
pressure wave. The common receptor of the human voice is the human ear. The ear has 
the capacity to perceive frequencies in the range 20Hz-20 kHz, but the majority of sounds 
perceived by the human ear range between 1-4 kHz.  
 
It appears that the vocal folds have evolved for the purpose of sound production. The 
body and cover structure of the folds is made up of materials which can withstand the 
constant stress of phonation; not required if humans did not have the capacity to 
communicate by voice. This continued stress on this tissue makes it an area of the human 
body most prone to stress and pathology. Clearly, there is an optimum type and duration 
of phonation, and when this is not adhered to, problems can occur. Continual shouting, 
excessive speaking, speaking forcefully, or without enough force, smoking and unhealthy 
lifestyles can contribute to the production of abnormalities in the larynx and specifically 
at the vocal folds.  
 
It is important to note that there are large differences between human beings in the size 
and shape of the larynx system and, as with musical instruments, these differences will, of 
course, have a relative effect on pitch range and timbre of voice.  
 
2.4 Biomechanics of the vocal process 
 
Sir Isaac Newton’s classical theory of mechanics has defined scientific research into 
moving objects from its inception in the 17th century until early in the last century, when 
Einstein redefined the Euclidean 3-dimension flat space as a 4-dimensional curved space 
including time.2,13 If the movement of a body approaches speeds close to the speed of light 
– given roughly as 300,000 kilometres per second – then the classical mechanical world 
view is no longer valid. The vocal folds vibrate at around 100-250Hz per second in normal 
speech phonation and the highest note sung by a soprano will be a little over 2kHz; these 
speeds of movement being adequately described by Newtonian Laws of Motion. What we 
cannot define in Newtonian mechanical terms is the psychological interaction between 
the mind/emotion and mechanical voice production.  
 
Newton’s First Law of Motion states that an object will remain at rest, or in a state of 
uniform motion in a straight line, unless acted on by an external force. The Second Law of 
Motion states that the acceleration produced by a force on an object is proportional to the 
strength of the force, in other words the force applied to any mass produces acceleration. 
This equation is given as 

 
f = ma          (2.10) 
 

where f is force, m is mass and a is acceleration (acceleration is the rate of change in 
velocity against the rate of change in time). Newton’s Third Law of Motion states that for 
any action there will be an equal and opposite reaction. From these basic principles comes 
the wealth of physical knowledge of the Cartesian universe. These equations allow us to 
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evaluate the masses, speeds and forces contained in the movement of the vocal fold 
structures in phonation.2 
 
Another important measure for the biomechanics of the larynx is the relationship 
between stress and strain in the material of the folds due to the pressure being exerted on 
them. Stress is a measure of the intensity of a force over a given area, and strain measures 
the elongations that take place in the material due to the given stress. Hooke’s Law gives 
us a definition of the relationship between stress and strain in the following equation 
 
 σ = Eε         (2.11) 
 
where σ is stress, given by the ratio between force applied and the area of application, ε is 
strain, the ratio between original size and stressed size, and E is a constant dependent on 
the material being analysed known as Young’s Modulus, or the modulus of elasticity. 
Young’s Modulus explains how different materials contract and expand.5,14 
 
Using the knowledge we have gleaned about the physical nature of sound and matter in 
motion, we can make assumptions about what is happening at each vibration of the vocal 
folds. The sound wave is produced at the folds, which is then propagated through the 
vocal tract and nasal passages and then out through the lips into the surrounding 
environment. This wave will also reflect back through the human body’s fleshy material 
and the air spaces of the lungs. The energy of the wave that finally makes it to the outside 
air will dictate the amplitude of the wave, which represents its intensity, or loudness, 
perceptually audible by a receptive system, for example the ear or a microphone.  
 
Muscle movement alone cannot produce the vibrating activity that adducts and abducts 
the vocal folds at high frequencies. Other mechanisms are also needed, including lung 
pressure above a particular level and some natural physical forces which will be explained 
further on in the text. A model of voice phonation is given in Figure 2.9. The physical 
nature of sound waves tells us that any given sound needs three distinct things; an energy 
source, an oscillator and a medium to travel through. In the body system, these are 
represented by the lungs, vocal folds and vocal tract respectively. 
 

Figure 2.9 Model of phonation8

 
Scientific research into the nature of fluids - a grouping which includes air - gives 
invaluable insight into evaluating the air-flow and breath-power required for voice. 
Boyle’s Law gives a constant relationship between the pressure and volume of any fluid. 
Phonation threshold pressure is the minimum pressure below the glottis (subglottal 
pressure) required to drive the initial vocal fold vibrations, and can vary between 
different people and with the same person at different times. Above this level, energy can 
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be imparted to the vocal folds to set them into vibration. For conversational speech this 
corresponds to roughly 0.3-1.2kPa (kilopascals), where 1kPa corresponds to moderately 
loud speech.6 The larynx, by analogy, converts the elastic energy stored in the lung 
structure to mechanical dynamic power in the folds at vibration. As the air rushes 
through the larynx, the glottis acts as a regulating valve, air pressure dropping sharply at 
this point in the vocal tract. In phonation, tiny puffs of air are forced through the glottis 
at each open phase of vibration, each propagating a separate sound wave.  
 
The vocal folds can sustain vibration at a particular frequency for some time. However, 
this is not due to the air pressure from the lungs alone. A fuller description of sustained 
vibration is needed. Previous studies have utilised Van den Berg’s aerodynamic-
myoelastic theory of vocal fold vibration, which claims that the interaction between the 
aerodynamic and muscular forces causes sustained vibration.15 The theory states that the 
high air speeds travelling through the glottis create a negative air pressure that effectively 
sucks the folds together. At this point the subglottal air pressure is said to build up behind 
the closed glottis to the required level and the process is repeated. This theory of 
sustained vibration is described by the balance between the following three things: firstly, 
lung pressure; secondly, the Bernoulli principle; and thirdly, the elastic restoring force of 
the vocal fold tissue.6 Bernoulli’s Law states that as particle velocity increases (such as 
through a constriction like the glottis) the air pressure will decrease, and this rule has 
been used to form the theory. The equation for Bernoulli’s Law where P is pressure, ρ is 
fluid density and v is particle velocity is given as follows:5 

 

 =+ 2

2
1 vP ρ constant        (2.12) 

 
The theory, however, is inadequate for a full explanation of self-sustaining oscillation. In 
more recent computational modelling, the theory did not provide enough energy to the 
tissues of the vocal folds and oscillation eventually died out.15 It was found that, together 
with the Bernoulli forces described, there must also be an asymmetrical, driving force that 
is exerted on the folds and changes with the direction of their velocity, supplying the 
vocal fold tissue with more energy - without which the vibrations dissipate too readily. It 
has been shown that this required force comes from the pressure of air above the glottis 
(known as the supraglottal pressure) as well as the mucosal wave patterns. The Bernoulli 
force, along with the asymmetrical forces at the glottis due to the mucosal wave as well as 
the closed and open phases of the folds, is now considered to be the sustaining model for 
vocal fold vibration. It is important to remember in modelling the folds that air pressure 
at the vocal folds and within the vocal tract is at variance with external air pressure, and 
that the frequency of the wave is dependent on the inertial and elastic properties of the 
oscillator. Furthermore, the mucosal wave is a key factor for vibration of the system, 
because it creates a delay in the movement of the upper and lower parts of the folds, and 
this further creates a delay in the building up and releasing of the supraglottal pressures. 
These two factors affect the driving forces of the oscillator causing enhanced action when 
the folds are in the opening phase, and less at closure.15,16  
 
The patterns of vibration of the vocal folds are known as eigenmodes, resonances, or 
natural modes of vibration in the vocal fold tissues. These eigenmodes are the favoured 
modes of vibration of the vocal folds, just like the natural frequencies of strings. The 
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modes are the patterns of vibration that result in the highest amplitude whilst imparting 
the least amount of energy. The common modes of vibration of the vocal folds are 
described in Table 2.3 and are the 10 mode, pertaining to the first resonant frequency, the 
20 mode representing the second and the 30 mode representing the third. The 11 mode of 
vibration is most often found in normal vocal fold vibration and contains the action of the 
mucosal wave. This 11 mode adds vertical “flexion” or movement, in addition to the 
lengthwise vibratory patterns seen in the other three modes. There is a half-wave length 
pattern of vibration in both the horizontal and vertical plane.  
 
Mode Description 
10 mode Amplitude is at its maximum in the centre of the fold, and decreases gradually 

towards the end points. This is the simplest of all the modes. 
11 mode This mode adds vertical “flexion” or movement, in addition to the lengthwise 

vibratory patterns seen in the other three modes. There is a half-wave length 
pattern of vibration in both the horizontal and vertical plane. 

20 mode The length of the fold is “split” in two, each half vibrating as in the 10 mode. The 
centre of the fold does not vibrate at all. 

30 mode The length of the fold is “split” into three equal parts, each part vibrating as in the 
10. 

Table 2.3 Natural modes of vibration of the vocal folds6

 
The description given for the production of sound by strings and tubes can be viewed as a 
model for voice production. In this model the vocal tract is considered to behave in a 
similar way to a tube with one end open, and the vocal folds are compared to strings in 
vibration, particularly in terms of their mass, tension, length and speed. To obtain a range 
of pitch, or fundamental frequency in an instrument, some material or mechanical 
proportion of the instrument must be alterable. For example, a violin string produces 
pitches higher than its natural frequency when the violinist effectively shortens its length 
with the finger. Affecting a stronger energy to a wind instrument can induce notes an 
octave higher, the pitch variation being controlled by the opening and closing of valves. A 
soprano singing a top note has a higher vocal fold tension than when she is singing a low 
note. Further, lowering the larynx, by effectively elongating the vocal tract, can provide 
the necessary physical parameters for production of lower notes.11 
 
Pitch is the audible perception of fundamental frequency, which is controlled in three 
ways by the voice mechanism; firstly, the stress and strain of the vocal fold layers, 
secondly, the thickness and length of the vocal folds and position of the larynx and 
thirdly, the lung pressure level. Similar to the guitar string, pitch is altered in the voice by 
a lengthening and shortening of the vocal folds, affecting relative tension levels. Increased 
lung pressure can also provide a mechanism for raising the fundamental frequency. 
Manipulation of the folds by the musculature of the larynx affects the stress and strain 
levels of the folds, key factors in determining frequency. Further, as we have seen in the 
examination of sound in air tubes, pitch is affected by the length of the vocal tract which 
can be altered by the muscles of the larynx and the positioning of the tongue and lips.  
 
Taking what we already know about physical processes, we can define equations to 
evaluate fundamental frequency of the vocal folds. The average fundamental frequency 
for human beings at a roughly normal conversational level can be given as 200Hz for 
women (about G3) and 120Hz for men (between A#2 and B2). These differences are due 
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to gender typing within the larynx structure.17 More precisely, mathematical frequency is 
roughly determined by the square root of the ratio of stiffness-to-mass of the oscillator. 
The stiffness-to-mass ratio and the length of the vocal folds are the key factors for 
definition of the fundamental frequency. Stiffness is concerned with the elastic properties 
of the fold tissue. The following equations come from the work of Ingo Titze.6 For the 
natural oscillation of a mass spring system the following equation for fundamental 
frequency applies: 
 

m
kF π2

1
0 =        (2.13) 

 
where k is stiffness and m is mass. Stiffness, k, of a vocal fold is described mathematically 
as 
 

( ) TDLk σπ 2
=        (2.14) 

 
where L is the measure for length of the fold, σ corresponds to the stress parameter and T 
is a measure for thickness, D being depth.  
 
There are two models for vocal fold oscillation.6 The cover model relates vibration to the 
cover tissues of the folds only, whilst the body-cover model adds the effect of the deep 
muscle layers and body mass to the equation, thus providing a more thorough 
approximation. The equation for the cover model of the frequency vibrations of the vocal 
folds is given as: 
 

ρ
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0 =        (2.15) 

where Lm is the cover membrane length, σc is the stress contained in the cover tissue and 
ρ stands for the tissue density.  
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Equation 2.16 is the definition for the body-cover model. The section of the equation 
given in brackets is the added effect of the thyroarytenoid muscle to the cover model. 
dm/d is the ratio of the depth of muscle that is vibrating to the depth of all the tissue that 
is vibrating, including the cover tissue. σam is the maximum active stress of the muscle, σp 

is the passive stress and aTA is the activity of the thyroarytenoid. In all of the equations it 
can be seen that higher stiffness levels and shorter lengths tend to increase frequency, 
whilst higher mass levels and longer lengths decrease frequency.  
 
Human beings have a specifically dimensioned vocal apparatus due to age, gender, and 
other considerations, such as culture. A person can affect pitch changes using learned 
responses, which are invoked from the brain via the nervous system to the muscles and 
body structures. Frequency is changed by setting correctly the required position of the 
larynx, vocal fold system and shape of the resonant chamber for the particular pitch 



Chapter Two - Singing Voice 
 

34 
 

required, be it a conscious decision or otherwise. For example, moving the lips forward, 
the larynx down or the tongue back before air is sent through the glottis can facilitate a 
range of pitches. A professional singer will have learned how to adjust all the factors in 
order to produce a large range of frequencies at different intensity levels. 
 
The vocal tract filters out all frequencies other than the natural frequencies created by the 
shape the vocal cavities make in forming a particular voiced sound. This is important to 
remember in the representation of voice signals, as each wave created at any vibration of 
the vocal folds will effectively be bouncing around the vocal chambers, reflected by the 
body material and meeting other waves at various instances in the process before finally 
emerging past the lips. Imagine the chaos resulting from, say, 440 vibrations per second of 
the vocal folds, which is the A above middle C on the keyboard, each vibration creating a 
separate sound wave, each one moving forward through the vocal tract and meeting the 
others destructively and constructively in the vocal acoustic chamber to produce an 
eventual sound at the lips, all harmonic frequencies not required having been attenuated 
in order that the required pitch is audible. 
 
The range of energy of the lowest and highest sound that the human ear is capable of 
hearing is in the billions and it is for this reason that sound intensity is measured using a 
logarithmic decibel scale.18 Table 2.4 below is a representation of the relationship between 
linear intensity level and its logarithmic equivalent in decibels. The logarithmic scale is 
more useful for analysis requirements that look at parameters with exponential interval 
values. The amplitude, or intensity, of the wave, determined by the initial energy 
imparted to the vocal fold source, is described by the maximum excursion from 
equilibrium, i.e. the crest or trough of the wave, and is given in air pressure or energy 
values. It is the measure of the energy transported across an area with respect to time and 
the value is calculated in Watts/metre2. The energy diminishes proportionally to the 
distance from the source in an inverse square relationship (intensity being inversely 
proportional to the square of the distance from the sound source).  
 
Source 
 

Intensity in Watts per 
metre squared 

Decibel level 

Threshold of hearing 1*10-12 0 
Rustling leaves 1*10-11 10 
Whisper 1*10-10 20 
Normal conversation 1*10-6 60 
Busy street traffic 1*10-5 70 
Vacuum cleaner 1*10-4 80 
Opera singer at half strength  1*10-3 90 
Full orchestra 6.3*10-3 98 
Walkman at loudest level 1*10-2 100 
Front row of rock concert 1*10-1 110 
Threshold of pain 1*101 130 
Military jet takeoff 1*102 140 
Instant perforation of eardrum 
 

1*104 160 

Table 2.4 Intensity and decibel levels the human ear is capable of hearing19
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Loudness is the perceived effect of amplitude and can be assessed only by an auditory 
system, the brain being one such system. In order to control the loudness of vocal 
production a vocalist can utilise the properties of three different areas of phonation; lung 
pressure, glottal width and formant tuning. Formant tuning is the process of matching the 
formants of the voice to the formants of the natural environment, and this can carry the 
voice over larger distances and is commonly known as projection. Higher air pressures in 
the lungs can also affect a louder sound. Singing with the glottis hyper-abducted to 
produce an increase in loudness is a technique singers must acquire for adequate control 
of volume in phonation.6,8 A professional singer is able to feel the full vibration of the 
voice in the head and facial area and readings of over 130dB have been measured by Dr 
Alfred Tomatis (1920-2001)20, in particular from Maria Callas. For the professional singer 
it is not only the laryngeal activity that is important but the workings of the head, neck 
and chest area as well.8   
 
Sounds made within the larynx structure include voiced and unvoiced sounds, created by 
vibration and non-vibration of the vocal folds respectively. Of the unvoiced sounds, we 
can define occlusive and fricative sounds. Occlusive unvoiced sounds are produced when 
a closure has taken place within the vocal tract, such as in clicking. Fricative sounds 
utilise some other vibratory pattern other than the vocal folds, for example the turbulence 
of air caused around the teeth in sounding “sh”. Other fricative sound examples are s, f, 
sh, z, v, and th. Unvoiced sounds can be made outside of the larynx structure, such as by 
pursing the lips and blowing, hissing, whispering or whistling. Humming through the 
nasal passages is an example of voiced fricative phonation. Voiced sound is defined simply 
by a vibration of the vocal folds. In comparison to speech, which contains many fricatives 
and unvoiced sounds, singing voice places emphasis on elongated vowel sounds, although 
consonants should be clearly phonated in order to get the full meaning of the language to 
the listener. As an example, if a normal spoken sentence is sung it is clear that the key 
phonation sounds are the vowels, which are elongated in comparison to speech in order 
to bring out the music and harmony. Thus, vowel sounds form the main structure of 
singing voice, whereas consonants are added clearly and briefly to clarify the meaning of 
the language.  
 
Good singing presents clear pitch and stable fundamental frequency over time and the 
harmonic frequency spectrum is well defined on analysis. Consequently, any voice patient 
donating their voice for research is asked to produce a sustained /a/ vowel - comparable to 
singing - as this vowel shape is produced by the most relaxed and open state of the vocal 
processes. Voiced sound contains peaks in the harmonic frequency series known as 
formants. The changing amplitude and frequency values of formants give the voice its 
particular sound or colour as well as defining the vowel being produced.  
 
Figure 2.10 gives a time and frequency domain representation of a short utterance - 4 
cycles of a sustained vowel /a/. The frequency spectrum shows a clear set of harmonics. 
The time domain function can be seen to be not entirely periodic. However, it is nearly so 
and thus we give it the name quasi-periodic, or nearly periodic to avoid confusion with 
more specific meanings for this term. Different peaks may be seen in the time domain 
which may point to formant frequencies. In the frequency domain we see the 
fundamental frequency and the harmonics series. F0 is seen to have a weaker amplitude 
level than the formant frequencies and this is due to the fact that in the sounding of the 
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/a/ vowel, fundamental frequency is weaker when compared to the other formants and 
harmonics; this is not necessarily true of other vowel sounds. The first formant frequency, 
F1, is clearly visible as the large amplitude of the fourth harmonic, at around 780Hz. The 
second formant frequency corresponds to the seventh harmonic, around 1370Hz. These 
formant peaks are created by the shaping of the vocal tract and resonating sinus cavities. 
The two frequency values of the first and second formants mark a vowel sound of /a/, as 
in father, which can be read from the vowel chart in Figure 2.11. The first formant 
frequency value is given on the x-axis and second formant value on the y-axis. 
 

 
Figure 2.10 Revealing the formants of the speech wave

 

 
Figure 2.11 Vowel chart5
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When a human being is speaking or singing, he or she is continually changing the shape 
of the vocal cavities and it is in this action that the formant frequencies are altered, thus 
creating differing intensities, tone colours and vowel sounds. For modelling purposes the 
vocal tract can be considered to be a uniform tube with varying area definitions and can 
therefore be defined by linear wave equations. Non-linear effects of voicing appear at 
constrictions of the vocal tract and the flow of air through the vocal folds.21 For an ideal, 
lossless, rigid tube with one end closed and a cross section area, A, linear equations can be 
defined to describe motion and continuity which are the same as those of an RLC 
transmission line. The following equations are taken from Childers.21 Equations 2.17 and 
2.18 represent motion and continuity respectively. 
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where u represents air volume velocity to the tract, p is air pressure, ρ is the density of air 
and c is the speed of sound. If we assume the vocal tract tube has a length, L, and the 
input to the vocal tract is defined as a complex exponential, then the frequency response 
of the tube can be calculated as follows 
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Poles of this frequency response represent formants of the vocal tract and can be found at 
the following 
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Zeros of the system represent nasals which do not occur in simple vowel phonation. Lip 
radiation is also a consideration, the effects of which can be compared to a high pass filter 
which is estimated using differentiation in the time domain.21 Chapter three gives a 
summary of the LPC methodology that is utilised along with the previous vocal tract 
definitions in order to estimate the glottal pulse definition at the vocal folds and the vocal 
tract definition in terms of formant frequencies. Chapter four looks at the particular 
methods that have been used for inverse filtering of the sound wave at the lips in the 
current study. As mentioned previously, male singers can produce a secondary peak of 
acoustic energy at around 2 kHz to 3 kHz, and this Singer’s Formant may be seen in the 
frequency spectrum analysis of professional classical singers. This formant is created by 
tuning the sound produced to the acoustics of the auditorium and environment. The ear 
perceives high frequencies as louder than low frequencies, thus female soprano singers 
can be heard over the orchestra without the presence of the Singer’s Formant. 
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Whilst intelligibility may be the main goal for speech production, quality is more 
important in singing. One of the main differences to be seen between the processes of 
singing and speaking are the ratios of voiced to unvoiced sounds given in a passage, or 
phrase. In singing, the percentage of voiced phonation time (vowel sounds) can be up to 
95%, but in speech there is a ratio of 60%, 25%, 15%, for voiced sound, unvoiced sound 
and silence respectively.22 The potential value for loudness will be much greater in singing 
voice than in normal speech and the range of F0 for singing voice is also far greater than 
that of speech.  
 
Vibrato is part of professional practice for singers, especially classical singers, and is 
achieved by an increase and decrease in F0 – singers of popular music more commonly use 
amplitude increase and decrease for the same effect. Vibrato is defined as a wobble in 
pitch or loudness over small time segments. If there is an extreme vibrato in speech it can 
point to pathology. The origin of vibrato is suspected to come from a stable tremor in the 
larynx muscles.6 Vibrato can be compared to jitter and shimmer; classical acoustic 
parameters used for professional voice diagnosis.23 A recent exploratory beginning study 
examined the production of vibrato in singing students prior to a closer examination of 
professional singers.24  
 
For the purposes of experimentation in our study, the source of the vocal sound wave 
recorded past the lips must be extracted. This process is undertaken using digital signal 
processing techniques in the laboratory. The following chapter gives a detailed account of 
this process. 
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3.1 Overview of Digital Signal Processing 
 
A signal can be regarded as the flow of information from a source to a receiver, defined by 
the variation in the value of one parameter against another; such as the value of an 
electrical current or voltage over time, light emissions from stars against their distance to 
the earth, or the change in market oil prices for each business day. There are many 
different types of application for signal processing technologies, such as within space 
exploration and research, medical systems, telecommunications, voice and audio 
processing, to name a few. A person that sends a voice message to another is sending a 
signal full of information to the ear and brain of the other person. Such a voice signal is in 
the form of a sound wave where the parameters in question may be amplitude values at 
successive time segments. As we have already noted, technology for voice processing is 
currently an important area of scientific research and development, particularly in the 
fields of voice recognition and voice analysis and synthesis. There are many different 
ways that the results of research into DSP for voice have been utilised, such as for voice 
mail systems, language learning, text-to-speech, word processing, language translation 
technology and entertainment systems.  
 
Another key area of research and development into DSP for voice is within healthcare 
and medical systems and, due to the complexity of the biomechanics of voice, there is still 
much work to be done in this field. Voice analysis, using DSP tools, can be used for 
patient screening and diagnosis by doctors and other health professionals. Although, so 
far, most of the groundwork in voice research has been conducted with a primary focus 
on speech processing, singing voice is becoming a new and increasingly interesting area of 
research. Indeed, any patient will almost always produce a sustained vowel in screening 
for vocal health purposes; most commonly /a/. Phonated at as stable a pitch as possible it 
can be said that this sustained vowel rather approximates a singing attempt. An opera 
singer uses the voice to produce a beautiful sound that carries throughout the auditorium 
to the ears of the audience. A professional singer, especially a trained singer, is able to 
utilise the voice in an exceptional way; we could say, in an optimum way. Therefore, it is 
certainly of interest for research purposes to analyse the singing voice; and specifically 
that of professionally-trained vocalists if we care to consider this form of vocal production 
as an optimum utilisation of the vocal mechanism.1  
 
The first thing to be considered in any analysis of voice is how to best record the human 
voice for computer analysis. Choice of microphone is important and there are a number of 
factors to be considered. For example, for the recording of speech, microphones with a 
flat frequency response of between 90Hz and 8 kHz will be satisfactory. For singing voice, 
a larger range is required, from between 70Hz and 12 kHz. Dynamic microphones are 
adequate for recording speech, whilst it is probably necessary to use a capacitor 
microphone to record the singing voice.2 Unidirectional microphones, when held away 
from the mouth at around 20cms, are best for recording voice, and minimise 
environmental noise.3  
 
Once an adequate recording of voice has been taken, the work can begin. Signal 
processing is the utilisation of a number of mathematical principles and physical laws, in 
particular those from wave theory, in order to manipulate signals so that they can be 
represented by computer technology. Voice signals, as we have seen, exist as large 
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collections of frequency components. Mathematical principles are bound by digital 
considerations, such as representations of zero or infinity which our computer systems 
cannot handle. This means that we have to make a digital representation of an analogue 
signal as an approximation of the original. It is important to remember that any digital 
transformation is only one particular variation of a number of possible representations of 
the original signal.  
 
3.2 Analogue-to-digital conversion 
 
Analogue-to-digital conversion is the process of taking a continuous variable containing 
infinite values within a given time interval (an analogue signal) and representing it 
electronically as a discrete signal which contains a finite number of values within the 
same time interval (a digital signal). In order to achieve this end, the original signal must 
first be sampled and quantised. The sampling and quantisation processes define real values 
on the horizontal and vertical 2-dimensional plane respectively; where the horizontal axis 
corresponds to the sample number or time domain, and the vertical axis corresponds to 
the amplitude or energy value at each point in time. If the data has been sampled and 
quantised correctly, the original analogue signal can be reconstructed without losing any 
information. This is the most important factor in the sampling process. 
 
Sampling converts the time axis into a finite series of discrete values placed at equal 
spaces. For example, if a five second recording of a spoken sentence is sampled at a 
sampling rate of 16kHz it will capture 16,000 data values per second, resulting in 80,000 
single data points available for inspection and manipulation. Quantising is the process of 
defining the amplitude values on the vertical axis for each data point. Again, the analogue 
signal is continuous and infinite and has to be converted into a discrete representation. 
For the quantisation process, this is a rounding to the nearest amplitude value that is able 
to be represented by the computer. Figure 3.1 shows both the analogue and digital forms 
of the same three cycles of speech. On the left hand side is the analogue signal. On the 
right is its digital counterpart, represented as amplitude value against sample number - the 
dashed lines giving a visual idea of how the measurements have been taken. 
 

 
 

Figure 3.1 Analogue to digital conversion
 
 

x(t) = continuous domain X[t] = discrete domain 
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The digitisation process will always add random error (also known as sampling or 
quantisation noise) to the signal, as will any process that alters the original values in some 
way. The level of added noise is determined by the precision of the quantising system, in 
terms of bit representation. In some cases, such as with signals that have slowly varying 
amplitude values, an addition of random noise can actually help in the digital 
representation of the signal, as it could be possible with such an invariant signal to extract 
a series of equal, and thus meaningless, values at quantisation time. Adding noise in this 
instance provides the required minor variations to represent the original signal effectively 
and is known as dithering. 
 
The Sampling Theorem4,5 states that if the frequency of any wave contained in a signal is 
greater than one half of the sampling rate, then aliasing results: thus, if a signal is sampled 
at at least twice the highest frequency of all waves contained in the signal, then its 
digitized representation is unique and complete, and aliasing is avoided. Aliasing in DSP is 
where a frequency value above half the sampling rate cannot be represented and so will 
adjust itself, instead, to a lower frequency value, thus corrupting the data. Aliasing can 
affect both frequency and phase values – the phase is the relative position of the wave on 
the horizontal axis and is measured in terms of the circular rotation of the function in 
radians or degrees. The original signal cannot be reconstructed from its digital 
representation if aliasing has occurred and, because of this, it is essential to ensure that a 
sampling rate of at least twice the required highest frequency is used. A recent study has 
shown that for variations in speaker definition, gender, environmental noise or 
technological considerations, a sampling rate minimum of 26 kHz is satisfactory and will 
minimise error.6 However, the most common sampling rate for voice processing is usually 
44.1 kHz, which allows for a very high maximum frequency level of 22.05 kHz. To ensure 
that there are no frequencies above the maximum level in the recording, a filtering 
process must first cut off all frequencies above half the sampling rate.  
 

The next step in effectively digitising a continuous analogue waveform is to create an 
impulse train which is multiplied by the input signal. An impulse train is a series of pulses 
separated by equal spaces of time, each pulse having an amplitude value of one. It can be 
envisaged as the dashed lines in the discrete domain of Figure 3.1, which show the 
impulse train superimposed over the wave form. Between each impulse, the time and 
amplitude value of the wave is zero, in theory. However, such a signal is impossible to 
generate and so the zero-order hold comes into play. A zero-order hold is where the last 
value received is held until the next value is collected (a first-order hold has straight lines 
between points and a second-order hold has parabolas). The zero-order hold adds further 
information to the signal and in the frequency domain this can be seen as the effect of the 
convolution of the impulse train with a rectangular pulse. It generates the sinc function, 
or sinc(x), given in Equation 3.1. 
 
As well as the sinc function, we have to consider the effect of the impulse train on the 
original signal information. The frequency domain of a continuous wave contains a set of 
frequencies placed symmetrically around zero. These are the upper and lower sidebands 
representing positive and negative frequencies. In the digital representation, when the 
impulse train is transformed into the frequency domain duplications of the original 
frequency spectrum arise at each multiple of the sampling frequency (see Figure 3.2b). 
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The duplications and the effect of the sinc function must be taken into account at 
reconstruction time.  
The impulse train is such a simple and effective tool that any system (a system being a set 
of calculations) can be defined by its impulse response. The impulse response is the output 
obtained when the input to a system is a delta function; a time domain function that has 
values of zero at all steps apart from at the origin, where the value is one. The impulse 
response is generally denoted as h[n] for discrete systems in the time domain. The 
frequency response is the Fourier transform of the impulse response. 
 
3.3 Digital-to-analogue conversion 
 
Audio signal processing is only useful if the original signal can be reconstructed from its 
digital transformation. The best way to reconstruct the original waveform is to pull the 
samples from memory and convert them back into an impulse train. In the frequency 
domain all the duplicate frequency spectrums need to be deleted by a filtering process, the 
cut off frequency equal to one-half of the sampling rate. Before this is done, the generated 
sinc function must be filtered out. The sinc function is given as follows: 
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where fs is the sampling frequency. The inverse sinc function filters out the effects of the 
sinc function and is given as 1/H(f). Capital letters commonly denote that the calculations 
are taking place in the frequency domain whereas lower case letters denote time domain 
calculations. Figure 3.2 shows the complete process of reconstructing an original analogue 
signal from its digital decomposition. Figure a) shows the impulse train that has been 
pulled from memory from the sampled and quantised digital representation of the 
original; b) is a representation of the frequency domain of a) where fs is the sampling rate 
and in this figure one can see clearly the duplications of frequency that have occurred due 
to the effects of Fourier transformation on an impulse train. Figure 3.2c) and d) show the 
effects of the zero-order hold that maintains the value of a sample until the next time 
segment comes up on the frequency domain. The new curve in d) is the sinc function that 
results from the transformation of the time domain zero-order hold representation. The 
blue function in e) is the ideal reconstruction filter that has taken account of the sinc, the 
zero-order hold and the cut off frequency level of half the sampling rate. Filtering the 
sampled and quantised digital signal using the curve in e) results in the reconstructed 
original signal in both the time and frequency domains. Figure 3.2f) and g) show the 
original signal restored in both domains.  



Chapter Three – DSP Tools 
 

46 
 

 

a) Impulse train

-3

-2

-1

0

1

2

3

Time

A
m

pl
itu

de

c) Zeroth-order hold

-3

-2

-1

0

1

2

3

Time

A
m

pl
itu

de

a) Samples pulled from memory 
b) Frequency transformation of a) 
c) Zero-order hold representation 
d) Frequency transformation of c) 
e) Optimum reconstruction filter, including 
sinc and frequency duplication adjustments 
f) Reconstructed original signal - time 
domain 
g) Reconstructed original signal - frequency 
domain 

 

f) Reconstructed analog signal

-2

-1

0

1

2

Time

A
m

pl
itu

de

 

Figure 3.2 Digital-to-analogue conversion7p.47
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3.4 Filtering processes 
 
Filtering aims to solve two main problem areas: firstly, to separate signals that have been 
combined in some way and secondly, to fix any distortion that a signal may have.7 
Discrete representations of continuous signals will always produce a sinc function and this 
fact must be considered along with the Sampling Theorem issues. A further consequence 
of the anti-aliasing process means that the frequency band between about 0.4 and 0.5 of 
the sampling rate is unusable, and this also has to be taken into consideration.7 Software 
filters are known as windows and the process of filtering with such windows can also 
produce added noise. However, efficient filtering techniques will limit the effects of any 
such corruption.  
 
It is useful to look at the filtering processes used in electronic systems to get a firmer idea 
of the foundations and background of software filtering techniques. Anti-aliasing filtering 
formed with electronic circuitry places a filter before the analogue-to-digital conversion 
process which removes frequency components above one half of the sampling rate that 
would otherwise alias at sampling time. A further filter is placed at the digital-to-analogue 
phase, which includes a correction for the zero-order hold sinc function.7 The 
characteristics of any digital signal encountered will always depend on what type of anti-
alias filter has been used at the analogue-to-digital conversion stage. Electronic 
technology is fairly limited due to practical considerations concerning the available 
circuitry components. In contrast to this, electronic filters reproduced by software are not 
limited by the available components and are therefore powerful, cheap and flexible 
filtering tools. Software filters mimic the workings of their electronic counterparts and we 
will now take a closer look at some of the more common filters used in both electronics 
and DSP.  
 
DSP filters are designed to optimise differing performance requirements. Figure 3.3 shows 
the three most common electronic filters in a linear scale, which is best for revealing the 
pass-band ripple and roll-off. The pass-band is the range of frequencies a filter is designed 
to allow and in all the examples the pass-band goes from frequency value zero to one at 
amplitude one. Pass-band ripple can be seen clearly in the Chebyshev filter. The roll-off is 
a measure of how well the filter performs between the pass-band and the stop-band. The 
stop-band designates the limit of frequencies a filter is designed to allow and the roll-off 
can be seen in the diagrams as forbidden frequencies remaining under the red curves and 
some missing frequencies in the pass-band. (A logarithmic scale better shows the stop-
band attenuation as can be seen in Figure 3.4c.) In the diagrams, the blue lines enclose the 
required frequency pass-band. In each case, the results from a 2 pole, a 4 pole and an 8 
pole filter are shown. The higher the pole value, the better the response, and so the red 
curves that perform best represent the higher pole filters. The number of poles an 
electronic filter has is governed by the complexity of the circuit and available resources 
and this means that if there are fewer poles, there is also less circuitry and, therefore, less 
precision; the more poles there are means there are more electronic components and thus 
there is better performance. 
 
Bessel filters, shown in a) (also known as Thomson filters) have a smooth roll-off with no 
ripple in the pass-band and provide a good step response. The Bessel filter is chosen when 
roll-off and ripple must be minimised. The Butterworth filter, shown in b), has the flattest 
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pass-band. This is the maximally flat filter and is optimised to provide the sharpest roll-off 
possible without allowing ripple in the pass-band. Chebyshev filters, as shown in c), have 
the sharpest roll-off and are best for this design requirement. However, there is some 
pass-band ripple with the Chebyshev. In fact, the Chebyshev obtains its good roll-off by 
allowing this ripple. When more pass-band ripple is allowed in a filter, a faster roll-off 
can be achieved.7  
 

  
 

    
Figure 3.3 Electronic filters7p.53 

 
Digital software filtering systems are not limited by hardware in the same way as 
electronic filters, and are far easier to produce and manipulate. Consequently, they are 
also much cheaper. A number of digital filters are commonly used in signal processing, 
more often known as windows. The Discrete Fourier Transform, the process by which the 
digital computer can transform a time domain signal into the frequency domain, requires 
that the input signal be first windowed in order to bring the start and end points of the 
time domain gently to zero. Furthermore, if the first and last samples are zero, there will 
be no corruption of the special cases ReX [0] and ReX [N/2]; this is explained further 
along in the text (see the pseudo-code on page 92). 
 
The Blackman and Hamming digital windows, named after the authors who developed 
them over half a century ago have similar frequency transformations and are the filters of 
choice in the signal processing world. The Hamming window has about a 20% better roll-
off than the Blackman. The Blackman, however, has better stop-band attenuation and a 
lower pass-band ripple. The windows run from i=0 to M, a total of M+1 points. Figure 3.4 
shows the results from both these windows. Figure a) gives the window functions; smooth 
curves, rather like Gaussians, whose maximum is centred on the mid-point. In the 
diagram the Blackman values are represented by a blue line and Hamming values by a 
black line. In b) we see the linear frequency transformation of each curve, in which you 
cannot see the stop-band attenuation and skirting. In c) the logarithmic scale is presented 
and we can see that the Blackman generates the better result.  

c) Chebyshev

0 
0,2 
0,4 
0,6 
0,8 

1 
1,2 
1,4 
1,6 

0 1 2 3 4 5
Frequency (Hz)

a) Bessel 

0 
0,2 
0,4 
0,6 
0,8 

1 
1,2 
1,4 
1,6 

0 1 2 3 4 5
Frequency (Hz) 

b) Butterworth 

0

0,2

0,4

0,6

0,8

1

1,2

1,4

1,6

0 1 2 3 4 5 
Frequency (Hz)



Chapter Three – DSP Tools 
 

49 
 

a) Blackman and Hamming
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Figure 3.4 Digital filters7p.288

 
The equations for the Hamming and Blackman windows are given as follows and can be 
programmed with relative ease, although predefined routines are available in the 
mathematical software. 
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Other windows in common use are the triangle window and rectangular window, as well 
as the Hanning (or Hann) window, which has a narrow peak width, and was named after 
its inventor, Von Hann (1839-1921), the name getting mixed up somehow with the name 
of the aforementioned Hamming window. Filters can be added together in order to 
generate bespoke designs.  
 
