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ABSTRACT

People with motor function disorders that cause dysarthric speech find difficulty using state-of-
the-art automatic speech recognition (ASR) systems. These systems are developed based on non-
dysarthric speech models, which explains the poor performance when used by individuals with
dysarthria. Thus, a solution is needed to compensate for the poor performance of these systems.
This thesis examines the possibility of quantifying vowels of dysarthric and non-dysarthric speech
into codewords regardless of inter-speaker variability and possible to be implemented on limited-
processing-capability machines. I show that it is possible to model all possible vowels and vowel-
like sounds that a North American speaker can produce if the frequencies of the first and second
formants are used to encode these sounds. The proposed solution is aligned with the use of neural
networks and hidden Markov models to build an acoustic model in conventional ASR systems. A
secondary finding of this study includes the feasibility of reducing the set of ten most common

vowels in North American English to eight vowels only.
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Chapter 1

Introduction

Speech commands are one way to interact with the machines around us to perform certain
tasks. Some people consider using their voice to complete a task is fancy, while others consider it
a necessity to improve their quality of life and increase their independence. Thus, developing a
robust Automatic Speech Recognition (ASR) system that works for different speech types is a
necessity. Dysarthric speech results from motor function disorders that cause a disturbance in the
control over speech articulators [1]. Although dysarthric speech is linguistically normal, the
articulation of speech is unclear [2]. Therefore, human listeners and machines may find it difficult
to recognize dysarthric speech. Most state-of-the-art ASR systems are built based on models of
non-dysarthric speech. This explains the poor performance of these systems when used by
individuals with dysarthria. In some cases, these systems are completely incapable of recognizing
even a simple isolated word.

A popular approach to solve this problem, is to use Artificial Neural Networks (ANNs).
Researchers working on tasks mimicking the recognition abilities of humans, such as speech
recognition and image recognition, commonly use ANNs to solve these problems. The ability of
the ANNs to learn and predict or classify patterns makes them a powerful solution to many
problems. Despite the powerfulness of ANNs, Researchers could not, yet, adjust ANNs based
models to recognize all degrees of dysarthric speech using a single model. This raises the question

whether or not a robust model of speech data that accommodates all degrees of dysarthric speech



from severe dysarthria to no dysarthria in a certain language regardless of the inter-speaker
variability and without the need for strong processing capabilities and a large amount of data exists.

To explore answers to this question, the characteristics of dysarthric speech need to be
understood. Unclear articulation is the main identifier of dysarthric speech, which makes the
problem of dysarthric speech recognition an articulation problem. Thus, the incorporation of
articulatory knowledge in an ASR system is necessary to reflect the different articulation in the
spectrum of dysarthric speech, which facilitates solving the problem. Conventionally, ANNs are
fed with features based on speech perception mechanisms, such as the Mel Frequency Cepstral
Coefficients (MFCC), which does not reflect the differences in the dysarthric speech spectrum. A
direct way to obtain articulatory knowledge is to use electromagnetic articulography (EMA) to
capture the state of the articulators while producing sounds. Nevertheless, this is an invasive
technique. Another way to obtain articulatory knowledge is by using a microphone to collect
speech signals and then perform an acoustic-to-articulatory inversion process.

A characteristic of dysarthric speech is that individuals with severe dysarthria can produce
vowels easier than any other phoneme. Some phonemes are produced with a greater control over
the articulators. For instance, phonemes that require full closure of the mouth like the consonant
/P/ or phonemes that are produced by nasal coupling like the nasal /M/. These phonemes can be
the most unintelligible sounds in dysarthric speech and can be the hardest to be recognized by a
machine. In general, vowel production requires the least control degree over the articulators
compared to other phonemes. This problem can be approached by developing a vowel-oriented
ASR system. This is possible since vowels hold information about the production process of the

vowel and its neighboring phonemes. This phenomenon is called coarticulation and can be used in



the recognition of dysarthric speech. Once vowels are correctly recognized, the task of identifying

other phonemes is simplified. Thus, the focus of the proposed solution in this research is on vowels.

1.1. Approach

The acoustic model of a conventional ASR system is trained with a large amount of data
based on the speech perception mechanism. The basic architecture of an ASR system is illustrated
in Figure 1.1 below. The proposed solution replaces the conventional acoustic model with a model

that has only two parameters and is based on the sound articulation mechanism.

AcousticModel
Speech Signal Text
——  » Data Acquisition » FeatureExtraction Classifier >
LanguageModel

Figurel.1: The basic architecture of typical ASR systems.

Figure 1.1 depicts the architecture of conventional ASR systems. First, the speech signal
is acquired through a microphone. Then, features are extracted from the signal. The extracted
features are then processed according to the acoustic and language models. The acoustic model is
responsible for interpreting the features into phonemes and the language model is responsible for
identifying all possible sequences of words. Both models are usually based on ANNs, and the
acoustic model is usually built to mimic speech perception which is non-adjustable to
accommodate all degrees of dysarthric speech. The outcome of these models is passed through a
classifier that outputs text.

The features extracted from an acoustic signal hold information about the vocal tract’s

configuration state. It will be shown that only two features are enough to model the vowels and



vowel-like sounds that are possible to be produced by all possible combinations of jaw and tongue
positions. The jaw opening is quantified by the frequency of the first formant (F1), and tongue
position is quantified by the frequency of the second formant (F2). These two frequency-domain
features are used to quantify all possible vowel and vowel-like sounds produced by any North
American English speaker into codewords, and to build a vowel-oriented acoustic model. This
model uses the minimum number of features and requires minimum processing capabilities to

allow operation on machines as small as a smart watch.

1.2. Thesis Outline

Some of the thesis chapters are written as papers. Namely Chapter 4, Chapter 5, and
Chapter 6. Other chapters are written as normal thesis chapters. The thesis is organized as follows:
Chapter 2 provides a background of the concepts used in the thesis. Then, Chapter 3 lists the related
works in the area of speech recognition in general and the area of dysarthric speech recognition in
particular, emphasizing works that incorporated articulatory knowledge. Chapter 4 explores the
recognition of vowels based on the relation between jaw opening width and frequency of the first
formant, as determined from the results in [3]. The set of ten common vowels in North American
English is divided into groups based on the mean F1 frequency of each vowel. Similarly, in Chapter
5, the set of ten common vowels in North American English is divided into groups based on the
mean F2 frequency of each vowel. F2 is considered to quantify the tongue position based on results
from [3]. After the study of features in Chapters 4 and 5, Chapter 6 discusses how F1 and F2 are
used to provide a domain of codewords, each representing a vowel or a vowel-like sound. The
domain is used to recognize vowels in North American English regardless of inter-speaker

variability and may be implemented on limited-processing-capability machines without the need



for a large amount of data to build the domain. This chapter also explains how this domain is used
to recognize the rest of the phonemes in North American English. Finally, Chapter 7 provides a
summary of the contributions that resulted from this research and proposes how the findings from
Chapter 6 may be used in the future in commercial or clinical applications. In addition, Chapter 7

discusses the areas of this research where further investigation might be conducted.



Chapter 2

Background

This chapter presents a more thorough view of the fundamental concepts used in this thesis.
The first section studies the sound production process as a physical movement of speech organs
and describes the nature of these sounds. It also clarifies when a sound is considered a language
unit. Section 2.2 discusses the way humans and machines process the received sound signals as
speech. Section 2.3 presents information about dysarthric speech in terms of its nature and how it
differs from non-dysarthric speech.

Terminology: The term “sound production” is used throughout this thesis instead of
“speech production” when talking about the production process only. The reason for using “sound”
instead of “speech” is that speech is a process that includes the planning stage in the brain, while
sounds simply arise from air flowing through the physical configuration of the vocal system. In
developing ASR systems, the planning stage in the brain is not included. Thus, if we refer to the
sound as a result of the articulators’ movement, it is more accurate to use the term “sound” instead
of “speech”. Once the listener perceives the sound and process it to retrieve speech, we can use
the term “speech” because the processing stage in the brain is involved. For example, Section 2.2
uses the term “Speech Processing” as it handles the processing of sounds in the brain to retrieve

speech.