Filters can be designed in the time domain to optimise smoothing and waveform shaping. 
Frequency domain filter designs focus on the information contained within the 
amplitude, frequency and phase values. As the nature and quality of sound is dependent 
upon the frequencies present, and not on the shape of the waveform in the time domain, 
filtering in the frequency domain is an important aspect of audio digital signal processing. 
A voice signal that is passed through a filtering system which changes the phase values of 
the various sinusoids in the frequency domain but retains their frequency and amplitude 
values sounds identical to the original, even though the time domain representation 
appears completely different. This is because the key perceptual information has been 
retained. Aliasing, on the other hand, affects the frequencies and so changes the signal 
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irrevocably. Consequently, sharp cut-off filters are essential for voice processing and the 
Hamming and Blackman windows perform ideally in this respect. All filter functions are 
provided by mathematical software packages such as MATLAB®. 
 
3.5 Linearity 
 
System linearity is an important concept for DSP applications. A system is any operation, 
or set of operations, made on a signal and this would include the processes of removing 
the sinc or filtering out frequency duplications. The common visual representation of a 
system is given in Figure 3.5. This is called a system diagram and the system box contains 
the system functions. In order to maintain coherence between the input and output 
signals the systems must have linearity. Linearity means that certain mathematical rules 
must apply. Specifically, the system must have the properties of homogeneity and 
additivity. Homogeneity is where any change in the amplitude scale to the input signal 
results in an equal change in the amplitude scale to the output signal. Additivity is where 
multiple signals sent through a system will not interact with the output detrimentally, i.e. 
the system will treat each one of them independently of the others as if it were a single 
component or signal through the system. Shift invariance, although not required for 
mathematical linearity, is essential for DSP. Shift invariance is where any shift of the 
input signal along the horizontal axis in either direction will result in an identical shift to 
the output. This is sometimes referred to as the time-invariant property of signals. Linear 
systems are also commutative, which means that two or more functions can be combined 
in any order within a system without affecting the output. If a system adheres to the laws 
of linearity then superposition is possible. Superposition is a process of deconstructing, or 
decomposing, a signal into separate, more basic and easier to manipulate pieces of 
information; a divide and conquer approach. Manipulations and calculations can then 
take place on each separate component, after which the signal can be reconstructed. 
Varying types of decompositions based on the superposition theory are applicable, such as 
impulse, step, even/odd, interlaced, convolution and Fourier.7 The type of decomposition 
used is dependent on the particular problem requirements. Any system can be fully 
described by its impulse response, retaining all the pertinent information contained 
within the system. 
 

Figure 3.5 System diagram 

 
 
 

System Input  Output 

h[i] x[i]  y[i] 
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3.6 Convolution 
 
Convolution is a mathematical function and a common tool used for the processing of 
signals. An important property of convolution is that when a multiplication takes place in 
the time domain, convolution takes place in the frequency domain, and vice versa. 
Convolution combines an input signal with the impulse response of a system (such as a 
filtering system) to form an output signal as shown in Figure 3.5. Taking the theory of 
linearity, if a system can be described and reconstructed from its impulse response, then 
this function - which is a simple representation of the system function - can be utilised for 
superposition calculations such as convolution. Thus the impulse response of the system is 
convolved with the input signal in order to create the output signal. The mathematical 
equation for convolution is called the Convolution Sum and is shown as follows in its 
discrete form:  

[ ] [ ] [ ]∑
−

=

−=
1

0

M

j
jixjhiy        (3.4) 

 
where y[i] is the output signal, x[i] is the input and h[j] is the impulse response.7 The 
input signal is multiplied by the impulse response for each i-j as the sum runs through j=0 
to M-1 where M is the index for the impulse response. For example, if a nine-point input 
signal is convolved with a four-point impulse response, the output signal will have 
twelve-points. Each point in the input signal generates a scaled and shifted impulse 
response for the calculation of the output signal. Convolution is often written with the 
symbol *, meaning that the above equation can also be written as x[] * h[] = y[] for discrete 
systems. The complex version of the mathematics of convolution is concerned with the 
multiplication of polynomials using matrices.9  
 
Convolving an input signal with a system’s impulse response can provide for many 
different mathematical calculations, such as discrete derivations, integrations in the forms 
of running sums and filtering requirements. Convolution is used to define filter systems, 
which, for example, pass only low frequencies or high frequencies; or pass a range of 
frequencies, by the combination of a high pass with a low pass filter, or by other design 
methodologies. Convolution is commutative, associative and distributive, and can also be 
used as a correlation machine to probe signals in order to find out whether a particular 
waveform is present. This is achieved by flipping the impulse response indexes left to 
right. 
 
3.7 Fourier decomposition 
 
Fourier decomposition is a time-to-frequency domain transformation developed by Jean 
Baptiste Fourier in 1822. It is a superposition approach to the deconstruction of 
waveforms into sets of single frequency waveforms with varying amplitudes.10 The 
mathematics was originally calculated for continuous and infinite waveforms, but the 
process is very similar for discrete time representations. This tool is utilised for the 
analysis of amplitude spectrums in the frequency domain. Fourier found that any 
waveform could be described fully by deconstruction into a set of equal sine and cosine 
waves with varying amplitudes. A full description of this process and the mathematics it 
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involves follows. Firstly, Figure 3.6 shows the simplest type of waveform, a single 
frequency sinusoid; in acoustics this would be a pure tone. 
 
 
 
 
 
 
 

 

Figure 3.6 A sinusoidal waveform or pure tone10 

 
The changing value, y, represents the amplitude values at each segment of time, thus y(t) 
is the signal definition. The radius of the circle, A, rotates around the circle in an 
anticlockwise direction whilst the value of y, the vertical projection of the radius at any 
point in the revolution, changes. The equation for y is 
 

θsinAy =         (3.5) 
 
Analysis of the diagram shows that when the phase angle, θ, is equal to 00, the function of 
the wave y is also at 0. When θ is at 900, y is at A.  The phase angle represents the point at 
which the function crosses the horizontal axis of shift of the wave. As the phase increases 
to 1800, the value of y decreases back to 0. At this point the wave is at the half-way point 
of the cycle. After the half-way point, the process is mirrored along the horizontal axis 
into negative amplitude values. When θ reaches 2700, y is at –A, and at 3600, a full cycle 
or 1 time period has passed, and A is once again at 0. The values of y for the process are 
designated as amplitudes and correspond directly to the point on the circumference of the 
circle against the vertical axis. If the angular velocity, ω, is constant then the phase angle, 
θ, rotated at time t can be given as 
 

tωθ =          (3.6) 
 
thus 

tAy ωsin=         (3.7) 
 
Angular velocity is measured in radians per second. A radian is the angle obtained when 
the arc along the circumference of a circle is equal to the radius, approximately 570 or 
1800/π, one complete cycle taking place every 2π radians. The time taken to complete one 
cycle is given as 
 

ω
π2=T         (3.8) 

 
The frequency of the waveform is the number of cycles completed each second. If the 
periodic time to complete one cycle is T, then the frequency, f, must be 1/T. So 
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π
ω

2=f  thus fπω 2=      (3.9) 

 
The function for y is more commonly given as 
 

ftAy π2sin=         (3.10) 
 
A cosine description of the sinusoid would mean that the radius arm starts at the vertical 
position t=0 and phase θ=900 and the equation is given as 
 

ftAy π2cos=         (3.11) 
 
Fourier decomposition states that any periodic sinusoidal function is made up of a series of 
sinusoidal waves, cosine and sine waves in equal measure, which are multiples of the first. 
Thus, for any index of the series 
 

( )ii tA θω +sin         (3.12) 
 
Sine can be replaced with cosine for the cosine set of frequencies. The series is summed in 
the following polynomial manner 
 

( ) ( ) ( )nn tnAtAtAAy θωθωθω +++++++= sin...2sinsin 22110  (3.13) 
 
where A0 is a constant. Each term is a pure sinusoidal and a harmonic (fundamental is 
represented by A1) and can be represented as a waveform in the time domain or as 
amplitude in the frequency domain. Trigonometric rules allow us to construct a Fourier 
decomposition which contains both sine and cosine waves if the first term is halved and 
the phases ignored.  
 
The above representation of Fourier decomposition is in polar form. Polar form is where 
the decomposition is given as a set of amplitude and phase values. Rectangular form is a 
representation using the sine and cosine wave amplitudes in the frequency domain. The 
polar form is easier to conceptualise diagrammatically although the rectangular form is 
more applicable to programming techniques. In both cases, the key information is the 
amplitude values of the waves.  
 
The Fourier sum of all the sinusoids, which serves to reconstruct the function of Equation 
3.13 is given as follows, in polar form: 
 

( )∑
∞

=

++=
1
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n

nn tnAAy θω       (3.14)  

 
The relationship between polar and rectangular representations can be calculated using 
the following equation: 

 
( ) ( ) ( )xBxAxM sincoscos +=+θ      (3.15) 
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or by vector analysis 
 

( ) 2
1

22 BAM +=        (3.16) 

( )A
Barctan=θ        (3.17) 

 
Any sinusoidal waveform can also be represented in complex form, given by Euler’s 
relation, which shows that any signal can be deconstructed into a set of exponential 
functions.  
 

ωωω sincos je j +=        (3.18) 
 
where j is the square root of –1 and ω is the angular velocity. The symbol j is known as a 
complex number and can also be represented by i. There are two different representations 
for the complex variable. Mathematicians prefer using i from “imaginary”, but electrical 
engineers switched it to j to avoid confusion with electric current, which is usually 
denoted also as i. Complex numbers are a method of representing numbers that have no 
real value, such as the square root of -1. These may arise in the processing of the negative 
amplitude values of the signal functions. They take the form a + bj, where a and b are real 
numbers, and j satisfies the equation j2 = -1.11 Complex numbers appeared when the set of 
negative integers was created some hundreds of year ago, probably due to money lending 
activities.12 A continuous waveform, such as a sound wave, contains both real and 
imaginary values in the form of complex numbers. The aforementioned equations 
represent complex functions, containing both real and imaginary parts, the real part 
represented by the cosine waves and the imaginary part by the sine waves. Discrete 
digital signals deal with complexity by using minus signs and are known as ‘real’.  
 
To summarise, time domain signals can be either continuous or discrete, and either 
periodic or aperiodic. There is a set of Fourier decompositions made up of four transform 
pairs for both complex and real, and period and aperiodic signals. The full mathematical 
expressions are given in the Appendix. The four Fourier transforms are:  
 

- the Discrete Fourier Transform (DFT), which is utilised for discrete and 
periodic signals and is discrete in both domains 

- the Discrete Time Fourier Transform (DTFT), which is utilised for discrete 
and aperiodic signals and is continuous in the frequency domain 

- the Fourier Series, used for continuous and periodic signals, and  
- the Fourier Transform, used for continuous and aperiodic signals.7 

 
The DFT is the most commonly used transform in DSP with the digital computer and is a 
Fourier analysis of a discrete signal, assuming its periodicity (although it may not be 
absolutely periodic, such as in the case of voice signals which are quasi-periodic) and it is 
implemented by the FFT algorithm (Fast Fourier Transform). Continuous time domain 
signals are commonly labelled x(t), while discrete time domain signals are labelled x[n]. 
Each transform has a complex version and a real version. The complex versions result in a 
complex time domain signal and a complex frequency domain signal. The real versions 
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result in a real time domain signal and two real frequency domain signals. Both positive 
and negative frequencies are used in the complex cases, while only positive frequencies 
are used for the real transforms – apart from the DTFT which runs from negative to 
positive infinity in the frequency domain. Complex transforms are usually written in 
exponential form; however Euler’s relation can be used to change them into a cosine and 
sine form, if required. If a signal is discrete in the time domain it will be periodic in the 
frequency domain. Likewise, if a signal is continuous in the time domain it will be 
aperiodic in the frequency domain. For digital representations of periodic sound waves, 
such as that of voice, the Discrete Fourier Transform is commonly utilised. In fact, clearly 
the only transform available to the digital computer is the DFT which is discrete in both 
domains. It can also be seen as a special case of the DTFT mapping only one frequency 
period. The complex DFT can be given as follows 
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where X[m] is the set of sinusoidal amplitudes transformed from the time domain set of 
equally spaced samples x[n]. The summation takes place over N samples, each n of N 
being multiplied by Euler’s relation. The real DFT uses correlation to probe a signal and 
defines analysis equations to calculate the set of sine and cosine waves. An N point input 
signal is transformed into two N/2+1 point output signals. The cosine waves are denoted 
by ReX (real) and take positive values whereas the sine waves are denoted by ImX 
(imaginary) and take negative values. 
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Time domain signals in DSP are commonly represented by lower case letters, whilst their 
frequency domain transforms are represented by capitals.  
 
For decomposition of signals of relative short time periods, the STFT (Short Time Fourier 
Transform) can be used. The STFT has been used at the experimentation stage of the 
thesis work for extracting single cycles of phonation from the longer 0.2 second windows 
of analysis. Separate cycles may only be 5ms long for a female singing at 200Hz, for 
example, and for these short time analyses the STFT must be performed or important 
frequency information at these small time domain segments may be lost. The STFT 
analyses the phase and frequency components of small segments of the original signal (in 
our case, successive cycles of phonation). These parts are separately transformed using the 
FFT and the resulting magnitude and phase values are added to a matrix. The mathematics 
for the STFT is given in the appendices.  
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3.8 Analysis and synthesis 
 
Any transformation can be described in terms of the analysis of the original signal giving 
precise component parts and its reconstruction from these parts, called synthesis. Each of 
the above Fourier transforms has an analysis calculation (also called the forward 
transform) which describes how to extract each value of the frequency domain based on 
all of the values in the time domain. Working in the opposite direction, the synthesis 
calculation is defined (also called the inverse transform) which reconstructs the 
component parts into the original signal. The Inverse Discrete Fourier Transform (IDFT) 
reconstructs the DFT into the original time domain signal. In the digital computer, the 
analysis operations use the mathematical technique of correlation to pull out the 
frequency values from the time domain signal. The analysis equations for the real DFT 
have already been given in 3.20 and 3.21. Correlation is the manner in which component 
waveforms are detected in a signal whereby the calculations take two signals and produce 
a third, called the cross-correlation. The required waveform is contained within the 
system correlation calculations, and the signal is then analysed with this system. If the 
waveform is present, a peak in the cross correlation output signal will confirm the 
existence of the particular wave. Synthesis equations describe how to calculate each value 
in the time domain based on all the values found in the frequency domain sets.  
 
Performing a real DFT generates two sets of n/2+1 samples in the frequency domain. The 
basis functions for the cosine and sine waves which make up the analysis equation sums 
already given are now described: 
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where i is the time domain index. The parameter k represents the frequency value of each 
wave. Program 3.1, in pseudo-BASIC, uses these basis functions to generate the DFT from 
an input signal. First, three arrays are created to hold the input signal and both sets of 
sinusoids. Next, the constant values for Pi and the index of time domain samples are set. 
Then the sine and cosine arrays must be zeroed for the accumulation process. Following 
that, each series entry for both the sine and cosine wave sets is calculated step by step, 
using the basis functions, with two FOR loops. This routine generates the analysis step of 
decomposition, also called the input side or analysis program. 
 
 START 
 CREATE ARRAY XX[511]  containing the time domain signal 
 CREATE ARRAY REX[256]  containing the cosine waves 
 CREATE ARRAY IMX[256]  containing the sine waves 
 CREATE CONSTANT PI = 3.14159265  
 CREATE LIMIT CONSTANT N = 512 setting the number of points in for XX 
 LOAD THE DATA 
 ZERO THE FREQUENCY WAVE ARRAYS WITH A FOR LOOP 
 FOR K = 0 TO 256  
 REX[K] = 0 
 IMX[K] = 0 
 NEXT K 
CALCULATE THE FREQUENCY DOMAIN COSINE AND SINE WAVES WITH A FOR LOOP 
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 FOR K = 0 TO 256   looping through each sample in REX and IMX 
 FOR I = 0 TO 511         looping through each sample in XX 
 REX[K] = REX[K] + XX[I] * COS(2*PI*K*I/N) 
 IMX[K] = IMX[K] - XX[I] * SIN(2*PI*K*I/N)    
 NEXT I 
 NEXT K 
END 

Program 3.1 The Discrete Fourier Transform7p160 

 
Once the complete set of sine and cosine waves has been generated, the synthesis 
equation, or inverse transform, can be calculated. This is used in order to reconstruct the 
original signal from the separate components and is given as follows: 
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In Program 3.2 the IDFT (Inverse Discrete Fourier Transform) is calculated using this 
synthesis equation. This routine calculates the amplitudes for the sine and cosine waves 
by stepping through each index of the real and imaginary frequency wave sets and 
extracting the amplitude value. This is the synthesis step of the process and is also known 
as the output side program. 
 
START 
 CREATE ARRAY XX[511]  containing the time domain signal 
 CREATE ARRAY REX[256]  containing the cosine waves 
 CREATE ARRAY IMX[256]  containing the sine waves 
 CREATE CONSTANT PI = 3.14159265  
 CREATE LIMIT CONSANT N = 512 setting the number of points in for XX 
 LOAD THE DATA 
 FIND COSINE AND SINE WAVE APMPLITUDES 
 FOR K = 0 TO 256  
 REX[K] = REX[K]/(N/2) 
 IMX[K] = -IMG[K]/(N/2) 
 NEXT K 
ADJUST FOR SPECIAL CASES 
 REX[0] = REX[0]/2    Adjust for special cases 
 REX[256] = REX[256]/2 
ZERO THE TIME DOMAIN SIGNAL 
 FOR I = 0 TO 511  
 XX[I] = 0 
 NEXT I 
GENERATE THE SYTHESIS EQUATION 
 FOR K = 0 TO 256  looping through each sample in REX and IMX 
 FOR I = 0 TO 511  looping through each sample in XX 
 XX[I] = XX[I] + REX[K] * COS(2*PI*K*I/N) 
 XX[I] = XX[I] + IMX[K] * SIN(2*PI*K*I/N)  
 NEXT I 
 NEXT K 
END 

Program 3.2 The Inverse DFT7p154 
  

Special cases at REX[0] and REX[N/2] have to be divided by two in order to agree with 
the synthesis equation. They are dealt with before the original signal is finally 
accumulated. The real transform must also include a negative sign for the imaginary part 
of the frequency spectrum (a requirement that grants exact reconstruction).7  
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3.9 The Fast Fourier Transform 
 
The FFT has already been mentioned in the text as it is one of the most powerful DSP 
algorithms and one of the most significant developments in DSP mathematics of the last 
century. Calculating a Fourier transform using the DFT correlation process on a signal 
with many thousands, or even millions, of values would take O(N2) operations using the 
Big O notation. Prior to 1965, when computer hardware and software was in its infancy, 
such an operation would take an inordinately long time to complete. In 1965, Cooley & 
Tukey developed the FFT algorithm which sped up the process enormously, giving O(N 
log N) operations, a considerably faster operation than previously.13 Interestingly, it was 
later discovered that Gauss had already developed these calculations around the turn of 
the 19th century. The Cooley & Tukey FFT algorithm is based on the complex form of the 
DFT (Equation 3.19) and uses a divide and conquer algorithm that recursively breaks 
down the DFT of any signal into increasingly smaller DFTs of size N/2 at each step. 
Although the basic idea is recursive, most traditional implementations rearrange the 
algorithm to avoid explicit recursion. MATLAB®, the software of choice for the study, 
provides a prewritten function fft(x,n) which calculates the transform of a signal x, into 
an n point FFT. 
 
3.10 Laplace and z-transforms 
 
The Laplace transform, after Pierre-Simon Laplace (1749-1827), although originally found 
in the notes of Euler (1707-1783), is a mathematical decomposition formula which is used 
for analysing certain continuous linear time-invariant systems such as electrical circuits 
and mechanical systems. The decomposition of the input signal is made by probing the 
signal with sinusoids and exponentials.14 In general, the Laplace transform is utilised for 
complex signals, whilst the z-transform concerns itself entirely with discrete signals. Both 
the Laplace and the z-transforms break down a function into its component sinusoids and 
exponentials, and then represent them with poles and zeros on the s and z plane 
respectively. Continuous time domain signals are represented in the s-plane, a complex 
plane where real numbers are represented on the horizontal axis and imaginary numbers 
on the vertical axis. The Fourier Transform is found by evaluating the Laplace transform. 
The DTFT is found by evaluating the z-transform, solutions of which are given in the z-
plane. The poles and zeros are the roots of the denominator and numerator of a complex 
polynomial division model and the solutions of the transforms. In the same way that 
Fourier utilised sinusoidal decomposition, Laplace utilised the exponential decomposition 
of functions first developed by Euler. The equation for the Laplace transform is as follows:  
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where s is the symbol for the s domain.  
 
The z-transform, introduced in 1958 by Jury15, is applicable to computational calculation. 
The complex variables are changed to real and the complex exponential, e–st, is rewritten 
as z = rejω, thus the equation for the z-transform is given here: 
 

http://en.wikipedia.org/wiki/Divide_and_conquer_algorithm
http://en.wikipedia.org/wiki/Recursion
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Both transforms decompose an original signal into its component exponentials and 
sinusoidals given in terms of frequency and decay values; the overall strategy for the two 
transforms being to find the system’s poles and zeros.7,9 These transforms are used to 
evaluate formant frequencies of the vocal tract which are represented by the poles of the 
system – nasals are represented by zeros. Successful methods using these transforms have 
been developed to differentiate between formants lying close to each other in the 
frequency domain, often resulting in one formant definition in common transformation 
techniques.16 The Fourier transform values can be found on the vertical axis in the s-plane 
and on the unit circle in the z-plane. 
 
3.11 Linear Prediction  
 
Linear Prediction Coding (LPC) is a mathematical technique that is fundamental for 
computational voice analysis and synthesis as it models the formants of the vocal tract. In 
brief, the future values in time of a discrete signal are calculated as a linear function of the 
previous samples. The equation for the predicted signal is given as follows 
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where s hat represents the predicted signal or an estimate, s(n-k) are the previous samples 
and αi are prediction coefficients. Therefore, the nth sample is a linear combination of the 
previous p samples.9 
 
An error is generated from this estimation which is given as 
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The requirement is the estimation of the value of the prediction coefficients. This is done 
by minimising the mean square error between the predicted signal and the actual signal. 
For a section of the signal, with respect to the prediction coefficients, the minimisation 
error is written as 
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This function can be minimised by imposing 
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for i=1 to p, which by using normal equations can be extrapolated to the following 
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    (3.31) 

 
where j=1-p and ai are the set of values that minimise En. Here, we notice that the error is 
orthogonal to the data. In voice data orthogonality is true for unvoiced sounds and low 
males voices.17 To ensure correct representation of all voiced sounds the order of the 
model (in terms of number of poles) is selected as follows 
 

( )54orFp s+=        (3.32) 
 
where Fs is the sampling frequency, the extra poles providing balance in the frequency 
spectrum. 
 
The most common method for evaluating the coefficient values is by autocorrelation 
which exploits the symmetries of the matrix of coefficients given by the final summation 
term in Equation 3.31 and assumes the data is windowed over a certain segment in the 
time domain. The function xcorr in MATLAB implements autocorrelation and the lpc 
function returns the coefficients given the matrix. The complete set of prediction 
coefficients is then estimated. In voice analysis, prediction coefficients coincide with 
resonant frequencies of the vocal tract, or formants, and define the vocal tract frequency 
response. Therefore, if we can say that the estimated s(n) is a definition for the vocal tract, 
then the error signal resulting from the LPC process is related to the signal produced at 
the glottis. The autocorrelation method guarantees the generation of a stable filter with all 
of the poles of the frequency response within the unity circle in the z-plane. 
 
The whole process is commonly known as inverse filtering and can be carried out by the 
recursive Levinson-Durbin algorithm which is a more efficient method than Gaussian 
elimination.18,19 The development of the partial correlation coefficient (PARCOR) 
algorithm made the filter recursion process more efficient by using lattices, which allow 
for simple addition of an extra lattice for higher order filters rather than having to 
recalculate the recursion process from the beginning as previously.20 Each PARCOR is 
related to a reflection coefficient in a lossless tube model, relating to the vocal tract and 
determined by the correlation coefficient between the forward and backward prediction 
errors in the tube.  
 
For vowel sounds it is assumed the vocal tract is a complete tube that includes no nasals. 
Nasals introduce zeros into the solution for LPC and involve more complex estimation 
techniques. For consonants and fricatives, the predictor must be able to identify the 
difference between the source signal and the sounds made by the constriction of the vocal 
tract, lips or teeth. The thesis work is only considering vowel sounds so we will not go 
into more detail on the problems encountered in the analysis of nasals, consonants and 
fricatives. 
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3.12 MATLAB® 
 
MATLAB® is one of a number of powerful mathematical software packages utilised by 
scientists and mathematicians. It contains a basic platform to which toolboxes for specific 
purposes can be added. This software is used by DSP professionals and has been used 
exclusively in our study. It has many built-in functions defined for signal processing, 
which are essential for sound and voice wave analysis. The statistical research herein has 
also been done using the statistics toolbox that supports PCA analysis and clustering tools. 
Table 3.1 on the next page gives a cursory list of some of the useful functions for voice 
analysis that are defined by the package. 
 
In the following chapter we move one step further in the methodology and look at the 
modelling of the vocal processes that attempts to estimate the signals produced by the 
human voice. The DSP techniques that have been presented in this chapter underpin 
these models and processes. 
 
FUNCTION NAME DESCRIPTION 
abs Returns the magnitude of a complex number or absolute value in an array 
angle Returns phase angles in radians of a complex array 
blackman Blackman window 
conv Convolution 
conv2 2-D Convolution 
convn n-D Convolution 
cplxpair Sorts complex numbers into complex conjugate pairs 
deconv Deconvolution 
dtft Discrete time Fourier transform 
filter 1-D discrete time filter 
filter2 2-D discrete time filter 
fft Fast Fourier transform 
fft2 2-D Fast Fourier transform 
fftn n-D Fast Fourier transform 
freqz Frequency response 
hamming Hamming window 
hann Hanning window 
ifft Inverse Fast Fourier transform 
ifftn n-D inverse Fast Fourier transform 
fftshift Shift FFT results so negative frequencies appear first 
ifftshift Undo fftshift 
laplace Calculates the Laplace transform 
lpc Returns prediction error coefficients 
nextpow2 Next higher power of 2 
unwrap Corrects phase angles to produce smoother phase plots 
xcorr Correlation function 
ztrans Calculates the z-transform 

Table 3.1 MATLAB® functions 
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4.1 Modelling the vocal folds as a mechanical system 
 

Figure 4.1 Cross section of the vocal folds 

 
Figure 4.1 shows a cross section of a pair of vocal folds. The cover tissue of the lamina 
propria can be seen as the darker layer bordering the body mass of the folds. The cover 
layer is the physical material that comes into contact with the other vocal fold’s cover 
tissue on closing. It has been found useful to represent this system in terms of known 
physical laws and mechanical modelling.1,2 The physical system of the vocal folds can be 
represented as a mass-spring system; a first approach is seen in Figure 4.2. 
 
 

Figure 4.2 Mass-spring representation3 

 
 
The body mass of the left vocal fold in Figure 4.2 has been lumped into one large mass. 
This large mass is connected to a number of smaller cover masses, varying in shape,  
which are attached to the outside edge of the body mass with springs. From the mass-
spring representation of the vocal fold apparatus, equations can be defined from known 
physical laws to represent the components of the whole model, inclusive of forces, 
velocities, masses, stiffness and losses; where losses relates to damping and resistance due 
to the viscosity of the vocal folds and larynx as well as the stickiness of the moist surfaces 

Body 
mass 

Cover 
masses

Body Cover
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when the folds are in contact at closure. Such equations are in the form of sets of 
simultaneous linear polynomials representing the unknowns. The digital computer can 
then be used to calculate the results.  
 
Typically, the whole system is defined by the movements of both the body and cover 
masses as a whole. Such a model contains biomechanical information found in the 
function for the energy wave produced at the glottis, without taking into consideration 
the effect of the vocal tract. When the system in movement is coupled with the effects of 
the vocal tract, the sound pressure wave at the lips can be estimated. Moreover, the body 
mass movement can be separated from the cover masses to produce a separate function for 
each. Thus, a detailed analysis and deconstruction of the model can split the definition of 
the input signal to the vocal tract into two separate functions, one representing the body 
mass movement, which can be envisaged as an average vibratory movement, and the 
other representing the movement of the mucosal wave at the cover tissue of the vocal fold 
edges. This type of mechanical model is also known as a k-mass model, as the number of 
cover masses allowed within the system is undefined. Historically, various values for k 
have been used in modelling techniques. The model presented in Figure 4.3 omits the 
effects of the cover masses of the folds and gives a representation in terms of one large 
mass only. 
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Figure 4.3 One-mass model of a vocal fold 4,5 

 
 
The one-mass model, as shown above, has the large body mass connected to the walls of 
the larynx at the thyroarytenoid cartilage, and this wall is considered to be unmoving and 
firm. Between the fixed wall and the mass is placed a spring and damper system to take 
into account the effects of the stretching and relaxing, or stress and strain of the vocal fold 
muscle tissue in its opening and closing movements. As the model contains only one-mass 
it has only a single degree of freedom of movement. For this reason the mucosal wave 
cannot be represented by the model. Here, the masses vibrate in response to the force f 
made by the pressure differences found at the glottis. The movement for each vocal fold is 
given as follows, where ω is the resonant frequency, K is the spring value and M is the 
mass value.  
 

M
K

=ω         (4.1) 
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A graphical representation of the movement of the vocal folds plotted against time using a 
one-mass model is given in the following figure. Here we see a set of even cycles, the 
derivation of which is shown underneath representing the velocity of movement. 

Figure 4.4 First vibration mode of the vocal folds5

 
The top bold line represents the movement of the right vocal fold, the dashed line 
beneath is for the movement of the left vocal fold. As the folds open they eventually 
reach their maximum separation and the relative velocity becomes zero. At this point, the 
tension of the folds forces the opposing movement toward each other again, the velocity 
becoming negative in the derivation. When the folds are in contact, only for a brief time 
segment, the cycle begins again. At this point there is a sharp rise in velocity due to the 
maximum speed of the folds whilst moving away from each other at the impact point and 
dying down again over the following cycle. This is a basic representation of the 
movement of the folds and would not sustain vibration unless connected to the acoustic 
inertance of the vocal tract which would bring the velocity and intraglottal pressure into 
phase.4 This simple model of the vocal folds in motion is useful for research into the body 
mass movement of the fold on its own. However, the one-mass movement above does not 
reveal the mucosal wave patterns, essential for healthy voice production, and so we can 
say that if similar even cycles of motion are revealed by a voice signal inspection it may 
point towards lack of mucosal wave and potential pathology. The one-mass model has 
been instrumental in describing the average movement of the body mass of the vocal fold 
and has been utilised to extract the biomechanical parameters of the vocal fold body mass 
movement in the study. Recent research on high pitched voice has also found a one-mass 
model description useful for high soprano voice modelling purposes.6  
 
The two-mass model, shown in Figure 4.5, has more complexity and thus provides a 
better representation of the vocal fold system overall.7 The classic version of this model 
was developed in 1972 by Ishizaka and Flanagan.8 Each vocal fold is represented by two 
masses. As with the one-mass model, the system is connected to the fixed wall of the 
larynx. The two masses are connected to each other, and to the larynx wall, by spring and 
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damper systems. This system has two degrees of freedom and this means that the mucosal 
wave movement can be represented to some degree if the masses are to represent the full 
biomechanical patterns of the folds, although not in great detail. This model has been 
utilised in investigations into the resonant frequency patterns of the vocal folds in 
vibration in terms of eigenmodes.9 It has also been used to express the mucosal wave 
pattern alone by assuming the cover masses alone are represented by the two masses in 
the model and the body mass is represented by the fixed wall of the larynx structure.5   

 

Mlj 

Mli 

Kli 

Klj 

Klij 

Mrj 

Mri 

Kri 

Krj 

Krij 

Supraglottal lip 

Subglottal lip 

x 

y 

fxi→ ←fxi 

fxj→ 

←vlj 

←vli 

vrj→ 

vri→ 

←fxj 

c) 

 
Figure 4.5 Two-mass model of the vocal folds4 

 
The dynamic equations for the two-mass model are given as integro-differentials, two for 
each fold, representing the forces being exerted on each fold’s masses. Equations 4.2 and 
4.3 are the calculations for these forces acting on the right-hand vocal fold. 
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where f is the aforementioned force, v is velocity, R is a measure of the losses (or 
damping) factor, M is the value for mass and K is a measure of spring stiffness.8 
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Figure 4.6 Three-mass model of the vocal folds10 
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The three-mass model, originally proposed by Story and Titze11, and shown in Figure 4.6 
is far more precise in its representation of the activity of vocal folds in vibration as the 
body mass has its own degree of freedom. In this model the two functions of body and 
cover masses can be separated, meaning that the model fully represents both the average 
body mass movement, as well as the movements of the smaller cover masses representing 
the mucosal wave. The model has a large body mass connected to the wall of the larynx 
with a spring and damper system. This mass is connected to two smaller masses which 
represent the cover. The cover masses are connected to each other and to the body mass 
by spring and damper systems which represent the stiffness and losses of the tissue. Story 
& Titze make careful calculations of the motion, pressure and flow, taking into 
consideration the coupling with the vocal tract. They also give definitions for the 
parameter values of the tissues, which include the evaluation of masses, depths, 
frequencies, stiffness and viscosity.  
 
This three-mass model can be simplified in order to represent only the body movement of 
the vocal fold in terms nearer a one-mass model such as that shown in Figure 4.3 with 
resulting vibration patterns as seen in Figure 4.4. In order to do this the set of three 
masses per fold is reduced to one by the following 
 

jcricrbrr MMMM ++=       (4.4) 
 
where Mr represents the large vocal fold mass, Mbr is the body mass from the three-mass 
model and Micr and Mjcr are the two cover masses, r referring to the right hand fold. This 
singular mass is attached to the walls of the rigid thyroarytenoid cartilage by springs, K, 
the dynamic equation for which is given by the following for the right hand vocal fold.5 
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A k-mass model, with k-1 cover masses, gives the problem more complexity. However, 
research has shown that more complexity does not necessarily give better results when 
compared with simpler models.4 Therefore, it may be prudent to avoid over complexity 
and use a simpler model, such as the three-mass or two-mass models shown above, and 
work with these tools without losing too much information. A two-mass model has been 
deemed sufficient to represent both the body and cover movements by taking into 
account asymmetrical modelling, non-linear coupling between mass movements and 
glottal opening, vocal fold collision effects, defective closures, lung flux excitation and 
vocal tract coupling.12 A one-mass model has also been proved efficient in representing 
the average glottal cycle which defines the movement of the folds without the added 
mucosal wave definition and this is important for determining the biomechanical 
parameters of the vocal fold body dynamics.5 
 
For each research model, some important assumptions should be made clear. Firstly, both 
vocal folds have two degrees of freedom, and vibrate identically along the longitudinal 
axis (orthogonal to the plane defined by the horizontal and vertical axes). Therefore, any 
mass can only move along the horizontal axis due to the forces applied solely on this axis. 
Next, any lumped mass in the system is represented by its centre of mass, in an imagined 
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3D equivalent. Each spring has a stiffness parameter and a loss factor to account for 
tension and viscosity. Lastly it is assumed that the thyroid and arytenoid cartilages are 
rigid and unmoving.5 All the k-mass models are time varying, as the movements of masses 
and their biometrical parameter equivalents are dynamic in nature and will change 
according to the varying distributions.5 
 
The two and three-mass models can give simple, yet comprehensive, descriptions of the 
mucosal wave phenomena. This is very important for our study, which assumes that the 
key issues of medical pathology in the singing voice are located mainly at the cover tissue. 
From a signal processing point of view, the vocal process, given by the preceding models, 
reveals a simple superposition of the body and cover mass movements to explain the full 
movement of the vocal fold system that produces the sound wave at the glottis. The 
glottal pulse is a function representing the puffs of air pushed through the glottis at each 
opening of the vocal folds in vibration. The first derivative of the glottal pulse gives the 
glottal source, a function for the sound pressure wave, which is the signal of most 
importance for analysis purposes as it represents the sound wave produced at the glottis. 
The second derivative, gives a signal which is related to the relative speed between the 
folds’ centres of mass and this is the signal that is extracted from the inverse filtering 
technique described later on in this chapter. From the glottal source function, the body 
and cover dynamics can be separated.  
 
Another way of achieving a good estimate of the glottal pulse is with the KGLOTT88 
model, which makes the calculation for the glottal source by the following polynomial 
equation representation13 

  
   (4.6) 

  
where T is the pitch period and nc is the closed phase of the glottal cycle. The glottal 
source is a quasi-periodic signal with period, T, that has an open phase and a closed phase. 
At the open phase, the airflow passing through the glottis into the vocal tract generates 
the glottal sound wave. The closed phase of the period can be derived by the subtraction 
of the open phase from the full period length. The assumption is that during the closed 
phase there is little or no airflow to the vocal tract and this means that the output signal 
consists mainly in the free resonance of the vocal tract, giving the vocal tract model. 
Problems may occur with this method if the vocal folds do not close completely, or if they 
open so slowly that we cannot be entirely sure where the closed phase is. If there is glottal 
pulse leakage due to some abnormality or pathology then a closed phase may be difficult 
to pinpoint.14 This model has been mainly used for the purposes of speech synthesis and 
analysis. 
 
The glottal source is made up of two separate component signals; a slow varying average 
movement, termed the average glottal source, and a fast varying waveform, which 
represents the mucosal wave travelling over the folds. It has been hypothesised that the 
average glottal source will have a similar vibration pattern to a pair of vocal folds 
modelled by a one-mass system, such as shown in Figure 4.4 and this is confirmed by the 
average glottal source signal definition given in Figure 4.7e).5 The signals shown in Figure 
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4.7 show the set of time domain signals that are extracted after inverse filtering the voice 
data. 
  
Figure 4.7a) is the resultant input speech trace, after the relevant filtering has been carried 
out. The points of vocal fold closure can be ascertained in a) as well as first definitions of 
the formant peaks. From the inverse filtering process that will be described later, the 
effects of the vocal tract and lip radiation are removed from the input speech trace to give 
a representation of the function related to the relative speed between the folds, which is 
the second derivative of the glottal pulse and this is shown in b).5 From here we can make 
a first integration and arrive at a signal representing the glottal source, shown in c).  The 
glottal source is the sound pressure wave created at the glottis at each cycle of phonation 
and does not contain formant information or any vocal tract filtering effects. Integrating 
the glottal source gives the glottal pulse, shown in d). As already mentioned, this function 
is a measure of the puffs of air that pass through the glottis at each cycle of phonation and 
can be likened to a train of delta functions to the vocal tract model which we will discuss 
more fully further along in this chapter. Clear vibration cycles can be seen and the 
movement can be compared to the idealised model shown in Figure 4.4; a lack of cycle 
symmetry is noted in the real life definition. Figure 4.7 e) is the function for the average 
glottal source; the representation of the movement of the larger body mass of the vocal 
fold. This wave can be found by an averaging procedure carried out on the glottal source 
trace or by low-pass filtering of the glottal source combined with wave rectification.5  
 
Once we have a representation of the average glottal source, e), we can then subtract its 
effects from the original glottal source in c) and arrive at the measure for the smaller 
cover masses in vibration, the mucosal wave function. The mucosal wave correlate is 
shown in Figure 4.7f). From these fundamental component waves, e) and f), taken from 
the input speech trace, relevant parameters of interest can be taken, both in the time and 
frequency domains. 
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a) Speech trace b) Relative speed between folds* 
 

 

 

c) Glottal source d) Glottal pulse 
 

 

 

 
 

e) Average glottal source f) Mucosal wave correlate 

* The signal extracted by the  inverse filtering methodology 
 

 Figure 4.7 Voice waveforms
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4.2 Modelling the vocal fold system as an electromechanical circuit 
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Figure 4.8 Electromechanical equivalent of a vocal fold body5,15

 
 
Another type of representation of the vocal fold process is that of an electromechanical 
circuit in the frequency domain. Figure 4.8 above shows the electromechanical equivalent 
for the body mass of a vocal fold using a one-mass model (bl refers to the fact that the 
model represents the left-hand vocal fold body mass; x is the direction of movement along 
the horizontal axis on a 2-dimensional plane). Taking the above representation, estimates 
of the values for masses, stiffness and losses of a vocal fold in motion may be calculated. 
Table 4.1 below reveals the relationships between the electronic circuit above and the 
mechanical behaviour of the vocal folds. 
 
 
Electromechanical symbol Electromechanical 

behaviour 
Mechanical behaviour 

R Resistance Damping/losses 
M Inductance Mass 
K Capacitance Stiffness 
F Voltage Force along the x axis 
V Current Velocity of folds centre of 

masses along the x axis 
Table 4.1 Electromechanical circuit equivalents and their symbols

 
 
Resistance, measured in ohms, is the measure of the ability of the electrons to move 
through a material, thus a copper wire with a large diameter has a lower resistance to 
electron flow than one with a small diameter.16 The circuit element for resistance, r, can 
be defined by Ohm’s Law  
 

vri =          (4.7) 
 
where i is the classical representation for current, v for voltage and r is the resistance 
(differences in lettering from the table above to be given due consideration). Resistance is 
related to the values for losses in the vocal fold body. 
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Inductance, or electrical inertia, classically notated as L, is a measure of the amount of 
magnetic flux in the current. It is measured in Henries, from the work of Joseph Henry 
(1797-1878), an American scientist who discovered electromagnetic induction 
simultaneously with Michael Faraday (1791-1867) in England. In electrical circuits, it can 
be related to voltage and current by the following equation  
 

dt
diLv =         (4.8) 

  
which is directly related to Newton’s Second Law of Motion (see Equation 2.10) where 
force equals mass times acceleration. Thus, the inductance in the circuit is equivalent to 
the mass of the vocal fold, given as M in the figure.  
 
Capacitance, measured in farads, is a measure of the amount of stored charge in an electric 
field. In a capacitor there are two electrodes insulated from each other. The equation for 
capacitance is given as  
 

D
AC =∈         (4.9) 

 
where ∈  is a measure of the permittivity of the insulator and a constant, A is the 
measurement of the area of the electrodes and D is the measurement of the separation 
between the electrodes. This equation can be directly linked to Hooke's Law for elasticity 
(see Equation 2.11). Thus, capacitance, in the model, is equivalent to elasticity in the vocal 
fold material. 
 
The frequency of the vocal folds is equivalent to the resonance of the circuit and can be 
measured by the following equation 
 

LC
1

=ω         (4.10) 

 
where L is inductance and C is capacitance, given as M and K respectively in Figure 4.8.  
 
From here, we can match the one-mass mechanical system to its electromechanical 
equivalent and extract estimates for the parameters of masses, springs and losses of the 
vocal fold body mass. This is explained in detail in the next section. 
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4.3 Estimation of the biomechanical parameters of the vocal folds 
 
Using the electromechanical model just described we can devise a methodology that will 
extract both the body and cover biomechanical parameter values for masses, springs and 
losses for a cycle-by-cycle analysis of a subject recording. The calculation of these 
parameters is made by matching the electromechanical circuit model just mentioned to 
the glottal source power spectral density representation and assuming that this frequency 
domain definition is related to the square modulus of the input admittance to the circuit.15 
Figure 4.9 shows an example the input admittance (dotted line) matched against the 
power spectral density of the glottal source (solid line). It is seen clearly in this figure that 
the first two peaks of the glottal source representation are matched precisely to the 
admittance definition. 

 
 

Figure 4.9 Matching input admittance to glottal source power spectral density 
 
 
The mass model definition used will be related to the parameter set being extracted; thus 
a three mass model may be simplified to a one or a two mass model in order to define 
either the average or mucosal wave dynamics.  In the first instance, we will look at the 
evaluation of these parameters from the body mass movements of the vocal folds alone 
and for this we can use the one mass model. Estimation of these biomechanical 
parameters will be made from the inversion of the integro-differential equation of a one-
mass vocal fold model (see Equation 4.5) matched to the electromechanical model and 
using well known integro-differential equations for circuits, such as those developed by 
Oliver Heaviside (1850-1925).17 The one mass model is sufficient in this case in 
representing idealised cycles of vibration which reflect the average movements of the 
vocal fold body masses. 
 
The hypothesis assumes that the envelope of the power spectral density of the sound 
wave produced by the one-mass model representation is directly related to the square 
modulus of the input admittance to the circuit, Y, given as follows: 
 

← 

← 
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Admittance relates to the ease at which the current flows within a circuit and is given as 
the inverse of the impedance. Impedance is a measure of how much a circuit may resist 
the flow of an electrical current and differs from the simple resonance in that it considers 
the potential phase offsets. Both admittance and impedance are complex definitions.  

 

Precise points are derived from the frequency spectrum of the glottal source definition, 
from which the evaluation of masses, springs and losses can be made. The two points that 
have been defined are {T1, ω1} which is the position of the first resonant peak and {T2, ω2} 
which pinpoints the third harmonic from the resonant peak (see red arrows in Figure 4.9). 
Although other points may be used, at this stage these two points have been shown to be 
sufficiently robust in assessing the body mass parameters. An important consideration, 
however, is the contamination by the STFT on the frequency domain of the separate 
cycles of phonation, especially for high frequency voices. One solution could be 
increasing the sampling frequency level to over 100 kHz. Another solution to this 
problem is interpolating with splines.5,15  

 

Following on, we can now calculate estimates of the masses, springs and losses values of 
the vocal fold one-mass system, which represents the average movement of the larger, 
body mass of the vocal fold in vibration. The body mass can be now calculated as 
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Once the value for mass has been calculated it is a straightforward calculation for the 
stiffness parameter, K.  
 

rbb MK ω=         (4.13) 
 
where ωr is the resonant frequency. The losses may be calculated using a scale factor G as 
follows 
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where Y is the value of the square modulus of the input admittance (Equation 4.11) at the 
resonant frequency. The scale factor, G, is evaluated by normalisation of the glottal source 
with respect to the maximum amplitude of the average glottal source over the window of 
analysis.5 

 
Values for masses, springs and losses from the cover component of the vocal folds are 
estimated in the same way, but using the power spectral density of the mucosal wave 
correlate, taking the two mass mechanical model, and again matching against the input 
admittance from the same electromechanical model as just given.5,18 In the first instance, 
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rough estimates based on the previous three equations are taken. However, the mucosal 
wave power spectral density is much more irregular than the average glottal source and 
this means robust calculations of the points on the frequency distribution may not be 
straightforward. Thus, an adaptive refinement must be implemented using a cost function 
L.10 
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where ω is the Nyquist frequency, Tu, is the frequency distribution of the mucosal wave 
signal, and Ta, is an adaptive evaluation of Equation 4.11. This expression is known to 
have a single minimum, calculated by stepwise estimations using a gradient descent. The 
results are tested to ensure the calculations have been made correctly. Adaptation 
reliability tests on the cover mass values consist of two measurements: the first one is the 
number of adaptation steps required to settle a final acceptable value for the magnitude 
being evaluated. Once the error criterion to be reached is set, an adaptation algorithm is 
launched “blindly” till the error criterion is met. The number of adaptation steps required 
varies depending on subject recording and will be enough to place the estimation error 
under the selected value and thus generate an acceptable evaluation for the cover 
biomechanical properties. The lower plot of Figure 4.10 gives the value of the resulting 
adaptive estimation error compared to the block (fixed) estimation for evaluation of the 
biomechanical parameter of mass for the cover tissue. It may be seen that the adaptation 
produces results which are above the fixed estimation in more or less 10%, with some 
specific cases for which the adjustment may rise to 35% above. Nevertheless the 
adjustments are not excessive in most of the cases. 
 
 

 
Figure 4.10 Reliability checks: a) Number of adaptation steps required to reduce the convergence error. b)

Enhancement on the final value of the adaptive estimation over the fixed estimation process 
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4.4 Source-filter model and inverse filtering 
 
Defining a mathematical representation for the actions of the vocal folds in motion - the 
oscillator of the sound system – still leaves us with the description of the vocal tract 
mechanism and how we arrive at estimations of signals produced at the glottis from an 
original voice trace. Together with the folds in vibration, a key factor in the production of 
voice at the lips is the vocal tract filtering process. The vocal tract cavities shape the initial 
sound wave, setting frequency amplitudes and formant features, which define the quality 
and vowel type when the wave is perceived audibly. The vocal tract can be considered as 
a biomechanical acoustic resonator. The source-filter approach to modelling of the vocal 
tract defines the vocal fold action as the source and the vocal tract as the filter. The source 
is the creation of the puffs of air at the glottis (glottal pulse) generating the sound wave 
(glottal source), which propagates through the vocal tract and is filtered by the varying 
shapes and cavities encountered therein. The source-filter model of the vocal process is a 
practical example of the convolution of two signals to produce a third, where the voice 
signal at the lips is the result of the convolution of the glottal pulse with the vocal tract 
impulse response, which is the inverse transform of the vocal tract transfer function in 
the frequency domain. The vocal tract transfer function, H(z), is considered to be the 
system in this sense. This particular model of voice deconstruction is a common technique 
in signal processing. A number of approaches to the source-filter model have been 
proposed, such as the Liljencrants-Fant (LF) model.19 The model for the vocal fold action 
can be given by the previous k-mass descriptions.  
 
The vocal tract can be modelled dynamically as a set, or an array, of equally spaced air 
tubes, with equal width but varying in diameter. Figure 4.11 is an example of how this 
vocal tract model can be visualised. Each tube can be seen as a cross section of the vocal 
tract situated at successive steps from the glottis which functions as a separate and 
complete air tube with both ends open. The result is a set of tubes with dynamically 
varying area parameters; imagine the narrow area of the vocal tract at the folds compared 
to the wide shape just before the lips; or better still, imagine the shape of the lips 
pronouncing a loud sustained vowel /a/, large and open, compared to /u/, where the lips 
are pursed and small. The potential variation in area size is quite large depending on 
produced vowel shape. The whole system is regarded as an air tube with one end closed at 
the glottis. 

Figure 4.11 The vocal tract modelled as an array of air tubes
 

Glottis 
 

Lips 
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Physical laws are then used to define the action of a sound wave propagating through 
such a system. At each point where an air tube ends and another begins, some of the wave 
will propagate forwards and some will be reflected backwards. Signal processing 
mathematics allows for the deconstruction and reconstruction of constituent parts of the 
voice signal. From the original voice trace, two component voice processes are extracted; 
the glottal pulse and the vocal tract transfer function. The question is how to successfully 
deconstruct the original voice signal, s(n), to produce these two wave forms. The model is 
given below in Figure 4.12, where the first box corresponds to the k-mass modelling 
process mentioned previously and the second box corresponds to the modelling proposed 
in Figure 4.11. 

Figure 4.12 Model for the speech trace20

 
The lip radiation model must take into account the fact that energy from the wave will be 
reflected back due to the abrupt change in the pressure from inside the mouth to the 
outside air. The reflection coefficient for the lip radiation model can be written as follows 
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where Sl is the area of the lip opening and Sf is the area beyond. The reflected wave 
travels backwards inside the mouth which is then added to the oncoming signals to 
produce the output signal, s(n).20 Lip radiation imposes a high pass filter approximated by 
time domain differentiation. Such a filter tends to increase the higher formant amplitudes 
of the vocal tract. 
 
As the sound wave projects from the source, the changing propagation conditions 
generate a reflection coefficient for each slice of the vocal tract model. These reflection 
coefficients are utilised in the addition and accumulation of values as the wave passes 
through each consecutive tubular section towards the lip opening. The sound radiating 
from the lips is a summation of the separate tubular functions. Each tube in the vocal tract 
generates its own reflection coefficient in a similar manner to that given in the last 
equation; assuming different values for the pressures and speeds of sound within the vocal 
tract than beyond the lips. Each coefficient from the tubular sections is accumulated with 
the propagating forward waves in an integral sum. This process uses Linear Predictive 
Coding mathematics.20  
 
Linear Predictive Coding (LPC), a tool used primarily for speech processing, began its life 
in the sixties as a direct proposal to modelling the voice spectral envelope in digital form. 
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The reader is pointed towards a revision of the more detailed discussion of the basics 
given in chapter three. LPC for speech is commonly known as inverse filtering and is a 
powerful and extremely accurate estimation technique used for evaluating the glottal 
wave information by extracting the vocal tract effects. The vocal tract transfer function 
can be found by estimation over the closed phase of the glottis at each cycle.14 LPC 
assumes that the parameters representing the vocal tract vary slowly and smoothly, cycle 
by cycle, the remaining information representing the source dynamics. An estimate of the 
signal at the lips is made using a linear combination of past samples. The following 
equation calculates the output signal as a relationship between the glottal source and the 
vocal tract filter as modelled by a series of varying sized air tubes. 
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where α is the reflection coefficient of the particular tube and k is the index for each tube. 
Each section is accumulated with the glottal signal, g(n).  
 
From here we can derive the vocal tract transfer function H(z) as a division of the 
frequency domain representation of the output signal by the frequency domain of the 
glottal pulse.  
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This is a z-domain representation and the polynomials represented by S(z) and G(z) can 
be factorised to produce the following 
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where the roots of the numerator, represented by α, correspond to the zeros of the 
transform, and the roots of the denominator, represented by p, are the poles of the 
equation.21 The poles correspond to resonances of the system which in this case refers to 
the formant frequencies of the vocal tract. Zeros correspond to nasal anti-resonances. It 
must be noted that the study has utilised all-pole models of the vocal tract assuming no 
nasal interference in the given recordings; corresponding equations for which can be 
found in the references given.20 The model for the inverse filtering technique that our 
study uses is shown in Figure 4.13, which is an iterative version of a well known inverse 
filtering method devised by Alku.22 The process uses repeated paired lattices to 
successfully eliminate the effects of the vocal tract and lip radiation effects on the sound 
wave produced at the glottis.20 This particular method generates robust estimates for the 
voice signal decompositions which we have used for determining any unusual vibration 
patterns that may be caused by pathological masses on the vocal folds or in their 
immediate environment.3,5,12,17  
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Figure 4.13 Inverse filtering model5

 
The model functions in the following way. In step 1, the input voice, s(n), is filtered using 
an inverse radiation model filter, Hr(z), to eliminate the effect of lip radiation and produce 
a signal for the radiation compensated voice, sl(n). Step 2 gives a first estimation of the 
simple glottal pulse inverse function, Hg(z), which is used to cancel the behaviour of the 
glottal pulse on the radiation compensated voice. This produces a trace for the de-
glottalised voice, sv(n). In step 3, a model for the vocal tract is derived by inverse filtering 
sv(n) with lattice filters and extracting the model of the vocal tract, Fv(z). Step 4 takes the 
vocal tract inverse model, Hv(z), and applies it to the radiation compensated voice, sl(n), 
that was extracted at the first step and this generates a residual trace that contains 
information on the glottal pulse second derivative, ug(n), which is related to the relative 
speed between each fold’s centre of mass. Step 5 derives the glottal pulse model Fg(z) and 
by repeating step 2 then consequently steps 3-5 in a loop iteration reliable estimations for 
both the glottal pulse second derivative and vocal tract function are made.5 The glottal 
source is removed from the input voice by using a paired lattice system. This PARCOR 
lattice definition is given in Figure 4.14 and can be seen as a Wiener filter and 
deconvolution process. The upper lattice estimates the inverse glottal source model, Fg(z), 
and this is removed from the input voice by the lower lattice taking the parameter values 
from step one of the model. Figure 4.15 shows a few cycles of signals extracted by the 
inverse filtering process just described from a male subject. Note that the glottal pulse in 
this diagram is called the glottal flow, the two terms being used interchangeably in 
various research texts. One might also find the glottal pulse referred to as the glottal 
volume velocity. Confusion between these terms is to be avoided and it is recommended 
that the varying terminology used in the body of research in the field is memorised. The 
glottal source can be referred to as the glottal pressure wave or in, some cases, the glottal 
aperture. The mucosal wave is sometimes referred to as the vertical phase difference of 
the vocal folds.  
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Figure 4.14 Paired adaptive-fixed lattice for implementation of parallel function estimation and removal23

 
 

Figure 4.15 Signals extracted by inverse filtering of input voice
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As we have seen, one of the most important functions of the voice trace is the mucosal 
wave. The mucosal wave represents the movement of the small cover masses of the vocal 
folds. Extracting the mucosal wave correlate is therefore a key element of the voice signal 
deconstruction process. From the inverse filtering approach taken above we are left with 
good estimates for the glottal pulse second derivative and vocal tract functions. In order to 
define the mucosal wave we first have to find the function for the average glottal source 
movement. Integrating the glottal residual function generates the function for the glottal 
source. This is a first derivative of the glottal pulse and gives a representation of the 
pressure sound wave created at the glottis. Low pass filtering of the glottal source in the 
frequency domain generates a function representing the average glottal source uga(n):  
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where W is a low pass filtering window and Nk is the size of the kth period window.12 
This function for the average glottal source estimates the average movement of the 
singular body mass of a vocal fold and eliminates the higher frequency rippling effects of 
the mucosal wave patterns. The IDFT transforms the function back into the time domain, 
where a simple subtraction of the average glottal source from the glottal source gives the 
function for the mucosal wave, umw(n).12 
 

gsgamw uuu −=        (4.21) 
 
At this point we have all the functions and representation of the moving vocal folds that 
we need in order to begin a detailed analysis of a subject voice signal. 
 
4.5 Parameters for voice analysis 
 
Vocal health professionals, such as speech therapists, commonly use perceptual analysis 
for making a diagnosis on a patient’s vocal health. Computer science can complement this 
work, as not all voice disorders are audible at phonation time, but may show up in signal 
analysis. From the relevant voice traces extracted from the input voice signal by DSP 
techniques, we can define and analyse parameters of interest that help in the assessment 
of quality and health of a voice signal. Complementary computational voice analysis has 
been successfully used in recent studies.3,5,12,17,24,25 
 
Differing parameter sets are evaluated depending on the problem requirement. Acoustic 
analysis looks mainly at time domain factors. Analysis of the frequency content of voice 
signals is also in the realm of speech therapists but is perhaps more interesting to 
computer scientists; especially in the fields of speaker recognition and voice synthesis. 
However, much can still be ascertained about a voice signal in terms of health using both 
time and frequency domain parameters. Evaluation of the dynamic relationships between 
parameters in certain types of vocal production, such as in the singing of musical scales, is 
an interesting research aim and one of the major motivations for the study. Voice is the 
human means for expressing feeling and emotion and this means that there is an element 
to its production which will defy attempts at objective mathematical analysis, until such 
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time as feelings and emotions can be quantified. This is especially true of singing voice, 
which implicitly requires the conveyance of emotions. 
 
Interestingly, a recent doctoral study from MIT into singing voice presents the 
assumption that the singing voice is made up of two key elements.13 The first of these two 
elements is the physical characteristics of the voice extracted from the time domain. 
These characteristics include measures taken at separate cycles; such as instants of glottal 
closure, glottal open-quotient, and so on. These acoustical measurements will be discussed 
further in some detail. The second element contains the more subjective characteristics of 
intonation, expression and emotive effect. The scientist uses Hidden Markov Models to 
model the variation of the already extracted physical parameters and thus to detect 
phonemes and phrase segments. This is a useful analytical decomposition of professional 
singing voice into time-varying physical parameters. The results of this study are 
promising but show that a great deal of work needs to be done in this area of synthesis.  
 
There are many voice analysis tools, ranging from tools used in the medical laboratory, to 
software packages designed for use on the computer. Analysis of the voice signal can be 
carried out in a number of different ways.26 Speech is a different sort of voice production 
when compared with singing and because of this there are some considerations to be 
made. These have already been mentioned. We can expect the professional singer to be 
able to utilise the voice far more effectively than a normal speech subject and this should 
be taken into account at analysis time, and in a comparison of speech and singing signals 
will probably be revealed. Firstly, it is important to remember that, even though the voice 
signal is treated as a periodic, continuous and infinite temporal function, in reality it 
behaves rather differently: at most it is a pseudo-periodic discrete finite time series. 
However, the regular process of vibration ensures semi-regularity, or quasi-periodicity,27 
which means that analysis of short time samples, such as singular cycles of phonation, 
minimises this problem.  
 
Returning to the time domain analysis techniques, a number of approaches have been 
used by vocal health professionals to evaluate the state of a patient’s voice. Time domain 
techniques extract the parameters which appear at each cycle of phonation. Figure 4.16 
shows two cycles from the glottal pulse wave representing the puffs of air that are pushed 
through the glottis at each opening of the vocal folds. The negative amplitudes are not 
represented here for the sake of simplicity. 

 
 Figure 4.16 Glottal pulse variables28 
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The dotted horizontal line, a, gives the average rate of airflow. The peak of each pulse 
gives a maximum rate of airflow. On the second glottal pulse cycle some other important 
markings are shown. From T, the time value for one cycle, we can evaluate the time the 
folds are open, To, and the time the folds are closed, Tc. From here we can evaluate the 
open quotient, Qo, which is equal to To /T, and represents the percentage of time the folds 
are open at each cycle. Tp marks the period in which the airflow rate is increasing and the 
curve is moving up, whilst Tn is the part of the curve in which the airflow decreases and 
moves downward. From these two values we can define the skewing quotient, Qs, which 
is the ratio of the period of time per cycle that the folds move away from each other 
against the period of time they move towards each other again given as Tp /Tn. The open 
and skewed quotients, taken together, can provide information on the quality of voice 
given. Qc, for closed quotient, is also defined. However, the scheme above is an “ideal” 
and in practice, the closed phase is difficult to ascertain due to the movement of the 
mucosal wave.  

 
There is a group of key parameters required for a good analysis of voice. Firstly, and most 
importantly, the fundamental frequency must be found. From the fundamental frequency 
come the parameters that have been classically used in voice analysis, such as jitter, 
shimmer, HNR and other energy measures. Jitter is the cycle-by-cycle variation in 
fundamental frequency. Shimmer is the amplitude variation equivalent, cycle-by-cycle. 
HNR (harmonic to noise ratio) measures the ratio between the energy of resonant 
harmonic sound waves to that of the noise contained within the signal. Extreme and 
unusual values for these parameters are thought to point to the presence of vocal 
pathology. Jitter and shimmer are part of the professional singer’s toolbox, known as 
vibrato, and such singers are expected to produce a good, even vibrato. Vibrato occurs 
over a larger time segment than in a typical cycle-by-cycle analysis and to less 
detrimental effect than with the pathological voice.29  
 
If the signal comes from speech, then the fundamental frequency will be audibly varying 
and undefined over the segment, although there will probably not be too much by way of 
range of frequency apparent. In singing we would expect the frequency over a short time 
analysis to remain fairly constant, with minor variations, especially if the subject is a 
professional singer. Only a small segment of the voice signal needs to be analysed to 
obtain a value for the fundamental frequency. The fundamental frequency is a precise 
physical definition of a rather inexact aural perception, called pitch in the field of music. 
For this reason some variation is to be expected in results from the various algorithms that 
exist for fundamental frequency extraction. With this in mind it may be important to 
note some key considerations when making a choice as to which fundamental frequency 
algorithm to use. Questions needing answering are: Who are the subjects being analysed? 
Are they young, old, male, female, etc? What kind of noise levels are there in the 
recording environment? What kind of voice production will be recorded? Is it normal 
speech or singing, a read passage or sustained vowel? And what are the tolerable 
measurement errors?30  
 
There are approaches to finding the fundamental frequency in both the time and 
frequency domains. We can also use a combination of time and frequency domain criteria 
which may be a more robust method than simply relying on one domain’s representation 
alone. As well as computer based methods, measurements made at recording time using 
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the electrolaryngograph and the electroglottograph (EGG) instruments in the speech 
therapists laboratory can be made.31 These instruments place two electrodes on the 
subject’s neck at the level of the vocal process and pick up a direct measure for the 
fundamental frequency at the glottis by measuring impedance.  
 
One estimation technique of fundamental frequency in the time domain analyses the 
glottal source trace, and relies upon the quasi-periodicity of the voice. The autocorrelation 
function in MATLAB® enables us to calculate the fundamental frequency from a voice 
trace in the time domain. Autocorrelation shows how well a voice signal correlates with 
itself over a range of delays, and any periodic signal will correlate with itself at very short 
delays as well as at those delays which correspond to multiples of the fundamental 
frequency. The fundamental frequency can be found by looking for peaks in the delay 
intervals which correspond to the normal frequency range of the voice signal given.32 If 
formant frequencies change rapidly in the signal then the shapes of the glottal waveforms 
will alter similarly and this can pose problems for the estimation of the fundamental 
frequency in the time domain. For this reason, sustained and stable vowel phonation is 
ideal for subject recordings.  
 
Frequency domain analysis takes account of the fact that equally spaced harmonics can 
give a measure of the fundamental frequency. The fundamental frequency may well be 
clear after fft calculation, but it is also possible to subtract one harmonic from the next 
at any part of the transformation (harmonics being at equal spaces from each other and at 
multiples of the fundamental). If an accurate cycle-by-cycle value for the fundamental 
frequency is required problems can occur when using frequency domain analysis 
techniques. This is because the time domain segment usually contains more than one 
cycle in length, which consequently results in averaging. In these cases the STFT must be 
used. At higher pitches problems with accurate estimation can increase, as frequency 
domain representation is affected by sampling rate and lower formants may appear at 
frequencies below the fundamental. However, on the plus side, the frequency domain 
analysis is fairly resilient to noise.30  
  
Another way to extract the value for the fundamental in the frequency domain is by 
calculating the cepstrum. The cepstrum is the DFT of the logarithmic amplitude spectrum 
of the original signal - a DFT of a DFT. Program 4.1, generated in MATLAB®, reads a 
voice signal and after calculation provides a reliable estimate of the fundamental 
frequency from the cepstrum function. Notice that two fft commands are run; the first 
defines a logarithmic scale frequency spectrum from the original time domain signal; the 
second calculates the cepstrum from the first transform. We assume that if the trace is 
periodic and the logarithmic amplitude spectrum contains regularly spaced harmonics, 
the cepstrum transformation will produce a peak at the fundamental frequency. The 
resulting graphs are shown in Figure 4.17.32  
 
 
>> % Take a section of the trace 
>> [x, fs] = wavread('EstereoH459A1V1E1.wav', [24120 25930]); 
>> ms1=fs/1000;    % maximum speech Fx at 1000Hz 
>> ms20=fs/50;    % minimum speech Fx at 50Hz 
>> t=(0:length(x)-1)/fs;   % time of sampling instants 
>> subplot(3,1,1); 
>> plot(t,x); 
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>> Y=fft(x.*hamming(length(x)));  % Fourier transform with Hamming  
>>       % window 
>> Hz5000=5000*length(Y)/fs; 
>> f=(0:hz5000)*fs/length(Y); 
>> subplot(3,1,2); 
>> plot(f,20*log10(abs(Y(1:length(f)))+eps)); % use logarithmic scale 
>> C=fft(log(abs(Y)+eps)); 
>> q=(ms1:ms20)/fs; 
>> subplot(3,1,3); 
>> plot(q,abs(C(ms1:ms20))); 
>> % To find the value for the peak in the spectrum between 1 and 20 ms and  
>> % convert to hertz 
>> [c,fx]=max(abs(C(ms1:ms20))); 
>> fprintf(´Fx=%gHz\n´,fs/(ms1+fx-1)); 
 

Program 4.1 Evaluation of the fundamental frequency using the cepstrum 
 

 
Figure 4.17 Finding fundamental frequency via a cepstrum approach

 
 
The shape of the glottal waveform differs depending on the varying formant frequencies 
produced at each cycle. Modal, or normal phonation, shows even patterns of vibration in 
the time domain. Breathy phonation will have more airflow passing through the glottis 
and should also have a steeper frequency spectrum. Pressed phonation, due to laryngeal 
hyperactivity, will show a skewing of the glottal pulse in the time domain and a longer 
closed phase. This is due to the abrupt and complete closure of the vocal folds at each 
phonation cycle. The skewed shape of the glottal pulse in this case, and the abrupt change 
in its shape at closure, means that there will also be an increase in the amplitudes of 
higher frequency components in the frequency domain transformation.14 
 

It is important to be able to define the formant frequencies of voice and there are a 
number of procedures which allow for the extraction of the formants, including analysing 
the DFT for the peak values. The following MATLAB® program and graph give an 
example of how to estimate the formant frequencies using LPC. The resulting frequency 
transformation is given in decibels. First and second formants are clearly seen in the LP 
filter of Figure 4.18.32 
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>> [x, fs] = wavread('EstereoH459A1V1E1.wav', [24120 25930]);  
>> t=(0:length(x)-1)/fs; 
>> subplot(2,1,1); 
>> plot(t,x); 
>> % get LPC filter 
>> ncoeff=2+fs/1000; 
>> a=lpc(x,ncoeff); 
>> [h,f]=freqz(1,a,512,fs); 
>> subplot(2,1,2); 
>> plot(f,20*log10(abs(h)+eps)); 
 

Program 4.2 Calculating formant frequencies using LPC 
 

Figure 4.18 Calculating formant frequencies using LPC 
 
 
However, to extract the exact formant frequency values using the above method, the LPC 
filter coefficients are evaluated by solving a polynomial equation. The simple code used to 
generate these values is given below. This code refers to the previous program definition 
and prints out each successive formant value contained in the voice signal. 
 
>> r=roots(a); 
>> r=r(imag(r)>0.01); 
>> ffreq=sort(atan2(imag(r),real(r))*fs/(2*pi)); 
>> for i=1:length(ffreq) 
>> fprintf('Formant %d Frequency %.1f\n',i,ffreq(i)); 
>> end 
 

Program 4.3 Evaluating the polynomial coefficients of the LPC filter 
 
The first three formants calculated by MATLAB for the example are given as 
  

Formant 1 Frequency = 310.6 
Formant 2 Frequency = 1094.8 
Formant 3 Frequency = 1472.4 
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corresponding to Spanish vowel /a/. The time varying formants of the vocal tract can be 
described by their frequency, bandwidth and amplitude; values for which are taken at the 
centre of the bandwidth. For speech the lowest three formants are the most important 
and effect vowel production. Higher formant frequencies, from the fourth and above, 
tend to be static in speech and have been seen to affect the audible differences between 
different speaking voices.30 Most of the energy in the voice signal is contained in the low 
frequency regions, for adult male speakers this is usually around 0-250Hz. The Singer’s 
Formant, mentioned in chapter two, is a peak of energy in the frequency range at around 
3 kHz, enabling the male voice to carry over the sound of the orchestra. 
 
Other research has proposed that calculation of the eigenmodes and eigenfrequencies of a 
mechanical system can point to the formants of voice.9 Laplace and z-transform analysis, 
as we have seen, place the poles of the transform at the formant peaks. Formants define 
the vowel shape and colour of the voice, so it is important to be aware of and to evaluate 
the culture of the subject if comparisons are to be made with normal vowel shape from 
another cultural base. For example, Castilian Spanish vowel sounds are considerably 
different to vowel shapes produced by those from the north of England and, thus, values 
corresponding to average formants for various vowel sounds may be dissimilar.  
From the signals gathered during the processes mentioned above, many more parameters 
can be defined, complementing those classical measures already mentioned. Using the 
electromechanical model of the folds, we can define values for masses, springs and losses 
for the vocal folds at each cycle. It is possible to examine closely the frequency domain of 
the functions and select peaks of energy and the ratios between the peaks as parameter 
definitions. By using the vocal tract model we can make an estimate of the area and 
length of the vocal tract. It is possible to determine unbalance measures for parameter if 
we wish to attempt to isolate pathological recordings. These unbalance functions may be 
termed perturbation parameters as it is by using these definitions that researchers hope to 
be able to pinpoint vocal pathologies.17  
 
It will be interesting to see which parameters are better at providing information on the 
vocal health of a subject. It will also be interesting to analyse groups of parameters in 
dynamic singing voice recordings. Large groups of data have been collected for the 
purposes of experimentation and there must be some way to organise and draw meaning 
from them. The next chapter describes the statistical techniques that have been used to 
present the data more meaningfully. 
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5.1 Introduction to statistical processes 
 
In order to understand the underlying trends seen in voice signals recorded from a group 
of human subjects, it is necessary to parameterise such data for closer analysis. Signal 
processing allows for the extraction of voice parameters from both the time and frequency 
domains. In statistical terms the parameters taken from the voice signal would be termed 
‘variables’ and in this chapter we will continue to use the word ‘variable’ when describing 
the set of values obtained that represents one specific perturbation parameter of voice, 
such as jitter. This is in keeping with the statistical literature and will make more sense to 
a statistician who may wish to use the word ‘parameter’ in an entirely different sense; 
strictly in terms of population parameters.1 Before giving a more detailed description of 
the statistical tools used at the experimentation stage, it is worth presenting an overview 
of statistics in general and why this area of mathematics is so useful to scientific research. 
Statistics is used to determine general trends within data sets as well as to draw 
meaningful conclusions from the interpretation of various statistical methods. Statistical 
processes not appropriate to the study have not been deemed important and are therefore 
left out of the discussion.  
 
Mathematics and digital signal processing make discrete estimations of events in nature 
which are complex and infinite, such as in the extraction of voice signals, and thus the 
statistical evidence acquired must also necessarily be a limited approximation. In the 
digitisation process a selection of values is taken from a continuous, analogue signal by 
defining steps in time at which to make each evaluation. The process in which this can be 
achieved has already been discussed in detail. Each quantised value taken represents the 
state of the system at a certain discrete moment in time, and it is important to remember 
that there is no such thing as a discrete moment in time in reality. The ‘samples’ we have 
extracted are but one representation of reality. In statistical terms a set of data coming 
from a random sample, such as a small number of adolescent music students, may be used 
to make generalised statements on the population of all adolescent music students at the 
same school. But we must be careful about making any broad statements about our results 
without basing them on sound statistical methods, such as significance testing.1 On close 
inspection of the values taken at digitisation, or the values of the voice signal variables 
obtained at experimentation, most often a fairly wide ranging set of results can be seen. 
These sets of values may refer to a general trend in the system but each singular value 
cannot tell us very much about the system’s full behaviour, as it is possible we may be 
looking at a value close to the maximum or minimum of the set, or an outlying or 
anomalous value. Statistics provides tools which give us a sense of how a system behaves 
in general by analysing the full set of values taken and making calculations that can tell us 
about averages and trends. Such tools may limit the affect of odd or extreme values in a 
variable set. The statistical processes of Principal Components Analysis and k-means 
clustering go much further in that they attempt to provide information on the 
interconnectedness of large groups of variables and can perhaps provide reasoning on why 
certain groupings of variables are better at describing a system than others. 
 
We may assume that groups of data will follow some discernable pattern. One assessment 
of this is to extract an average, or central tendency, of a variable and the variation around 
this value. Interestingly, in electronics the DC (direct current) is equivalent to the mean 
value of the current or voltage over time and the AC (alternating current) is evaluated by 
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taking an average value of the fluctuation of current or voltage about this mean.2 This can 
be viewed as analogous to statistical processes. Calculation of the arithmetic mean is the 
most common way of defining the central tendency and is found by summing each value 
and dividing by the total numbers of values, the equation for which is given as follows: 
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where i is the index for each successive value, and N is the number of values in the set. 
Multiplication by 1/N achieves a division by N of the total sum. The value for the mean 
gives us a sense of the general behaviour of the particular variable that is being analysed 
over the complete set of evaluations. However, extreme outlying values may adversely 
affect the mean and for this reason it may be pertinent to use a different mathematical 
measure in cases where outlying values are expected or have been noticed. The median 
gives the precise central value of the full set. This means that half of all the values taken 
will be smaller than the median, and the other half will be larger. Finding the median is a 
process of listing the values in order of ascending frequency. The middle value of an odd-
numbered set, or the mean of the two middle values in an even-numbered set, gives the 
value for the median. The median limits the affect of any extreme outliers in the complete 
set of data, and it is for this reason that it gives a more robust description of the general 
trend of the data than the arithmetic mean. Box plots can be generated which represent 
the median, upper quartile and lower quartile median values of a variable set and were 
originally introduced by John Tukey in 1997.3 Figure 5.1 shows the box plots for the set of 
evaluations of pitch taken from separate cycles of a voice signal. The middle line between 
the two boxes is the median value of the whole data set, and the upper edge of the box 
gives the upper quartile median whilst the lower edge gives the lower quartile median. 
The inter-quartile range is represented as the range between the two quartile values. 
Maximum and minimum values are given by the short lines and any outliers (there are 
none in the example) would be represented by stars. Box plots give a good visual 
representation of data dispersion. 

Figure 5.1 Box plot representation of the medians
 
In the figure above, the top left plot gives the absolute values taken for pitch at each 
successive cycle of voice vibration. Below this, a normalised pitch representation is 
shown. Normalisation, also called standardisation, is a manner of representing a set of data 
values with regards to a common scale thus eliminating data redundancy from the set and 
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quartile 
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minimising statistical error. Normalisation can be achieved in a number of ways. In the 
example, the normalisation technique converts the mean and standard deviations of the 
values to a common value. This is known as mean shifting and auto-scaling where the 
normalised mean is equal to zero and the normalised standardised deviation is equal to 
one and is related to the normal distribution (see equation 5.3). 
 