2.1. Sound Production

Sound is generated by air flowing through the vocal system. The production of different
sounds depends on different vocal system shapes and configurations as in musical instruments.
The energy of the sound is controlled by the abdominal muscle that controls the amount of air
entering the lungs [4]. The shape of the vocal system is determined by the shape of its parts; the
vocal tract, and the nasal tract. The vocal tract starts at the glottis and ends at the lips, containing
the pharynx and oral cavity. The vocal tract length is typically 17 cm in an adult male, and its
cross-sectional area is around the range of 0-20 cm? [4]. The nasal tract starts at the velum and
ends at the nostrils and is about 12 cm long [4]. Lowering the velum couples the two tracts, which
is a technique used to produce nasals, a class of sounds that will be discussed later. There are more
than 100 muscles that can be active simultaneously during one second of speech, which makes no
sound produced the same each time it is uttered [5]. Figure 2.1 below shows the main articulators
of the vocal system and sub-system that are responsible for sound production. In this thesis, the
effect of two main articulators is examined. The two articulators, namely the jaw and the tongue,
contribute to the sound properties by controlling the vocal tract cross sectional area. The jaw
muscle can move in a complex three-dimensional manner, controlled by the masseter, temporalis,
and medial pterygoid muscles [6]. Indirectly, the jaw assists the positioning of the tongue and lips
[42]. The tongue is the most complex articulator consisting of 12 muscle pairs, it is flexible, and it
takes about 50 ms to change from one position to the another [7]. The following subsections
discuss two important aspects of the sounds: the classification based on the mechanism to produce

the sounds, and how they can be considered part of a language.
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Figure 2.1: The articulators involved in the sound production process (From [4]).

2.1.1.Classification of Sounds Based on their Production Mechanism

The books written by Rabiner and Schaffer [§], and Flanagan [4] provide information on
the mechanism of sound production and form the basis of this subsection. Sounds can be classified
according to the mechanism of producing them. For example, in [8] it is suggested that sounds can
be classified according to their excitation mode into three classes. The first class is Voiced sounds,
which are identified by the vibration of vocal cords (the cords that define the glottis opening). The
properties of voiced sounds are dependent on the period of the oscillation, which is determined by
the mass and compliance of the cords and the subglottal pressure. A common voiced sound

property is pitch, which is defined as the frequency of vocal cords vibration. The second class is



Unvoiced sounds, which do not require vocal cords vibration. Finally, the third class is plosives
where pressure builds up behind a certain complete closure point, then is abruptly released.
Plosives have distinct waveforms as they have a small amplitude and are preceded by a gap of no
amplitude that represents the time of complete closure of the vocal tract [8]. Figure 2.2 below

shows a plosive.

01

005

=
2
<
3
3

Amplitude

-0.05

01

-0.15

Figure 2.2: Waveform of the word “Eat” uttered by speaker #4.

Figure 2.2 corresponds to data collected from speaker #4, a female who speaks English as
a first language and have no dysarthria. There are two sounds in Figure 2.2. The first sound is /1Y/,
which is a voiced sound. The second sound is /T/, which is a plosive. The first part which is a

voiced sound shows a large amplitude, followed by a gap of no amplitude which represents full



closure of the vocal tract. The gap suggests that the sound to come is a plosive. The plosive sound
/T/ has a smaller amplitude than the voiced sound /1Y/.

An alternative way to classify sounds is by examining the continuity of the tract
configuration. There are continuant and non-continuant sounds according to the vocal tract
configuration. To produce continuant sounds, the vocal tract shape stays the same for the whole
sound production duration. On the other hand, non-continuant sounds have a changing vocal tract
shape. For example, diphthongs are non-continuant sounds, and the production process starts by
having a shape of a vowel and ends by having a shape of another vowel (more information about
diphthongs will be provided later).

The most common classification method is based on the manner and place of the
articulators. Sounds are divided into four main classes: vowels, diphthongs, semivowels, and
consonants. The consonants class is further divided into five subclasses. Vowels result from quasi-
periodic pulses of air caused by vocal cords vibrations [8] travelling through the oral cavity, they
are voiced and continuant sounds. Conventionally, the acoustic signals of vowels are distinguished
based on the tongue hump position and tongue hump height. Table 2.1 below provides information

about the tongue state for ten vowels.
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VOWELS

Degree of tongue
constriction (Tongue Tongue hump position
hump height)
Front Central Back

High /1Y/ as in “Eat” /ER/ as in “Bird” /UW/ as in “Two”

/TH/ as in “It” /UH/ as in “Hood”
Medium /EH/ as in “Ed” /AH/ as in “Up” /AQ/ as in “Ought”

Low /AE/ as in “At” /AA/ as in “Odd”

Table 2.1: Tongue state for the set of ten vowels in North American English (After [4]).

The first column in Table 2.1 provides three possible states of tongue hump height (“High”,
“Medium”, or “Low”), while the first row provides three possible states of tongue hump position
in the oral cavity. “Front” which means close to the mouth opening, “Central”, or “Back” which
means closer to the velum. The elements of the table are read according to the column and row.
For example, the sound /IH/ has a high tongue hump, that is positioned in the front of the mouth.
Table 2.1 also shows that vowels /UW/ and /UH/ cannot be uniquely identified based on
information about tongue hump height and tongue hump position. The vowels /IY/ and /IH/ cannot
be uniquely identified either.

Diphthongs are produced in the same way as vowels since they are a combination of two
vowels. For instance, the diphthong /OY/ as in “Toy” starts with the shape of the vowel /AO/ and

ends with the shape of the vowel /IY/. The place of articulation of a diphthong is the same place

11



of articulation as the two vowels of which it is comprised. There are approximately five diphthongs
in North American English.

Semivowels are produced by a gliding transition. There are four semivowels: /R/ as in
“Read”, /W/ as in “We”, /Y/ as in “Yield”, and /L/ as in “Lee”.

The last class is consonants, which is further divided into five subclasses: nasals, fricatives,
stops, whisper, and affricates. Nasals are voiced sounds that propagate for most of the time through
the nasal tract rather than the vocal tract. This is made possible by lowering the velum and
connecting the vocal and nasal tracts together. The place of articulation for each of the three nasals

is shown in Table 2.2 below.

NASALS
Place of articulation Sound
Labial /M/ as in “Me”
Alveolar: the tongue at the gum ridge /N/ as in “Knee”
Palatal/Velar: tongue against hard palate /NG/ as in “Ping”

Table 2.2: Nasals and their place of articulation (After [4]).

Table 2.2 shows the articulators involved in the production of nasals and the state of these
articulators. The first column gives the place of articulation, and the second column contains the
list of nasalized sounds. The velum, the lips, and the tongue are the main articulators that contribute
to the production of a nasal.

Fricatives are produced by a turbulent air flow at different constriction points as shown in

Table 2.3. Fricatives can be either voiced or unvoiced.

12



FRICATIVES

Place of articulation Voiced Unvoiced
Labio-dental: upper teeth
/V/ as in “Vee” /F/ as in “Fee”
on the lower lip
Dental: tongue behind the
/DH/ as in “Thee” /TH/ as in “Theta”
teeth
Alveolar: the tongue at the
/Z/ as in “Zee” /S/ as in “Sea”
gum ridge
Palatal: tongue against hard
/ZH/ as in “Vision” /SH/ as in “She”
palate

Table 2.3: Fricatives and their place of articulation (After [4]).

Table 2.3 describes the state of the involved articulators of eight different fricatives. The
first column indicates the place of articulation of these sounds, while the second and third columns
categorize the fricative sounds as voiced or unvoiced respectively.

Lastly, Stops are the result of a sudden release of trapped air behind a certain point of
constriction in the oral cavity, they can be either voiced or un-voiced. Affricates are a combination
of two other phonemes. The whisper sound /HH/ is a noise-like sound that is highly influenced by
the adjacent sound. The place of articulation for stops and the whisper sound /HH/ are shown in
Table 2.4. Because affricates are a combination of other phonemes, the place of articulation of an

affricate can be derived from the place of articulation of the phonemes of which it is comprised.
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STOPS AND WHISPER

Place of articulation Voiced Unvoiced
Labial /B/ as in “Bee” /P/ as in “Pen”
Alveolar /D/ as in “Dee” /T/ as in “Tea”
Palatal/Velar /G/ as in “Green” /K/ as in “Key”

Glottal: vocal cords
/HH/ as in “He”
constricted and fixed

Table 2.4: Place of articulation for stops and whisper sounds (After [4]).
The first column in Table 2.4 provides the place of articulation for stops and the whisper

sound. The second and third columns classify these sounds as voiced or unvoiced, respectively.

2.1.2. Phonemes as Language Sounds

The sounds produced based on the mechanism discussed earlier in Section 2.1.1 are not the
only sounds that humans can produce. In fact, the previous section only discussed the mechanism
to produce sounds that are meaningful in non-dysarthric North American English. Different
languages have different mechanisms and usage of articulators. If a certain sound distinguishes a
word from another in a certain language, it is called a “phoneme”. A phoneme is “any of the
abstract units of the phonetic system of a language that correspond to a set of similar speech sounds
(such as the velar \k\ of cool and the palatal \k\ of keel), which are perceived to be a single
distinctive sound in the language” [9]. Phonemes can also be seen as a unique code for the
articulatory gestures which depends on the language and dialect [4]. Listeners perceive a phoneme

as the basic unit of speech that is processed by the brain. In a language, phonemes are used to build
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larger blocks called syllables that are then used to form a word. A phoneme has different possible
pronunciations called “allophones” and would be called a “phone” if the language specifications
are disregard.