The variance and standard deviation measure how each value varies against the mean in a 
data set. Both these measures give us a sense of how widely the data is spread when 
compared to the arithmetic mean. The standard deviation, σ, is derived from the square 
root of the variance, the equation for which is given as follows 
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The variance calculates each value’s deviation from the mean and squares it. Then the 
average is taken from the sum of all these calculations. The value of N-1, where we might 
have expected a single N, is added to compensate for the statistical noise by providing an 
unbiased and more accurate measure of the underlying process. This more closely reflects 
the value for the population standard deviation than if you were to take the standard 
deviation of the sample itself by using a simple division by N.2,4 The standard deviation is 
more precisely termed the root-mean-squared deviation of the values from the arithmetic 
mean. Whereas the variance represents the power fluctuations of each value against the 
mean, the standard deviation represents the amplitude fluctuations of each value against 
the mean. However, the standard deviation is also sensitive to outliers and a large value 
for the standard deviation may signify the presence of outliers in the set.  
 
The mode in statistics is the value which occurs most often in a data set. Most often a 
mode is used to explain data not expressed by mathematical values, such as nominal data. 
Due to the large variation and lack of duplication in the values found in voice system 
processes, a mode is not generally recognisable, although it could be possible to define 
small ranges of value possibilities, each range representing a potential mode. Because of 
this, bi-modality or tri-modality may be seen, especially in the frequency distribution of 
voice, where modes may coincide with formants and harmonics. However, we would 
expect a loss of precision in our evaluations by taking this approach. 
 
A histogram of a set of data is obtained by placing the parameter value ranges, or bins, on 
the horizontal axis and the number of occurrences of each value on the vertical axis. Each 
value extracted is dropped into the relevant bin; the sum of all the values in the histogram 
being equal to the number of data values collected. For very large data sets, the mean and 
standard deviations can be calculated very efficiently using the histogram model as it 
begins to approximate a normal distribution the larger the amount of data within it. Then, 
if the area under the histogram of such a data set is given as equal to one, the histogram 
becomes a probability mass function (discrete systems) and probability density function 
(continuous systems).2 The bell shaped probability mass functions and probability density 
functions are known as Normal or Gaussian Distributions (after Gauss). Indeed, random 
signals encountered in nature usually have a Normal Distribution, which is generally 
symmetrical about the mean. The random noise generated and shown in Figure 2.4 will 
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follow such a distribution pattern. The function for the standard Normal Distribution 
curve is given as follows 
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where the mean value is equal to zero and the standard deviation is equal to one. And it is 
from here that we get the process of normalising sample data as seen in Figure 5.1 where 
we took absolute values for pitch and then normalised them. A histogram representing a 
random variable is shown in Figure 5.2. The normal distribution or bell shaped curve, 
shown in red, fits over the histogram. If we flip the whole graphic 900 to the left these 
statistical functions would roughly match the normalised box plot representation. The 
arithmetic mean of the bell shaped curve is found at the centre, and the percentage of 
values deviating from the mean can be found at either side of this centre. Deviations from 
the mean in a normal distribution are given in terms of numbers of standard deviation. 
Varying values for the mean and standard deviation of a distribution can be considered 
within the equation for the Gaussian distribution, the density function for which is given 
as follows 
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Integrating the above function gives a cumulative distribution function, F(X) or P(X ≤ x) 
which evaluates the probabilities for a variable value being within a certain range. Look-
up tables give the probability of any X being less than x, which corresponds to the area 
under the curve within that range. Any sample within a normal distribution will be 
within ±1 standard deviation from the mean around 68% of the time and ±2 standard 
deviations 95% of the time.1  
 

Figure 5.2 Histogram model and normal distribution curve
 
From the characteristics of the normal distribution we can perform hypothesis testing. 
This is important for making generalisations on the sample data. We can test the 
likelihood that any random variable from the sample will fall within a certain percentage 



Chapter Five – Statistical Analysis 
 

96 
 

of the population distribution - such as within a 95% confidence interval. Statisticians use 
hypothesis testing to confirm that the results of their calculations on a random sample are 
consistent, or not, with the population that the sample came from.1 
 
Another important statistical measure is that of correlation. Correlation measures the 
strength and the direction of the strength, if any, of the relationship between two 
variables. This can be graphically represented by a dot-diagram with one variable plotted 
on the horizontal axis and the other on the vertical. Figure 5.3 presents hypothetical 
examples of uncorrelated, correlated and perfectly correlated data using normalised data 
values. 
 

 

 
  Figure 5.3 Correlation scatter diagrams
 
The uncorrelated data plots the heights of performers against measures of jitter. We 
would expect these two variables to be unrelated and so it is seen in the random scatter of 
the diagram. Alternatively in the correlated example, as performance pitch increases so 
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too does the sound pressure level, as may be expected in a non-professional singer, and 
this can be seen clearly in the values that increase together in a semi-uniform manner. 
This is a positive correlation where one variable increases with the other. A negative 
correlation would be the case where one variable decreases against the other. A line can 
be drawn, called a best-fit line, which minimises the distance of all points from a perfect 
correlation represented by a straight line. A perfect correlation is also given in the figure – 
a hypothetical example of the distance a jogger runs over time assuming speed is 
maintained. We would perhaps not expect to see such a perfect correlation between these 
two variables in the real world but the example serves its purpose.  
 
The correlation coefficient evaluates the relationship between two variables and expresses 
it as a ratio value numbering from between +1 and -1, which represents perfect positive 
and negative correlation respectively. A value closer to 0 represents little or no 
correlation and we would expect to see such a value for the first two variables shown 
against each other in Figure 5.3. There are a number of different methods used for 
calculating the correlation coefficient, the information for which is given in the reference 
texts.1,5,6  
 
5.2 Multivariate statistical analysis 
 
There are many statistical tools commonly used for mathematical data representation, 
particularly in terms of medical research statistics.5,6 Careful consideration should be 
taken in the formulation and design of experiments; the definition of sampling criteria; 
the resulting presentation of the data; and the choice of pertinent calculations. We want 
to be able to make meaningful statements and conclusions about each subject (or patient) 
but we also want to make comparisons and generalisations of the total set of patients. The 
question is how to extract meaningful values in the analysis of larger groups of data. For 
example, the thesis experiments extract 40 different variable values from each subject at 
every cycle of vocal vibration over 0.2 seconds. For a male voice of around 150Hz, around 
1,200 different values in total are extracted. In a mixed gender set of, say, 20 patients, the 
total amount of variables we have collected will be far in excess of 30,000. This is a great 
deal of data to consider, and without the digital computer the mathematical calculations 
would be arduous at best, and perhaps impossible. Multivariate statistical analysis is the 
area of statistical study which analyses such large groups of data using various 
computational methods. 
 
Statistics can be measured in one dimension, such as if we wished to examine the rate of 
glottal cancer in performance artists. Bivariate analysis is an examination of the 
relationship between two variables; for example if we wished to examine the rate of 
glottal cancer in performance artists of differing singing styles. Bivariate analysis was 
exemplified in Figure 5.3. When we have groups of three or more variables, multivariate 
statistical analysis tools are used. These tools are used to effectively reduce the number of 
variables in order to find the most significant relationships within the data in terms of a 
smaller, more manageable set of variables. Mathematical computational software, such as 
SPSS®, or MATLAB® plus statistics toolbox, provides simple and affordable ways to 
calculate such analyses that were previously overtly time consuming. Over recent years 
such statistical research has proved invaluable to market researchers in analysing large 
sets of subjective, opinion based data.7 
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In the current study, which contains large groups of data at the experimental stage, 
statistical analysis using multivariate techniques, specifically Principal Components 
Analysis and k-means clustering have been deemed to be the most appropriate statistical 
tools for finding out if there are meaningful patterns within the data; such as which 
variables, or groups of variables, are more important than others in highlighting the 
presence of vocal pathology. If an hypothesis is to be set out - for example, that a certain 
group of parameters will perform better than others in determining the presence of vocal 
pathology under analysis - multivariate statistical analysis can be used to test such a 
hypothesis.  
 
There are a number of different multivariate analysis tools available to the researcher and 
statistician. Among them are clustering tools – which we will discuss later – and principal 
components analysis. Principal components analysis is a similar process to factor analysis, 
the two differing in terms of the analysis objectives. Factor analysis identifies underlying 
structures amongst the variable data whilst principal components analysis is used to 
reduce data dimensionality. At the experimental stage of the thesis, principal components 
analysis has been deemed to be the most appropriate statistical tool used for reducing the 
dimensions of the data. 
 
Before continuing, the question arises as to how we represent such large groups of data for 
mathematical manipulation? Matrix theory provides tools for arranging and making 
calculations on large sets of data and mathematical computation is a very effective way of 
processing the data that has been loaded into matrices. The applications of matrix theory 
are used in all areas of science, particularly in the description of the movement and 
dynamics of physical systems.8,9 MATLAB® provides the functions for loading the 
collected data into matrix format. 
 
Any matrix, X, where each row represents one variable, can be restructured and split into 
three separate matrices in order to represent linear equations. Linear systems may be 
represented in such a matrix form, where two matrices are multiplied together to form a 
third, the solution, as is shown in Figure 5.4. This representation is useful for solving 
groups of simultaneous equations that may be contained within voice signals depending 
on the definition and modelling used. 
 

Figure 5.4 Matrix operations on linear systems
 
 

a11, a12, … a1p 
a21, a22, … a2p 
… 
aj1, aj2, … ajp 
… 
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Each linear equation that the matrix contains is written as follows, for the first row of the 
group of matrices, there being n solutions in total 
  

11212111 ... bxaxaxa pp =+++       (5.5) 
  
In this case, the first matrix contains the coefficient values of the system and is called the 
coefficient matrix. The second matrix contains the constant values for x. The solutions for 
each equation are contained in the third matrix. The original set of linear equations is 
reconstructed by a simple matrix equation, given as follows  
 

A x = b         (5.6) 
 
Once reduced into row-echelon form the system can easily be solved. Also called 
Gaussian elimination, this is a process whereby the matrix values are reduced to their 
simplest form. In row-echelon form all non-zero rows are above rows containing only 
zeros; leading coefficients of each row are to the right of the leading coefficients in the 
rows above; leading coefficients must be equal to 1 and all entries above a leading 
coefficient are 0. Once a matrix is in such a form, the equations can be solved simply and 
various properties of matrices can be applied.10  
 
The covariance, a similar measure to the correlation coefficient, is one of the key 
measures used in statistical analysis of large sets of data and finding the covariance matrix 
is a first step in performing PCA. Mean, variance and standard deviation, although very 
useful, are only calculated in one dimension. The covariance is the measure of variation 
between two data sets, taking each successive calculation pair of variables at the same 
point in the series. A set of data correlated with itself by covariance calculation generates 
the variance. The equation for covariance is very similar to that of the variance and is 
given as follows: 
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As with the correlation coefficient, when large values coincide with similarly large values, 
and small values coincide with similarly small values, then the covariance will be positive. 
In this case, it can be said that there is good correlation between the variables as they 
both increase or decrease together proportionately. The opposite case is where there is a 
wider variation in each pair of variables, side-by-side, and this generates a negative 
covariance. A covariance value of around 0 will mean that there is not much variation to 
be seen between data pairs.  
 
Graphical tools are very useful for understanding the results from mathematical statistical 
data calculations. Plotting one parameter against another gives what is known as a scatter 
plot or dot diagram (see Figure 5.3) and such a diagram can be theoretically extended into 
n dimensions - although 3 dimensions is usually the maximum number of dimensions that 
can be understood by the human eye. Distance is another important concept in the 
multivariate statistical analysis of data. Each data value can be considered as a vector 
coming from a common origin and can be measured using geometrical laws and presented 
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graphically. Clustering analysis is a process whereby large groups of data are sorted and 
organised in order to search for pertinent patterns and associations commonly using 
distance measurement tools. Multivariate analyses attempts to answer questions about 
relationships within large groups of high dimensional parameter data: in particular, which 
parameters can be utilised effectively in analysis; which parameters are meaningless, or 
relatively so, in a data set; how to best group and sort the sets of parameters; how the 
parameters affect and relate to each other; and whether there is any potential for making 
adjustments in parameter sets to enhance meaning and clarity.11  
 
5.3 Principal Components Analysis (PCA) 
 
Principal Components Analysis is a multivariate statistical tool used for reducing the 
number of variables within a large data set by examining the proportions of variance 
contained within the set. The process produces a linear transformation of the original set 
of variables into a smaller set of more meaningful and uncorrelated variables.12 Factor 
analysis is a very similar tool and is used to define underlying connections between 
variables (these are called factors and represent unseen variables) whereas PCA assumes 
no underlying structure. As a basic overview, in order to perform a PCA, the covariance 
matrix for the full set of data must be found. From here, eigenvectors and eigenvalues can 
be extracted - these are sometimes called latent vectors and latent roots. The eigenvalues 
reveal the ordering of the principle components in terms of amount of total variance each 
principle component contains. For a data set containing p variables there will be p 
principal components; however, only a small number of these principal components will 
contain the majority of variance and be significant in explaining the relationships 
between variables. PCA and factor analysis are commonly used by marketing managers 
and social scientists to analyse subjective data and it may be useful to give an example of 
the process without going into too much mathematical detail. The example here is taken 
from Dunteman.12 

 

A PCA was performed on a large collection of data taken from US armed forces. The data 
measured job satisfaction on five aspects of military life; satisfaction with job (SJ), 
satisfaction with job training (SJT), satisfaction with working conditions (SWC), 
satisfaction with medical care (SMC) and satisfaction with dental care (SDC). The 
variables were rated 1 to 5 by the respondents where 1 equated to ‘very unsatisfactory’ 
and 5 to ‘very satisfactory’. The correlation matrix shown in Table 5.1 was extracted from 
the data which came from 9,147 US Army personnel and is a covariance matrix of 
normalised variables. Table 5.2 gives the eigenvector and eigenvalues extracted from the 
matrix. The eigenvectors are denoted by each column, and the eigenvalues as λ. The 
eigenvalues are ordered by size, the largest having the most significance. Thus the 
elements of the first column are the weights associated with the linear composite that has 
the maximum variance, i.e. the first principle component. 
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Correlation Matrix for Five Satisfaction Variables: US Army Personnel (N=9,147) 

  
Variables SJ SJT SWC SMW SDC
   
SJ 1.000 .451 .511 .197 .162 
SJT 1.000 .445 .252 .238 
SWC 1.000 .301 .227 
SMC 1.000 .620 
SDC  1.000 
       

Table 5.1 Correlation matrix for five satisfaction variables12

 
 
Eigenvectors and Eigenvalues 

  
SJ .442 .443 .301 -.716 .074 
SJT .457 .290 -.832 .114 .034 
SWC .479 .308 .454 .658 -.185 
SMC .443 -.531 .095 .060 .714 
SDC .412 -.586 .032 -.191 -.670 
  
λ 2.370 1.202 .573 .484 .373 
  
% of variance 47.4 24.0 11.46 9.68 7.46 
       

Table 5.2 Eigenvectors and eigenvalues from the correlation matrix of satisfaction variables12

 
 
The eigenvalues for each principle component explain the total variance contained in 
each principal component out of the total variance contained within the whole set of 
data. Working out the percentage of variance for each component is one way of 
ascertaining how many components to keep and how many to discard. The first two 
principle components are deemed to contain enough information to describe the data 
fully in this example and so the other three are discarded. Data dimensionality is reduced 
from five to two variables. The example results are explained as the first principle 
component being a measure of general job satisfaction overall and the second principle 
component has been translated to relate to the contrast between job satisfaction and 
health satisfaction (seen in the negative values for SMC and SDC). Figure 5.5 gives a 
graphical representation of the eigenvalues for each principle component. Scree plots are 
a useful visual aid for deciding how many principal components to retain.13 
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Figure 5.5 Scree plot

 
Each principle component can also be used as a dimension in vector space, all components 
remaining orthogonal to each other (i.e. unconnected). Eigenvector weights may be 
plotted to see if any clustering is apparent. 
 
5.4 Cluster analysis 
 
Clustering techniques are processes whereby data is presented in meaningful groupings, 
called clusters. Most often, clustering techniques make no previous assumptions on the 
number of clusters or the structure of each cluster that will arise.11 Clustering is 
particularly useful for large sets of data where similarities and differences between sets are 
not obvious prior to analysis. A number of different clustering algorithms have been 
defined over the years employing distance methods for the definition of clusters within 
the data.13 Distance is a measurement of similarity between objects that defines cluster 
membership and can be expressed by Euclidean, average or percentage differences. Figure 
5.6 gives a simplified example from a famous clustering experiment that discovered 
clusters for white dwarfs and red giants by plotting stars by their respective luminosities 
against temperatures. The white dwarf cluster was found at a medium temperature with 
low luminosity (circled in dark blue) and the red giant cluster was found at a medium 
temperature with high luminosity. 

 
 

 Figure 5.6 Clustering of star types 
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K-means clustering is a non-hierarchical iterative clustering technique originally devised 
by J. B. MacQueen in 1967.14 Recent studies have shown that the solutions for a k-means 
analysis are given by the principle components from a PCA.15 Furthermore, the PCA 
orthogonal dimensions are identical to the cluster centroid dimensions. The k-means 
analysis we used in the study took place after an initial PCA had been carried out. The 
clustering was performed on the principal components that had been evaluated. The basic 
algorithm for k-means clustering is set out in three stages. Firstly, all variables are 
separated into a given k number of clusters which have been randomly selected. Then, 
each variable is assigned to one of the clusters whose mean value, termed the centroid of 
the cluster (the distance measurement in a k-means analysis) is the closest. This second 
step is repeated for each item until there are no more items left to assign to any clusters. 
The third step is to recalculate the means or centroids for all clusters. Finally, all the steps 
are repeated until the centroids no longer change position. The experimental stage of our 
study has utilised both PCA and k-means clustering techniques in analysing the large sets 
of voice data collected. The following chapter presents the experimental study of the 
thesis. 
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6.1 Overview 
 
The current work describes two specific and separate experimental objectives that will 
illustrate the main focus of the research that has been carried out over the duration of the 
thesis study and preparation. In the first instance, the focus of the study was on 
pathological voice and whether or not DSP technologies can provide medics with a robust 
methodology for diagnosing voice samples from the voice signal alone. The second focus 
of the study was on singing voice and the production of singing voice by professionally 
trained musicians and singers. The two foci are connected in that professional voice users 
experience a proportion of voice pathology, as previously mentioned, and a deeper 
understanding of the dynamics of professional phonation can assist in prevention and 
treatment of the voice problems that this group experiences. Furthermore, analysis of the 
normal professional voice in action can provide researchers, health specialists and 
scientists with a more profound insight into the workings of the vocal apparatus in 
general. Singing voice has been deemed to be the area of professional voice that will be 
examined in the second part of this chapter, although at the current stage we have only 
performed an exploratory analysis on adolescent music students rather than on adult 
professionals. It is certain that, prior to undertaking large research projects into 
professional singing voice, previous investigation must take place using smaller groups of 
non-professionals in order to learn and assess any key requirements and considerations 
that will be essential when looking at professional groups in the future. Vocal nodules 
have been seen to occur more often for the untrained singer than the trained.1 This 
suggests that, in singing training, there are valuable instructions on how to phonate 
correctly, maintain energy requirements and limit the detrimental effects of continued 
and excessive vocal fold vibration. We consider that the classically trained singer uses 
their voice, therefore, in an “ideal” manner. The advice of the singing teacher can be 
compared favourably to the instructions of the speech therapist to the unprofessional 
sufferer of voice problems. Positive results have been achieved in health care by speech 
and language therapists as well as physicians in helping people suffering from various 
voice disorders.2,3 We hope that the DSP methodologies presented can improve the work 
of the speech therapist, singing teacher and computer scientist in the field. 
 
The first experiments take sets of non-singing voice data that include both normal and 
abnormal phonation subjects. After signal processing a group of parameters is extracted. 
An attempt is then made to define the most useful of these parameters for making a split 
between the pathological and normal voice data set using multivariate statistical analysis 
techniques presented in the previous chapter. We hope to prove that it is possible to make 
clear definitions between pathological and normal voice signals by performing statistical 
analyses with the parameters of most significance. At the second experimental stage our 
objective is to be able to measure the changes in the biomechanical parameters of the 
vocal folds in the analysis of normal singing voice performing ascending major scales. The 
same parameters are used as in the first part of the chapter; however, a closer focus is 
taken on the biomechanical properties of the vocal folds as they are expected to be more 
significant overall in the production of successively ascending frequency steps. Both these 
experiments will pay particular attention to the signals extracted for the mucosal wave. 
The results will be given at each stage of the text and may provide vocal health specialists 
and computer scientists with sufficient evidence to support further work within the area 
of singing voice. 
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For both these experimental objectives some common assumptions will be made (specific 
assumptions to each objective, if any, will be given in the relevant part of the text). The 
assumptions are as follows: - 
 
 Subjects in the data sets are from Spain with Castilian Spanish being the mother 

tongue 
 Subjects for the first experiment in splitting pathological samples from normal are in 

their adolescence, ages 12-15 
 Subjects from the subsequent experiments in this section which look at the definition 

of pathological samples are from adult groups 
 Subjects in the singing voice study are adolescents, ages ranging from 10-15 
 Vowel sounds given will be the five common Spanish vowels, a, e, i, o and u 
 Analysis of the parameters extracted from each subject will take place using the 

glottal source signal after filtering of the effects of the vocal tract and lip radiation 
from the input signal, using the DSP modelling tools that have been described in 
chapter four 

 
The use of adolescents in the study will show that the hypotheses hold for the unstable 
voices of young people. If the hypotheses are proven it may then be expedient to move 
forward with the work into adult subject groups; especially that of professional singing 
voice data. This has been the case in the pathological definition experiments where 
further experimental results are presented for adult subject groups. The singing voice 
focus, at the time of writing, is at the exploratory stage in analysis of normal singing voice 
of adolescents and results will provoke and justify research into adult subject groups. 
 
Each subject recording will be analysed by the DSP routines that have been previously 
developed in MATLAB®. Firstly, a decision needs to be made as to which of the 
recordings and which part of the recordings will be of most benefit to the study and why. 
For the present study we have created an algorithm which finds the centre point of each 
input signal and then extracts a small time segment of 0.2 seconds in total from the signal 
around this point, assuming optimal stability at this section of the recording. These 
shorter windows of analysis are then split into separate cycles of phonation and 
parameters taken from each cycle. This is known as short-time analysis, and allows for 
close inspection of voice, cycle-by-cycle. The FFT power spectral density of the 
normalised glottal source is taken using sliding 2 millisecond frames of 512 samples each. 
Representations are given in a logarithmic decibel scale.4 
 
The voice data sets used in the experiments have been collected specifically for the study 
and are taken from persons that have been part of a data collection project organised by 
the Laboratorio de Biomécanica del Aparato Fonador (the Biomechanical Laboratory for 
Phonation Apparatus, or LABAF) at the Faculty of Medicine of the University of Alcalá 
de Henares in Spain. The laboratory at the University of Alcalá - together with the 
research teams from the Departamento de Arquitectura y Tecnología de Sistemas 
Informáticos (Department of Architecture and Technology of Information Systems, 
DATSI) at the Universidad Politécnica de Madrid and the research team devoted to Soft 
Computing at the Universidad Jaume I in Castellón - has been involved in screening 
programs for voice pathology assessment of the population of Madrid. The work has been 
supported under the framework of the project MAPACI: Automatic Modelling and 



Chapter Six – Experiments 
 

108 
 

Classification of Pathological Voice Features for Clinical Application on Internet 
(TIC2002-02273) which has provided financial support for the research into voice 
pathology from December 2002 through November 2006. MAPACI is a complete e-health 
care system that provides an online network for voice specialists using a Java framework. 
A database of voices is currently being collected using this system.5 
 
The team in charge of the data collection was composed of a medical specialist in ORL 
(oto-rhino-laryngology) who inspected the recordings and conducted the video-
endoscopic explorations of the subjects where necessary and a speech therapist who 
carried out voice recordings, database handling, annotations and maintenance, and made 
a subjective evaluation of the voice quality of subjects using the GRBAS methodology. 
GRBAS is a subjective acoustic evaluation of voice quality proposed by the ORL Japanese 
Society.6 The GRBAS acronym corresponds to G=grade, R=rough, B=breathy, A=asthenic 
and S=strain. Each field is psycho-acoustically assessed by the trained specialist according 
to a 4-grade scale where 0 is normal and 3 is extreme. All the subjects that donated their 
voices voluntarily agreed to participate in the study. First, each subject was asked to 
provide a history of their vocal health to the medical team. Recordings were then taken of 
the subjects and perceptual diagnostic information gleaned. The computer program that 
was used to collate the information is called Medivoz and is a well known tool used by 
medical voice specialists in Spain.7 Within the Medivoz system, the GRBAS scale is 
utilised, by expert listeners, to score each recording and enter the values into the program 
database. By itself, however, a perceptual analysis can be too subjective, and for this 
reason a group of parameters of analysis are taken into account when determining a 
classification and diagnosis for each subject within the Medivoz system. 
  
As well as the aural analyses, a visual inspection is undertaken in the laboratory via 
videostroboscopy, as well as an electro-glottographic (EGG) analysis, which gives an 
excellent and very accurate account of the fundamental frequency from the area of the 
neck closest to the vocal folds. Spyometry is the lung function test where the volume of 
air that is inhaled and exhaled can be measured. Taking all these various parameters into 
account, the subject is then diagnosed by the medical experts to be a normal or 
pathological case. A picture of the instrumentation used at acoustic and endoscopic 
inspection is given in Figure 6.1. Further parameters that are taken at this stage are the 
classical acoustic parameters, jitter and shimmer, which are included in the package as a 
function of the Medivoz system.8 The system classifies by comparison with values taken 
previously from healthy voices. Any recordings presenting values above or below the 
agreed normal levels are classified as being affected by some sort of abnormality or 
pathological behaviour. Pathological and normal subject data was collected in the 
laboratory. Singing voice data was collected using the mobile unit.  
  
The methodological processes are repeated in both experiments, including the extraction 
of certain parameters for analysis and these will not be explained for the two separate 
cases. That is to say, the parameters used in attempting to define the pathological subject 
recordings have also been used at the singing voice experimentation stage, so it will not be 
necessary to repeat the discussion other than providing a list of the parameters of interest 
at each point. 
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Vocal exploration/Acoustic Analysis Spyrometry 

Study by image 

EGG 

 
 
 

 
 
 

Figure 6.1 ORL exploration unit used in LABAF, fixed laboratory and mobile unit 
 
 
We will begin with a full description of the experimentation that took place on the 
pathological and normophonic mixed subjects, followed by the detailed analysis of 
normophonic singing voice, and conclude the chapter with an overview of the results 
from both experiments before making fuller conclusions to the study in chapter seven. 
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6.2 Defining pathological and normal voices 
 
The hypothesis for this initial part of the experimentation process is that it is possible to 
define parameters taken from the voice traces and their respective transforms that 
represent the mucosal wave movement and that these parameters will prove to be 
significant in any attempt made to define pathological voice production. Furthermore, we 
expect that using these newly defined parameters in an attempt to split abnormal and 
pathological samples from a previously diagnosed set of data will provide better results 
when compared to those previous studies which have inspected only the standard 
classical acoustic parameters, or spectral parameters that have not been taken from a 
filtered signal.9,10 Studies using cepstral coefficients from the mucosal wave power spectral 
density for pathological classification have had some recent success thus further justifying 
this approach.11,12 The tests will use multivariate statistical analysis for making the data 
splits. Our main objective is to prove that it is possible to make clear definitions as to 
whether a voice signal is pathological or normal using statistical analysis of relevant 
parameters and selected parameter sets thereby eliminating the need for expensive and 
time consuming processes of visual inspection and objective aural examination. 
 
The first subject data set contains both pathological and normal voices previously defined 
as such by LABAF and comprises in total 21 teenagers of both sexes, ages ranging from 
twelve to fifteen years of age; 14 of these were diagnosed as normophonic, whilst the 
other 7 presented a mild pathology seen by the early development of nodules developing 
on the vocal folds.13 It is not necessary to describe the subjects in detail as the diagnoses 
have already been made. All we need to be sure of is which of the subjects have been 
given a normal or abnormal classification. We know that unusual masses generally appear 
on the vocal fold cover material, as this is the area that experiences the most force in 
phonation. Therefore, analysis of the mucosal wave definitions should provide sufficient 
information required for splitting the data; assuming normal voice produces a regular 
mucosal wave pattern. In the first instance, parameter values must be extracted for each 
subject. Once all the parameters have been extracted and loaded into matrices for 
computer manipulation purposes, multivariate statistical analysis techniques – described 
in the last chapter – will be used in order to attempt to split the data. Principal 
components analysis will pull out the most significant parameter groupings from the 
complete set of chosen parameters and by using clustering techniques we will attempt to 
make the splits between normal and abnormal subject data. 
 
The main process routine first extracts the second derivative of the glottal pulse signal by 
inverse filtering of the input voice trace and then performs a continuous iteration to 
refine this estimation as described in chapter four. The first part of the routine includes a 
set of switches (functioning as “off/on” switches) to enable the user to choose between a 
full or part analysis depending on the specific experimental requirements at the time. The 
first switch in the main routine provides the option to analyse either synthetic signals or 
recorded traces, after which a list of switches for disabling and enabling the various 
requirements is given. Graphics can be turned off or on, allowing for bulk parameter 
evaluation required at the statistical analysis step. Screen rendering of graphics consumes 
much processor memory and can only be processed for one subject recording at a time as 
each subject generates around 150 graphics on average. The full list of switches is given in 
Table 6.1.  
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Switch  Parameter Description 
sw0 Jitter, shimmer, HNR Classical distortion measures  
sw1 FsdB, Fv0dB 

FgKdB, FvKdB 
Fs=function for voice at lips  
Fv=vocal tract transfer function 
Fg=function for glottal signal  
dB = decibels, K=kth iteration, 
0=pre-iteration, or the first instance the process is run 

sw2 Parameters numbered 
15-32 

The singularity parameters taken from the maximum 
values and positions relative to a first maximum from the 
mucosal wave power spectral density 

sw3 Graphical functions Plot of input voice, glottal speed, glottal source, body 
average signal and mucosal wave plus their related 
frequency spectra 

sw4 Mucosal wave correlate Estimation of which can take place by either low pass 
filtering (value 0) or correlation (value 1) in the time 
domain 

sw5 MFugbldB 
MFuglpdB 
MFmwdB 

lp=low pass, dB=decibels, ug=glottal signal, mw=mucosal 
wave, MF=Mel Frequency (Mel frequency is a logarithmic 
cepstrum representation), bl=slope levelled 

sw6 MFugndbldB Unfolded and slope-levelled glottal source, nd=unfolded 
sw7 Mucosal wave correlate 

power spectral density  
Matching of mucosal wave power spectral density 

sw8 Body mass Matching of body mass 
sw9 Body mass Presentation of the matching of the body mass 
sw10 MWC PSD Estimate and print the matching of the mucosal wave 

power spectral density 
sw11 MWC PSD Activate the presentation of the MWC PSD for checking 

purposes 
sw12 Fv(z) Transfer function of vocal tract 
sw13 Fs(z) Lip radiation switch, 0 = keep, 1 = eliminate 
sw14 Hg(z) Activate checking tests of glot_inv 
sw15 Reduce low frequency 

contents 
(1) Unfolding low pass filter (0) sinusoidal arch fitting 

sw16 Graphics Activate linear (0) or log (1) amplitudes 
 

Table 6.1 Routine switches
 
 
In each case the Boolean value 1 turns the switch on, whilst 0 is off, unless otherwise 
stated. All the graphics presented in the following discussion were taken from an analysis 
of one particular subject recording that gave a sustained vowel /a/. Classical distortion 
parameters jitter, shimmer and HNR are included in the data set along with other newly 
defined parameters taken from the power spectral density of the mucosal wave. What 
now follows is a closer description of all the parameters taken on running the routine. 
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Figure 6.2 Area function of the vocal tract
 
 
Figure 6.2 above gives a graphical representation of the area of the vocal tract from lip 
opening to the subglottal regions of the larynx and breathing apparatus. Each point on the 
curve represents the aperture of the vocal tract in distance from the lips, given in 
centimetres; such a function being representative of the vocal tract model mentioned in 
chapter four, which can be imagined as an array of thin slices, each slice representing an 
air tube (see chapter two for a reminder on the nature of sound propagation in tubes and 
chapter four for a more detailed discussion on the vocal tract model). Furthermore, this 
function gives a measure for the length, width and area of the vocal tract from lip to folds 
and beyond. The vocal tract transfer function, obtained by using the equally spaced tube 
area measurements, is used to calculate the propagation of the sound wave from the glottis 
through the vocal tract resonant chamber before emanating at the lips. Reflection 
coefficients and wave propagation values are evaluated at sequentially paired slices.  
 
The vocal folds are usually found in adult males to be around 17cms away from the lips, 
this distance being shorter for women (around 15 cm) and children (ranging from 8 to 13 
cm depending on age). In the diagram above the subject is a female adolescent aged 15, 
and the vocal tract length is around 12.5cm. The point in which the area curve hits the 
horizontal axis, shown by the red arrow, gives the position of the vocal folds at closure. 
This subject has not yet matured and this can be seen by her vocal tract length remaining 
within the range for children. The large opening just past the teeth can be visualised as 
the opening into the mouth cavities, pharynx and nasal passages – which is wide in the 
production of the /a/ vowel - and soon after descends sharply towards the larynx 
apparatus. The area function is plotted from the values obtained during the inverse 
filtering process. Interestingly, the mouth does not appear to be well open as would be 
expected in the production of an /a/ vowel, suggesting non-professional phonation. 
  
Moving on, a series of signal descriptions and graphics are given before we take a closer 
look at the set of parameters that are to be used for voice pathology definition. The glottal 
pulse is the measure of the passing of air particles through the glottis at each phonation 
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cycle. Each puff of air entering the vocal chamber at the vibrating vocal folds can be 
considered as one cycle. The glottal pulse is only slightly affected by the resonant 
frequencies of the vocal tract and so gives an excellent representation of what is 
happening at the vocal folds themselves. With this objective in mind, the inverse filtering 
of the original sound source at the lips takes place to generate a good estimate for the 
glottal pulse signal. With the vocal folds being a focal site for pathologies associated with 
unusual masses, such as nodules, cysts or edema, and unhealthy phonation, such as 
excessively breathy or pressed voice, the glottal pulse signal is the first step towards any 
detailed analysis of this region that attempts to assess the presence of pathology. 
 

 
 

Figure 6.3. Glottal source and pulse
 
 
Figure 6.3 shows the traces extracted for both the glottal source and the glottal pulse in 
the first instance. These signals are not yet standardised and some irregularity and noise 
can be seen in the cycle patterns. The glottal source is the more interesting signal as it is 
related to the pressure wave created at the glottis, defining the sound wave, and can be 
found by taking the derivative of the glottal pulse. The glottal source trace clearly shows 
the action of the vibrations of the vocal folds. Each hump is one vibration, or one cycle of 
vocal fold vibration. The glottal source can be considered as the union of the two 
movements of interest. The average larger and slower movement of the large masses of 
the vocalis muscle, shown by the body mass in the mass spring system, gives the overall 
curve of the cycles. The movements of the smaller masses contained in the lamina propria 
on the cover of the folds form the mucosal wave and give the curve of the glottal source 
its ripples around the top edges of each cycle.  
 
Sharp changes between the downward and upward movements at each cycle can point 
towards an overworked, or hyperactive, larynx function, the vocal folds vibrating with 
increased energy. Such a voice may be defined by experts as rough or pressed. Sharpness 
and slope measurements which can point to hyper- and hypo-phonation are parameters 
defined by the study and their evaluation will be described later. We could find such 
patterns in the case of the presence of vocal nodules where subjects are over 
compensating for the pathology they are experiencing. Hypoactivity, or under action, of 
the larynx can be signified by a larger than normal airflow rate through the glottis at each 
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phonation and a smaller than normal closed phase. It can be described as audible 
breathiness or asthenic voice and on visual inspection the vocal folds may not be seen to 
close fully. These measures may be compared to the open, closed and skewed quotients 
explained in chapter four. Loudness and quality of the voice can also be ascertained by a 
first look at the glottal source waveform. Sudden changes in airflow pressures produce 
larger amplitudes in the higher frequencies and this can be seen by steeper and less 
symmetrical curves.  
 
As we have seen, from the original glottal pulse estimation trace, various derivatives and 
transformations are made that deliver a set of signal functions containing all the relevant 
information needed to calculate parameter values. In Figure 6.4 the input voice trace is 
presented in a). This is the original voice signal that comes directly from the analogue to 
digital microphone recording, prior to any fine tuning filtering processes. The next trace 
b) gives a function for the vocal folds relative speed, which is the second derivative of the 
glottal pulse and the function we arrive at after inverse filtering. At the bottom of the 
diagram is the glottal pulse function, labelled d). This is found by a double integration of 
b). These functions have also been normalised to eliminate error. Normalisation of the 
glottal pulse is a process of taking the largest peak in the trace and giving this peak the 
unity value of 1; all other peaks are then adjusted in relation to the unity. This 
normalisation technique has eliminated the irregularity we saw in the first estimation of 
the glottal pulse and glottal source given in Figure 6.3, although further standardisation 
will be necessary to eliminate unwanted residual noise. A first derivation of the glottal 
pulse gives the glottal source, shown in c). This glottal source wave function represents 
the sound pressure wave that propagates from the glottis, before any interaction has taken 
place within the resonant chambers of the vocal tract. Going backwards, the second 
derivative of the glottal pulse gives the relative speed of the vocal folds in vibration 
between the vocal folds’ centres of mass, shown in b). It has been said that this function 
can also be related to the aperture, or opening, of the glottis at a given moment.13 

 
Figure 6.4. Normalised signals produced by inverse filtering input voice

 
Figure 6.5 shows the unfolded glottal source and its frequency spectrum. The process of 
unfolding the trace takes every second vibration cycle and mirrors it about the horizontal 
axis in order to avoid problems experienced in averaging values over the whole segment. 
This is another standardising technique used to eliminate redundant information. The 
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unfolding procedure is an early development by the research team and is no longer used 
but worth mentioning. Indeed, the unfolding procedure below appears to have lost some 
of the more intricate movements seen in the ripples created by the smaller masses when 
compared with the trace of the glottal source before unfolding; compare with Figure 6.4. 
The unfolding procedure assumes the vocal fold vibrates freely without connecting with 
the second of the pair which explains the lax closure points. Levelling and grounding 
techniques for standardisation are preferred at this stage. These processes are where the 
increment of slope at each successive cycle of the glottal source is subtracted.14,15 

 

 
Figure 6.5 Unfolded glottal source and its frequency spectrum

 
We have stated that both the movements of the body and cover masses are contained 
within the function for the glottal source. It is necessary to be able to separate these two 
definitions contained in the glottal source in order to arrive at two separate functions, one 
representing the body mass movement and the other representing the cover mass 
movements of the vibrating vocal folds. The splitting of the glottal source into the two 
movements is achieved by first producing a signal for the average of the glottal source. 
This trace is called the average acoustic wave, or average glottal source, and can be 
considered as the definition for the movement of the large body masses of the vocal folds. 
Once this signal has been identified, it can then be subtracted from the original glottal 
source to give a function for the mucosal wave. The three functions in question, glottal 
source, average glottal source and mucosal wave, are shown in Figure 6.6. In this diagram 
containing the full 0.2 second analysis window information in the time domain, all the 
trough points have been brought down to zero, which is the levelling or grounding 
procedure; the process used for eliminating noise and other undesirable information from 
the signals. Figure 6.7 shows the frequency transforms of the same traces (bar the glottal 
pulse) revealing that the vast proportion of energy in the waves is contained in the lower 
frequency range, energy decaying at higher frequencies. 
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Figure 6.6 Extraction of the average glottal source and mucosal wave correlate

 

 
Figure 6.7 Long term spectral distributions 

 
The long time window of analysis of 0.2 seconds, or 200 milliseconds, is centred around 
the midpoint of the original recording. From this window the data is split into separate 
cycles. Parameters are then taken from each of the cycles. Figure 6.8 gives the three 
signals of interest in the time domain - glottal source, average glottal source and mucosal 
wave - for a singular cycle of phonation. The average glottal source has been coined the 
slow-large ratio component (SLRC) and the mucosal wave correlate as the fast-small ratio 
component (FSRC).14 Figure 6.9 shows the frequency transformations of the same traces 
for one cycle. As these transforms have been taken from the filtered signal created at the 
glottis, thus formants created by the vocal tract resonances will not be visible. 
Transformation cycle-by-cycle into the frequency domain utilises the Short Time Fourier 
Transform (STFT). Taking a thorough examination of the mucosal wave representation, 
we can make assumptions as to whether or not the subject creates a good mucosal wave at 
phonation, which is expected to be sufficient evidence for pathological voice 
definition.15,16,17,18  
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Figure 6.8 Glottal source, average glottal source and mucosal wave correlate over a single cycle of phonation 

 

 
Figure 6.9 Frequency domain representations of one phonation cycle taken from the subject voice trace

 
For a relaxed and constant vowel /a/ at normal voice levels, adult females generate around 
40 cycles and adult males around 25 separate cycles per 0.2 seconds on average. The 
analysis of separate cycles of phonation can be termed short-time analysis which gives 
very good results in the frequency domain as there is no averaging over cycles to be taken 
into consideration. The frequency domain is more often the domain of interest for voice 
analysis as nearly all of the relevant information contained in audio signals lies within the 
frequency components of the signal. For each cycle of the 200 milliseconds around 46 
different parameters are extracted. For a subject generating 30 cycles over the 0.2 second 
window, this would result in a table of 46x30 values. Before describing the statistical 
analysis process, a careful explanation of each parameter is given with some discussion on 
what each of them represents, how they are evaluated and any points of interest. For each 
parameter, the relevant graphical representations are provided, where appropriate. Each 
parameter has been given a unique number. (A complete list of the parameters used over 
all objectives of the thesis can be seen in Table 6.8). 
 
The first two parameters refer to possibly the most important parameter of vocal analysis. 
These are definitions of measures for pitch or fundamental frequency in Hz. As 
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mentioned previously, pitch is the value of the fundamental frequency, pitch being 
commonly considered an acoustic, perceptual measure, but being synonymous with 
fundamental frequency in an engineering sense. Certain considerations should be 
accounted for when evaluating pitch such as the age and sex of the subject, whether there 
is noise in the vicinity and the classification of the subject that is being analysed, i.e. 
continued speech, sustained vowel, singing voice and so on.19 Environmental noise issues 
have been eliminated effectively in the study due to the state of the art methods and 
equipment used by the LABAF team and in the computer laboratory. For the sustained 
vowel /a/ pitch can be seen to be relatively stable over the window of analysis and we 
would hope to get a fairly accurate value for the fundamental frequency by taking 
averages over a long time window. However, pitch has been determined at separate cycles 
of phonation so we have a series of values, per cycle, over the window. The plot in Figure 
6.10 shows the results of the pitch detection and cycle clipping algorithm used by the 
routine. Specific singular points on the trace are detected based on the presence of the 
sharp peaks and troughs of each glottal source cycle created initially by sudden increased 
air pressure at glottal closure. The separate cycles are obtained using these clipping point 
references. 

 
Figure 6.10 Pitch detection after a dynamic clipping process based on the statistical stability of the solution. 

The marks (*) indicate clipping points
 
By counting the number of cycles over a second time interval an average value for the 
fundamental frequency over the window is taken. However, fundamental frequency must 
be found for each cycle of phonation. If the sampling frequency is fs then we can say that 
the fundamental frequency will be the number of cycles occurring in every fs samples. 
Assuming that Nk is the number of samples in a given cycle (k-th) the corresponding 
fundamental frequency associated to that cycle would be fs/Nk. Estimating the 
fundamental frequency in this way cycle-by-cycle gives the results in Figure 6.11, 
together with the statistical spread over the window of analysis. 
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Figure 6.11 Absolute and normalised pitch and statistical spread

 
The first parameter, number 1, in the lower left hand box, refers to the normalised pitch 
per cycle. The statistical spread obtained gives an idea of the dispersion of the estimates, 
and it can also be regarded as a quality measurement. In the case shown there appears to 
be a variation range of around 10Hz in the statistical spread for the absolute pitch, which 
gives a normalised variation potential of around 6%. Box plot representations have 
already been described in chapter five. Quality measurements such as statistical spreads 
and box plot representations for each parameter are very useful in providing information 
on how well the calculation process has been carried out, as well as pointing to the 
relative stability of the particular parameter in question. 
 
The next parameter, number 2 in the list for evaluation, is absolute normalised jitter. Jitter 
is a classical distortion measure in voice science. It is the measure of the ratio difference 
cycle-by-cycle of fundamental frequency. Taking the measure of pitch at one cycle, we 
then subtract the value of pitch from the previous cycle before dividing by the average 
pitch for the whole window of analysis. Equation 6.1 is the calculation for jitter, where k 
is the cycle number and f1 is the value of the fundamental frequency found at that cycle. 
The diagrams for jitter evaluation derived by the routine are given in Figure 6.12, along 
with representations of the normalised slopes and minimum sharpness. Normalised slope 
and absolute normalised minimum sharpness are parameters number 6 and 7 respectively 
in the comprehensive list. 
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Figure 6.12 Jitter, slope and sharpness

 
Normalised slope, parameter 6, is a measure of the drift between two successive trough 
points of the glottal source shown below in Figure 6.13. This slope measurement reveals 
the differences in the maximum pressures produced at the supraglottal lips of the vocal 
folds during the closure phase. The equation for the slope measurement is given as 
follows:  
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where tk1 and tk2 are points on the time axis, yk1 and yk2 represent the amplitude values per 
cycle and the blue line represents three separate cycles of the glottal source. We can 
define a triangle whose base is measured tk2 - tk1, which we will call Δt, meaning the 
difference in time. We will further define the height of the triangle as Δy=yk2-yk1, or the 
difference in amplitude. Thus, the value for the slope is the differential given by Δy/Δt.  

 
Figure 6.13 Evaluating the slope between troughs in the glottal source

 
Sharpness, parameter number 7, is a calculation similar to slope and taken at the trough 
point between two cycles of vibration relating to the ratio of downward pressure to 
upward pressure at the glottal closure point, see Figure 6.14. Sharpness is given by the 
following equation: 
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Here, the difference in time, Δt, is given by tk2-tk1 and the value for Δy is given by the 
height of the upturned triangle. The value for sharpness is then given by the ratio 
between the two. Measures of slope and sharpness relate well to the acoustic measures of 
the ratios for open and closed phases such as described by the open, closed and skewed 
quotient measures mentioned in chapter four. 

Figure 6.14 Evaluating the trough sharpness
 
Parameters 3, 4, and 5 in the comprehensive list give measures for different variations of 
shimmer. Shimmer is very similar to jitter in concept and is another classical acoustic 
parameter taken from the time domain signals. Classical shimmer, parameter 3, is the 
measure of difference in amplitude cycle-by-cycle, for which the equation is given below, 
where k is the sample number and A is the value of the amplitude.  
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Area and slope shimmer, parameters 4 and 5, are variations on this same idea, the values 
being the amplitude value of the whole area of each cycle in the first instance and the 
amplitude value of the slope in the second instance, both values given as a ratio against 
the previous cycle value over the average for the whole window of analysis. The graphical 
representations for the various types of shimmer extracted by the routine and normalised 
are shown in the Figure 6.15. 
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Figure 6.15 Different estimations of shimmer and their statistical spreads

 
Parameter 8 is the FSRC/SLRC ratio. This is the Fast-Small Ratio Component (considered 
to be the cover mass dynamics) divided by the Slow-Large Ratio Component (considered 
to be the body mass dynamics) and is also related to HNR or Harmonics to Noise Ratio, a 
classical distortion parameter.14 It corresponds in this case to ratio of the movements of 
the smaller masses contained within the cover tissue relative to the movement of the large 
body mass movement of the vocal folds and is taken as the ratio between the mucosal 
wave component against the average glottal source. The relative energy given by the 
harmonic-to-noise ratio (FSRC/SLRC) can point to the presence of certain types of 
pathology which may reduce or cancel entirely the effect of the mucosal wave. These 
could include neurological pathologies which effect muscle movement and unusual 
masses in the form of vocal nodules, polyps, Reinke’s edema, and so on. The extraction of 
parameter 8 is graphically presented in Figure 6.16. 
 

 
Figure 6.16 FSRC/SLRC Ratio

 
Parameters 11, 12, 13 and 14 are energy bin values taken from the mucosal wave power 
spectral density, shown in Figure 6.17. Four equidistant bins are defined on the mucosal 
wave function in the frequency domain, the red dashed horizontal lines reflecting the 
average energy value over each bin’s area. The first bin is closest to the origin and thus 
contains the highest proportion of energy. Results for each bin are given along with the 
box plots. 
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Figure 6.17 Energy bins from the mucosal wave power spectral density

 
Parameters 9, 10 and 15 to 32 of the set contain the various values, ratios and positions 
taken from the maximum and minimum peaks and troughs of the mucosal wave power 
spectral density at each cycle of phonation, some of which will be explained in detail 
further on in the text. Figure 6.18 shows a dotted blue line which represents the function 
from which the first two maxima and the notch in between are evaluated. The parameters 
taken here are expected to be relevant in terms of the definition of the mucosal wave 
representation for each subject. These singularities are taken at frequencies below 2kHz 
which are contributed to by the relative movement of spring-linked cover masses of the 
vocal folds representing resonances and anti-resonances at predictable frequencies. 
 

Figure 6.18 Spectral singularities taken from a v-grooved pattern
 
Parameters 33 and 34 represent notch slenderness factors taken from the power spectral 
density of the mucosal wave as seen above in Figure 6.18. Notch slenderness factors are 
calculated using the values of two maxima side-by-side, m1 and m2, and the value of the 
notch in between them. The values are given in decibels. The equation for the NSF or 
Notch Slenderness Factor is given as follows 
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where Trn is equal to Tn – Tm1 or the depth of the notch relative to the maximum, and Fr21 
is equal to fm2 divided by fm1, taken from Figure 6.18, other definitions being available to 
the researcher. In other words, the NSF is the ratio of the value of the depth of the notch 
relative to the respective maximum (in dB) divided by the height of the next maximum 
relative to the first. This value can be seen as similar to the measures for slope and 
sharpness given previously but it must be remembered that these parameters are taken 
from a frequency domain perspective of the mucosal wave correlate and so the parameters 
describe the movement of the cover masses as opposed to amplitude values over time. 
 
Parameters 35-46 are definitions of the biomechanical properties of the vocal folds and 
will be discussed in detail in the second part of this chapter concerning singing voice. 
They have not been used to define pathology for this particular study focus, although they 
have been used in such a capacity in other studies which will be briefly mentioned later 
on in the text.  
 
Graphical representations of the signals can provide visual clues to the stability of the 
system. The first chaotic plot in Figure 6.19 takes values from the average glottal source in 
the time domain where the difference between the value of the curve at the midpoint and 
the value of t=0 is taken. The next value difference is taken from the midpoint plus an 
increment, and the origin plus the same increment value. What is achieved in this process 
is a good reflection of the balance and symmetry contained in the movement of the body 
masses of the vocal folds. The second representation gives further information on the 
balance and symmetry of movement of all masses contained within the vocal folds from 
the glottal source trace. The glottal source chaotic plot includes the rippling movements 
of the smaller masses and evidence of mucosal wave can be compared against the evenly 
balanced plot of the average glottal source. 
 

 
Figure 6.19 Chaotic plots for the average glottal source and for the glottal source

 
Determining the best parameters for the clearest representation of vocal fold dynamics 
when pathology is present is still an important issue for discussion and the motivation for 
the first experiment now presented. The following facts are apparent; the mucosal wave 
correlate instead of the glottal source wave as a basic measure for parameter estimation 
eliminates the masking effects of the first order body dynamics from the power spectral 
density of the second order cover dynamics.20 Classical distortion measures based on the 
fluctuations of pitch, harmonic energies and amplitude may be complemented with 
pathological fold dynamic parameters obtained from the mucosal wave power spectral 
distribution.  
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Now that the relevant parameters have been extracted by the routines, we can process 
them statistically, as described in chapter five. The following statistical analysis process 
took place on the whole set of subject data containing 21 adolescents of both genders, 14 
of whom were pre-diagnosed as normal by LABAF and the other 7 as presenting an early 
form of pathology. The results from this experiment were published and presented in 
2005 at IEEE conferences in both Romania and Dublin.13,21 In the first instance, two sets of 
parameters were defined, both containing classical acoustic parameters plus four new 
parameters picked from the mucosal wave power spectral density definition already 
mentioned. Parameter set one contained the values for jitter, amplitude and area 
shimmer, HNR as well as the four energy bin calculations. Parameter set two contained 
jitter, amplitude shimmer and HNR as well as some of the values taken from the mucosal 
wave power spectral density function. Table 6.2 gives an overview of each set, these being 
two definitions of any number of various parameter organisations. The two sets were 
chosen in order to show whether or not parameters from the mucosal wave power 
spectral density can enhance or eliminate the need for the classical distortion parameters 
in terms of identifying pathological samples and making clear splits between already 
diagnosed data. Area shimmer was not included in parameter set two giving a slightly 
uneven experimentation in this respect. 
 
Parameter Set One Parameter Set Two 

 
Jitter Jitter 
Amplitude shimmer Amplitude shimmer 
HNR HNR 
Area shimmer Tm1 
Energy Bin 1 Trn 
Energy Bin 2 Trm2 
Energy Bin 3 NSF 
Energy Bin 4  

Table 6.2 Parameter sets for statistical analysis
 
The methodology used for the statistical analysis was PCA and hierarchical k-means 
clustering as described in chapter five. PCA allows for a linear transformation of the input 
parameter matrix P (which is composed of m column vectors of observations, each one 
corresponding to a different input parameter) to a second parameter matrix Y, which 
reveals the input parameter groupings that have the most significance, in terms of 
variance, within the total set. In other words, the PCA process allows for the compression 
and elimination of any redundant information. Once the principal components have been 
extracted we can perform clustering. The PCA process results can be represented 
graphically in a number of different ways. Figure 6.20 shows a pictorial definition of 
weight matrices for both parameter sets (in absolute value). The lighter squares represent 
higher eigenvector weights. Each principal component on the horizontal axis is made up 
of an eigenvector of weights. In the case of parameter set one, the first principal 
component, containing over 50% of the total variance, pulled out the all the energy bin 
values as most significant in terms of shared variance within the total vector. For 
parameter set two, the first principle component contained around 60% of the total 
variance and ordered jitter, shimmer and the 1st maximum as most significant. The 
ordering of the first principal component from each parameter set is shown in Table 6.3.21 
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It is not clear whether the shimmer measurement for the first principal component in 
parameter set 1 is that of amplitude or area shimmer. It appears that, at calculation time, 
one of the shimmers got lost in the process. We conclude that it is the area shimmer 
parameter, as the numbering of parameters in set 1 overlapped at number 4.13,21 This needs 
to be double checked as it may be that parameter number four in set #1 contains either 
area shimmer or the first energy bin average. For the purposes of the following discussion 
we shall assume the parameter of area shimmer disappeared from the reckoning. 
 

 
Figure 6.20 PCA Weight matrices

 
Weight order Parameter Set #1 - PC1 Parameter Set #2 - PC1 

 
 

First 
 
Energy Bin 2 

 
Tm1 

Second Energy Bin 3 Jitter 
Third Energy Bin 4 (amplitude 

shimmer?) 
Amplitude shimmer 

Fourth Energy Bin 1 Trm2 
Fifth Jitter HNR 
Sixth HNR Trn 
Seventh Shimmer (amplitude/area?) NSF 

 
Table 6.3 First principle component ordering

 
 
It is interesting to note that the energy bin values contain more of the variance than the 
classical acoustic parameters in the first principle component of parameter set one; 
whereas in parameter set two the singularities made some impact on overall relevance but 
jitter and shimmer remained included in the higher weights of the first principle 
component. A more revealing graphical representation is given in Figure 6.21 in scree 
plots of the principal component cumulative percentage variance and the variance 
percentage of each component’s eigenvalue for each parameter set. Statistically it may be 
concluded that the first two principal components in both cases may accurately describe 
the significance, both containing over 80% of variance. However, k-means clustering only 
provided significant results using the first four principal components in each set. This 
exemplifies the problems encountered by statisticians in deciding how many principal 
components to consider when looking at the results from such analyses. 
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Figure 6.21 PCA Scree plots
 
Figure 6.22 below plots the two most significant coefficients from the first principle 
component against each other in scatter diagrams. The aim is to find out which set of 
parameters has been able to split the data more accurately in terms of separating normal 
from pathological voices. From the diagram we can see that parameter set two has been 
more effective than that of the parameter set one, a clear division being discernable 
between the normal and abnormal subject samples represented by triangles and circles 
respectively. There is no clear split apparent using parameter set one and perhaps we need 
to go back and perform the experiment once again, taking care with the definition of 
parameter number four.   

 
Figure 6.22 PCA Scatter plots21

 
The k-means clustering results confirmed the results for PCA using parameter set two, 
which assigned all the pathological cases to one cluster, the normal cases being assigned to 
two separate clusters, and no false positives or negatives were produced. Parameter set 
one showed no clear splitting in terms of clusters and there were some false positives and 
negatives generated.13 Indeed, the weights given in the eigenvector for the first principal 
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component of parameter set two appear far more balanced than those of set one; seen 
quite clearly in the weight matrix definition. This tells us that the choice of parameters in 
set two may be more relevant for clustering purposes. 
 
It appears that a mixture of classical parameters and newly defined parameters taken from 
the mucosal wave power spectral density can provide enough information for 
multivariate statistical analysis success in making clear splits between abnormal and 
normal voice data sets in clustering analysis. Energy bin results prove more significant in 
terms of overall relevance to the data without attempting clustering, but do not appear to 
be able to help in splitting and classifying normal and abnormal samples. It is possible to 
define different groupings of parameters; in fact a range of experiments could take place 
using varied mixtures of parameters coming from the set. It is possible that by refining the 
experiment a few parameters could be defined which would provide enough information 
to split effectively any set of data. It has been recommended that both a high and low 
sustained vowel is used for perturbation analysis due to the interaction between the vocal 
tract and folds.10 Repeating the experiment using the same parameters given in vowels /a/ 
and /i/ may provide better results. Furthermore, we could propose experiments on specific 
types of pathologies or abnormalities and generate a range of parameter sets that are 
found to be best at describing particular pathologies. Similar experiments to this have 
been performed by the department since the publication of this research and some of 
these will now be presented. 
 
Unbalance parameters taken from the biomechanical parameters of both the body and 
cover definitions have been defined in more recent research.22,23 These unbalance 
measures, similar to the measures for jitter and shimmer, take the values of biomechanical 
vocal fold parameters at cycle pairs and calculate a ratio measure against the average for 
the set of cycles of phonation. They are included - along with the values for deviations 
against a normal average taken from the MAPACI data - in the full parameter list given in 
Table 6.8. Initial results from the cited research have shown that normophonic subjects 
generate smaller unbalance measures when compared to those of pathological subjects 
although no definition of type of pathology has been obvious. A problem encountered 
here is that some mild pathologies may be classed as normal using this methodology. 
Inclusion of such unbalance measures with classical distortion parameters and the 
parameters mentioned above taken from the mucosal wave power spectral density may 
provide enhanced results in future research.  
 
It may also be worth mentioning research that has taken place in terms of assessment and 
analysis of the extraction of the biomechanical parameters of the vocal folds from large 
sets of normophonic data using the same statistical method presented above.24 Here we 
found that the parameter of stiffness was connected to pitch and thus gender definitions. 
The losses were in good agreement with prescribed models. However, the values for 
dynamic mass measures came out most often far smaller than the synthesized models 
which used specific values given in the literature. A justification for this is that increased 
stiffness may decrease mass values and, further, not all of the mass of a vocal fold may be 
vibrating at any one time. We will look more closely at the biomechanical parameters of 
masses, springs and losses when the normal singing voice data is analysed.  
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Prior to our investigations into singing voice, a further experiment was proposed and 
published in which another attempt at highlighting pathological voices was made using 
statistical processes which included a split of the subjects into separate gender before 
analysis using the same methodology. This research has only recently been published at 
the time of writing and these results further justify the capability of our methodology 
towards pathology detection.25 Although these results have not been part of the author’s 
own work, the experiments have been performed under the group umbrella, GIAPSI-
UPM. The group has authorised and requested that these results should be discussed 
herein in order to fully present the possibilities and positive results made using the 
techniques described. Gómez et al25 have hypothesised, taking into account previous 
results already mentioned, that gender is a key factor influencing mixed sets of voice data 
and, due to this, that it may be pertinent to first split the data by gender then perform the 
statistical analysis. 
 
Parameter sets in this research just cited have been extended to include more of the 
significant peaks and troughs and their ratios coming from the mucosal wave power 
spectral density. Physiological and functional pathologies induce changes to the vocal fold 
mechanism and this, as we have seen, may result in clear changes in the spectral patterns 
of the signals representing the folds. Peaks and troughs may also be related to the 
resonances (eigenmodes) and anti-resonances of the vocal fold movement, possibly also 
related to vowel type. This may be seen by the analysis of the data coming from the 
signals given by a patient who underwent surgery to remove a unilateral polyp. The 
results from the analysis of this particular patient have also been published by Fernández-
Baillo, Gómez, Ramirez and Scola.26 The patient was an adult female, age 34, and a 
professional theatre actress who had been suffering for four years before surgery to 
remove the polyp was performed. Figure 6.23 shows the vocal folds before and after 
surgery. The polyp that was removed is highlighted by the red arrow. The patient had in-
depth voice analysis before and after surgery and time domain parameters related to open 
quotient, closed quotient and other acoustic factors were examined at length on a 
phonation cycle basis.26 What is most interesting is the difference seen in the power 
spectral density profiles of the mucosal wave before and after surgery and these graphs are 
given in Figure 6.24. In fact, the post surgery voice was recorded three months after 
surgery took place and already presented these dramatic changes. 
 
What is most interesting about Figure 6.24 is the change in spectral profile from minimal 
frequency amplitude content in the range 1,500 - 3,200Hz prior to the polyp being 
removed compared to the restoration of this frequency band after surgery and 
rehabilitation. This is in keeping with investigations into the removal of nodules and 
polyps in performing artists by modern surgical procedures which limit any detrimental 
effects from the surgery itself.27 The peaks of the frequency content in the pre-op voice 
appear disordered whereas, post-op, the peaks remain consistent with a more even curve, 
the higher frequency range (3,500Hz+) remaining similar in both presentations. This 
frequency range clearly represents the movement and dynamics of the polyp on the vocal 
fold cover, which was reconstructed once the growth was successfully removed. Such a 
result further points towards parameterising power spectral density profiles from the 
glottal source signals in order to highlight presence of pathology. With this in mind, a 
fuller collection of parameters taken from the mucosal wave power spectral density peaks 
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and troughs and their ratios was defined.25 Figure 6.25 shows these parameter points taken 
from an example cycle of phonation. 
 

 
Figure 6.23 Pre- and post- surgery (left to right respectively) of vocal folds polyp25 

 
 

 
Figure 6.24 Glottal source power spectral density: pre-surgery (top), post surgery (bottom) 
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Figure 6.25 Parameters taken from the singularities of the mucosal wave power spectral density25 

 
Each peak and trough singularity is reckoned via its amplitude and position on the 
frequency scale relative to the largest peak in the set, given as TM1, fM1. Capital M refers to 
maximum and small m refers to minimum. A full description of these parameters, 
numbered 17-34, is given in Table 6.8. These parameters are normalised both in 
amplitude and frequency and are thus, furthermore, pitch independent. Research has 
shown that these definitions and other parameters coming from the mucosal wave power 
spectral density are innately connected to gender typing.4 Results from this particular 
work show that the males have deeper troughs than females as it is generally expected 
that the stiffness factor of the connection between the masses of the vocal folds will be 
higher for female voices. In fact, the power spectral density definitions show obvious 
differences between male and female voices. So much so that it is considered that any 
statistical analysis on groups of mix-gender subjects will be highlighting gender as well as 
pathological features in results. For this reason, it has been deemed important to split data 
groups by gender prior to running statistical analysis on the parameter vectors. The 
analysis of normophonic singing voice further supports this hypothesis as inherent 
differences between subjects in terms of gender have been observed in the parameter 
values for masses, springs and losses. 
 
To confirm and support this hypothesis more departmental research is now quoted which 
asked the question on which of the aforementioned parameters played the most important 
role in gender detection within normal voices.28 Subjects numbered 100 and were equally 
distributed amongst the sexes; ages ranging from 19-39 and normal status having already 
been given by the LABAF team. Recordings were taken of three utterances of the /a/ 
vowel of around three seconds each, 0.2 seconds being extracted from the midpoint of the 
recordings. The signal processing methodology extracted the definitions of the body and 
cover movements of the vocal folds in terms of the average glottal source and the mucosal 
wave, as before. Singularity parameters were taken from the mucosal wave frequency 
domain as well as biomechanical parameters of the body and cover masses, springs and 
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tensions. Parameters 1-14 of the full list were not used in this particular study. Average 
values were taken for each parameter over the number of cycles of phonation per the 0.2 
second window of analysis. Thus, a parameter matrix is built up where a column vector is 
defined as 
 

xj [ ]TIjijjj xxxx ,,...,, 21=       (6.5) 28  

 
where the jth observation parameter is calculated over M phonation cycles and is given as 
follows 
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       (6.6) 28  

 
Following on from here, the matrix, X, containing all variable data for the full set of 100 
speakers gives parameter values for each subject on the rows, i, and the columns contain 
the values of a particular parameter, j. Eigenvalues and eigenvectors of the covariance 
matrix of X were calculated in the first step towards performing a Principal Components 
Analysis, results from which showed a definite splitting of the subjects in terms of gender 
in the vector space. Parameters p32, p28, p30 and p19 (definitions from the mucosal wave 
power spectral density) came out as most significant in descending order of importance in 
terms of gender definition in the study.28 This is further confirmation that the parameters 
taken from the mucosal wave frequency definitions are highly significant in describing 
voice data. An unsupervised k-means clustering was performed, results of which are 
shown in Figure 6.26. In this analysis parameters p32, p33 and p34 were used, these relating 
to the energy decay of the spectral envelope and the first two troughs. Clear gender 
separation was seen to occur around p32=80. There are only two misclassified cases, 
highlighted by arrows, and these appear very close to the dividing line. An interesting 
question to ask would be whether this clear splitting occurs in adolescent and even pre-
adolescent voices. This question is dealt with to some degree at the normophonic singing 
voice analysis stage of this chapter. 
 

 
Figure 6.26 k-means clustering by gender25 
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Going back to the analysis of normal and abnormal voice data and having assessed the 
logic of attempting to analyse pathological and normophonic groups of data after having 
split the subjects into gender types a further study was made of female voices alone using 
the aforementioned parameter sets. 24 pathological voices were picked from the MAPACI 
database, which included 8 with nodules, 8 with Reinke’s edema and 8 with a functional 
pathology.25 A further 24 normophonic subjects were randomly selected from the 
database to use as a control group. Each subject gave sustained vowel /a/ in all cases, as 
before. All parameters in the set were estimated in the same manner as previously, 
including classical parameters, singularities from the mucosal wave frequency domain and 
the biomechanical parameters of masses, springs and losses that we will be discussing in 
more detail in the next section. PCA and k-means clustering was performed on the 
subject data which was made up of a 46 parameter vector for each cycle of phonation in 
each subject. Averages were taken, as before, to accumulate the covariance matrix and 
extract the eigenvectors.25 
 
The results from PCA extracted the following three parameters as bearing most 
significance: jitter, p21 (the depth of the second trough) and p42 (losses of the vocal fold 
cover). Figure 6.27 shows the distributions of the data in terms of these three parameters 
in three dimensional space. Pathological subjects are denoted by diamonds, normophonic 
subjects are denoted by inverted triangles and mild pathological cases are denoted by 
circles. In the top diagram, normal phonation is clustered in the lower left hand corner.  

 

 
Figure 6.27 Pathological and normal clustering of female samples25 

a) 
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In this analysis was put both the pre and post surgery findings from the professional 
theatre actress mentioned previously. Pre-surgery is defined by 0E8 and can be seen to be 
far outside the normal voice cluster. Post-surgery is defined as 2DC and can be found deep 
inside the normophonic cluster. This is an extremely interesting result and may support 
the use of microsurgical procedures in performers suffering from unusual masses that can 
impair their vocational function.27 Furthermore, this result proves without question the 
value of the mucosal wave power spectral density parameter definitions set up by the 
studies.  
 
The next section will analyse a group of normophonic, adolescent, singing voice data. This 
will be an exploratory step with the view to further research being undertaken into larger 
groups of adults and professional orators, whether singers or otherwise. We will take a 
closer look at gender typing in analysis of parameters coming from the glottal source 
frequency definitions and an even more specific look at the biomechanics of the vocal 
folds in the performance of increasing frequencies. This next focus is particularly 
interesting to the author due to her background as a trained musician and performer. 
 
6.3 Biomechanical properties of singing voice 
 
The second experimental stage of the thesis analyses a group of normal singing voice 
recordings taken from adolescent singers by the LABAF team. By utilising the same 
parameter set as given in the first experiments, plus the newly defined biomechanical 
parameters of the vocal folds, we hope to see some interesting results in terms of what 
happens to these parameters in the production of successively ascending frequencies – 
known as major scales in musical theory. Extraction of the expected results may confirm 
the robust estimation of the various parameters of interest and add value to the DSP 
methodologies used. We may again see definitive differences in terms of gender typing. 
Again, the glottal signal frequency definitions, and specifically that of the mucosal wave 
function, are considered to be the most important traces in terms of descriptions of vocal 
fold dynamics. Special attention will be given to the newly defined parameters that bear 
more relevance to the biomechanical properties of the vocal folds, these being the values 
for masses, springs and losses of the body and cover material of the folds and their relative 
unbalances and deviations from normal average values. Our objective is to be able to 
understand the changes and movements seen in these biomechanical parameters whilst 
the frequency increases over the analysis window and we hope to notice some other 
interesting parameter performance. At this stage, statistical analysis has not been deemed 
to be useful due to the small number of recordings. 
 
Assumptions are that the age range of the subjects is within the adolescent years and, 
therefore, we may need to take into consideration the stability of the voices at these ages, 
particularly male voices.29 The subject data is not from a professional population, but it is 
important to take note of the requirements of a professional population at this stage. This 
is primarily due to the fact that the work presented here hopes to justify research projects 
in the near future into professional singing voice populations. Professional singing voice is 
commonly considered not to stabilise until past the adolescent years and so examining 
younger professional singing voices may bring up specific considerations that are not 
relevant to the adults. It may be possible to find evidence of the Singer’s Formant in male 
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singing voices, but we expect this to be notable in adult professional singers and, as such, 
we do not expect to find evidence of this within the subject data. The subject data 
donated has been diagnosed by the specialists as normophonic and we expect that these 
singing voice recordings (and in the future, especially, those of professional singers) will 
generate normal and stable parameter values and ratios. However, due to the age range of 
the subjects and the fact that they are non-professional singers, we will not look further 
into this at this stage. We have asked for major scales from the young people as this is the 
most commonly practiced series of musical notes performed by singers and musicians and 
we expect each of the subject recordings to provide a good representation of such major 
scales for each vowel.  
 
The recordings were taken during the spring of 2005 from students recruited at the 
Conservatorio Profesional de Música de Alcalá de Henares and are included in the 
MAPACI database. All the subjects have a good level of musicianship, as to be expected 
with students of a music school, and this is in the sense of a student having a “good ear”. 
The students may not yet be technically proficient in their chosen instrument however 
and, it is important to note, are not studying singing itself. The donated recordings are 
from a total of nine subjects, both male and female. However, three of the subject 
recordings were unusable as they did not include musical scales. These were from subjects 
1, 2 and 6. Subjects 1 and 2 provided a number of sustained /a/ vowels and a short spoken 
phrase. Subject 2 provided a major scale in /a/ vowel taking breaths in between each note. 
This non-legato scale was not considered useful for the current focus as the vocal folds 
return to a resting position between each note and are therefore not involved in the 
dynamic increasing of pitch. Legato is the musical definition of joining successive notes 
together in an aesthetically pleasing manner. Subject 6 provided only a sustained vowel in 
/a/.  
 
The other six subjects are aged between 10 and 15, so we can consider some of them to be 
pre-adolescent. It may be important to note that female and male voices may be similar in 
pitching if the male has not yet gone through puberty. For the study each of the six 
subjects has been referenced by a unique file name, 462, 463, 464, 467, 468, and 469. The 
text consequently refers to the subjects by their given numerical identifier. Firstly, three 
recordings were taken of the sustained vowel /a/ over some seven or so seconds. Secondly, 
a single recording was taken of all the Spanish vowel sounds, /a/, /e/, /i/, /o/ and /u/, 
voiced in succession with a breath inhaled between each. Thirdly, a major scale was 
recorded for each Spanish vowel. Finally, two spoken passages were recorded. The first 
spoken passage is a short sentence including all vowels in Spanish, /es hábil un solo día/, a 
meaningless sentence which captures all possible Spanish vowel sounds in speech at one 
time. The second speech recording is a longer spoken passage of some minutes in length. 
An overview of the subject data is given in Table 6.4 below.  
 
 

Subject description and file name 
 

Postfix file no. Size (KB) Given phonation 

Subject3 – Age 15 – FEMALE       
EstereoH462A1V1E 1 585 A 
EstereoH462A1V1E 2 577 A 
EstereoH462A1V1E 3 697 A 
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EstereoH462A1V1E 4 2409 A,E,I,O,U 
EstereoH462A1V1E 5 593 sung major scale – A 
EstereoH462A1V1E 6 521 sung major scale – E 
EstereoH462A1V1E 7 481 sung major scale – I 
EstereoH462A1V1E 8 449 sung minor scale – O 
EstereoH462A1V1E 9 465 sung major scale – U 
EstereoH462A1V1E 10 185 es hábil un solo día 
EstereoH462A1V1E 11 4505 long spoken passage 
Subject4 – Age 13 – MALE       
EstereoH463A1V1E 1 561 A 
EstereoH463A1V1E 2 601 A 
EstereoH463A1V1E 3 633 A 
EstereoH463A1V1E 4 1385 A,E,I,O,U 
EstereoH463A1V1E 5 561 sung major scale – A 
EstereoH463A1V1E 6 601 sung major scale – E 
EstereoH463A1V1E 7 593 sung major scale – I 
EstereoH463A1V1E 8 561 sung major scale – O 
EstereoH463A1V1E 9 545 sung major scale – U 
EstereoH463A1V1E 10 209 es hábil un solo día 
EstereoH463A1V1E 11 4937 long spoken passage 
Subject5 – Age 15 – MALE       
EstereoH464A1V1E 1 617 A 
EstereoH464A1V1E 2 673 A 
EstereoH464A1V1E 3 745 A 
EstereoH464A1V1E 4 2225 A,E,I,O,U 
EstereoH464A1V1E 5 737 sung major scale – A 
EstereoH464A1V1E 6 625 sung major scale – E 
EstereoH464A1V1E 7 633 sung major scale – I 
EstereoH464A1V1E 8 657 sung major scale - O 
EstereoH464A1V1E 9 617 sung major scale - U 
EstereoH464A1V1E 10 241 es hábil un solo día 
EstereoH464A1V1E 11 6433 long spoken passage 
Subject7 – Age 14 – MALE       
EstereoH467A1V1E 1 569 A 
EstereoH467A1V1E 2 593 A 
EstereoH467A1V1E 3 889 A 
EstereoH467A1V1E 4 2617 A,E,I,O,U 
EstereoH467A1V1E 5 625 sung major scale – A 
EstereoH467A1V1E 6 657 sung major scale – E 
EstereoH467A1V1E 7 657 sung major scale – I 
EstereoH467A1V1E 8 705 sung major scale – O 
EstereoH467A1V1E 9 705 sung major scale – U 
EstereoH467A1V1E 10 265 es hábil un solo día 
Subject8 – Age 10 – FEMALE       
EstereoH468A1V1E 1 497 A 
EstereoH468A1V1E 2 577 A 
EstereoH468A1V1E 3 625 A 
EstereoH468A1V1E 4 3049 A,E,I,O,U 
EstereoH468A1V1E 5 633 sung scale - unmusical – A 
EstereoH468A1V1E 6 537 sung scale - unmusical – E 
EstereoH468A1V1E 7 633 sung scale - unmusical – I 
EstereoH468A1V1E 8 689 sung scale - unmusical – O 
EstereoH468A1V1E 9 577 sung scale - unmusical – U 
EstereoH468A1V1E 10 297 es hábil un solo día 
EstereoH468A1V1E 11 1985 shorter spoken passage 
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Subject9 – Age 11 – FEMALE       
EstereoH469A1V1E 1 593 A 
EstereoH469A1V1E 2 585 A 
EstereoH469A1V1E 3 577 A 
EstereoH469A1V1E 4 2449 A,E,I,O,U 
EstereoH469A1V1E 5 577 sung major scale – A 
EstereoH469A1V1E 6 593 sung major scale – E 
EstereoH469A1V1E 7 585 sung major scale – I 
EstereoH469A1V1E 8 569 sung major scale – O 
EstereoH469A1V1E 9 609 sung major scale – U 
EstereoH469A1V1E 10 305 es hábil un solo día 
EstereoH469A1V1E 11 4985 long spoken passage 
    

SUMMARY OF IMPORTANT DATA 
 

File no. Sex Age Sustained vowel 
F0 

Major scale tonic F0 Comments 

462 F 15 F#3 ~ 185Hz E3 ~ 164Hz Good scale production 
463 M 13 D3 ~ 146Hz C3 ~ 131Hz Good scale production 
464 M 15 A#2 ~ 116Hz A2 ~ 110Hz Major scale out of tune 
467 M 14 D#3 ~ 155Hz E3 ~ 165Hz Prepubescent male 

Good scale production 
468 F 10 C4 ~ 261Hz B3 ~ 247Hz Child? 