Historically, linguists have studied the characteristics of these phonemes for the purpose
of proper classification, and this has raised the need to have an alphabet that contains all possible
phonemes in a certain language. The English language has no fixed number of phonemes.
Nevertheless, most textbooks claim that there are 44 phonemes [10], while in [8], it is suggested
that there are 42 phonemes in North American English. The International Phonetic Alphabet (IPA)
chart (See appendix A) provides a standard notation based on the Latin alphabet for possible
phonemes in different languages and is used by linguists to describe a language. However, the IPA
chart is not computer-friendly, which means there is a need for an alphabet that uses ASCII
characters. The ARPABET phonemes set (See appendix B) was developed to address this issue.
The phonemes are described using ASCII characters. The notation from ARPABET is used
throughout this study.

The focus of this study is on vowels. Since there is no agreed number of vowels, the
classification of three resources is compared to produce the list of vowels of interest for the purpose
of this research. The first resource is the CMU Pronouncing Dictionary phoneme set (See appendix
C for the full list of phonemes in the CMU set). It is a phoneme set based on the ARPABET, which
contains 39 phonemes and it is used in some automatic speech recognition applications. The
second resource is the vowel classification in [8], a book on the digital processing of speech
signals. The third resource is the classification in [4], a book on speech analysis, synthesis and
perception. Table 2.5 below shows 15 phonemes where at least one of the three resources has

classified as vowels.
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Row  The Phoneme Class in CMU Set [11] Class in [8] Class in [4]

1 Y/ Vowel Vowel Vowel

2 /TH/ Vowel Vowel Vowel

3 /EH/ Vowel - Vowel

4 /AE/ Vowel Vowel Vowel

5 /AA/ Vowel Vowel Vowel

6 /AH/ Vowel Vowel Vowel

7 /AO/ Vowel Vowel Vowel

8 /ER/ Vowel Vowel Vowel

9 /UW/ Vowel Vowel Vowel

10 /UH/ Vowel Vowel Vowel

11 /AY/ Vowel Diphthong Diphthong

12 /0Y/ Vowel Diphthong Diphthong

13 AW/ Vowel Diphthong Diphthong

14 /EY/ Vowel Vowel Usually Diphthong
15 /OW/ Vowel Vowel Usually Diphthong

Table 2.5: The vowels according to [11], [8], and [4].

The first column in Table 2.5 provide the row number. The second column provides a list
of phonemes that are considered vowels in at least one of the resources. The third, fourth and fifth
columns show the classification of these phonemes according to [11], [8], and [4], respectively.

By comparing the classifications of vowels in the three sets in Table 2.5, it is found that some
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vowels in the CMU set are classified as diphthongs in [8] and [4]. Since diphthongs can be seen
as a combination of two vowels, the vowels that are classified as diphthongs in at least one of the
three resources are eliminated. Thus, vowels in rows 1 through 10 in Table 2.5 are used as the

vowel set that will be studied in this thesis.

2.2. Speech Processing

In a conversation between two humans, one speaks while the other listens. The speaker
produces a signal that is a string of sounds using the mechanism discussed earlier in Section 2.1.1
and the listener processes the received string of sounds using their brain. When the listener is a
machine, the machine processes the received string of sounds using techniques that mimic a human
listener’s auditory and perceptual systems. In both cases, if the string of sounds forms a meaningful
word (according to the human’s /machine’s knowledge) it is considered speech. Otherwise, it is
simply a sound. In the following section, speech processing is discussed for two different listener

types, a human listener, and a machine listener.

2.2.1. Speech Perception by Humans

Although it is not clear how humans exactly process information that leads to
understanding the pattern of a certain sound [12], some interesting findings can be used. The
process of understanding aural patterns in the human brain is considered to be a psychophysical
problem because humans try to associate the perceived sound signal with past experience [13].
This process of recognizing patterns not only relies on previous experiences, but also on the feature
extraction, contextual understanding, and memory [13]. The process of extracting the

discriminatory features from a string of sounds signal is naturally considered as a combination of
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structural analysis, feature tuning that emphasizes some important structural properties, and
probability optimization strategies [14]. This implies that the decision rules are also part of the
feature extraction process [ 14]. The classification process is then based on a number of dimensions,
such as loudness, timbre and pitch [12]. Three main assumptions are made with regards to how
our brains process the speech signals. First, it is not a single process, but a combination of multiple
processes over time that begins with the reception of the signal and ends at the response of the
receiver. Second, the human brain has a capacity and processing limitations when it comes to
manipulating sensory data. Third, memory processes are involved in speech perception at different
stages of the perception [15].

Speech is assumed to be perceived by the listener as a signal that contains clues about the
production process. Such clues assist in future processing steps even if there is a mistake while
producing the sound, i.e., if a person mistakenly replaced a phoneme by another, it is still
understood [16]. On the other hand, visual observation of the articulators while producing a
phoneme can provide a clue about the next phoneme. According to Benguerel and Adelman [17],
the rounding of the mouth can provide helpful information for the listener to anticipate the
following phoneme in terms of coarticulation [17]. Interestingly, understanding the intended
meaning of a communication process not only depends on the speech signal, but also on the facial

expressions and body gestures [5].

2.2.2. Speech Signal Processing in Machines

Speech signals are processed digitally using algorithms that take into consideration the
behavior of both the auditory and perceptual systems of humans (as mentioned in Section 2.2.1).

These algorithms are the fundamentals of automatic speech recognition systems [18]. An example
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of a technique that takes into consideration the auditory system is the Mel filter bank, a filter that
emphasizes the content of lower frequencies and generalizes the content of higher frequencies, just
as the cochlea does in the human ear. An example of mimicking the perceptual system is
identifying the end and start of a word in a sentence. Once a string of sounds is recognized, the
word ends, and a new word starts. For instance, our brains can still recognize the words within a
hashtag despite the fact that they are not separated (e.g., “#educationchangestheworld”). Once a
set of letters forms a meaningful word, our brains suggest the end of the word and the start of
another. The first step to process the signal is to extract meaningful features, and then form a
pattern that can be classified. The following subsections discuss two speech signal analysis

domains: the time domain and the frequency domain.

2.2.2.1. Time-Domain Analysis

In order to process auditory signals, a number of steps must be followed to prepare the
signal. First, the signal must be sampled, framed, and windowed. The steps are described in more
detail in chapter 2 of [8]. In this section, a summary of the steps will be provided. This section also
provides two common methods to analyze the signal in the time domain.

Sampling [8]: An analog signal (speech) can be represented using a finite number of
samples that are taken periodically. The period is measured in Hz and is chosen based on the
required resolution. The higher the period, the higher the resolution of the signal. Reconstruction
of the analog signal from the samples is possible when the sampling rate is at least twice the
Nyquist frequency. By sampling, we can represent analog signals as numbers that are taken

periodically.
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Framing and Windowing [8]: Signal analysis can be performed over the whole signal;
however, it is more efficient if we can process smaller chunks of the signal, one at a time. The
process of cutting the signal into a number of same-length chunks is called framing. The chunks
are called frames, and each frame consists of a number of samples. Framing a signal without any
processing will result in sharp edges, which will cause a loss of information at the edges of the
frame. Thus, we need to pass the frame through a system that will reduce the amount of lost
information at the framing process. In this case, these systems are called window functions. There
are different kinds of windows that provide different results according to the application for which
it is used. Some examples of windows are the rectangular window and the Hamming window.

Time domain processing methods involve direct analysis of the waveform of speech
signals. They allow us to get information such as the excitation mode. Two of the time-domain
processing techniques are short-time energy and zero crossing rate.

Short-time energy [8] amplifies the amplitude variations. Usually, voiced sounds have
higher amplitude than un-voiced sounds, which makes it beneficial to use short-time energy to
differentiate voiced and un-voiced sounds. Short-time energy also provides information about the
exact time of voiced to un-voiced transitions in a speech signal. In the case of high-quality speech
signals, it is possible to differentiate noise, speech, and silence. The nature of short-time energy
depends on the window type and duration.

Short-time average zero-crossing rate [8] is a measure of the frequency content of a
signal. The crossing happens when two adjacent samples have different signs. The energy of
voiced speech is concentrated below about 3 kHz, and the energy for unvoiced speech is at higher
frequencies. The higher the frequency, the higher the zero-crossing rate, which implies that for

high zero crossing rates, the speech is considered unvoiced. However, it is insufficient to use the
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crossing rate alone to decide whether or not a sound is voiced, the usage of a combination of

techniques yields better results.