Chromatic scale given 
469 F 11 A#3 ~ 233Hz A#3 ~ 233Hz Child? 

Good scale production 
Table 6.4 Original data collection

 
 
Each subject recording will be analysed by the routines previously described and 
developed in MATLAB®. A decision needs to be made as to which of the recordings and, 
more specifically, which part of the recordings, will be of most benefit to the study. To 
answer this question it is important to keep the objectives in mind. As this part of the 
study focus is on singing voice, it is appropriate to utilise the musical major scales that 
have been given for each Spanish vowel. This generates five sound files for each subject. 
For each of the separate vowel scales, a separation of the notes takes place, giving eight 
analysis windows, one for each pitch increase of the scale. Thus, for each subject there are 
a total of forty analysis windows for all scales given. The spoken passages are of no 
interest to the study of singing, as well as the separate recordings of vowels and they can 
be ignored. These unused files may be utilised at a later stage for further study.  
 
In the first instance we will take a reference of biomechanical properties of the cover and 
body of the vocal folds for the sustained vowel /a/ given by all the subjects. Table 6.5 gives 
these values taken from the mid 0.2 seconds of the first recording. 
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Subject Body mass 

(g) 
Cover mass 
(g) 

Body losses 
(g/sec) 

Cover losses 
(g/sec) 

Body 
stiffness 
(g/sec2) 

Cover 
stiffness 
(g/sec2) 

462 0.0047 0.0050 1.18 4.54 6300 6250 
463 0.0029 0.0025 0.57 1.87 2410 1460 
464 0.0130 0.0073 1.85 5.54 6200 3480 
467 0.0093 0.0124 2.04 10.50 9800 9500 
468 0.0047 0.0039 1.67 5.75 12550 12700 
469 0.0127 0.0092 3.92 10.20 25800 21600 

Table 6.5 Biomechanical parameters values for sustained vowel /a/ 
 
 
The first point that stands out when examining this data is that the cover mass values are 
not all that different from the body mass values and in some cases larger. This will be 
extrapolated upon further when we look at the data for the major scales. Losses for the 
cover are an order of difference larger than the losses for the body and this is to be 
expected as the contact between folds as well as mucosal wave movement takes place on 
the cover of the folds and therefore the majority of heating and losses to the system will 
occur here. Cover losses were deemed specifically significant in a previous analysis of 
female pathological and normal voices25 and it can be envisaged that any unusual masses 
on the cover of the folds require more energy to be used for proper phonation and thus 
create more losses in this region. Interestingly, stiffness values for both body and cover 
remain reasonably similar in four cases, 462, 467, 468 and 469. Big differences in value are 
seen in subjects 463 and 464 where we notice that the body stiffness is moving towards 
double the value of the cover. There is no obvious reason for this difference. However, it 
is noted that these two subjects are male and provide the lowest fundamental frequencies 
of the recordings in the set. Subject 467, also male, gives a fundamental frequency more in 
keeping with the female subjects and we can say from listening to this voice that the 
subject is prepubescent. Can we say that the stiffness values here are connected to gender 
and voice register and thus the vibration patterns of the vocal folds for differing pitches? 
We will keep this point in mind. 
 
One other thing to note is the higher values for stiffness in both the body and cover of the 
vocal folds given by subjects 468 and 469. These subjects were the youngest of the set, 
ages 10 and 11 and female. These values are in keeping with the smaller size of the vocal 
folds at such a young age and are not necessarily due to the higher pitch produced by such 
young voices as the actual pitch given by these subjects was only at a clear increase in 
subject 468 whose stiffness values are considerably lower than 469. Subject 469 gave a 
pitch more in keeping with the older female voice subjects. 
 
Having made a comparative study of all six subjects giving a sustained /a/ vowel we can 
now move on and look at what happens in the production of musical scales. Table 6.6 
shows the data files that will be used for the analysis of one particular subject that we will 
use as an example. Each subject will have a similar set of data for analysis. From the table 
we can see that, for each scale, there are eight separate parts, each part representing a 
different pitch of the scale, in succession and ascending. In the comments section the 
relevant part of the musical scale is given, using the internationally known syllables for 
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major scales, doh, re, mi, fah, so, la, ti and doh. These syllables correspond to the tonic or 
root note, supertonic, mediant, subdominant, dominant, submediant, subtonic or leading 
note and a repeat of the tonic one octave above (corresponding to the second harmonic of 
the first note) in musical theory and can also be termed in their numerical value, i.e. first, 
second, etc. Each file uses the subject’s numerical key as the first three figures; the forth 
figure is dependent on which vowel is being phonated, 1 for /a/, 2 for /e/, 3 for /i/, 4 for /o/ 
and 5 for /u/. The final number in the file name tells us which note of the scale is 
represented, running from 1 to 8, higher numbers corresponding to the pitch increases. 
 
 

Original file name 
 

New file name Comments 

EstereoH462A1V1E5 46211 Doh 
EstereoH462A1V1E5 46212 Re 
EstereoH462A1V1E5 46213 Mi 
EstereoH462A1V1E5 46214 Fah 
EstereoH462A1V1E5 46215 So 
EstereoH462A1V1E5 46216 La 
EstereoH462A1V1E5 46217 Ti 
EstereoH462A1V1E5 46218 Doh2 
EstereoH462A1V1E6 46221 Doh 
EstereoH462A1V1E6 46222 Re 
EstereoH462A1V1E6 46223 Mi 
EstereoH462A1V1E6 46224 Fah 
EstereoH462A1V1E6 46225 So 
EstereoH462A1V1E6 46226 La 
EstereoH462A1V1E6 46227 Ti 
EstereoH462A1V1E6 46228 Doh2 
EstereoH462A1V1E7 46231 Doh 
EstereoH462A1V1E7 46232 Re 
EstereoH462A1V1E7 46233 Mi 
EstereoH462A1V1E7 46234 Fah 
EstereoH462A1V1E7 46235 So 
EstereoH462A1V1E7 46236 La 
EstereoH462A1V1E7 46237 Ti 
EstereoH462A1V1E7 46238 Doh2 
EstereoH462A1V1E8 46241 Doh 
EstereoH462A1V1E8 46242 Re 
EstereoH462A1V1E8 46243 Mi 
EstereoH462A1V1E8 46244 Fah 
EstereoH462A1V1E8 46245 So 
EstereoH462A1V1E8 46246 La 
EstereoH462A1V1E8 46247 Ti 
EstereoH462A1V1E8 46248 Doh2 
EstereoH462A1V1E9 46251 Doh 
EstereoH462A1V1E9 46252 Re 
EstereoH462A1V1E9 46253 Mi 
EstereoH462A1V1E9 46254 Fah 
EstereoH462A1V1E9 46255 So 
EstereoH462A1V1E9 46256 La 
EstereoH462A1V1E9 46257 Ti 
EstereoH462A1V1E9 46258 Doh2 

Table 6.6 Sorted data for one subject 
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It is important to note that the given tonic notes (first note) of the scales are not 
consistent per subject and throughout the group. Therefore, it is assumed that students 
pitched their own scales. It may have been better to provide a starting note dependent on 
gender and voice range at recording time in order to maintain an unambiguous data 
collection. We have picked subject 462 as an example as she has maintained a fairly 
consistent tonic note for all the scales given. This is in the region of the E below middle C 
or roughly 160Hz. It is also important to note again that these music students are not 
singing students and thus the quality of their voices will not necessarily be of a 
professional standard, although in some cases they may be. This may be apparent in an 
audible analysis in the first instance. Indeed, of the six subjects picked, only 462, 463, 467 
and 469 gave a good reproduction of a major scale. Subject 464 struggled with tuning and 
may be someone who has problems with singing in tune or in public – perhaps he is a 
percussionist. Subject 468 gave interesting 8 note chromatic scales, as far from a major 
scale as you could go. We can only guess at the reason for this but can assume that more 
control at the recording stage will eliminate these potential problems in the future. 
 
It is important to note the questions that arise when considering an objective 
interpretation and evaluation of results taken from singing voice given by an adolescent 
population, whose voices and bodies are in the process of undergoing changes due to 
hormonal flux, particularly in the case of the male, but certainly in the female also.29 In 
the professional singing world, particularly in the classical field, it is recommended not to 
begin serious vocal training until after this growing stage has passed, which can be 
anything from 18-25 years, and this includes females, as the voice has not yet settled into 
a comfortable zone until this time and training it could prove pointless, even damaging, if 
improper training and utilisation takes place. The majority of professional opera singers 
are well past these ages. Incorrect use of singing voice in children and young people may 
cause serious vocal health problems.30 Can it be said, then, that if signs of abnormalities 
are present in the adolescent samples, these may naturally resolve at some future stage? 
Does this consideration affect the focus of research or data collection? At any rate, the 
data from an adolescent population is essential if any comparisons are to be made with 
data from an adult population, a potential future research goal. If the experiments with 
adolescents are successful in terms of proving the hypotheses it will be pertinent and 
appropriate to move forward into investigation of adult data sets. In summary, the 
experiment attempts to address the following key questions: 
 
 What can be said about the changes in parameter values taken from the signals from a 

recorded major scale given by adolescent singing voice? 
 What can be said, specifically, about the values for masses, stiffness and losses taken 

from both the body and cover masses of the vocal folds in the process of increased 
pitch through singing? 

 If the major scale is produced by a competent singer, can we analyse pitch references, 
and perhaps point towards a definition of tuning or quality of musicianship? 

 Is this a good analysis technique to utilise for a professional population? 
 
As before, for each subject the process of analysis in MATLAB® takes the data file 
referenced in the table above and clips a window of analysis frame of 0.2 seconds around 
the midpoint of the window. If the signal segment is less than 0.2 seconds in length, the 
routine uses the data given. An algorithm is used that divides the windows into separate 
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phonation cycles from which the parameters are evaluated. In the first instance, a trained 
musician made a personal perceptual measure of each full scale and this is given below in 
Table 6.7 per subject recording, remembering that these subjects have already been 
classified as normal. It is interesting to note that in pronouncing the Spanish vowel /u/, or 
“oo” all subjects have started the scale by giving more of an “oh” sound, Spanish /o/, 
which tends to “oo” the further up the scale they go. A further consideration is that in 
some of the recordings it appears that the first and most important note of the scale, the 
tonic, has been clipped as a result of the recording technique, giving a shorter than 0.2 
seconds time slot. This could affect our results and has been noted in the perceptual table. 
MATLAB® utilises the given information in such a recording and evaluates the relevant 
parameters in exactly the same way as the others. The full parameter list is given in Table 
6.8. 
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Scale Author’s personal perceptual analysis 

Subject 462 – Female Age 15  
A Sounds slightly effortful, starts off sounding more AA than AH, but settles, good 

tuning 
E Sounds slightly effortful, but OK 
I Out of tune a bit, sounds like some effort is required, tuning OK 
O First note of the scale is clipped, scale starts from the supertonic, thus only 7 notes 
U It is not legato, it is bouncy at each note’s beginning, WooWooWoo, more OH than 

OO 

Subject 463 – Male Age 13  
A Increasing in energy over the scale, bouncy, but good 
E Increasing in energy over the scale, bouncy, wobbly first notes, first note clipped 
I Increasing in energy over the scale, bouncy, effortful, especially at the end, but good 

overall 
O Increasing in energy, bouncy, brute force maybe, croaky first note 
U Not such good tuning in this recording, first note clipped 

Subject 464 – Male Age 15  
A Energy increasing, F0 change near end of scale, a little pressed at end, last note very 

unstable 
E Out of tune at end, and weak finish of scale, but OK 
I Not a major scale, probably not a trained singer, very out of tune, first note clipped 
O Unmusical but good energy, out of tune 
U Unmusical, particularly at the subtonic point 

Subject 467 –  Male Age 14  
A Energy increasing, breaks in trace, first note clipped in recording 
E Croaky at start, then breathy and broken, good F0, problems with energy at higher 

notes 
I Slightly pressed at the end, losing energy at the end of the scale 
O Very in tune but again effortful, breathy and stressed at higher pitches 
U Breaks in intonation, not enough breath for the whole phrase, not a singing student 

Subject 468 – Female Age 10  
A Not a musical scale, an eight note chromatic scale 
E Croaky at end and chromatic 
I Somewhat weak and going up in semitones like a chromatic scale, interesting type of 

ear 
O Wobbly F0 and energy, approaching a major scale at the beginning 
U Wobbly F0, not a good ear for a major scale, not a music student 

 
Subject 469 – Female Age 11 
A Good sustained increasing energy and F0 good also, with breath to spare at the end 
E A bit non-legato but as above, good 
I Starting low, ending high in energy, good legato 
O Non-legato, good in tune scale, first note clipped  
U Good legato in tune scale, most probably proficient in singing  

Table 6.7 Perceptual analysis of scales
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Parameter name and number Description 

1 Abs. Norm. Pitch Fundamental frequency normalized  
2 Abs. Norm. Jitter Ratio difference of F0 at cycle pairs 
3 Abs. Norm. Cl. Shimmer Ratio difference of amplitude at cycle pairs 
4 Abs. Norm. Sl. Shimmer Ratio difference of slope at cycle pairs 
5 Abs. Norm. Ar. Shimmer Ratio difference of area amplitude in cycle pairs 
6 Normalised slope Estimation of the slope between troughs, related 

to glottal closure 
7 Abs. Norm. Min. Sharp. 

 
Ratio of sharpness between cycles, related to 
glottal closure 

8 FSRC/SLRC HNR definition 
9 Pos. 2nd. Harm. M. Wv. 
10 Cf. 2nd Harm. M. Wv. 

Position and coefficient of 2nd harmonic of the 
mucosal wave  

11 1st Energy Bin Energy in first area bin of PSD of MWC 
12 2nd Energy Bin Energy in second area bin of PSD of MWC 
13 3rd Energy Bin Energy in third area bin of PSD of MWC 
14 4th Energy Bin  Energy in fourth area bin of PSD of MWC 
15 MW PSD Origin Rel. Origin relative to the first maximum 
16 MW PSD Init. Min. Rel. Initial minimum relative to the first maximum 
17 MW PSD 1st Max. Abs. 1st maximum absolute value 
18 MW PSD 1st Min. Rel. 1st minimum relative to 1st maximum 
19 MW PSD 2nd Max. Rel. 2nd maximum relative to 1st maximum 
20 MW PSD 3rd Max. Rel. 3rd maximum relative to 1st maximum 
21 MW PSD 2nd Min. Rel. 2nd minimum relative to 1st maximum 
22 MW PSD 4th Max. Rel. 4th maximum relative to 1st maximum 
23 MW PSD End Val. Rel. End value relative to first maximum 
24 MW PSD Origin Pos. Rel. Origin relative to the position of the 1st 

maximum 
25 MW PSD In. Min. Pos. Rel. Initial minimum position relative to 1st 

maximum 
26 MW PSD 1st Max. Pos. Abs. 1st maximum absolute position 
27 MW PSD 1st Min. Pos. Rel. 1st minimum position relative to 1st maximum 
28 MW PSD 2nd Max. Pos. Rel. 2nd maximum position relative to 1st maximum 
29 MW PSD 3rd Max. Pos. Rel. 3rd maximum position relative to 1st maximum 
30 MW PSD 2nd Min. Pos. Rel. 2nd minimum position relative to 1st maximum 
31 MW PSD 4th Max. Pos. Rel. 4th maximum position relative to 1st maximum 
32 MW PSD. End Val. Pos. Rel. End value position relative to first maximum 
33 MW PSD 1st Min NSF Notch slenderness factor of 1st minimum relative 

to 1st maximum 
34 MW PSD 2nd Min NSF Notch slenderness factor of 2nd minimum 

relative to 1st maximum 
35 Body Mass Value of body mass in gm x 10-3 
36 Body Losses Value of body losses in gm/sec 
37 Body Stiffness Value of body stiffness in gm/sec2 

38 Body Mass Unbalance Measure of unbalance in cycle-by-cycle body 
mass values 

39 Body Losses Unbalance Measure of unbalance in cycle-by-cycle body 
losses values 

40 Body Stiffness Unbalance Measure of unbalance in cycle-by-cycle body 
stiffness 

41 Cover Mass Value of cover mass in gm x 10-3 
42 Cover Losses Value of cover losses in gm/sec 
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43 Cover Stiffness Value of cover stiffness in gm/sec2 
44 Cover Mass Unbalance Measure of unbalance in cycle-by-cycle cover 

mass values 
45 Cover Losses Unbalance Measure of unbalance in cycle-by-cycle cover 

losses values 
46 Cover Stiffness Unbalance Measure of unbalance in cycle-by-cycle cover 

stiffness 
 

Table 6.8 Parameter summary 
 
The vocal tract transfer function graphs for each step of the /a/ scale, given by subject 462 
and shown in Figure 6.28 below, show the frequency power spectrum of the input voice 
as a dashed line together with the smooth curve of the power spectrum of the glottal pulse 
as a solid line. The vocal tract transfer function is given as the dotted line and it is this 
function that, when added to the glottal pulse second derivative in the logarithmic dB 
representation, produces the input voice. This is the inverse filtering signal processing 
procedure visualised graphically. The vocal tract transfer function can be seen as the 
visual representation of Fv(z), or the frequency response of the vocal tract. The figure 
reveals how precise the evaluation process has been. At dB value zero we would expect 
the two lines of the power spectrum of voice and the transfer function to be equal which 
is seen to be the case in the diagrams. This gives us some assurance that we have made a 
robust splitting of the signals and we hope that the parameter estimation will further 
confirm this. As per the discussion in chapter four, it is also possible to represent the voice 
signal at the glottis as an electric circuit. The hypothesis is that the envelope of the power 
spectral density of the average glottal source and mucosal wave correlate can be directly 
related to the square modulus of the input admittance of the circuit model in each case. 
This is shown in Figure 6.29 where graphical representations are given for the admittance 
of the glottal source matched with its power spectral density in the acquired signal 
compared to a k-mass model equivalent. These estimations were made for each cycle per 
subject in order to calculate the biomechanical parameters. 
 
 

  
46211 46212 
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46213 46214 

  
46215 46216 

 
46217 46218 

 Figure 6.28 Vocal tract transfer function 

 
 

Figure 6.29 Matching input admittance to the power spectral densities of the 
glottal source and average glottal source
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The biomechanical parameters are the valuations for the masses, stiffness and losses on 
both the body and cover material of the vocal folds. Together with their values, their 
relative unbalances are extracted. It is to these parameters that we will focus our attention 
in this experiment, although other parameters have shown interesting features and will be 
mentioned. The estimation of the masses, stiffness and losses values for both the vocal fold 
body and cover material has already been described fully in chapter four. The unbalance 
measures are defined as the ratios between cycle pairs for those values. Biomechanical 
unbalance, as has been seen, is a useful parameter for studying pathological voice data and 
as the subjects here have been diagnosed as normophonic it will not be relevant to discuss 
the unbalance parameters any further. The classical distortion parameters are included in 
the data routines for this experiment.  
 
We assume that the normophonic singer will not give a breathy, pressed or turbulent 
voice sample. However, if we were to include pathological voice samples, we may see 
interesting results in some of the other parameters. For example, higher levels of 
sharpness could perhaps be seen in the case of nodules where vocalists - especially 
professional singers who must maintain their vocal action - over compensate for the 
pathology they are experiencing. Hypoactivity, or under action, of the larynx can be 
signified by a larger than normal airflow rate through the glottis at each phonation and a 
smaller than normal closed phase, possibly showing up in unusual measures for sharpness 
or NSF (notch slenderness factors). On visual inspection it may be seen that the vocal 
folds do not close fully in a hypo-functioning larynx giving an audible breathiness or 
turbulence. This may perhaps be apparent in professional singers who are identified in 
style by breathiness or turbulence, for example in the singing style of Dusty Springfield. 
However, this singing style is limited to popular music, such as rock and jazz, and will not 
be evident in classically trained professional singers.  
 
The biomechanical parameters, 35-46, have been taken from the average glottal source for 
the body representation whilst the parameter values for the cover system are taken from 
the mucosal wave correlate. Figures 6.30 and 6.31 are graphical representations of the 
body and cover masses, stiffness and losses as well as the statistical spread of each 
parameter for each cycle of vibration. It is these biomechanical parameters that will be of 
most interest in examining the changes taking place whilst a singer produces an 
increasing scale. 
 

 
Figure 6.30 Body biomechanical parameters 
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Figure 6.31 Cover biomechanical parameters 

 
We are now ready to make a detailed analysis on the musical scale production, and what 
happens to some of the parameters as each tone increases successively in frequency. We 
will continue to look at subject 462 (female, age 15) as an example. To reiterate, we are 
looking at the changes occurring due to the increase in pitch, each subject having given 8 
different pitches, one successively higher than the previous, for each of the 5 Spanish 
vowels. The files utilised for this first analysis are 46211 to 46218 respectively which are 
the 8 separate notes of a major scale given in vowel /a/. The first parameter to look at is 
the vocal tract shape. The measurements per note of the scale are given in Figure 6.32. 
 
On examination of the movement and changes taking place within the vocal tract as 
shown, it could be said that as pitch increases and, specifically for the vowel sound /a/, so 
the area of the vocal tract increases. This is seen as the narrow peaks at the first notes of 
the scale begin to widen as the scale progresses, particularly at the topmost three pitches. 
The vocal tract can be envisaged as having to widen itself in order to help generate and 
support the extra energy that is required for the production of higher pitches, the wider 
space being utilised as a sort of megaphone. In an analysis of the other four Spanish vowel 
productions the vocal tract shape associated with the phonation of any particular vowel 
may be seen. The /e/ vowel will show less widening as the vocal tract needs to maintain a 
similar wideness at all steps of the scale. In fact, this vowel should show wideness behind 
the teeth from the tonic note yet the lips may not fully open throughout the scale. The /o/ 
vowel is produced with slightly protruding and pursed lips, wideness behind the lips 
should probably be maintained with only slight opening throughout the scale production. 
The /i/ vowel should show tightly closed teeth and only slightly open lips and a much 
narrower vocal tract behind the teeth that is maintained throughout the scale. The /u/ 
vowel has pronounced pursed and protruding lips and a narrow vocal tract that is 
maintained throughout the scale. When the vocal tract widens, more amplitude is created 
for each successive note. Thus, in the /a/ vowel, and slightly less so with the /e/ and /o/, 
the vocal tract shape assists the singer. With the other two vowels, /i/ and /u/, extra 
energy for higher pitches must be created by lung pressure and breath control.  
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Figure 6.32 Vocal tract section per separate notes of the scale 
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Figure 6.33 Pitch calculation 
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As mentioned previously, one of the most important features of any voice analysis is 
pitch. Figure 6.33, on the previous page, shows the stepwise pitch changes for the 
example subject. The absolute pitch is given for each cycle in the top graph and below this 
a normalised pitch reference is given corresponding to parameter 1 of the set. Statistical 
spread for the full set of cycles is given in the graphs on the right. In the example the 
subject begins the scale at around 160Hz, this rises in succession to an end point of around 
320Hz; this is the doubled frequency of the tonic as expected at the end of the scale and 
represents the second harmonic and twice the value of the first note of the scale, the tonic 
note. These frequencies correspond to a major scale. An interesting side-line study would 
be to evaluate the quality of the musical scale by taking the tonic note as a baseline 
reference. Firstly, it would have to be decided which type of scale was being produced, 
there being a number of different choices for musical scale representation. For example, 
there are major scales, minor harmonic or melodic scales, chromatic scales and Dorian 
scales, to name but a few. Next an agreement would have to take place on how to tune the 
major scale, for example, equal tempering, or another type of tuning such as Pythagorean. 
Once it had been agreed that the subject was attempting to sing a particular scale and the 
type of tuning had also been decided upon, the first note given can become the baseline 
reference, from which the expected following notes can be compared against the actual 
notes phonated. In the case we are considering, we know that the subject has attempted 
to produce a major scale. If we take the equal tempered tuning as our major scale model 
(see Chapter 2, page 36), the following comparison, shown in Table 6.9, can be made.  
 
Note Tonic Supertonic Mediant Subdominant Dominant Submediant Subtonic Tonic 

 
Expected 
frequency 159 178 200 212 238 267 300 318 
Given 
frequency 159 190 212 226 257 286 319 332 

Table 6.9 Scalar comparisons 

 
In the example given, the subject is sharp (lands at a higher frequency than required) 
between doh and reh, and fah and soh. It could well be that in the laboratory 
environment subjects are stressed and are not paying too much attention on producing 
quality musicianship which would perhaps explain the first sharpness between the first 
and second notes. Perhaps this sort of study would be better carried out with a clear 
musical focus that had been explained to the subjects prior to recordings being taken. It is 
also possible that the human voice does not instinctively tune itself to an equal tempered 
scale, this scale being commonly utilised for musical agreement between instruments in 
the orchestra. This fact may explain the sharpness between the fourth and the fifth notes. 
Interestingly, the subject produced the exact frequency ratio change expected at every 
other interval. It may be interesting to evaluate one of the more common acoustic 
parameters in the production of a scale to see if there is anything worth mentioning. This 
is exemplified in Figure 6.34 below in the changes seen in the Harmonic to Noise ratio as 
the scale increases. Nothing much can be said about the changes in HNR over the pitch 
increases as the figures remain fairly stable, alternating between 0.03 and 0.08 at each 
frequency, with no particular pattern being apparent. Such parameters may lend 
themselves better to evaluating pathological voice samples where ratios have been seen to 
be higher in normal voices than in voices presenting pathology.14 
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Figure 6.34 HNR 
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The most interesting occurrences in the analysis of separate pitches sung in succession 
and the main focus of the thesis work are to be found in the changes in the values for the 
mechanical properties of the body and cover tissues of the vocal folds. After a process of 
splitting the body mass information from the cover mass information has been carried 
out, two separate traces are produced, one for the average glottal source, corresponding to 
the body mass information and the other for the mucosal wave properties which 
correspond directly to the movements of the cover masses.  
 
Using the model of an electrical circuit matched to these functions it has been possible to 
calculate values for the properties of masses, springs and losses of the tissue dynamics at 
each frequency step using the methodology already described. First, the values of the 
masses, given in grams x10-3, or thousandths of a gram, are given, together with a value 
for losses, which is given in grams per second, and finally stiffness is measured in grams 
per second squared. Masses and losses can be related to energy, attack and vocal fatigue. 
Stiffness may account for pitch definitions. Statistical spread of these measures is 
calculated for the full set of cycles. Two sets of calculations are given, one for the body 
mass values and one for the cover masses. The vocal fold body graphics are given in Figure 
6.35. 
 
On inspection of the values of body mass for the example subject, it is seen that the values 
do not change very much over the production of the scale. In fact, the values for mass 
remain between 2 to 2.5, apart from at the production of the tonic, which assumed a mass 
value around double all the other notes, somewhere in the region of 5, perhaps this is due 
to the initial exertion of the tissue from the resting position at this point and perhaps also 
going some way to explain the sharpened frequency at this interval, professional singers 
being able to control this onset of phonation more effectively. The mass value at the 
production of the sixth note was also seen to increase to 4. The values for mass have been 
noted to be at variance with commonly accepted static mass definitions given in peer 
investigations.31 This can be explained due to the fact that the mass inspections we are 
taking from a voice sample are dynamic, as opposed to static, and most of the static mass 
may remain within a stable part of the vocal fold structure, concluding that only a 
percentage of the body mass may be involved in the vibration patterns. This could also 
explain the initial larger value for mass at the tonic note. 
 
On inspection of the values for losses a similar case to that of the mass values can be made. 
There is not much variation in the value of losses to the body at any point in the 
production of the scale, apart from at the second note where there is a small decrease in 
value and at the sixth where there appears to be a peak. It is possible that the lower value 
of the second is due to less exertion given by the vocalist on the second note of the scale 
after the initial attack at the first note, seen in the higher mass value at that point. The 
peak seen at the sixth is an open question at this stage but could be connected to voice 
range or register. 
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Figure 6.35 Vocal fold body biomechanical parameter values 
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However, when the values for body stiffness are examined, some very significant changes 
can be seen. Here it can be clearly seen that the stiffness measure increases from around a 
value of around 5,000 at the tonic note, rising to 6,350 at the dominant, and ending at a 
value of 8,350 at the final note of the scale. There is a peak in stiffness at the sixth note of 
around 12,500 which descends again on the seventh. There is some slight variation seen 
in the sounding of the supertonic, which has a lower value than the tonic (second and 
first notes of the scale). Perhaps this is due again to the onset of voice after resting and 
connected to the larger mass value at the first note, but the trend over all can be said to be 
rising. This is in keeping with the mechanical viewpoint that as pitch increases, so too 
does the tension of each vocal fold, rather like a guitar string. If a guitar string is 
stretched, or elongated, its frequency will rise. Similarly, in stretching the vocal folds, the 
pitch will increase. The process of stretching increases tension, and this is shown in the 
rising values of stiffness for the body mass of the vocal folds.  
 
Figure 6.36 shows the graphical representations of each note of the scale for the cover 
tissue of the vocal folds in subject 462. Again, apart from an unusually high value (double 
the others) for mass in the tonic note - around 8 compared with a more common value of 
somewhere between 3 and 4 - the variation of mass values over all notes of the scale is 
minimal and these values are fairly stable from a statistical point of view, although again 
they defer from reasonable expectations of the values expected from a non-moving mass 
given in prior research.31 It is interesting to see that the values for mass in the cover 
material are actually higher than those of the body, although this has been given in the 
peer research just mentioned where the cover masses where estimated as 0.14 grams 
compared to the body mass of 0.094 grams.31 Although this research is an order of 
difference larger than the values extracted here, we can see the ratio between cover and 
body mass is similar. The actual value difference may be explained due to the dynamic 
system representation where more mass is needed in the moving parts of the vocal folds as 
well as the fact that the mass may contribute to pitching in terms of working as a 
contribution to the stiffness parameter. The majority of the movement of the vocal folds, 
we may conclude, takes place in the area of the cover masses. Losses, again, remain fairly 
stable over the duration of the scale, there just being one drop in value at the second note, 
which was also noticed in the body losses evaluation. It is also apparent that the values for 
losses are higher in the cover mechanisms than in the body. This could be explained 
because most of the turbulence and heating is taking place on the cover area. No obvious 
peaks in either mass or losses were seen at the sixth note for the cover biomechanics. 
However, looking at the values for stiffness, a similar pattern to that of the vocal fold 
body can be seen as the frequency rises over the scale. The measure for stiffness at the 
start, on the tonic note, is on average somewhere around 2,500, half the value of the body 
stiffness at the same point. The measure taken at the dominant is somewhere in the region 
of 12,500 and the final result at the end of the scale is somewhere around 20,000. There 
may also be a peak at the sixth note for the stiffness value. The increases in stiffness are 
far larger in the cover masses than in the body mass of the folds and this is to be expected 
as the majority of the work is done by the vocal folds at the cover region, the site of the 
lamina propria - the body mass working as a general support tissue. These results tie in 
with well known biomechanical properties of physical bodies. In a dynamic system, 
higher tension levels and a stretching of the material will increase the frequency. The 
results support the view that the cover masses are the most active component of the vocal 
fold mechanism in vibration. 
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Figure 6.36 Vocal fold cover biomechanical parameter values 
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Having looked at one of the subjects biomechanical parameter values in detail, a full set of 
values is now given for all subjects in Table 6.10 for the major scale given in vowel /a/. 
 
Note of 
the scale 

Body mass 
(g) 

Cover mass 
(g) 

Body losses 
(g/sec) 

Cover losses 
(g/sec) 

Body 
stiffness 
(g/sec2) 

Cover 
stiffness 
(g/sec2) 

Subject 462 – Female Age 15  

1 0.0049 0.0075 1.39 6.97 4900 2500 
2 0.0020 0.0032 0.69 3.41 2920 2500 
3 0.0026 0.0048 0.95 5.85 4480 4900 
4 0.0026 0.0039 1.15 5.51 5100 8000 
5 0.0024 0.0041 1.09 7.79 6350 12500 
6 0.0040 0.0033 1.95 6.45 12500 15850 
7 0.0020 0.0017 1.10 4.59 8000 11000 
8 0.0019 0.0023 1.09 5.92 8350 20000 

Subject 463 – Male Age 13  

1 0.0020 0.0021 0.49 1.45 1400 600 
2 0.0015 0.0018 0.43 1.41 1340 700 
3 0.0017 0.0020 0.52 1.88 1790 1050 
4 0.0017 0.0019 0.55 1.84 2050 1200 
5 0.0013 0.0013 0.47 1.96 1980 1200 
6 0.0014 0.0021 0.62 2.32 2900 1200 
7 0.0013 0.0016 0.63 3.51 3250 1800 
8 0.0010 0.0008 0.50 3.52 2750 4000 

Subject 464 – Male Age 15  

1 0.0029 0.0022 0.62 1.55 1450 500 
2 0.0021 0.0017 0.51 1.25 1320 460 
3 0.0021 0.0016 0.54 1.35 1570 559 
4 0.0024 0.0018 0.66 1.65 2090 750 
5 0.0018 0.0015 0.59 1.45 2050 760 
6 0.0021 0.0018 0.74 1.95 2980 1300 
7 0.0016 0.0016 0.61 1.84 2680 1480 
8 0.0015 0.0013 0.59 1.73 2750 1420 

Subject 467 –  Male Age 14  

1 0.0029 0.0046 0.85 3.59 3020 2500 
2 0.0022 0.0033 0.76 3.35 2870 1720 
3 0.0016 0.0022 0.64 2.81 2750 1800 
4 0.0016 0.0021 0.65 3.38 3050 1900 
5 0.0016 0.0026 0.76 3.25 3860 2400 
6 0.0016 0.0019 0.78 4.59 4790 3200 
7 0.0016 0.0018 0.92 4.65 6200 7000 
8 0.0013 0.0018 0.84 3.25 5700 3700 
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Subject 468 – Female Age 10  

1 0.0032 0.0031 1.22 7.55 6500 6000 
2 0.0037 0.0032 1.77 6.53 10500 11500 
3 0.0030 0.0029 1.39 6.54 9300 10000 
4 0.0030 0.0032 1.52 6.75 10300 14000 
5 0.0017 0.0021 0.97 5.15 6500 13000 
6 0.0095 0.0027 1.74 5.51 27000 16000 
7       
8       
Subject 469 – Female Age 11 

1 0.0032 0.0048 1.15 9.12 6500 10000 
2 0.0022 0.0023 0.93 6.95 6800 9000 
3 0.0017 0.0026 0.83 7.42 5600 9500 
4 0.0019 0.0026 0.91 8.75 6800 11000 
5 0.0022 0.0029 1.18 6.25 10000 50000 
6 0.0010 0.0035 0.71 4.58 6000 95000 
7 0.0008 0.0049 0.67 6.21 6400 100000 
8 0.0012 0.0017 0.79 4.25 9800 18000 

Table 6.10 Biomechanical parameters values for scale given in vowel /a/ 
 
 
It must first be noted that the highest notes given by 468 were unavailable for processing 
and, due to the fact that this subject gave a chromatic scale, the error is not deemed 
important. One thing that is immediately obvious is that the females appear to have, on 
average and certainly at the tonic note, larger body mass values than the males overall. 
This is seen even in the case of the 10 and 11 year olds, although the differences are not 
excessive. This is also true of the cover mass values; the females have larger cover mass 
values than the males in general. An interesting case here would be of subject 467, the 14 
year old male who has not yet gone through puberty and presents a childlike voice with 
higher pitches. In this case, the cover masses seem to be generally larger than his 
adolescent male counterparts, however body mass values are in keeping with the males as 
a set. In all cases, the values for both body and cover masses appear to decrease over the 
production of the scale as more energy is required for the production of higher notes. No 
patterns are obvious in the movements of losses over the scale for both body and cover, 
although the females appear to present larger values for losses than the males of around 
double in the case of the body function and upward of triple in the cases of cover 
function. The two adolescent males show smaller losses than the prepubescent male.  
 
In looking at the values for stiffness a clear gender split can be seen. Looking at the values 
for the males there is a difference again seen in the prepubescent who has an order of 
difference higher values than the other males in both body and cover stiffness of over 
double. However, females show a further order of difference against all the males of over 
four times and more the male values for stiffness. We can hypothesize that there are key 
considerations in the biomechanics of the vocal folds in terms of gender type which are 
not necessarily due to pitching. These gender considerations appear to remain even prior 
to adolescent voice dropping in the male. This is a very interesting result, especially 



Chapter Six – Experiments 
 

158 
 

considering what has been discovered in statistical analysis concerning the importance of 
gender in subject data. These results support this finding and suggest how gender is 
related to vocal fold physiology. 
 
Making a comparison of the above data with the data coming from the sustained vowel /a/ 
given in Table 6.5 we can say that the gender difference was not so clearly obvious in the 
analysis of sustained vowel where the vocal process is in a fairly stable phonation state. 
However, for the males, the body stiffness values were in excess of the cover stiffness by a 
large margin. This may be connected to fundamental frequency as the younger male had a 
lower margin of difference - more in keeping with the female ratios - between these two 
parameters. Although in some cases the values appear similar to what has been seen in the 
first note of the scale production, this is not true overall and we cannot securely make any 
favourable comparison between the sustained vowel /a/ and the scale, even though the 
statistical processes of splitting the abnormal from normal voices has used sustained 
vowels in analysis. We wonder if there could be something specific about the phonation 
of sustained vowels that defines music students or trained singers. Only larger studies will 
be able to help us answer this question. 
 
Looking at research ongoing at the time of writing, the following information has come 
from a closer examination of the whole set of vowels sung over increased frequencies, 
which may confirm some of the suppositions made in the previous discussion.32 The 
subject came from an unknown female singing voice. Mass, stiffness and loss values for 
the body of the fold have been evaluated against pitch for each of the five Spanish vowels. 
Figure 6.37 shows the collection of parameters for the major scale given in vowel /a/. 
These representations may give a clearer impression of the patterns of parameter 
fluctuation.  
 

 
Figure 6.37 Vowel /a/ biomechanical parameters versus tone 
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Circles denote the average of the cycles over the window of analysis, and the crossed 
symbols represent the statistical spread of the parameter in question and again we see 
orders of difference in the value of the dynamic mass presented compared to the expected 
value for the body mass as given in previous research, which has been estimated at 70mg 
for an average female.31 The mass values can be seen to rise over the scale production - 
apart from at the first note which is seen to be over double that of the second note – 
reaching a peak in the production of the sixth note, D, before falling again in the 
phonation of the last two notes. Losses follow a similar pattern. Stiffness also falls on the 
last two notes where we would have maybe expected it to rise for the production of the 
highest frequencies as seen in the previous experimental data. Perhaps we can say that 
this scale is well within the comfortable vocal range of the singer and therefore the higher 
notes are not so challenging after the sixth is reached. The tension and energy levels 
required by the vocal mechanism at the production of the sixth note will have been 
sufficient for finishing the scale. We may notice an increase in acoustic power at the same 
point. We may surmise that the vocal range of the singer against the scale produced is an 
important consideration in these experiments and this information should be included in 
any recording processes of professional singers. 
 
Figures 6.38, 6.39, 6.40 and 6.41 give the graphical views of the phonation for the other 
four Spanish vowels from the same singing voice subject producing the same scale. A 
quick visual comparison of all the vowels shows that the variation between the 
parameters of masses, springs and losses follows similar patterns over the scale production 
per vowel, peaks in values appearing at the same note of the scale, although which note 
this tends to be is not consistent per vowel. 
 
 

 
Figure 6.38 Vowel /e/ biomechanical parameters versus tone 
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Figure 6.39 Vowel /i/ biomechanical parameters versus tone 

 

 
Figure 6.40 Vowel /o/ biomechanical parameters versus tone 
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Figure 6.41 Vowel /u/ biomechanical parameters versus tone 

 
 
The patterns may highlight where it is along the production of the scale the singer 
experiences the most vocal stress and thus more instability may be seen in the 
biomechanics of the vocal folds. This is shown by the increasing ranges of upper and 
lower quartile median values for the parameters at varying parts of the scale. All the 
parameters are connected to the frequency being produced and therefore the vocal range 
of the singer. For the /a/ vowel we have seen a peak in the sixth note for all the body 
parameters but this is not observed for the other vowels where peaks can be seen at the 
fourths or fifths and sometimes also elsewhere. It is not clear whether these peaks are to 
do with the vocal range of the singer, the lack of vocal training or the vowel type; further 
data is needed and it may be useful to have a subject’s voice range profile in order to 
establish the comfort boundaries.10 It has been seen in research that the vocal fold 
vibratory patterns change at different voice registers, loudness and frequencies.33  
 
Registers are ranges of frequencies in which the vocalist produces a consistent pattern of 
phonation. Moving from a lower register to a higher register means a change in the 
vibratory patterns of the vocal folds, such as can be described in the move from modal 
voice to falsetto. There is still much debate about register definitions and the ranges of 
frequencies contained within a particular register vary from voice to voice. However, the 
peaks and troughs in values seen at this initial exploratory investigation may be seen to be 
connected to the modes of vibration, or resonant frequencies at varying pitches, of the 
vocal folds. Work is still being carried out in the investigation of the cover biomechanics 
at this stage. We can hypothesize with some security at this stage that vowel type is a 
factor involved in the vibratory patterns of the vocal folds. We have yet to see what this 
means and whether it signifies a connection between the vocal tract formants or if there 
is some influence due to the subglottal pressure or some other parameter not considered. 
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Importantly, the clear relationships seen between vowel type and biomechanical 
parameters justify further work into pathology detection using test utterances that include 
high and low vowels. 
 
Potentially, many observations can be made using this data and the parameters from the 
list. We have described changes seen in the values for vocal tract shaping, HNR values, 
mechanical stresses, energy losses and masses as a vocalist increases pitch. It has also been 
interesting to note how well the subject has performed the scale by comparing with the 
defined pitches for given scales. This should give an idea of how “in tune” a singer is and 
is a quality definition. Some care must be taken when forming a hypothesis in this case.  
 
Work is ongoing at the current time in terms of a fuller analysis of the data garnered from 
the music students. However, we feel that our initial results have answered many 
questions on this first approach to the problem area. The results have also opened up 
many different lines of research into the singing voice and how to move forward with the 
creation of clear hypotheses with the focus of carrying out extensive research into adult 
singing voice data, particularly that of professional singers. Care needs to be taken in 
experimentation with professional singing groups. A clear formulation of required 
recordings needs to be ascertained; such as grouping basses, tenors, altos and sopranos, 
etc, separately and requiring of them a specific scale with a tonic note based on their 
comfortable range, for example. Before making conclusions to the study an overview of 
the results of the experimental stages is given. 
 
6.4 Summary of results 
 
In the experiments that attempted to define and highlight the pathological voices 
contained within a mixed set of normal and abnormal voice data, results successfully 
showed that it is indeed possible to make those splits, highlighting which of the voices 
had been previously diagnosed as presenting a mild, first stage of vocal fold pathology. 
However, success is very much dependent upon choice of parameters and gender 
classification. Experimental parameter sets included classical acoustic perturbation 
parameters jitter, shimmer and measures of HNR along with newly defined parameters 
from the mucosal wave power spectral density function. The mucosal wave correlate is 
the function that can reveal the quality of the mucosal wave present at phonation and 
thus reveal the effects of any unusual masses on the vocal folds. This is an essential 
requirement for healthy voice and the signal representation has been deemed to have 
been adequately extracted by the methodology. Power spectral density profiles of the 
mucosal wave have shown marked differences in gender typing amongst subjects. For this 
reason, experiments to determine the relevance of gender in voice pathology analysis 
were carried out. Gender appears to be specifically connected to parameters taken from 
glottal source frequency definitions. PCA and k-means clustering analysis proved efficient 
tools for determining which parameters may have more significance in establishing the 
presence of pathology. Furthermore, these tools were seen to assess mixed gender sets by 
male and female using the parameters devised for the study. A conclusive definition of the 
best parameters for representing the dynamics of the vocal folds has not yet been 
achieved, although glottal source frequency definitions are strong contenders and most 
certainly enhance the more classical acoustic parameters historically used, such as jitter 
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and shimmer. Further work has been, and is being done, in this area with significant 
success and has been referenced for the reader.  
 
In the first experimental attempt to split abnormal from normal voices, PCA highlighted 
energy bin values as most significant overall when grouped with the classical acoustic 
parameters revealing the importance of mucosal wave frequency domain representations. 
However, this set was unable to split normophonic from pathological voice in clustering. 
This may have been due to some parameter mismatching that took place with parameter 
number 4 of the group. However, success was achieved through using a parameter set 
which contained mucosal wave peak and trough measures and ratios together with the 
same classical acoustic parameters. This has justified using this particular statistical 
methodology in further research. PCA pulled out a mix of the newly defined parameters 
and classical parameters as significant overall and at clustering time the principle 
components were able to split the data successfully.  
 
At the second step, a fuller set of parameters was extracted from the data which included 
many more instances of peak and trough ratio definitions from the mucosal wave power 
spectral density. This full set of parameters has been used in all current experiments. The 
first group of data studied was mixed gender normal voice and the statistical methodology 
was able to split the data into male and female subjects using only a few parameters from 
the newly defined mucosal wave singularity set. Results here prove the significance of the 
gender factor from the pattern recognition process when performing statistical analysis. It 
was therefore deemed to be essential to delete this factor from the calculations by 
studying groups of data by gender alone. Thus, a set of female data was analysed which 
contained a mixture of pathological and normophonic voices. The full parameter set was 
used in the statistical analysis. Interestingly, in this case the classical acoustic parameter 
jitter came out as the most significant, followed by the depth of the second trough from 
the mucosal wave spectrum, and then followed by the losses from the vocal fold cover 
material. These three parameters managed to cluster normal and pathological voices in 
three dimensional space. 
 
Having presented a before and after case of the glottal signal representation from a 
professional vocalist’s pathological voice that had undergone surgery, it was noted that 
the mucosal wave spectrum was reconstructed to normal levels very quickly after surgery 
and rehabilitation. This subject data was used in the experiment cited, including both the 
post- and pre-surgery recordings and signals that had been extracted. It was seen that the 
post-surgery parameters sat well within normal clusters compared to the pre-surgery 
definitions which were well outside normal levels. It is important to note that this patient 
is now back at work and her voice is functioning well. 
 
Other published work showed the results from the examination of unbalance values and 
deviations from normal averages of the biomechanics of the folds. These measures have 
also proved significant in assessing pathological voice recordings using the same 
methodology. A large set of parameters with clear and consistent numbering has been 
defined for further research work into normophonic groups of subjects as well as groups 
containing both normal and pathological samples. 
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The experimentation on the normophonic singing data utilised the same large group of 
parameters that had been defined for prior research and explained and used in the 
previous experiments. This parameter group includes the measures of the biomechanical 
parameters of masses, springs and losses, their unbalances and their deviations from 
normal averages taken from the growing MAPACI database. Work has extracted the 
changes in values for frequency, vocal tract area, masses, springs and losses at the stepwise 
increasing pitch produced by the subjects. Vocal tract area was noticed to widen as 
increased pitch was desired, providing increased energy for challenging pitching for the 
vowel /a/. A hypothesis was formulated towards making subjective analysis on quality of 
musicianship over the scale productions by pitch definitions and we noticed the subject in 
question to be sharp. A full analysis of the whole set of subjects concerning pitching and 
tuning was not undertaken due to the fact that only four of the subjects presented 
reasonable major scales and, of these, the subjects chose their own tonic note. Classical 
voice perturbation parameters were not deemed important and, as an example, HNR 
showed nothing of interest over the scale, pointing towards a good balanced and healthy 
singing voice.  
 
In the analysis of the sustained vowel /a/ for all singers we saw in some cases that the 
cover masses were larger than the body masses. Losses too were larger in the cover than 
in the body. At this point some gender differences were noted in the analysis of stiffness, 
the males showing much larger values for body stiffness when compared to the cover. 
Females showed an increase too, although this was insignificant when compared to the 
males. The pre-pubescent male, although values were lower than the females for stiffness 
in both body and cover, showed a ratio between body and cover stiffness more in keeping 
with the females. The youngest members of the subject set, who also happened to be 
female, gave the highest values for stiffness. The next highest was given by the 
prepubescent male, then the older female, followed by the other two males. This value 
cannot be entirely connected to pitch levels as the pitches given varied throughout and 
the higher pitches were not necessarily connected to the higher stiffness levels. It seems 
that here again there are some gender specifics involved. 
 
Looking at the musical major scale production, the following results were noted. Body 
stiffness parameters were seen to rise as the tension of the vocal folds grew at each 
successive increase in frequency. The body parameters in the example given showed a 
peak at the sixth note for the vowel /a/ suggesting that this was the note that was most 
uncomfortable for the singer to produce. Cover stiffness parameters rose well in excess of 
the body stiffness, which proves that it is this cover area of the fold doing the most work 
at phonation time, although no rise was seen at the sixth. Values for cover masses were 
seen to be higher than those of the body, all values were well in excess of levels for static 
masses given in peer research although of similar ratio values body to cover. Females are 
seen to have higher values for body and cover mass values than males, especially at the 
tonic note. This is true even for the 11 and 12 year old girls. Here we have another clear 
gender splitting definition. The prepubescent male was an interesting case as he gave a 
high pitch yet the values for body masses were the same as the older males. For all 
subjects both body and cover masses decrease over the scale production. The first note of 
the scale, the tonic, was seen to have higher values in all parameters for all subjects than 
the other notes apart from the parameter of cover stiffness, as expected. The losses over 
the scales showed no apparent pattern, although it was noted that the females have 
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double the body losses of the males and triple the cover losses of the males. The 
prepubescent male was somewhere in between the females and the older males in terms 
of losses values. Again, there appears to be a gender specific issue within this parameter. 
 
Stiffness parameters show a clear gender splitting as the females had parameter values of 
an order of difference larger than the males, including the prepubescent, even though this 
young male pitched higher than some of the females. Vocal fold physiology appears 
dependent on sex, even at very young and undeveloped ages, and this fact further 
supports the conclusions of the statistical analyses undertaken in the first section of this 
chapter. 
 
On investigation of all Spanish vowels, consistent patterns per vowel were seen in the 
biomechanical values for the body of the fold, although it is important to note that this is 
an early exploratory investigation at the current time. We have hypothesised that the 
vocal tract configuration and/or the subglottal and supraglottal pressures may have an 
influence on these patterns. It would be pertinent to perform a synthesised experiment 
using steady parameter values over rising pitches before making further inspections on 
larger sets of normal subject data. The peaks and troughs seen may be connected to the 
comfort range of the singer and thus may be connected to voice register. Further 
investigation needs to take place to this effect. Close inspection of these parameters may 
reveal the strengths and weaknesses of the singer and point to significant connections 
between the vibratory patterns of the vocal folds and formant shape. We wonder how 
these parameter patterns would be revealed when given by a professional, trained singer 
well within their voice range and if this would be consistent with all professional, trained 
singers within the voice ranges. All parameter estimates appeared to be robust and 
described the voices well.  
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7.1 Overview 
 
Over recent years research into vocal health using DSP technologies has provided voice 
medicine with cheaper, faster and less intrusive methodologies for making diagnoses and 
assisting in rehabilitation. The thesis work that has been presented here will hopefully 
add to the growing collection of research already taking place in the field, in particular in 
its approach to the analysis of singing voice - with a view to the future analysis of 
professional singing voice subjects - as an aid to more fully describing the vocal processes 
and the state of the vocal health of the subject in terms of parameter analysis from the 
voice signal. Singing voice analysis is a rather new area of research and, for this reason, is 
deemed to be the more important focus of the thesis. There is also potential overlap for 
this research into other fields of voice science such as voice recognition/speaker 
identification, voice fingerprinting, speech synthesis and analysis, and voice processing in 
general.1,2 Any information that can be provided by this research may help in preventing 
and treating pathology and will be welcomed by medical professionals and the 
professional singing community, as well as by all professional vocalists and those people 
who use voice as a key function of their occupation.  
 
Developments over the last half-century into DSP technology have provided us with the 
tools required for careful analysis of the voice signal by the computer. The methodology is 
able to extract the sound waves produced at the site of the vocal folds, where the majority 
of pathology presents itself. One of the more important of the wave forms that has been 
extracted in the study is that of the mucosal wave - the signal representing the movement 
of the smaller masses of the vocal fold cover material - the area of the voice mechanism 
which performs the most work in phonation. The frequency domain definition of the 
mucosal wave is even more important as it is this signal that holds the most significant 
information in terms of the movement and dynamic biomechanical properties of the 
cover masses of vocal folds.3,4 Furthermore, the average glottal source signal has been 
extracted and this represents the large body mass movement of the vocal folds. We can 
learn a lot by analysing the movements of parameters on this function for the first order 
vibrations of the vocal folds. By careful parameterisation of the voice signals produced at 
the glottis we hope to have provided an adequate description of the vocal mechanism 
employed in the singing of increasing frequencies known as musical scales. We have 
defined groups of parameters that may be more effective than others in highlighting voice 
pathologies. Furthermore, the study into singing voice has allowed us some confidence in 
the robustness of the methodology used to extract the biomechanical parameters of the 
vocal folds, confirming recent assessments of the inverse filtering techniques.5 
 
7.2 Defining pathological and normal voices 
 
The hypotheses stated that a large selection of parameters taken from a group of vocal 
recordings may adequately describe subject voice health and that, furthermore, these 
recordings could be analysed by way of statistical method in order to separate the 
unhealthy voices from the healthy by using the most relevant parameters. We 
hypothesised further that the parameters taken from the mucosal wave signal 
representation would prove more important than other more common parameters. We 
intended the experiment to make clear splits in the subject data sets that were kindly 
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provided by health professionals; subject data which included both pre-diagnosed normal 
and pathological voice recordings.6  
 
Results showed that it is certainly possible to make clear splits between pathological and 
normophonic voice samples using statistical methods. However, success here is connected 
to the choice of parameters that have been used at the statistical process, and not all 
choices will produce similarly successful results. In the first case presented, parameters 
taken from the mucosal wave power spectral density peaks, troughs and ratios, proved 
sufficient in achieving this objective only when grouped together with the more classical 
acoustic parameters commonly used for diagnosis; jitter, shimmer and HNR. We can say 
that these mucosal wave parameters enhanced the potential success of such analysis. 
 
Pertinent questions concerning the overall conclusions to the thesis, and specifically the 
analysis of pathological and normal voice groups, will now be answered. Firstly, has it 
been possible to fully represent the mucosal wave in a digital format, incorporating most 
of the dynamic behaviour present in its theoretical description as derived from visual 
observations? From video-stroboscopic investigation, we can see that the main action of 
the vocal folds in phonation is at the cover area in terms of the mucosal wave pattern, and 
it is for this reason that the frequency domain of the mucosal wave signal was chosen for 
parameter definition; the frequency domain representing more clearly the motion of the 
folds in vibration. Indeed, for the first parameter set which included the four energy bins 
plus jitter, shimmer and HNR, the first principal component did not highlight as 
significant any of the classical acoustic time domain parameters but instead showed the 
energy bin values taken from the mucosal wave power spectral density to be most 
important; the second energy bin being the most relevant and the first energy bin being 
the least relevant. This suggests there is more significant information for voice analysis 
contained at higher frequencies in the spectrum. The time domain parameters of jitter, 
shimmer and HNR did not contain enough variance to be deemed significant in the first 
principle component. However, the energy bin values were not sufficient to split the data 
on their own using k-means clustering analysis. The conclusions just given are assuming 
the parameter of amplitude shimmer in set one was overridden by the first energy bin 
parameter. There may be some doubt overall to the conclusions for this particular 
experiment due to the inconsistency in the generating of the parameter matrix for set one. 
This, however, has not occurred in parameter set two where we had significantly 
successful results. 
 
The significant parameters of the first principal component extracted using parameter set 
two - which included classical parameters along with mucosal wave peak and trough ratio 
information - were able to achieve successful clustering results. Considering that a 
successful split was made here we can conclude that the mucosal wave correlate has been 
fully represented, the information from any unusual masses or abnormalities being 
contained within the representations. For this reason, it is possible to say that the inverse 
filtering techniques for extracting the mucosal wave are good and provide clear 
representations of the movement of the cover masses in phonation. The further research 
that was cited in this second stage of the thesis investigation into singing voice analysis 
may well have bolstered this conclusion. As expected, better techniques to refine the 
estimation of the mucosal wave are concurrently being researched by the department and 
other international institutions. 
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Secondly, have we best parameterised the mucosal wave in order to optimally describe 
vocal fold cover dynamics? The mucosal wave parameters taken from significant peaks 
and troughs of the power spectral density function, and the four equidistant energy bin 
values proved significant in terms of a PCA and clustering analysis of the subject data in 
the first experiment. The successes here have provoked further work into larger 
parameter sets and varying subject data.1,2,7 In recent research, the parameters 
representing relative unbalances and deviations from normal averages of the 
biomechanical parameters of masses, springs and losses (the parameters that we have 
focused on in the singing voice study) have also proved significant in splitting normal 
from abnormal voices.7  
 
New perturbation parameters could be defined from the mucosal wave correlate - such as 
the cyclic parameters relating to the unbalance of cycle pairs of the masses, springs and 
losses as just mentioned, as well as the unbalance of energies or harmonic values and 
ratios, etc. Furthermore, it may be a good idea to investigate parameter sets that include 
both high and low vowels. This could be considered as potential future work. In terms of 
the statistical analysis, further work needs to be done to determine the level of confidence 
we can have in the results taken from sample analysis.  
 
The singularity parameters taken from the mucosal wave power spectral density were 
increased in number as it was noted that this trace, especially, presents information on 
any unusual masses that appear at the vocal folds. Further investigations took place on sets 
of normal data as well as that of mixed abnormal and pathological data using these newly 
defined parameters.8 Results from this investigation highlighted the fact that gender is a 
significant factor in pattern recognition techniques and that it is important to split any 
subject data into gender before performing statistical analysis to ensure best results. 
Mucosal wave power spectral density is seen to have different patterns of peaks and 
troughs in male and female subjects in general. Analysis on a group of mixed gender 
normal data confirmed this by splitting the set into gender using three parameters 
connected entirely to the mucosal wave power spectral density definitions. Moving 
forward, a group of mixed abnormal and normal female data was analysed using the same 
parameters and methodology. Again, as before, classical acoustic parameters were 
enhanced by the newly defined parameters in splitting the data into normal and 
pathological subjects. The most significant parameters in this example were jitter, depth 
of the second trough and cover losses to the vocal folds. Interestingly, within this 
experiment two signals were introduced coming from the same patient. The first signal 
was recorded prior to the patient undergoing surgery and this signal provided parameter 
values that sat well outside normal data clusters. The second signal was recorded three 
months after surgery to remove a unilateral polyp and the parameter values extracted 
from this signal clustered the subject right inside the normal group.9 These results support 
the view that the mucosal wave frequency definition is a key focus for pathological voice 
analysis. 
 
A further question to be answered is whether we can provide information about the 
specific type of pathology using the parameters taken from the mucosal wave? Attempts 
made to highlight pathology type have so far been unsuccessful.10 Ongoing research is 
keeping this factor in mind but no specific studies have been undertaken at this stage. 
However, the results haven’t yet closed this research possibility and experimentation 
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needs to take place on much larger sets of subject data which include representations of 
all the common pathology types. A range of experiments could take place using many 
parameters on separate types of pathology. It may be seen that certain types of pathology 
are connected with particular sets of significant parameters or groups of parameters taken 
from the signals. It is possible that by refining the experiment a few specific parameter 
sets may provide enough information to split effectively a set of data into specific 
pathology types. This is an ideal future scenario.  
  
Is it possible to distinguish clearly the difference between pathological and temporarily 
malfunctioning voice? This is another area of interest, especially regarding voice data sets 
that have not been previously diagnosed by medical professionals. In this case it may be 
expected that those suffering from colds, or other temporal factors, may be grouped along 
with the pathological cases in analysis. The question for future work would be whether or 
not certain parameters are able to make a definition of normality even if the person was 
temporarily vocally challenged. It may be beneficial when attempting initial diagnoses 
using the computer methodology alone to undertake a subjective analysis, perhaps in 
terms of requiring the patient at screening to complete some sort of qualitative 
questionnaire that could be used at the statistical stage (principal components or factor 
analysis) in order to ensure that these important issues have been considered. 
 
The age range of the subjects needs to be considered when drawing full conclusions from 
the experiment. The majority of subjects presented in this work were adolescents, some 
very young and perhaps not fully into their adolescence, and this may be important in 
terms of relative voice stability. Furthermore, abnormalities in young people may heal 
themselves as the voice stabilises over time. It could be said that the choice of young and 
unstable voices coming from the larynxes of bodies still in a growing stage is useful in 
terms of experimentation, as positive results suggest that the same experimentation on 
more stable, adult voices may re-confirm the conclusions. Future work on adult voices has 
revealed this and our success at the current stage has justified going forward with the 
analysis of adult subject sets.  
 
Research and investigation into larger sets of data that included both pathological and 
normal samples, as well as large groups of normal data, using the same methodologies 
proposed here has been carried out by the department. An enhanced set of parameters has 
been used over the group of studies, parameters numbering 46 at the current time. 
Varying selections of parameters have been used in experiment and we have had much 
success in splitting normal from abnormal voices, as well as pulling out the most 
important parameters in normal voices, by using statistical methods.1,2,7,10 
 
7.3 Biomechanical properties of singing voices  
 
At this stage of the experimental process we hypothesised that we would be able to see, 
via a careful inspection of normal singing voice coming from trained musicians, and by 
utilising the same parameter sets as used for the analysis of pathological voice (together 
with newly defined parameters for masses, stiffness and losses taken from the body and 
cover of the vocal folds in phonation) interesting changes in these biomechanical 
properties of the vocal folds over longer term phonation and increasing pitch.  
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Firstly, it is essential to note that we have been unable to source data samples from 
professional singing voice at this stage. The subject data was from training musicians, 
however, and for this reason we expect the vocal production of musical scales to contain a 
relatively good level of musicianship, although breath support and vocal technique will 
probably be lacking. Subjects who are not musically trained, or are within a training 
environment, may not be able to produce major scales effectively; so there needs to be 
some level of musical knowledge within the subjects and this needs to be defined. 
Furthermore, vocalist training is quite specialised and those people who have not had any 
vocal training will present different voices at analysis than those who have had training. 
Future work hopes to analyse professional singing voice, and it would be a major project 
to collect a reasonable number of samples from professional singers. If we have been able 
to show good results on the younger, semi-trained and unstable voices, it may be 
pertinent to attempt such analysis on professionals. Once we can provide working 
solutions and tools for the successful analysis of singing voice, we expect professional 
singers to be happy to donate their time and voices. Considerations at this future stage 
may include the analysis of specific style-types of professional singer encountered, such as 
can be heard in the differences between classical singing phonation and popular song.  
 
The collection of larger sets of singing voice recordings must take many things into 
account; such as registers, voice ranges, baseline tonic note references, type of musical 
scales required and rhythm of scale. Maintaining consistency in these specifics will 
provide quality data for inspection. We have learned a lot at this stage about some of the 
necessary considerations in recording the singing voice. In order to collect equal data with 
a similar baseline reference it may be advisable to split singers in terms of their vocal 
range, e.g. bass, tenor, alto and soprano, and request from them a scale well within their 
comfort zones. This would mean that any recordings we have will not have been 
adversely affected by difficult pitching exercises. Tonic note and tempo should be 
required of the singer at the time of the recording and be consistent with all subjects 
within the same group. Recordings should start prior to the scale beginning in order that a 
full tonic note is sampled. These considerations will be essential when dealing with 
professional singers in the future. 
 
The key question we have answered is whether it has been possible to estimate the main 
biomechanical parameters of the vocal fold dynamic structure in terms of the values for 
masses, springs and losses. The results show that indeed we have been able to extract 
these values successfully using the methodology presented,2 and analysis of the behaviour 
of such parameters over increasing tones has tied in well with the expected dynamic 
properties of physical systems in movement at successively higher frequencies. This was 
especially noted by the increase in tension levels in both the body and cover masses as the 
vocal folds elongated in order to produce the required higher frequencies. The cover 
masses of the vocal folds showed far higher levels of tension increase than the body mass, 
and this clarifies the hypothesis that most of the work is being done by the vocal fold 
cover material. The parameters of losses and mass also showed connections to the 
performance of increased frequencies and all three parameters moved in a similar manner 
at each scale phonated in all vowels in the examination of the body parameters of the 
vocal fold. Values for dynamic vocal fold masses were seen to be at variance to commonly 
accepted measures for static vocal fold masses. Cover mass values were larger than those 
of the body in some cases and this is in agreement with some of the peer investigations. 
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We assume this is because we are measuring a dynamic system and a large proportion of 
the body mass remains unmoving or assists in the increased stiffness required for higher 
frequencies or pitches outside the vocalist’s comfort zone. Values for losses were higher 
for the cover dynamics than for the body. This is explained by the turbulence and heating 
taking place on the cover of the vocal folds, much more so than in the body structure. We 
can say with some sense of security that the methodology proposed for extraction of the 
biomechanical properties of the vocal folds has been robust and reasonably precise, 
although more studies will be needed in order to confirm or deny our suppositions. 
 
The fact that there were clear relationships seen between the vowel being produced and 
the biomechanical parameter measurements suggests that, even after inverse filtering has 
taken place, the vocal tract shape is still somehow affecting the vibratory patterns of the 
vocal folds. There was seen to be a peak in energy at the sixth note within the body 
dynamics in all three parameters for subject 462 singing in vowel /a/ and this could point 
to a pitch of the scale that the singer had trouble with. However, this is not consistent 
with the scales given in other vowels and may suggest that the vocal fold vibratory 
patterns are connected to formant tuning in the vocal tract shaping. It could also point to 
a range of pitches where the vocalist struggles to maintain equilibrium within the voice 
system as these higher pitches prove more difficult to phonate than the lower ones. We 
hypothesize that untrained singers will experience vocal fold instability at increased 
pitches and this will not be seen in professional subject recordings. At each successive step 
in frequency, the vocal tract was seen to widen for vowel /a/, as more energy was required 
to produce the successively higher fundamental frequencies.  
 
Looking at the full set of Spanish vowel scales phonated by the adolescent female singer, 
we saw similar results for the /a/ vowel as was described above. However, once a peak was 
reached in this vowel, again at the sixth note, there was a drop in all parameter values on 
the production of the following higher pitches. It would be interesting to analyse sound 
intensity levels against vowel production at the same time as looking at the biomechanical 
parameters. This may give a more coherent sense of the ease or difficulty the singer is 
experiencing at each pitch phonation. In looking at the other vowels, the patterns of 
movement of the biomechanical parameters are similar for each vowel, all of these 
parameters being interconnected with the pitch and thus, it appears, the modes of 
vibration of the vocal folds.  
 
One of the most interesting things that came out of this analysis of singing voices was the 
clear differences in parameter values between males and females and this was true even 
when considering very young adolescents who could maybe be described as children. 
Parameter values for masses, losses and stiffness were larger for the females than the 
males. This is a very interesting result and is not necessarily connected with pitch as the 
younger male voice pitched higher than the females in some cases. Further studies will 
confirm these results which also firm up our conclusions towards analysing groups of 
subjects by gender type and confirm that vocal fold physiology is a key element for a 
definition of vocalist and voice production. 
 
In terms of statistical analysis, a PCA/k-means process may take place on the singing data 
in order to find the parameters of most significance for describing healthy singing voice, 
although at this stage we do not really have enough subjects to warrant such a study. This 
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would be an ideal future research aim. Recent research has discovered that cover 
biomechanical parameters were not significant in describing normal non-singing voices, 
although this may not be true for singing voices.1  
 
Until such time as we perform hypothesis testing over larger and better defined groups of 
singing voice data, we cannot be absolutely assured in making firm conclusions, although 
the results have certainly provoked and justified further study at this stage. At the point of 
performing such tests, we need to think about the population our data comes from. For 
example, the young people from the music school come from a number of different 
populations and we need to decide which of those our data represents. Is it from the 
population of young people? Probably not: more likely the sample data represents young, 
non-singing or voice trained, music students, but we need to ascertain the limit of that 
population, whether it is area specific or cultural specific, whether it is to do with the 
type of instrument being studied (percussion vs. woodwind, for example), amongst other 
considerations. 
 
A short experiment was performed on how well the subject example had performed the 
major scale, taking pitch definitions from the equally tempered scale. This was a fairly 
subjective experiment and carried out in order to make a first appraisal towards a 
qualitative assessment of singing voice and the development of new hypotheses. At this 
stage there are many unanswered questions; such as how the human voice naturally tunes 
itself and can we expect the human voice to tune itself in a similar even-tempered 
manner that was initially created for machinery (in terms of musical instruments). It is 
thought that the singer tunes the voice in a different manner when singing 
unaccompanied compared to when singing with musical instrument backing. 
Furthermore, we cannot reasonably test non-singers, or non-musicians in singing musical 
scales. Non-professional singers (even if proficient in another musical instrument) do not 
necessarily have functional singing voices. Non-musicians cannot be expected to be able 
to adequately produce musical scales. Once a set of professional singers is found for 
analysis, we can make decisions on how to progress with this type of qualitative 
experimentation and some conclusions may be made on the natural tuning of the Western 
singing voice. 
 
Another qualitative experiment into professional singing voice may be to analyse the 
transition between each separate note of the scale to perhaps define a parameter for legato 
function. Legato is part of ideal musicianship and means that each separate pitch is heard 
flowing smoothly into the next, i.e. there are no breaths, or breaks in between. The onset 
and offset of the scales may also be considered, as these parts of phonation are very 
significant in terms of quality of musicianship and have also been found to be significant 
in diagnosis of pathology in speakers.11 We hope that the analysis of normal singing voice 
will add value to the research currently being done in all areas of voice science, assuming 
that a normal singing voice sample (especially that of professional singing voice, which 
may produce the most stable and expert phonation) may provide more information than 
an average speaker sample in the analysis of the biomechanics of the vocal folds. Results 
from such work will add value to current research into precise definitions of voice 
normality.11,12  
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In general, the DSP techniques and methodologies used within the thesis have proved 
fairly robust and precise in describing voice subjects. This has been seen in the successful 
splitting of normal and abnormal voice samples by using parameters extracted from the 
various signals defined as well as in the evidence seen in gender differences within 
singing subject groups. Thus, we can say we are closer to providing the medical field with 
cheaper and less invasive computer based tools for screening, prognosis and diagnosis of 
patients and moving towards careful research of professional vocalists, especially singers. 
The results have shown that a close inspection of professional singing voice may provide 
the ideal subject data for vocal analysis in terms of a full representation of the expected 
biomechanical dynamics of the vocal fold apparatus in normal voice. Analysis using the 
refined components and parameter sets that have proved successful in describing the 
singing voice can be utilised with all voice subjects in attempting to split and select 
pathological voices successfully as well as making first diagnoses of vocal health. The 
work has opened up many doors to further research into this area and added value to 
existing lines of research in both the medical voice fields and other current voice research 
areas. Results and conclusions contained herein will be welcomed by researchers, voice 
scientists, medical voice specialists and professional voice users. 
 
7.4 Future work 
 
The following list summarises possible future lines of research based on the results of the 
study. 
 
 PCA analysis could be attempted on the singing voice subjects and we may expect to 

see the cover and body stiffness parameters as significant, although it is probably 
reasonable to attempt such an analysis with a larger group of subject data. 

 The mixed pathological/normophonic data from the first experiment could be 
analysed again but this time using the new biomechanical parameters of masses, 
springs and tensions from the vocal fold body and cover masses. Results coming from 
other departmental work using different subject data have confirmed the significance 
of these parameters. 

 Research into adult sample sets may be defined for both stages of the investigation; 
again this has been investigated and cited although we have yet to examine adult 
singing voices. 

 Once adult sample sets have been studied, it may be interesting to study the 
differences seen between adult and adolescent voice subject data. 

 The medical experiments could be repeated using both high and low vowels as test 
utterances as there is a clear relationship between vowel type and vibratory pattern of 
the vocal folds seen in the singing voice results. 

 A careful investigation into how professional singing voice differs from other types of 
phonation would be useful in benchmarking ratios and values of normal voice 
parameters for all voice types. 

 Previously undiagnosed voice samples may be analysed and attempts at diagnosis be 
made by the computer science methodologies before being diagnosed by medics. 

 It would be of great interest to collect a large database of professional singing voice 
recordings. Due care must be given on defining clear protocols for such data 
collection. 



Chapter Seven – Conclusions 
 

177 
 

 More studies are required into normal vocal fold physiology, especially in terms of 
defining gender type by parameter values. Singing voice has provided much 
information towards this end. 

 Qualitative assessment on vocal musicianship may be carried out, such as in the 
comparison of given scales to mathematically defined scales. Further measures may be 
investigated such as quality of legato (the smooth flow from one tone to another), and 
how we can describe the differences between singing styles, such as classical to jazz. 

 It may be pertinent to look at the subjective state of a patient at the time of voice 
donation in terms of environmental and psychological factors that may have affected 
their voice; and this could be achieved in terms of a PCA subjective analysis where a 
questionnaire would need to be formulated with great care.  

 It may be possible to develop a hand-held device for professional singers that could 
give them detailed information on the state of the voice at any time; a first approach is 
given in the appendices. 
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Short Time Fourier Transform 
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Recommendations for vocal health 
 
It would be worth mentioning at this time some of the recommendations made for 
continued vocal health. Many of these are common sense but, without the advice and 
direction of a professional voice teacher, singers and other professional vocalists risk 
pathology by using their voices inappropriately whilst not necessarily being aware of it. 
Singing teachers and speech therapists emphasise correct management of the breath and 
posture before looking at phonation and articulation. In the first instance, singers must be 
aware of the two most common disorders experienced, hyperfunction and hypofunction, 
and take steps to avoid them.  
 
Singers must be able to access comfortably the required amount of air from the lungs in 
order to phonate in a relaxed and stress-free manner. If singers find they do not have 
enough air for certain passages, they may excessively exert the larynx in order to obtain it. 
This is incorrect phonation and termed a hyperfunctional larynx. Singers experiencing 
hyperfunction in the larynx have trouble phonating long passages and run out of air 
quickly, whilst risking future development of more serious problems. This type of over 
action in phonation has been suggested to be the forerunner of the appearance of vocal 
nodules, also noted in children and teachers who constantly shout.  
 
Another problem is when singers require more amplitude and, in error, use too much air 
for the increase in loudness. This can also be experienced by those suffering from 
pathology that does not allow the vocal folds to close properly. This is the hypofunctional 
larynx, where the glottis does not fully adduct. This action can affect a breathy voice and 
sharpened tone - the intended pitch is placed at a higher frequency than required. 
Training for proper breath control with a good teacher or speech therapist should correct 
these issues. 
 
Posture of the body in phonation, especially for singing, is extremely important. Correct 
posture supports the breath, whilst incorrect posture prevents the singer from phonating 
correctly and comfortably by restricting optimum airflow. Physical fitness is also 
important for the lungs and singers should maintain an optimum level of fitness to 
maintain proper breath support. Environment is also a key factor for performers. For 
example, club singers performing in smoke-filled rooms will experience a greater level of 
disorders than opera singers. 
 
Proper phonation is acquired with an optimal vibration pattern of the vocal folds. For 
example, singers who often phonate at pitches outside their natural range and comfort 
will risk pathology due to the enhanced stress levels placed upon the vocal fold tissue. 
This is an issue for many singers who may have to sing tessitura outside their range in 
order to “pay the rent”. Maintaining excellent laryngeal health, and taking plenty of rest, 
may help to overcome these issues. 
 
Obtaining a Voice Range Profile may be useful for singers, as well as having a professional 
voice teacher classify range, register and advise as to tessitura. The selection of songs will 
affect the level of stress a singer may endure. It is very important for singers to limit their 
length of practice and take enough vocal rest. This is important as the high level of 
oscillations that singers produce far outweigh those of non-singers. Heavy use of singing 
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voice invokes vocal fatigue, as over using a muscle system eventually tires it out. This 
could further exacerbate problems by requiring an increased effort for phonation, thus 
inducing a hyperfunctional larynx and possible future problems.  
 
If a singer has learned the proper breath techniques and followed guidance in phonation, 
articulation should come naturally. Of course, initially the singer must learn to articulate 
during training and this can be affected by relevant exercises. 
 
Following are some of the more important health issues that singers should be aware of. 
 
 Hydration of the larynx system is an extremely important requirement for vocal 

health. Body tissue works best whilst supplied with good levels of water and singers 
are recommended to drink lots of water daily. 
 