2.2.2.2. Frequency-Domain Analysis

Transformations [8]: Frequency domain representation of signals is an important way to
analyze and design systems. Some of these representations are: the z-transform (or direct
transform), the Fourier transform which can be seen as a special case of the z-transform that is
restricted to the unit circle, and the discrete Fourier transform (DFT), where periodic sequences
can be represented as a discrete sum of sinusoids. All signals behave as periodic when represented
using DFT. Some of the important uses are in computing spectrum estimates, and in implementing
digital filters.

Linear Predictive Coding (LPC) [18], [8]: Linear Prediction (LP) is a parametric
modelling technique that approximates a signal as a linear combination of its past samples. The
weighting coefficients that are defined for use in the linear combination are the predictor
coefficients. The order of the predictor is the same as the number of these coefficients. Notably,
the higher order predictor models are better fitted to the original spectrum and represent more
details in the spectrum. The difference in the values between predicted model and actual value,
1.e., the error in the model, is used as a quality indicator of the model, such as the lower the error,
the more accurate the model. LPC is useful for many applications like speaker verification, speaker
identification, speech classification, and formant analysis applications. LPC will be used in
Chapter 4 and Chapter 5 to estimate the formants of vowels.

Formants: The frequency energy groups in a signal are called formants. Different vocal

tract configurations result in different formant frequencies. On a frequency domain representation
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of a signal, formants are the peaks such as the peak is the center of the formant. On a spectrum,
formants are seen as defined intense energy regions. For vowels, we can usually identify five
formants, which are the first five prominent peaks on the frequency representation. Linguists
consider that only the first three formants are of interest. Different vowels have different formant

patterns. Figure 2.3 shows an example of formants.
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Figure 2.3: Formants of the phonemes of the uttered word “It” by speaker #7.

Figure 2.3 shows the spectrum of the word “It” uttered by Speaker #7, a male who speaks
English as a first language and have non-dysarthric speech. There are two phonemes in this word:
the vowel /IH/ and the plosive /T/. The red dotted lines represent the formants of the phoneme. As
can be seen from the figure, the vowel /IH/ has four obvious intense regions indicated by the four

dotted red lines.
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2.3. Dysarthric Speech

Section 2.1 focused on the sound production process, and Section 2.2 discussed how the
signal is processed in our brains or in machines. However, this applies to the case of typical sounds
produced by speakers with no dysarthria, and it only applies in part to speakers with dysarthric
speech. This section provides information about dysarthric speech and how the sound production
process and speech processing differ from those in non-dysarthric speech.

Speech is a result of a motor function. The brain sends signals to the articulatory muscles
to move in a certain way to produce a certain phoneme. When a person has a condition where the
central nervous system is damaged, it is usually accompanied by motor function disorders. These
disorders affect the movement of the articulatory muscles resulting in dysarthric speech. The
severity of dysarthria is identified by the degree of loss of control over the articulatory muscles
responsible for speech. It ranges from mild to acute. People with motor function disorders such as
multiple sclerosis (MS), cerebral palsy (CP), Parkinson’s disease (PD), and amyotrophic lateral
sclerosis (ALS), etc., often have dysarthric speech.

Dysarthric speech is linguistically normal, but the articulation of speech is unclear [2].
thus, the sound production process in dysarthric speech is close to that in non-dysarthric speech,
but it is not the same. For example, a speaker may not be able to produce a nasalized sound such
as /M/ because of the lack of control over the velum. Another example is when a speaker intends
to produce a sound that requires a full closure of the lips such as the phoneme /P/, but the range of
movement of the muscles controlling the lips does not contract fully to allow for complete closure.
The resulting sounds of these two examples might be unintelligible, which is dependent on whether
or not the listener have previously heard this sound and known what it represents. If the listener

receives a sound that has never been introduced to their brains before, or the extracted features of
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that sound were not used in the design of the classifier in a machine, then it might not be possible
to decode the sound as speech. A motor function disorder may also affect the flatness of produced
speech, its softness, and its pitch’s height or speed [19]. All of these effects are non-typical
conditions of speech where the listener requires more information in order to decode the received
signal as speech. Thus, when the listeners process dysarthric speech, they need to use multiple
senses simultaneously to collect as much information as possible. For example, in noisy speech
environments and in the case of dysarthric speech, listeners may rely on lip reading in addition to
listening.

So far, no effective method has been developed to recognize dysarthric speech. The design
of a system that automatically recognizes dysarthric speech must be based on traits that are mutual
in both dysarthric and non-dysarthric speech. Properties like the period of a phoneme or the pitch
are not standards in dysarthric speech. Thus, the system should not be designed based on these

properties.
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Chapter 3

Related Work

It has been almost sixty-eight years since the first speech recognition engine was
developed. The engine, called “Audrey”, was developed by three Bell Labs scientists in 1952 [20].
Since then, there have been significant improvements in techniques pertaining to speech
recognition, allowing better performance. However, there have been no significant improvements
in performance quality with regards to dysarthric speech recognition. In the first section, some of
the most popular techniques that are used in state-of-the-art ASR systems are discussed briefly,
while the second section focuses on previous attempts to recognize dysarthric speech. Lastly, the
third section focuses on the more directly related methods to the techniques used in this research -
the first one being extracting articulatory movement out of an acoustic signal, and the second one

being the usage of articulatory information in the recognition of dysarthric speech.

3.1. Automatic Speech Recognition Techniques

For the past twenty years, two techniques have been the focus of ASR research: The Hidden
Markov Model (HMM) and the use of ANNs. HMMs are used to build a model for speech signals;
they are based on a hidden Markov process that is observed by another Markov process [21]. The
acoustic models used are based on Gaussian Mixtures. Deep Neural Networks (DNNs) have shown
rapid progress over the Gaussian Mixture Models due to the fact that DNNs are more powerful
and have greater potential to improve the recognition quality [22]. To improve the learning of an

ANN, several improvements can be done. Such as better optimization, better types of activation
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functions and architecture, and more appropriate pre-processing, all of which makes DNNs more
favored to recognize languages and dialects [22]. ASR is becoming more ubiquitous in the form
of a virtual personal assistant, perhaps the most popular ones being Siri [23], Amazon Alexa [24],

and Google Assistant [25].

3.2. Automatic Speech Recognition Techniques for Dysarthric

Speech Signals

Numerous attempts have been made to improve the performance of speech recognition of
dysarthric speech. This problem has been approached from many different angles, such as focusing
on the speech signal itself, or on the architecture of the neural-network-based ASR systems ... etc.
State-of-the-art research in this field is described in this section.

Speech-to-speech approaches are used to improve the intelligibility of dysarthric speech.
For example, the work in [26] focuses on modifying the dysarthric speech signal through
correction of pronunciation errors, removal of repeated sounds, insertion of deleted sounds,
devoicing of unvoiced phonemes, adjusting the tempo of speech, and the adjustment of frequency
characteristics of speech. This latter approach modifies the speech signals itself rather than
modifying speech models and classification algorithms to work for dysarthric speech. Another
example of speech-to-speech systems is the work in [27]. This approach uses a network that maps
the input spectrogram to another spectrogram without performing a speech-to-text step. The output
1s then used as an input to a speech-to-text system. This model normalizes different speech patterns
into speech with a fixed accent and consistent articulation. This approach requires strong

processing power.
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Other attempts took the audible characteristics of speech into consideration. For instance,
the work in [28] included pronunciation patterns in the recognition process by integrating
confusion matrices estimates. This approach weights the response of an ASR system after setting
different language model restrictions to enhance the dysarthric speech recognition. Another
example to identify acoustic and articulatory distinctiveness of vowels and consonants in non-
dysarthric speech is found in the study conducted in [29]. EMA was used to derive the articulatory
knowledge and Support Vector Machine (SVM) was used in the classification process. The results
of this study are used in clinical applications on dysarthric speech. These two approaches, however,
are reliant on neural networks which requires a large amount of data and high processing
capability.

Other approaches include modifications to the ASR system components. For example, in
[30], modifications to the acoustic model were explored using different convolutional neural
networks architectures. An improved HMM was suggested by [31], which is based on automatic
error correction for Arabic continuous speech. Another approach was proposed in [32]; it is based
on fine-tuning a subset of the neural network layers for non-dysarthric speech models, using speech
data obtained from persons with ALS. The neural network architectures that were used are
Recurrent Neural Network- Transducer, the Listen, Attend, and Spell. Shahamiri and Salim [33]
demonstrated that an improved recognition rate of 24.67% is achieved through the use of a
dysarthric multi-network speech recognizer model that employs several artificial neural networks.
And, in [34], features were extracted using a convolutive bottleneck network instead of using
MEFCC.