 It is of utmost importance that, if a singer experiences a cold or some infection of the 
respiratory system, they cease all phonation immediately, including speech. Studies 
have been undertaken regarding the effect of using the voice whilst experiencing a 
cold or other upper respiratory illness. Allergies, asthma, coughs and other respiratory 
disorders will affect phonation and the professional singer should be made very aware 
of when it is appropriate to practice and perform. Of course, there may not be a 
choice in the matter but the singer must be aware of these issues if the ‘show must go 
on’ and perhaps take damage limitation measures before and after the performance. 

 
 Phonation can be affected by drug use, including pharmaceuticals that may be 

required for an upper respiratory infection, as well as the obvious tobacco, alcohol, 
etc. Drugs can affect the larynx by affecting the fluid levels in the tissue, which affects 
upper respiratory secretions and the structure of the vocal folds. This has an adverse 
affect on the vocal processes. 
 

 Bad nutrition may also have a detrimental effect on phonation and this has been 
shown by the large number of voice disorders being caused by GERD, gastro-
oesophageal reflux, which is the effect of chronic acid reflux escaping from the 
superior oesophageal sphincter. It can cause dysphonia, throat pain, inflammation and 
swelling, and further result in the formation of ulcers and granulomas. Some studies 
have related GERD to formation of cancerous cells in the larynx. This is clearly not a 
minor issue and the serious professional singer will be conscious of diet and avoid 
alcohol and rich foods. 
 

 Dairy products like milk and cheese affect the vocal processes by leaving a mucous-
like film on the larynx tissue. This film causes increased effort in phonation and can 
affect a gurgling sound. Avoiding food containing milk products, specifically before a 
performance, will limit the affect. 
 

 Singers may experience phonation upsets due to changes in hormones. This can occur 
naturally, for instance through a thyroid or endocrine gland disorder, or by ingestion 
of some form of hormonal drug therapy, for example the contraceptive pill. It may be 
that the singer has a natural career span, this is especially true of choirboys. 
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The most important advice for singers, and worth repeating, is to get good vocal training 
in the first instance. If singers have not yet had training, they will still benefit by taking it 
at any point in their career. With proper guidance and following carefully the 
instructions given, singers should experience a lower level of voice disorders. Further, if a 
singer does experience a vocal disorder then taking the proper professional advice will 
limit the affects and help with quick recovery. 
 
 
 



i. Appendices 
 

187 
 

Voice Assessment Machine for Professional Singers 
 
This appendix gives an overview of the requirements needed for the building and design 
of a voice assessment system for professional singers. It is expected that the first version of 
the system will roll out in a basic state and as newer versions are designed the system will 
become available to a wider range of people and include more functions and specialities. 
 
Even though the system is intended for the use solely of classically trained professional 
singers in the first instance, it can be seen that the nature of such a system could be useful 
for all professional singers and orators as well as amateur singers and other groups. At this 
beginning stage of the design, simplicity is deemed a key requirement. Classically trained 
voices can be assumed to be technically proficient and users will understand musical 
terminology, thus groups of such singers can be analysed using the same methods without 
the processes becoming over-complex. 
 
At this stage, the system will not be concerned with analysing words or phonemes. Again, 
this may be left to later versions of the system which may be able to assess a simple phrase 
sung in the relevant language. This point can be seen to be part of aesthetic 
considerations. Other aesthetic considerations are connected to onset and offset of voice, 
and legato function between notes of the scale, or passage. These matters will be left to 
future designs. 
 
Assumptions 
 

1. The system is intended for classically trained professional singers in the first 
instance. 
 

2. System users are adult males and females (children and adolescents may be 
included at a later date). 

 
3. The system analyses the technical aspects of proficient singers and ignores 

aesthetic matters. 
 

4. Users give a diatonic major scale in simple vowel sounds at analysis time. 
 

Methodologies 
 

1. Users will select from a number of options in the first instance in order to bracket 
them within certain groups. Firstly, by sex, then by voice classes: bass, baritone 
and tenor for men; contralto, mezzo-soprano and soprano for women. These 
definitions will provide the system with information on the range of comfortable 
pitching for each group.  

 
As an initial guide, the following tonic notes for the scales are given (see page 36 
for frequency mapping). 
Bass – B2 tonic major scale 
Baritone – D3 tonic major scale 
Tenor – F3 tonic major scale 
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Contralto – C4 tonic major scale 
Mezzo-soprano – D4 tonic major scale 
Soprano – F4 tonic major scale 

 
The system will provide the first note of the scale before the user provides the 
scale starting on the given tonic note. The system will provide the same tonic note 
consistently per user for each session. 
 

2. Each group sings a major scale from their middle range, as given above, and at 
medium volume mf (mezzo forte) at both training and analysis steps. 

 
3. In testing the system it may be found appropriate for provision of better results 

for users to provide scales in both a high and low vowel at analysis time, such as 
/a/ and /i/. However, at beginning design stages the scale will be given in relaxed 
vowel /a/, as has been deemed appropriate in the current work. 

 
4. The system assumes that at training time the voices are in a healthy and 

technically proficient state. 
 
5. Each note of the scale is analysed in the same manner as described in the thesis 

work. A set of parameters is taken from the midpoint of each of the eight notes. 
Parameters include those from the acoustic and frequency domain and signals 
representing the body and cover movements of the vocal folds. 

 
6. The training and testing algorithms will use pattern classifiers such as Neural 

Networks or Support Vector Machines. Deeper discussion is needed here. 
 

7. The system will provide users with information on parameter values, either on a 
small screen in the handheld device or more intricately on a web based system, 
which may be able to provide graphs and diagrams. 

 
8. After a certain period of training the system will be able to provide information to 

the user on the state of their voice at analysis time. Again, deeper discussion is 
needed on this point, but as a rough guide, we may assume the user is interested 
in whether they are overworking or under-working their voices in any way and if 
any parameter values become adverse at any stage, suggesting a potential onset of 
pathology. After the system has been in use for some time and more data has been 
acquired from singers we may be able to pinpoint when the singer has a cold or 
other respiratory problem quite easily. We should assume such common health 
issues appear quickly and disappear after a short time and the system will take 
these things into account. 

 
Technical issues 
 

1. The system can be built in one of two ways. Firstly, a web-based system can be 
provided which users could log on to. This system would be fairly easy to set up, 
especially as we have already a large web-based database in use by medical voice 
professionals in Spain. 
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The other, more expensive option is designing a small handheld portable device 
for vocalists. This would be more useful for professional singers on tour who may 
not have access to internet services. Costs are a big consideration in the 
development of a hardware device which would need to have microphone 
technologies either built in or provided. If microphones are to be provided, it may 
be easier to go with online web systems as the user would need a microphone in 
either case. However, we may find that a user may not wish to test their voice in 
an internet café in Cairo, for example.  
 
It may be pertinent to make a small survey of professional singers to ascertain the 
most saleable option. 

 
2. The system software will be flexible in order that new modules may be added at 

future versions. Web-based software will be provided with Java applets. The 
handheld device option hardware design will not require expensive future 
amendments and additions and be amenable to software updating. 

 
Later versions 
 

1. In future versions of the system, it may be interesting to examine the voice 
registers amongst groups. This would be a complex undertaking as no clear 
definition of voice register, which can be primarily a subjective consideration, has 
yet been made. 

 
2. Later versions may include aesthetic considerations such as the analysis of short 

passages, taking into account onset and offset of voice as well as legato function. 
 
3. It may be interesting to develop a similar system into a real time “singing training” 

device. On a web-based system, users could be provided with visual feedback as to 
their progress. It has been shown in research that children learning to sing made 
great progress when visual feedback was provided. 

 
In this instance, untrained singers would attempt to map their vocal skill to the 
various visual goals provided which would be mapped to the parameters extracted 
in real time. If it is deemed reasonable to assess musical scales at training time 
then more study will need to be done on the nature of human voice tuning. A first 
approach has been taken here in the experimental stage of the thesis. 
 
For untrained singers, focus could be on pitching, legato, rhythm and intensity 
levels. For the more advanced learners visual clues on parameters, such as vocal 
tract opening or subglottal pressures, could be provided. 
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Abduction 
 

The process of the vocal folds moving apart from each other, the 
opening phase 
 

Absolute pressure  
 

The total pressure exerted on a surface (including atmospheric 
pressure) 
 

Acceleration 
 

The rate of change of velocity with respect to time, measured in metres 
per second squared 

 
Acoustic inertance 
 

A type of acoustic reactance - which corresponds to inductive 
reactance in an electrical circuit - describing a resistance of the sound 
medium caused by the inertia of the mass of the medium 
 

Acoustic power 
 

A measure, in watts, of the amount of energy produced by a sound and 
radiated into the air per second 
 

Acoustics 
 

The branch of science pertaining to the study of sound 

Adduction 
 

The process of the vocal folds moving towards each other and meeting, 
the closing phase 
 

Admittance 
 

The inverse of the impedance in electronics describing the ease at 
which the alternating current flows within the circuit 
 

Agonist-
antagonist muscle 
action 
 

When two sets of muscles oppose each other, exemplified by the action 
of the cricothyroid/thyroarytenoid muscles and the lateral 
cricoarytenoid/posterior cricoarytenoid muscles in the larynx 
  

Aliasing 
 
 

Where a sinusoid changes from one frequency to another due to an 
insufficient sampling frequency resulting in a loss of the signal’s 
information 
 

Amplitude In an oscillatory movement of a waveform, or sinusoid, it is the 
maximum excursion from equilibrium, or zero, i.e. the crest or trough 
of the wave, describing the loudness or intensity of a sound wave 
 

Amplitude 
modulation (AM) 
 

The systematic change of the cyclic parameter amplitude in a carrier 
signal and used in radio communication for combining an information 
carrying signal (such as audio) with a carrier wave  
 

Amplitude-to- 
length ratio 
 

The ratio of vibration amplitude at the centre of the vocal fold to the 
length of the vocal fold 
 

Amplitude 
spectrum 

Graphical display of amplitudes versus frequency for the set of 
sinusoidal components of a waveform 
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Angular velocity 
 

The rate of change of an angle in time with a circular or sinusoidal 
motion, ω 
 

Antinode 
 

A peak or trough in a standing wave pattern, where pressure or 
displacement is at a maximum 
 

A-P squeezing 
 

Anterior-posterior squeezing, excessive front to back movement and 
tension of the larynx during voicing; in certain circumstances a 
compensatory response to voice change or hoarseness 
 

Aperiodicity 
 

The absence of periodicity where no part of the wave repeats exactly 

Aphonia The inability to set the vocal folds into vibration 
 

Arytenoid 
cartilages 
 

A pair of cartilages in the larynx to which the vocal folds are attached 
 

Aspiration 
 

The “hissing” sound made by turbulent airflow preceding or following 
vocal fold vibration 
 

Asthenic (lax) 
voice 
 

A voice that sounds low in effort and is weak, caused by the 
hypofunction of laryngeal muscles 
 

Atrophy 
 

The wasting away, or decreasing in size, of bodily tissue cells due to 
aging or disease 
 

Bel canto 
 

A style of operatic singing characterised by full, even tones and a 
brilliant display of vocal technique 
 

Bernoulli 
principle 

The physical law that states when the energy in a fluid confined to a 
duct or pipe – such as in the air in the vocal tract – is constant (i.e. 
there are no losses), an increase in particle velocity must be 
accompanied by a decrease in pressure, and vice versa 
 

Big O notation 
 

A description of the time taken to computationally process an 
algorithm 
 

Biomechanics 
 

The study of the motion of living material under known or assumed 
forces 
 

Biphonic 
 

The perception of two pitches due to two different sources of sound, 
e.g. sound from both the true folds and false folds 
 

Bleat 
 

Machine gun vibrato caused by nervousness or excessive physical 
tension 
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Boyle’s law 
 

The physical law that states that in a soft-walled enclosure and at a 
constant temperature, pressure and volume are inversely related 
 

Breathy voice Resulting from a widened glottis with excessive airflow producing air 
turbulence 
 

Capacitance 
 

The amount of electrical charge that is stored by a capacitor measured 
in Farads 
 

Chant 
 

A short, simple series of syllables or words that are sung on, or intoned 
to, the same note of a limited range of notes 
 

Chest register 
 

A register that appears to be related to a strong phase delay between 
the upper and lower margins of the vocal folds. In singing, a tracheal 
resonance seems to enhance this register which is often used 
interchangeably with modal register 
 

Compression 
 

A region of high pressure in medium particles, also known as a 
condensation 
 

Compressional 
stress 
 

Stress which is applied in the direction moving toward the surface of 
the tissue 
 

Constructive 
interference 
 

The meeting of two or more waves, peak-to-peak or trough-to-trough, 
so that enhancement occurs 
 

Contact ulcer 
 

A lesion caused by irritation on the vocal processes, such as acidic 
liquids, or mechanical stress; usually acquired by people who have 
gastro oesophageal reflux or speak with a pressed voice 
 

Continuity law - 
incompressible 
flow 
 

Incompressible flow in a duct or pipe is constant regardless of area 

Continuous signal 
 

A signal formed from continuous data, e.g. a voltage that varies with 
time, also termed analogue signal 
 

Conversion 
aphonia 
 

A symptom in which muscle activation patterns prevent the vocal 
folds from being set into vibration, caused by extreme emotional 
distress 
 

Convolution 
 

The mathematical process of taking two signals and producing a third 
 

Convolver 
 

An algorithm that implements convolution 
 

Corner vowels 
 

|a|, |i|, and |u|, vowels at the corner of the vowel triangle, they need 
extreme placements of the tongue 
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Cost function 
 

In optimising complex mathematical problems, the cost function 
measures the effectiveness of the solution 
 

Covered voice 
 

A darkened quality of voice caused by rounding and protruding the 
lips or by lowering the larynx where the formants are usually lowered 
and a stronger fundamental is obtained - much like the use of a mute 
in brass instruments to obtain a muffled sound 
 

Creaky voice 
 
 

A voice that sounds like a creaky door or two hard surfaces rubbing 
together containing a complex pattern of subharmonics and 
modulations and reflects a complexity of vibration modes in the vocal 
folds 
 

Cricoid cartilage 
 

A solid ring of cartilage that surrounds the airway, located directly 
below the thyroid cartilage 
 

Cricothyroid 
muscles 

A pair of muscles that primarily control pitch by lengthening the vocal 
folds by pulling the thyroid cartilage forward 
 

Cysts Benign sac-like lesions with a hardened core 
 

Damping 
 

The diminishing energy of vibrations 
 

Decibel (dB) 
 
 
 

A unit used to express relative difference in power or intensity of 
sound between two acoustic or electric signals, equal to ten times the 
common logarithm of the ratio of the two levels 
 

Degrees of 
freedom 
 

An expression of the flexibility of an object 
 

Destructive 
interference 
 

The meeting of two or more sound waves at peak to trough causing full 
or partial cancellation of each other 

Diplophonia 
 

The audible perception of two distinct frequencies, an octave apart 
from each other 
 

Displacement flow
 

Air in the glottis that is squeezed out when the vocal folds come 
together 
 

Dysphonic 
 

Abnormal in phonation, vocal folds do not vibrate normally 

Dystrophy 
 

A malfunctioning of cells 
 

Edema An excessive accumulation of fluid in tissue spaces, or a body cavity; in 
the vocal process this does not necessarily impede vibration but it may 
add a crackly, noise component to the sound of the voice 
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Electroglottograph
(EGG) 

Non-invasive medical instrument that measures the vibration of the 
vocal folds 
 

Energy 
 

The capacity of a system for doing work, defined as the capability of 
doing work (potential energy) or the conversion of this capability to 
motion (kinetic energy) 
 

Epiglottis 
 

The flap that closes over the trachea in swallowing, to protect the 
lungs from food objects 
 

Epithelium The thin, layered and scaly skin forming the exterior of the vocal folds 
 

False vocal folds 
 

See Ventricular folds 

Falsetto register 
 

A register in which the voice is perceived to be continuous (non-
pulsed) and weak in timbre. Acoustically, the fundamental frequency 
carries the greatest amount of energy and only partial contact is made 
between the vocal folds, especially vertically, see Loft 
 

Fast Fourier 
Transform (FFT) 
 

An efficient algorithm for calculating the discrete Fourier transform 
(DFT) which greatly reduces computational time 
 

Fibrosis 
 

Cross-linking between parallel fibre strands in a reparative or reactive 
process, creating an excess of fibres 
 

Flow (air) 
 

The volume of air passing a given cross section of a tube or duct per 
second, measured in m3/s 
 

Flow resistance 
 

The ratio of pressure to flow 
 

Fluctuation A back and forth irregular movement, indicating a severe instability in 
a system and deviation from an expected pattern  
 

Flutter 
 

Phonation with amplitude or frequency changes (or both) in the 10-
12Hz range 
 

Force A push or a pull; measured as the rate of change of momentum over 
time (see Newton’s Universal Law 2) measured in newtons 
 

Formant 
 

A resonant frequency of the vocal tract. F1 is produced by the 
throat/pharynx and F2 is produced by the mouth and it is these 
formants that define the vowel shape 
 

Formant band 
width 
 

The difference in frequency between the two points on either side of 
the slope of a resonance curve where the response is 3dB lower than at 
the peak 
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Formant tuning 
 

A boosting of vocal intensity when the fundamental frequency or one 
of its harmonics coincides with a formant frequency 
 

Fourier Transform 
 

The process of transforming events in time to frequencies by 
mathematical techniques which decompose signals into sinusoids 
 

Frequency 
modulation (FM) 
 

The systematic change of cyclic parameter frequency in a carrier signal 

Fricative 
 

Human speech sound produced by random noise air turbulence in a 
constriction of the vocal tract, such as s, f, sh, z, v, and th 
 

Functional vocal 
disorder 
 

A disorder resulting from misuse of the vocal mechanism, either from 
abusive or inappropriate vocal production 
 

Gastro-
oesophageal reflux 
(GERD) 
 

The effect of digestive acids escaping from the superior oesophageal 
sphincter and irritating laryngeal tissue 
 

Glottal pulse 
 

The air flow that bursts through the glottis at each opening phase, also 
called glottal flow  
 

Glottal resistance 
 

The ratio between subglottic pressure and transglottic airflow worked 
out by dividing the pressure across the glottis by the flow through the 
glottis 
 

Glottal source 
 

The derivative of the glottal pulse, representing the sound wave 
propagated from the glottis into the vocal tract 
  

Glottal stop 
 

A transient sound produced by onset or offset of phonation which 
defines the nature of the vocal attack and release 
 

Glottalised voice 
 

A voice that contains frequent transient sounds (clicks) that result 
from relatively forceful adduction or abduction during phonation 
 

Granulation tissue New connective tissue and tiny blood vessels that form on the surface 
of a wound during the healing process 
 

Granuloma 
 

A mass of inflamed granulation tissue, usually associated with 
ulcerated infections 
 

GRBAS Acronym defining perceptual evaluation of voice by therapists, where 
G=grade, R=rough, B=breathy, A=asthenic, S=strain: 0 is normal and 3 
is extreme 
 

Hidden Markov 
Model (HMM) 

Statistical model determining hidden from observable parameters 
assuming probability distribution of future states is independent of past 
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High vowels 
 

Vowels that are phonated with the jaw high, thus the mouth is nearly 
closed and the tongue is close to the roof of the mouth; such as in /i/ 
and /u/ Spanish vowel sounds 
 

Hoarse voice 
 

The combination of rough and breathy voice 
 

Honky voice 
 

A voice quality associated with excessive acoustic energy coupling to 
the nasal tract, characterised by a low frequency murmur and spectral 
zeros 
 

Hooke’s law 
 

The law stating that the stress on a body is proportional to the strain, 
or force is proportional to elongation  
 

Hyperfunction 
 

Overuse of a system in the body 

Hypofunction 
 

Under use of a system in the body 

Hypopharynx 
 

The laryngeal part of the pharynx extending from the hyoid bone to 
the lower margin of the cricoid cartilage 
 

Idiopathic vocal 
disorder 
 

Laryngeal abnormalities affecting the voice where there is no known 
or observable cause 

Impedance 
 

A measure for the opposition of current flow in an electrical circuit, 
measured in ohms 
 

Impulse response 
 

The output of a system when the input is a normalised impulse, i.e. a 
delta function 
 

Inductance 
 

The measure of magnetic flux produced by an electrical current which 
resists a change in current, measured in Henries 
 

Inertance  
 

The acoustic equivalent of inductance 

Inertia The resistance of change in momentum by a body, sluggishness 
 

Infrasonic A sound wave with a vibratory frequency of less than 20Hz, inaudible 
to human beings 
 

Intensity 
 

The amount of energy transported past a given area per unit of time, 
measured as power/area and given in watts/m2, decreasing in an 
inverse square relationship with the distance from the source 
 

Juvenile 
papillomatosis 
 

A disease in children and young people characterised by a clustering of 
papillomas on the vocal folds and around the larynx  
and trachea 
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Keratin 
 

A tough, fibrous protein 
 

Keratosis 
 

A layered build up of keratinised cell tissue which forms a horny 
overgrowth of tissue on the medial edges of the vocal folds 
 

Kilopascal 
 

A unit of pressure. 1kPa is approximately the pressure exerted by a 10 
gram mass resting on a 1cm2 area  
 

Kinetic energy 
 

The energy of matter in motion, ½ mv2 where m is mass and v is 
velocity, measured in Joules (1 Joule = a 2kg mass moving at 1.0m/s) 
 

Lamina propria The layered system of non-muscular tissues lying between the 
epithelium and the muscle of the vocal folds 
 

Laryngeal cleft 
 

A congenital disorder which involves the splitting of the cartilaginous 
structure of the larynx into two halves 
 

Laryngeal web 
 

A congenital disorder where the vocal folds have failed to separate 
 

Laryngitis 
 

Inflammation of the tissues of the larynx, connected with a viral 
infection 
 

Laryngocele 
 

An enlargement of the ventricular space between the false vocal folds 
and true vocal folds; thought to be due to excessive pressure in the 
laryngeal region 
 

Laryngology 
 

The study of the health of the larynx and the voice processes 

Laryngomalacia 
 

A severe case of an abnormally shaped epiglottis constricting the 
supraglottal airway 
 

Laryngoscope  An instrument used by scientists to inspect the larynx 
 

Leukoplakia A thick white plaque-like substance covering the superior surface, or 
medial edges, of the vocal folds in diffuse patches 
 

Lift 
 
 

A transition point along a pitch scale where vocal production becomes 
easier (lifted), a term used to describe register transitions 
 

Linearity 
 

Mathematical rules of homogeneity, additivity and shift invariance 
give a signal its Linearity which allows for processing 
 

Loft 
 

A term for the highest (loftiest) register, usually referred to as falsetto 
voice 
 

Loudness The magnitude of the auditory sensation produced by the amplitude of 
the sound wave, assessable only with an auditory system, e.g. ear 
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Low vowels 
 

Vowels sounds produced with the jaw in a low position, thus creating 
an open space in the mouth with the tongue placed close to the lower 
palate; such as in /a/ and /e/ Spanish vowels 
 

Mean intraglottal 
pressure 
 

A measure of the average pressure at the medial surfaces of the vocal 
folds 
 

Mean squared 
error 

The squared difference between the actual values and the expected 
values of a data set, averaged over the number of values 
 

Mechanical 
equilibrium 
 

The state in which all forces acting on a body cancel each other out, 
leaving a zero net force in all directions 

Mechanical 
oscillation criteria 
 

A stable equilibrium position; inertia in the system to overshoot the 
equilibrium position; in self-sustaining oscillation, the net energy loss 
per cycle of oscillation must be zero 
 

Mel Frequency 
Cepstral 
Coefficients 
(MFCC) 
 

Coefficients taken from voice signals by logarithmic representation of 
the cepstrum (spectrum of the spectrum) 

Modal register 
 

A register appearing to be related to a strong phase delay between the 
upper and lower margins of the vocal folds, perceived to be continuous 
and relatively rich in timbre 
 

Momentum The potential force of one object when colliding with another, 
described as mass multiplied by velocity 
 

Mucocele 
 

A benign sac-like lesion with a liquid core, see Cysts 

Mucosal wave 
 

The travelling wave effect seen on the vocal folds in vibration due to 
the distribution of masses on the body cover and related tissues 
 

Muscular tension 
dysphonia 
 

Excessive longitudinal tensions or prephonatory positioning that 
impedes vibration of the vocal folds 

Mutational 
dysphonia 

A disorder in which vocal pitch and vocal fold vibration assume 
characteristics of the opposite sex 
 

Myoelastic-
aerodynamic 
theory 
 

A theory describing vocal fold vibration in which the Bernoulli effect 
(negative pressure at the glottis), tissue elasticity and vocal fold 
collision are combined to produce oscillation 
 

Nasal voice 
 

Associated with excessive opening of the velar port in vowel 
production, see Honky and Twangy voice 
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Natural oscillation When a system meeting the mechanical oscillation criteria is allowed 
to move without interference after the initial disturbance 
 

Nearly-periodic 
 

A term for quasi-periodic in voice analysis used to avoid confusion 
with the science of physics definition 
 

Neurogenic vocal 
disorder 
 

Vocal disorders resulting from a disruption to the neural supply to the 
larynx 

Newton 
 

Unit of force which when applied to 1kg mass causes an acceleration of 
1 metre per second per second  
 

Newton’s 
Universal Law 1 
 

An object will stay at rest (or move at a constant velocity) unless acted 
upon by a force 
 

Newton’s 
Universal Law 2 
 

The force required to accelerate an object (to change its velocity) is 
directly proportional to its mass; (f = ma) 

Newton’s 
Universal Law 3 
 

For every action (force on an object) there is an equal and opposite 
reaction (force on another object) 

Node 
 

A valley in a standing wave pattern, where pressure or displacement is 
minimum 
 

Nodules Growths occurring on the vocal fold surfaces, generally bilaterally 
 

Nyquist theorem A theorem stating that when an analogue waveform is digitised, only 
the frequencies in the waveform below half the sampling frequency 
will be recorded 
 

Oesophagus The food pipe 
 

Organic vocal 
disorder 
 

Vocal disorders resulting from an organic change to the vocal fold 
tissue, regardless of how the vocal mechanism was used 

Overtones 
 

Tones within the sound spectrum other than the fundamental 
frequency having an integer value relationship with the fundamental 
frequency, see Harmonic 
 

Papilloma A small, benign, epithelial tumour appearing anywhere on or near the 
vocal folds, attributed to viral infections 
 

Pascal 
 

International standard unit of pressure; one Newton/m2 

Pascal’s law 
 

Pressure is transmitted rapidly and uniformly throughout an enclosed 
fluid at rest 
 

http://dictionary.reference.com/search?q=analogue
http://dictionary.reference.com/search?q=sampling%20frequency
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Pass band 
 

A band of frequencies a filter is designed to pass unaltered; it is the 
high flat region in a filter spectrum 
 

Passaggio 
 

Passages on a pitch scale where the voice tends to change register 
involuntarily 
 

Period doubling 
 

A bifurcation in which two adjacent cycles become unequal, but 
together form a new period of twice the original length 
 

Periodicity 
 

The quality of recurring at intervals, having a period, also termed 
cyclic or harmonic 
 

Perturbation 
 

A minor disturbance of, or small change from, the expected behaviour 
of a cyclic variable (period, amplitude, etc) that is constant in regular 
periodic oscillation 
 

Perturbation 
function 

A time series of differences between selected cyclic parameters that are 
delayed or advanced in time, e.g. the first-order difference function of 
the F0 contour 
 

Pharynx 
 

The tube with the larynx at the bottom; part of the resonant chamber 
for vocal production; throat directly above the larynx 
 

Phase delay 
 

The amount by which the phase of an output signal is delayed as 
compared to its input signal 
 

Phase space 
 

A space defined by two or more independent dynamical variables (in 
particular, position and velocity) to plot the trajectory of a dynamically 
varying object 
 

Phonation 
threshold pressure 
 

The minimum level of lung pressure required to excite vocal fold 
oscillation at a given pitch 

Phonemes 
 

A combined inventory of speech sounds (voiced or unvoiced) for a 
given language 
 

Phonetics 
 

The science concerned with the description and classification of 
phonemes 
 

Phonosurgery 
 

The surgical techniques for dealing with severe voice pathology 

Pitch 
 

The perceptual measure of a sound, with a high-low range, the 
primary acoustic factor being fundamental frequency 
 

Polar form 
 

Representation of sinusoids by their magnitude and phase,  
Mcos(ωt + Φ), where M is magnitude and is Φ phase, see Rectangular 
form for comparison 
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Polyp 
 

A localised or distributed edemic growth occurring on the vocal fold 
surfaces due to irritation of the epithelium 
 

Polypoid 
degeneration  

Also known as Reinke’s Edema, characterised by a fluid-filled superior 
layer of the lamina propria due to chronic vocal fold trauma 
 

Posterior 
cricoarytenoid 
muscle 
 

The pair of intrinsic laryngeal muscles that are the primary abductors 
of the vocal folds 
 
 

Power 
 

The rate of delivery of kinetic energy to another object, measured in 
watts; the energy/time ratio in the air medium 
 

Presbyphonia 
 

The bowing of the vocal folds caused by muscle atrophy, literally, the 
aging voice 
 

Pressed voice 
 

Phonation in which the arytenoid cartilages are pressed together 
resulting in a constricted glottis with relatively low airflow; there is 
also medial compression of the vocal fold tissue. Acoustically, the 
fundamental is weakened relative to the overtones 
 

Pressure 
 

The amount of stress applied to a tissue, measured as force per unit 
area 
 

Pulse register A register with perceived temporal gaps, also known as vocal fry 
 

Quasi-periodic  A special case of aperiodicity where there is only a small deviation 
from periodicity, see Nearly periodic 
 

Radian The angle obtained when the arc along the circumference of a circle is 
equal to the radius, approximately 570 or 1800/π 
 

Rarefactions Regions of low air pressure, a decrease in density of a medium 
 

Rectangular form 
 
 

Representing a sinusoid by the form Acos(ωt) + Bsin(ωt), where A is 
the real part and B is the imaginary part, see Polar form for comparison 
 

Register A major category and distinct region of voice quality (e.g. modal, 
falsetto, chest, head etc) that can be maintained over a range of pitch 
and intensity 
 

Reinke’s space The superior layer of the lamina propria 
 

Relative pressure The measure of stress applied by fluid particles to adjacent or wall 
particles in reference to atmospheric pressure of some other standard, 
i.e. will be positive or negative dependent on the benchmark 
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Resistance 
 

A material’s opposition to the flow of electric current, measured in 
ohms 
 

Resonance When forced oscillation is synchronized with natural oscillation, or 
the tendency of a system to vibrate at a particular frequency 
 

Resonant voice 
 

A voice quality that rings on or carries well, acoustically ample 
formant energy is excited 
 

Resonator Anything possessing the properties of mass and compliance, for our 
study this refers to the vocal tract, including pharynx and nasal cavities
 

Reynold’s number 
 

A quantity which helps characterise fluid flow through constrictions, 
varying with the type of fluid. Above a certain critical value fluid is 
turbulent, and below the value fluid is smooth and laminar 
 

Ringing voice 
 

A brightened quality, containing the Singer’s Formant 

Root-mean-
squared (RMS) 
error  

Operation involving the squaring of each of a set of numbers, finding 
the mean value of the squared numbers and finally taking the square 
root of the mean value as a common measure of variability 
 

Rough voice 
 

An uneven, bumpy voice quality that appears to be unsteady in the 
short term but stationary in the long term, the waveform is often 
aperiodic with modes of vibration lacking synchrony 
 

Sampling rate 
 

The rate for conversion of an analog to digital signal (for voice usually 
44.1 kHz) see Nyquist theorem 
 

Sampling theorem 
 
 
 

If the frequency of any wave contained within a signal is greater than 
one half of the Sampling rate then aliasing will result and corrupt the 
data 
 

Self-sustained 
oscillation 
 

Oscillation that continues indefinitely requiring a steady source of 
internal energy and some non-linear interaction among the internal 
components 
 

Shear stress 
 

A stress that is applied tangentially to the surface of the tissue 
 

Shimmer A short-term (cycle-to-cycle) variation in the amplitude of a signal 
 

Short Time 
Fourier Transform 
(STFT) 
 

Fourier transform of short segments of an input signal, such as separate 
cycle of phonation 

Singer’s formant A secondary peak of acoustic energy around 3,000Hz which enables 
the male singer to be heard over an orchestra 
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Source-filter 
theory 
 

The source is the time-varying glottal airflow and the filter is the vocal 
tract. The glottis produces a sound of many frequencies and the vocal 
tract filters a subset of these. The combined information becomes the 
output voice signal. 
 

Spasmodic 
dysphonia 
 

A voice disorder characterised by intermittent phonation and a 
strained/strangled production 

Spectral analysis 
 

Understanding a signal by analysing the amplitude, frequency and 
phase of its component sinusoids 
 

Spectral slope The measure of how the amplitudes of successive components in the 
frequency spectrum decrease with increasing frequency, influencing 
timbre 
 

Spectrogram 
 

A spectrographic display of a sound signal; a graphic or photographic 
representation of a spectrum where time is on the horizontal axis and 
frequency is represented in greyscale or colour 
 

Spectrograph 
 

A machine that produces visual representations of a signal over time, 
see Spectrogram 
 

Speech therapy Professional medical care into the diagnosis, analysis, prevention and 
care of speech disorders 
 

Standing wave 
 

A wave that appears to be standing still, occurring when waves with 
the same frequency and wave length moving in opposite directions 
interfere with each other 
 

Stochastic 
 

Involving or containing a random variable or variables, involving the 
chance of probability 
 

Stop band 
 

A band of frequencies rejected by a filter; the low region in a filter 
spectrum 
 

Strain The measure of elasticity or deformation in which the laryngeal tissue 
responds to various types of stress, by elongation or contraction 
 

Strained (tense) 
voice 

A voice that appears effortful. Hyperfunction of the neck muscles is 
apparent and the entire larynx seems compressed 
 

Stress Force per unit area, describing surface interactions 
 

Stridor 
 

A harsh, high-pitched sound in inhalation or exhalation 
 

Strohbass 
 

German for straw bass; it is the pulse register in singing voice 
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Subglottic 
pressure 
 

The overpressure of air below the glottis required by the vocal folds for 
producing sound 
 

Subharmonic  
 

Frequency component lying between/below harmonic frequencies that 
is a rational division of the fundamental frequency, e.g. 1/2 or 1/3 
 

Sulcus vocalis 
 

Pathology characterised by a ridge or furrow running horizontally 
along the media surface of the folds, usually bilaterally. The edge of the 
fold will appear to be bowed 
 

Superposition 
 

The resulting signal when two (or more) signals are received 
simultaneously 
  

Synthesis and 
analysis 
 

In signal processing this is the breaking down of a complex signal into 
its component parts in order that it can be more easily manipulated 
and reconstructed again sufficiently at a later point 
 

Tensile stress 
 

A stress that points away from the surface of the tissue, tending to pull 
an object apart 
 

Tessitura  
 

The prevailing range of a vocal or instrumental part within which 
most of the tones lie 
 

Thyroarytenoid 
muscles 
 

This pair of muscles make up the major part of the vocal folds and act 
on shortening the vocal folds 
 

Thyroid cartilage A cartilage made up of two plates joined at a midline forming an angle 
of 90-120 degrees; in men this angle is smaller and can be seen as the 
protrusion known as the Adam’s Apple 
 

Timbre The human perception of the quality of a sound, determined by the 
various harmonics present in the sound and their relative strengths 
 

Trachea The wind pipe 
 

Tracheal stenosis 
 

A congenital disorder where a constricted region in the trachea 
reduces the diameter of the subglottal airway and hinders breathing 
 

Tracheoeso-
phageal fistula 
 

A congenital disorder where a hole exists connecting the trachea and 
oesophagus 

Tremor 
 

A 4-6Hz modulation of a cyclic parameter, e.g. amplitude or 
fundamental frequency 
 

Trill 
 

Like a vibrato, except there is a deliberate attempt to alternate between 
a one note and a note above it 
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Trillo Rapid repetition of the same note including repeated voice onset and 
offset 
 

Turbulence 
 

Irregular movement of air, similar to white water which usually causes 
a hissing sound 
 

Twangy voice 
 

A sharp, bright quality, as produced by a plucked string; often 
attributed to nasality but is probably more laryngeal based and usually 
part of a dialect or singing style, like Country & Western 
 

Ultrasonic A sound wave vibrating at over 20,000Hz, inaudible to human beings 
 

Unvoiced sound Sound produced in the vocal tract without the vibration of the vocal 
folds 
 

Velocity 
 

The rate of change of displacement with respect to time, measured in 
metres per second 
 

Velum 
 

The soft palate or the area at the back of the nose connecting it to the 
throat and breathing tube 
 

Ventricular folds A few millimetres above the vocal folds, also covered by a mucous 
membrane, is a similar pair of folds which do not adduct fully (also 
known as the false vocal folds) 
 

Ventricular 
phonation 

Phonation created by the ventricular folds. Unless intentional, this is 
considered an abnormal muscle pattern dysphonia, associated with 
hyperactivity in the ventricular fold region 
 

Vibrato Acoustically a 4-7Hz sinusoidal modulation of fundamental frequency, 
caused by a physiological tremor in the cricothyroid and 
thyroarytenoid muscles 
 

Video-
laryngoscopy 

A rigid fibre-optic cable is inserted into the mouth, or a flexible fibre-
optic cable is inserted into a nostril in order to view the larynx in 
action (videostroboscopy) 
 

Visco-elastic 
material 
 

A material that exhibits characteristics of both elastic solids and 
viscous liquids (e.g. the vocal folds) 
 

Viscosity 
 

A measure of how difficult it is for a fluid to flow, formally the ratio of 
shear stress to the rate of change of shear strain, part of the losses 
factor 
 

Vocal fold 
stiffness 

The ratio of the effective restoring force (in the medial-lateral 
direction) to the displacement (in the same direction) 
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Vocalisation 
 

Sound produced by vocal fold vibrations but more applicable to non-
speech or pre-speech sounds, as in singing exercises  
 

Vocology 
 

The science of vocal rehabilitation and treatment of voice disorders 
 

Voice Range 
Profile VRP 

A map of a vocalist’s range, at loudest and softest soundings, also called 
a phonetogram 
 

Voiced sound 
 

Sound produced by the vibrations of the vocal folds 

Wave impedance The amount of pressure that is produced for a given speed of air 
particles 
 

Whisper Speech produced by a turbulent glottal airflow in the absence of vocal 
fold vibration 
 

Whistle register 
 

A register in which the sound is perceived as a whistle, usually high in 
pitch and flute-like in quality 
 

Wobble Vibrato in the 2-4Hz range caused by poor muscle tone or vocal fatigue
 

Wow Phonation with amplitude and/or frequency changes in the 1-2Hz 
range 
 

Yawny voice 
 

A quality associated with a lowered larynx and widened pharynx, as in 
a yawn 

 


	 
	  
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	  
	 
	 
	 

	 
	 
	 
	 
	  
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	  
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 