The limited amount of data on dysarthric speech is one of the greatest challenges in training

ASR systems for dysarthric speech. This challenge was approached in [35] using augmented
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speech data by employing a virtual microphone array synthesis followed by multi-frame size-based
feature extraction. The same challenge of the limited amount of data was approached differently
in [36], whereby the ASR system was trained using both dysarthric and non-dysarthric speech data
in regard to both the target language and a foreign language. Data from both languages, therefore,
was used to build a single acoustic model. The work in [37] suggests that augmentation of
dysarthric data can be done by adjusting non-dysarthric speech towards dysarthric speech.
Despite the growing popularity of neural networks, not every problem is solvable using
this tool. This thesis explores the differences between dysarthric and non-dysarthric speech and
proposes a solution that directly addresses this problem. Contrary to the previous approaches, this
work uses two features to build an acoustic model that accommodates dysarthric and non-

dysarthric speech, regardless of the inter-speaker variability.

3.3. Articulatory Knowledge

3.3.1.Acoustic-to-Articulatory Inversion

Several researchers have argued that it is possible to employ an acoustic-to-articulatory
inversion technique. Sondhi and Gopinath [38] suggest that the cross-sectional area of the vocal
tract can be determined by the acoustical measurements at the lips; the solution is based on a set
of partial differential equations relating pressure to velocity, while disregarding loss in the vocal
tract. Recognizing the exact movement of each of the articulators based on the acoustic signal is
considered an ill-posed problem. As there is no unique articulators’ configuration for each
phoneme; it is possible to produce the same phoneme through different articulators’ positions [39].
In [39], the research proposes that this problem can be approached using a mixture density

network. Another interesting method to represent the relationship between the articulators and
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acoustic signal is suggested by Atal [40], whereby Atal assumes that a non-linear relationship can
be represented as linear if a high dimension space is used. Lindblom and Sundberg address the
acoustic-to-articulatory inversion more directly [3]. They analyze the effect of articulators’
positions on the spectrum of the synthetically generated speech. Specifically, the jaw opening, lips,
the body of the tongue, and larynx are studied. The results from [3] are used in this thesis to

determine the acoustic features of interest as will be shown in Chapter 4 and Chapter 5.

3.3.2.Recognition Using Articulatory Knowledge

Research shows that techniques based on sound production knowledge have better results
in respect to reduced phonemes and word errors [41]. Rudzicz [42] argued that incorporating
knowledge of speech production improves the ASR performance quality for people with dysarthric
speech. This research resulted in a database of dysarthric articulatory information collected by
EMA which is time-aligned with the acoustic data; the database is called TORGO [43]. These
results suggest that a dynamic Bayesian network with articulatory knowledge outperform other
alternatives. Consequently, an algorithm was developed to estimate articulatory information from
the acoustic signal. Another work by Rudzicz [44] explored how the knowledge of speech
production, using seven articulatory features, can provide greater improvement in phone
recognition. In my thesis work, EMA is not used to obtain articulatory information, but rather an
acoustic-to-articulatory inversion process is used instead. In addition, only two articulatory

features are used instead of seven features.
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Chapter 4

Vowel Recognition Based on Jaw Opening Width

Abstract

The characteristics of the vowels produced by humans are controlled by the positions of
speech articulators. This explains the different speech types of a person who speaks non-dysarthric
North American English, and a person with a motor function disorder who finds difficulty
positioning the articulators and, as such, is classified as a dysarthric speaker. The comprehension
of the effect of articulators’ positions on the produced vowel will make it possible to build a general
classifier of vowels across the two speech types. In this chapter, the relation between the jaw
opening width and the first formant (F1) frequency is examined and an F1-based classifier for the
vowels of non-dysarthric speech is described. In particular, it is shown that it is possible to
recognize five different groups of vowels in non-dysarthric speech using the described F1-based
classifier. There is also a discussion as to how to expand the classifier to generalize over dysarthric

and non-dysarthric speech.

4.1. Introduction

A sound is a result of an air flow generated in the lungs and passed through a specific vocal
tract configuration. Different vocal tract configurations result in different sounds. In cases where
vocal cords vibrate while producing a sound, this is called a voiced sound. If the sound propagates
for most of the time in the vocal tract and radiates at the lips, this is called non-nasal. A voiced and

non-nasal sound which passes through a non-closed vocal tract configuration, is called a vowel.
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The configuration set used to produce a certain vowel is controlled mainly by two articulators,
namely the jaw and the tongue. Ten vowels will be studied in this chapter; this set is the mutually
identified phonemes as vowels in three different resources [4], [8] and [11] as discussed in Chapter
2. The set of ten vowels are: /IY/ as in “Eat”, /IH/ as in “It”, /EH/ as in “Ed”, /AE/ as in “At”, /ER/
as in “Bird”, /AH/ as in “Hut”, /UW/ as in “Two”, /UH/ as in “Hood”, /AO/ as in “Ought”, and
/AA/ as in “Odd”.

Since the main difference between dysarthric and non-dysarthric speech is the degree of
the control over the articulators, this chapter approaches the problem of recognizing vowels in
North American English by identifying the articulators state while producing a certain vowel.
Specifically, it focuses on the use of the jaw opening width in recognizing the vowels in both types
of speech. A direct way to measure the position of the articulators is through using EMA method
as used in the MOCHA-TIMIT database [45] and the TORGO database [43]. However, this is an
invasive method. Another approach to measure the articulators’ states is to perform an acoustic-
to-articulatory inversion process whereby features from the acoustic signal are translated into
articulatory movements. Features extracted from an acoustic signal hold information about the
vocal tract’s configuration state. Jaw opening is quantified by the frequency of the first formant
(F1) as will be shown in this chapter. As mentioned in Section 2.2.2.2, Formants are defined as the
frequency energy groups. Different vocal tract configurations result in different formant
frequencies. On a frequency domain representation of a signal, formants are the peaks such as the
peak is the center of the formant. On a spectrum, formants are seen as defined intense energy
regions.

First, the relation between the frequency of F1 and the jaw opening width is discussed.

Then, linear prediction coefficients are used to estimate F1 of a set of samples that represent the
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non-dysarthric speech. Finally, an analysis is undertaken as to how to use the jaw opening width
to recognize vowels in non-dysarthric speech and whether it can similarly be used to perform the

recognition process for dysarthric speech.

4.2. Jaw-First Formant Relation

Lindblom and Sundberg provide an analysis of the effect of articulators’ positions on the
spectrum of the synthetically generated speech [3]. They showed that F1 is substantially influenced
by the mandible movement when all other muscles are stable. They also showed that the effect of
tongue height on the frequency spectrum is a combination of the effect of jaw opening and the
tongue shape on the spectrum. This means that the tongue height is a secondary feature that can
be derived from the vocal tract configuration. For the previously mentioned results from [3], any
effect on F1 is considered to be caused by the jaw opening not tongue height as conventionally
used. In particular, it was found that the frequency of the F1 centre is correlated with jaw opening.
Based on these findings, it can be stated that the jaw-F1 relation is as follows: the higher the
frequency of F1 centre, the wider the jaw opening, and the lower the frequency of F1 centre, the

tighter the jaw opening.
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4.3. Methodology

4.3.1. Data Specifications

The dysarthric speech spectrum is divided into two groups. The recorded audio samples
were collected from speakers who belong to these two groups. The first group consists of speakers
whose first language is English and have non-dysarthric speech. Seven speakers in this group are
females and six are males. This group will be referred to as the control group. The second group
consists of speakers who have dysarthric speech. One speaker is a female whose English is her
first language, one speaker is a male whose English is his first language, and one speaker is a male
whose English is his second language. Severity of dysarthric speech varies for the three
participants. This group will be referred to as the dysarthric group. The age of the participants in
both groups ranges between 20 and 70 years. The data from the control group is used to derive the
F1-based classifier. The recorded audio samples are isolated words that contain vowels in North
American English. There is a total of ten vowels as discussed in Chapter 2. Each volunteer had a
single recording session and was asked to utter ten isolated words: “Eat” containing the vowel
/1Y/, “It” containing the vowel /IH/, “Ed” containing the vowel /EH/, “At” containing the vowel
/AE/, “Hurt”/”Bird” containing the vowel /ER/, “Hut”/“Up” containing the vowel /AH/, “Two”
containing the vowel /UW/, “Hood” containing the vowel /UH/, “Ought”/”Dog” containing the
vowel /AO/, and “Odd”/’Stop” containing the vowel /AA/. The vowels are then manually
extracted from these words for further processing.

The speech signals were obtained using a cardioid condenser microphone. Recording the
signal was done using Audacity® recording and editing software v2.2.2.0 [46]. All recordings are

in waveform format with the extension .WAV, they are monophonic, sampled at 16 kHz, and
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encoded as 16 bits/sample. The speech signals were analyzed using MATLAB R2019a [47] and

plots are generated using both MATLAB R2019a and Praat [48].

4.3.2. Signal pre-processing

A function called “audioread ()” isused toread the .wav recordings and retains the
sampled data and the sampling frequency. The part of the sampled data that represents the vowel
in the signal is manually extracted. The extracted segment is chosen to represent the longest stable
period of the vowel. The reason for not choosing the whole vowel duration is to eliminate the vocal
tract changes while producing the previous or next phoneme. This will reduce the coarticulation
effect on the recognition of the vowel. This also removes the need for multiple recordings of the
same word uttered by the same speaker for the purpose of identifying the characteristics that define
a vowel. The extracted segment is then multiplied by a Hamming window of a size similar to the

segment length. Signal pre-processing steps are illustrated in Figure 4.1 below.

4.3.3. Estimation of Formants

A function called “1pc () ” is used to obtain the linear prediction coefficients that best
represent the extracted segment of speech. The example in [49] is followed to estimate the
formants. The number of formants that we need to extract is two. The general rule to decide the
order of the predictor is to be equal to twice the expected number of formants plus 2 [49]. In theory
a linear predictor of the order 8 is sufficient to estimate the 3 formants that are usually observed in
a vowel. However, the simulations indicate that a predictor of the order 12 gives the best
performance to correctly estimate the formants. This is an empirical result. Thus, the order of the

predictor is chosen to be 12. This means that the function will return 12 coefficients of a
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polynomial that has a number of roots. Since the coefficients are real-valued, the roots are of the
form of complex conjugate pairs. For this, only the roots that have a positive imaginary part sign
are kept. The angles corresponding to the retained roots are converted to Hertz. These converted
angles represent the frequencies expected to be the frequencies of formants’ centres. To decide
whether a frequency is a formant frequency or not, the frequency has to pass two conditions. The
first is to be higher than 90 Hz, and the second is to have a bandwidth less than 400 Hz, as suggested
by [49]. The bandwidth of a frequency is the distance of the root from the unit circle. Those
frequencies that pass these two conditions are the estimated formants. The first estimated formant
is used to represent the width of jaw opening. The steps of estimating the formants as implemented
in Matlab according to [49] is illustrated in Figure 4.1.

In Figure 4.1, the left part of the flowchart shows the processes that need to be done as
described earlier, while the right side describes the process to make a decision on what frequencies

are considered formants.
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Figure 4.1: Flowchart of the formant estimation process after [49].
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4.4. Analysis and Discussion

4.4.1. The Estimated F1 for the Control Group

The centre of F1 is estimated using linear prediction coefficients as mentioned in Section
4.3. Figure 4.2 shows the histograms of the F1 values for the set of ten vowels in North American
English extracted from the isolated words uttered by speakers of the control group. Table 4.1
provides the average values for F1 for the set of ten vowels of interest. The mean F1 values in
Table 4.1 of a certain vowel are used to indicate the average width of the jaw opening to produce
this vowel. For example, the smaller the mean value of F1 for a certain vowel, the tighter the jaw
opening. Larger mean values represent wider jaw opening. The order of the average jaw width

required for each vowel from tightest to widest is presented in Table 4.1.
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Figure 4.2: Histograms of F1 values for the set of ten vowels in North American English.
Each subplot in Figure 4.2 represents a vowel. The x-axis indicates the F1 frequency, while

the y-axis indicates the number of samples that fall in the range of a certain bin.
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Order of the average jaw

Vowel Mean F1 (Hz) width from the tightest to
the widest
Y/ 281 1
/TH/ 440 5
/EH/ 544 8
/AE/ 845 10
/ER/ 421 4
/AH/ 629 9
/UW/ 307 2
/UH/ 401 3
/AO/ 543 7
/AA/ 497 6

Table 4.1: The average figures of F1 for the set of ten vowels in North American

English for control group.

Each row in Table 4.1 contains a vowel, the vowel’s mean F1 frequency in Hz, and a
number representing the order of the jaw width, such that 1 represents the tightest jaw opening,
and 10 represents the widest jaw opening. The vowel /IY/ which has F1 = 281 Hz ranks first, as it
has the tightest jaw opening, followed by the vowel /UW/ which has F1 =307 Hz, then the vowel
/UH/ which has F1 =401 Hz, the vowel /ER/ which has F1 = 421 Hz, the vowel /IH/ which has

F1 =440 Hz, the vowel /AA/ which has F1 = 497 Hz, the vowel /AO/ which has F1 = 543 Hz, the
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vowel /EH/ which has F1 = 544 Hz, the vowel /AH/ which has F1 = 629 Hz, and the vowel /AE/
with the widest jaw opening ranks last and its F1 = 845 Hz.

Because the recorded samples belong to people of wide variety of ages and vocal tract
lengths, the produced vowel is different for each individual. This variety in production explains
the overlap in histograms of F1values of the vowels as shown in Figure 4.2 and explains the narrow
spacing of mean F1 frequencies for some of the vowels as shown in Table 4.1. Thus, it is difficult
to recognize a vowel based only on its exact mean F1 frequency. It is possible to reduce the
uncertainty in the recognition process if vowels are divided into groups. There are different
methods to divide the set of vowels. Nevertheless, it is desired to have a minimum number of
groups, which will lead to reducing the computation requirements, allowing to implement the
system on machines with the smallest possible processing capabilities. In addition, the number of
groups has to take into consideration the unique identification of each vowel in the set. This will
become clearer once the features are combined as will be discussed in Chapter 6.

The method chosen to divide the vowels into groups is based on the distance among the F1
mean values. To better depict the distance among mean F1 frequencies, Figure 4.3 visualizes the

spacing among the mean F1 values of the considered vowels.
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Figure 4.3: Spacing among the average F1 frequency for the set of ten vowels of interest.

In Figure 4.3, the average F1 frequency for vowel /IY/ is the smallest, followed by /UW/,
/UH/, /ER/, /TH/, /AA/, /AO/, /EH/, /AH/, and /AE/ which has the largest average F1 frequency.

The first step to group the vowels’ mean F1 frequencies into groups is to calculate the
distance between adjacent vowels (sorted ascendingly). The distances are as follows: d(IY, UW)
=26 Hz, d(UW, UH) =94 Hz, d(UH, ER) =20 Hz, d(ER, IH) = 19 Hz, d(IH, AA) =57 Hz, d(AA,
AQO) =46 Hz, d(AO, EH) = 1 Hz, d(EH, AH) = 85 Hz, d(AH, AE) =216 Hz.

The second step is to group vowels in between two large distances. In order to choose the
least number of groups, the largest four distances are considered. These distances are d(UW, UH),
d(IH, AA), d(EH, AH) and d(AH, AE). The four distances divide the whole frequency range into

five groups of vowels as follows: the first group contains two vowels /I'Y/ and /UW/. The second

group contains three vowels /UH/, /ER/, and /IH/. The third group contains three vowels /AA/,
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/AO/, and /EH/. The fourth group contains a single vowel /AH/. The fifth group contains a single
vowel /AE/. Figure 4.4 below depicts the five groups of vowels.

The third step is to designate the range of each of the five groups. Since the lowest accepted
frequency for a formant is 90 Hz as mentioned in Section 4.3.3, the lower bound of the first group’s
range is 90 Hz. The lower bound of all other groups is set to be the F1 frequency of the smallest
vowel in that group minus half of the distance from the previous group. The upper bound is set to
be the F1 frequency of the largest vowel plus half of the distance from the next group. For example,
the upper bound of the first group is the F1 frequency of the vowel /UW/ + 47, which is half of the
distance between group I and group II. The range of each group is as follows: group I falls in the
range [90, 354] Hz. Group II occupies the range [354, 468.5] Hz. Group III occupies the range
[468.5, 586.5] Hz. Group IV falls in the range [586.5, 737] Hz. Group V falls in the range [737,

+00) Hz.
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Figure 4.4: Vowels groups according to mean F1 frequency.

Group I contains the vowels /IY/ and /UW/. Group II includes the vowels /UH/, /ER/, /IH/.
Group III contains the vowels /AA/, /AO/, /EH/. Group IV contains the vowel /AH/. Group V
contains the vowel /AE/.

In the recognition process, the estimated F1 of a vowel recording is checked against each
of the five groups of vowels. The group that the estimated F1 frequency falls in represents the
group of this vowel. For example, to recognize a vowel that has an estimated F1 frequency of 232
Hz, this number falls in the range of the first group. Thus, the vowel is recognized as either the
vowel /IY/ or the vowel /UW/. Groups II and III are more populated, the recognized vowel is one
of three vowels. Groups IV and V contain a single vowel each, which means the recognized vowel

is final. This suggests that the knowledge of FI is good to discern five groups of vowels in non-
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dysarthric North American English. Table 4.2 below provides the F1 group for each vowel in the

set of ten vowels of interest.

Vowel F1 group
Y/ 1
/TH/ 2
/EH/ 3
/AE/ 5
/ER/ 2
/AH/ 4
/UW/ 1
/UH/ 2
/AO/ 3
/AA/ 3

Table 4.2: F1 groups of the set of ten vowels in non-dysarthric speech. Each row

contains a vowel and the group according to FI1.

The first row contains the vowel /IY/ which belongs to group I of F1. The vowel /IH/
belongs to group II. The vowel /EH/ belongs to group III. The vowel /AE/ belongs to group IV.
The vowel /ER/ belongs to group II. The vowel /AH/ belongs to group IV. The vowel /UW/
belongs to group I. The vowel /UH/ belongs to group II. The vowel /AO/ belongs to group I1I. The
vowel /AA/ belongs to group III.

Dividing the set of vowels into five groups according to their mean F1 frequency simplifies
the process of indicating the jaw opening width in the production of each vowel. The F1 numerical

figures can be seen as a quantified jaw opening in Hertz, and the groups’ ranges can be seen as
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defining the ranges of various jaw openings in Hertz. The range of possible jaw openings can

similarly be divided into five ranges as shown in Figure 4.5 below.
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Figure 4.5: Jaw opening ranges to produce the ten vowels of interest and its corresponding F1 frequency
ranges.

The five ranges of jaw opening are shown in Figure 4.5. The first range contains the average
position to produce the vowels /IY/ and /UW/ and its corresponding F1 frequency range is [90,
354] Hz; the jaw width may take any value in this range. The second range contains the average
jaw opening to produce the vowels /UH/, /ER/, and /IH/ and its corresponding F1 frequency range
is [354, 468.5] Hz; the jaw width may take any value in this range. The third range contains the
mean jaw opening to produce the vowels /AA/,/AO/, and /EH/ and its corresponding F1 frequency
range is [468.5, 586.5] Hz; the jaw width may take any value in this range. The fourth range
contains the mean jaw opening to produce the vowel /AH/ and its corresponding F1 frequency

range is [586.5, 737] Hz; the jaw width may take any value in this range. The fifth range contains
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the mean jaw opening to produce the vowel /AE/ and its corresponding F1 frequency range is [737,
+00); the jaw width may take any value in this range.

The recognition of groups of vowels according to jaw opening width works for non-
dysarthric speech. However, for individuals with dysarthric speech, jaw opening while producing
a vowel may not fall exactly in the same range as the jaw opening of a non-dysarthric speaker. The

recognition of dysarthric speech vowels is discussed in the next section.

4.4.2. The Estimated F1 for Dysarthric Group

The classifier described in Section 4.4.1 to recognize the jaw opening of five different
groups of vowels based on the mean F1 frequency works for the control group. A similar classifier
can be built for the dysarthric group using data from speakers with dysarthria (if this approach is
considered, further subdivision of the dysarthric group needs to be done according to the type of
dysarthria). However, this will result in an ill posed problem where one-to-many relationship occur
as two F1 frequencies that belong to two different ranges may refer to the same vowel group. This
makes this approach inconvenient to recognize groups of vowels based on the F1 frequency while
accommodating both types of speech. Another approach to build a classifier based on the jaw
opening of the set of ten vowels for both types of speech is to combine the samples from both
speaker groups into a single group. This approach provides the mean value of F1 frequency
ignoring the differences between the two groups of speakers which will result in high error rate.
Thus, this approach is inconvenient to recognize groups of vowels based on the F1 frequency.

The F1 frequency of vowels uttered by individuals with dysarthria can exhibit variation.
This is because motor function disorders affect individuals differently according to the type of

motor function dysfunction which means it affects the control over jaw opening differently. Thus,
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the mean F1 frequency in dysarthric group cannot be used to indicate the most common jaw
opening to produce a certain vowel for all group members.

Given that the mean F1 frequency of dysarthric group cannot be used to represent the sound
production mechanism of all speakers, the jaw-opening-based classifier of the set of ten vowels
for both types of speech has to be a customized version of the classifier built for the control group
in Section 4.4.1. This customization accommodates the differences in any sound production
mechanism. More information is needed to build such a customized classifier. This may be
information about other articulators’ positions such as tongue and lips or any other feature that
conveys a muscle movement. This added information will create redundancy in the classifier that
allows for accommodating more different types of speech, while taking into consideration the

different abilities to control the articulators responsible for sound production process.

4.5. Conclusion

This chapter presented a classifier for the set of ten vowels in non-dysarthric North
American English that is based on the jaw opening quantified by the frequency of F1. The classifier
discerns five different groups of vowels based on their mean F1 frequency as uttered by speakers
with non-dysarthric speech. However, the jaw opening on its own is not sufficient to recognize
vowels in dysarthric speech. This classifier needs to be expanded by adding more features in order
to include the vowels in dysarthric speech and make it more robust. The added features have to
represent articulatory muscles movement in order to convey the difference in articulation between
the two speech types of interest. In the following chapter, the tongue position quantified by the

frequency of F2 is studied.
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Chapter 5

Vowel Recognition Based on Tongue

Longitudinal Position

Abstract

The description of articulators’ positions during the production of speech sounds highlights
the articulation differences in dysarthric and non-dysarthric speech. Two articulators that
contribute to vowel production process are the jaw and the tongue. In this chapter, the tongue
position is considered. The relation between the tongue longitudinal position and the F2 frequency
is studied and an F2-based classifier for the vowels of non-dysarthric speech is described.
Specifically, it is found that it is possible to recognize five different groups of vowels in non-

dysarthric speech using the described F2-based classifier.

5.1. Introduction

The vocal tract configuration determines the produced vowel. Jaw opening width
contributes to the production process of five different groups of vowels as described in Chapter 4.
It is noted, that a classifier based only on F1 is able to recognize only five groups of vowels, but
not each vowel independently. Therefore, more features are needed to refine the classification. The
added features need to represent articulatory movements. This is because the representation of
articulatory movement leads to better discernment of the articulation difference between dysarthric

and non-dysarthric speech.
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This chapter describes the tongue position feature. The tongue position is quantified by the
frequency of the second formant (F2) as will be described later. The linear prediction coefficients
are used to estimate F2 of a set of samples that represent the non-dysarthric speech. Finally, an
analysis is undertaken as to how to use the tongue position to recognize vowels in non-dysarthric
speech and whether it can similarly be used to perform the recognition process for dysarthric

speech.

5.2. Tongue-Second Formant Relation

Tongue muscle can be linked to a jelly bag. Since it does not have joints or bones, it is
difficult to describe its position using (x, y) or (x, y, z) coordinates. Its complex movement requires
a multi-dimensional space to represent the tongue shape, surface area, whether, for example, it is
the tongue tip or tongue edges that are moving. In this thesis, the primary interest is in the
horizontal position of the tongue.

The paper written by Lindblom and Sundberg [3] provides an analysis of the effect of articulators’
positions on the spectrum of speech that is generated synthetically. Lindblom and Sundberg have
shown that the shape of the vocal tract can be changed by the tongue hump position whether it is
constricted at the back or at the front of the mouth. In particular, it was found that F2 is affected
by the tongue position. Based on these findings, it can be stated that the frequency of the F2 centre
is correlated with the tongue hump position. That is, the higher the frequency of F2 centre, the
more the front the tongue hump position, and the lower the frequency of F2 centre, the more back

the tongue hump position.
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5.3. Methodology

The data used in this chapter is the same as those used in Chapter 4. There are 13 participants in
the control group which will be used to derive the F2-based classifier, and 3 participants in the
dysarthric group. The age of the participants in both groups ranges between 20 and 70 years. The
recorded audio samples are ten isolated words. Each containing a vowel of the set of ten vowels
in North American English. The vowels are then manually extracted from these words for further
processing. The extracted segment is chosen to represent the longest stable period of the vowel. A

linear predictor of the order 12 is used to estimate the second formant of the extracted segment.

5.4. Analysis and Discussion

5.4.1. The Estimated F2 for the Control Group

The centre of F2 is estimated using linear prediction coefficients as previously mentioned
in Section 5.3. Figure 5.1 shows the histograms of the F2 values for the set of ten vowels in North
American English extracted from the isolated words uttered by speakers of the control group. Table
5.1 provides the average values for F2 for the set of ten vowels of interest. The mean F2 values in
Table 5.1 of a certain vowel indicate the average position of the tongue hump to produce this
vowel. For example, a small mean value of F2 for a certain vowel means that the tongue hump is
positioned in the back of the mouth. Larger mean values represent the case where a tongue hump
is positioned in the front of the mouth. The order of the average tongue position required for each

vowel from the most back to the most front is presented in Table 5.1.
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Figure 5.1: Histograms of F2 values for the set of ten vowels in North American English.
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Each subplot in Figure 5.1 represents a vowel. The x-axis indicates the F2 frequency, while

the y-axis indicates the number of samples that falls in the range of a certain bin.

Order of the average

tongue position from the

Vowel Mean F2 (Hz)
most back to the most front
position in the mouth
Y/ 2664 10
/TH/ 2246 9
/EH/ 2084 8
/AE/ 1723 7
/ER/ 1437 6
/AH/ 1419 5
/UW/ 1338 4
/UH/ 1335 3
/AO/ 990 2
/AA/ 987 1

Table 5.1: The average figures of F2 for the set of ten vowels in North American

English for control group.

Each row in Table 5.1 contains a vowel, the vowel’s mean F2 frequency in Hz, and a
number representing the order of the tongue position, such that 1 represents the tongue positioned

in the most back of the mouth, and ten represents the tongue positioned in the front of the mouth.
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The vowel /AA/ which has F2 = 987 Hz ranks first, as it has the most back positioned tongue
hump, followed by the vowel /AO/ which has F2 = 990 Hz, then the vowel /UH/ which has F2 =
1335 Hz, the vowel /UW/ which has F2 = 1338 Hz, the vowel /AH/ which has F2 = 1419 Hz, the
vowel /ER/ which has F2 = 1437 Hz, the vowel /AE/ which has F2 = 1723 Hz, the vowel /EH/
which has F2 = 2084 Hz, the vowel /IH/ which has F2 = 2246 Hz, and the vowel /IY/ with the
most front positioned tongue hump ranks last and its F2 = 2664 Hz.

Because the recorded samples belong to people of wide variety of ages and vocal tract
lengths, the produced vowel is different for each individual. This variety in production explains
the overlap in histograms of F2 values of the vowels as shown in Figure 5.1, and explains the
narrow spacing of mean F2 frequencies for some of the vowels as shown in Table 5.1. Thus, it is
difficult to recognize a vowel based only on its exact mean F2 frequency. As discussed in Chapter
4, It is possible to reduce the uncertainty in the recognition process if vowels are grouped in a way
that requires low processing power and does not change the unique identification of each vowel as
will be discussed in Chapter 6. To better depict the distance among mean F2 frequencies, Figure

5.2 visualizes the spacing among the mean F2 values of the considered vowels.
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Figure 5.2: Spacing among the average F2 frequency for the set of ten vowels of interest.

In Figure 5.2, the average F2 frequency for vowel /AA/ is the smallest, followed by /AO/,
/UH/, /UW/, /AH/, /ER/, /AE/, /JEH/, /IH/, and /IY/ which has the largest average F2 frequency.

The first step to group the vowels’ mean F2 frequencies is to calculate the distance between
adjacent vowels (sorted ascendingly). The distances are as follows: d(AA, AO) =3 Hz, d(AO, UH)
=345 Hz, d(UH, UW) = 3 Hz, d(UW, AH) = 81 Hz, d(AH, ER) = 18 Hz, d(ER, AE) = 286 Hz,
d(AE, EH) =361 Hz, d(EH, IH) = 162 Hz, d(IH, IT) =418 Hz.

The second step is to group vowels in between two large distances. As mentioned in
Chapter 4, small number of groups is desired. There are four large distances that can be used, these
are d(AO, UH), d(ER, AE), d(AE, EH) and d(IH, IY). These four distances divide the whole
frequency range into five groups of vowels as follows: the first group contains two vowels /AA/

and /AO/. The second group contains four vowels /UH/, /UW/, /AH/, and /ER/. The third group
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contains a single vowel /AE/. The fourth group contains two vowels /EH/ and /IH/. The fifth group
contains a single vowel /IY/. Figure 5.3 below depicts the five vowels groups.

The third step is to designate the range of each of the five groups. The lower bound of the
first group’s range is -co. The lower bound of all other groups is set to be the F2 frequency of the
smallest vowel in that group minus half of the distance from the previous group. The upper bound
is set to be the F2 frequency of the largest vowel plus half of the distance from the next group. For
example, the upper bound of the first group is the F2 frequency of the vowel /AO/ + 172.5, which
1s half of the distance between group I and group II. The range of each group is as follows: group
I falls in the range (-0, 1162.5] Hz. Group II occupies the range [1162.5, 1580] Hz. Group III
occupies the range [1580, 1903.5] Hz. Group IV falls in the range [1903.5, 2455] Hz. Group V

falls in the range [2455, +o0) Hz.
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Figure 5.3: Vowels groups according to mean F2 frequency.
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Group I on Figure 5.3 contains the vowels /AA/ and /AO/. Group II includes the vowels
/UH/, /UW/, /AH/, and /ER/. Group III contains the vowel /AE/. Group IV contains the vowels
/EH/ and /TH/. Group V contains the vowel /1Y/.

In the recognition process, the estimated F2 of a vowel recording is checked against each
of the five groups of vowels. The group that the estimated F2 frequency falls in represents the
group of this vowel. For example, to recognize a vowel that has an estimated F2 frequency of 1265
Hz, this number falls in the range of the second group. Thus, the vowel is recognized as either the
vowel /UH/, /UW/, /AH/ or the vowel /ER/. Group I contains two vowels, so the recognized vowel
is one of two vowels. Group II is more populated, and the recognized vowel is one of four vowels.
Group III contains a single vowel, which means the recognized vowel is final. Group IV contains
2 vowels and the recognized vowel is one of 2 options. And group V contains a single vowel,
which means the recognized vowel is one option only. This concludes that the knowledge of F2 is
good to discern five groups of vowels in non-dysarthric North American English. Table 5.2 below

provides the F2 group for each vowel in the set of ten vowels of interest.
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Vowel F2 group

Y/ 5

/TH/ 4
/EH/ 4
/AE/ 3
/ER/ 2
/AH/ 2
/TUW/ 2
/UH/ 2
/AO/ 1
/AA/ 1

Table 5.2: F2 groups of the set of ten vowels in non-dysarthric speech. Each row

contains a vowel and the group according to F2.

The first row in Table 5.2 contains the vowel /IY/ which belongs to group V of F2. The
vowel /IH/ belongs to group I'V. The vowel /EH/ belongs to group IV. The vowel /AE/ belongs to
group III. The vowel /ER/ belongs to group II. The vowel /AH/ belongs to groups II. The vowel
/UW/ belongs to group II. The vowel /UH/ belongs to the group II. The vowel /AO/ belongs to
group I. The vowel /AA/ belongs to group I.

Dividing the set of vowels into five groups according to their mean F2 frequency simplifies
the process of indicating the tongue position in the production of each vowel. The F2 numerical
figures are seen as a quantified tongue position in Hertz, and the groups’ ranges are seen as defining
the ranges of various tongue positions in Hertz. The range of possible tongue positions can

similarly be divided into five ranges as shown in Figure 5.4 below.
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Figure 5.4: Tongue position ranges and its corresponding F2 frequency ranges.

The five ranges of tongue position are shown in Figure 5.4. Each sub plot illustrates the

vocal tract tube walls and the tongue hump. (a) The first range is the average tongue position to
produce the vowels /AA/ and /AO/ and its corresponding F2 frequency range is (-0, 1162.5] Hz;
the centre of the tongue hump can take any value in this range (this is the most back position range
in the mouth). (b) The second range contains the average tongue position to produce the vowels
/UH/, /UW/, /AH/, and /ER/ and its corresponding F2 frequency range is [1162.5, 1580] Hz; the

centre of the tongue hump can take any value in this range. (c) The third range contains the mean
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tongue position to produce the vowel /AE/ and its corresponding F2 frequency range is [1580,
1903.5] Hz; the centre of the tongue hump can take any value in this range. (d) The fourth range
contains the mean tongue position to produce the vowels /EH/ and /IH/ and its corresponding F2
frequency range [1903.5, 2455] Hz; the centre of the tongue hump can take any value in this range.
(e) The fifth range has the mean tongue position to produce the vowel /IY/ and its corresponding
F2 frequency range is [2455, +o0) Hz; the centre of the tongue hump can take any value in this
range (this is the most front position range in the mouth).

The recognition of groups of vowels according to tongue position is possible for non-
dysarthric speech. However, for individuals with dysarthric speech, the position of the tongue
hump while producing a vowel may not fall in the same range as the tongue position of a non-
dysarthric speaker. The recognition of dysarthric speech vowels will be discussed in the next

section.

5.4.2. The Estimated F2 for Dysarthric Group

Similarly to the results of Chapter 4, the F2-based classifier built in Section 5.4.1 does not
accommodate dysarthric speech. Given that the mean F2 frequency of dysarthric group cannot be
used to represent the sound production mechanism of all dysarthric speakers, the tongue-position-
based classifier of the set of ten vowels for both types of speech has to be a customized version of
the classifier built for the control group in Section 5.4.1. More information is needed to build such
a customized classifier. This can be information about the jaw opening as discussed in Chapter 4.
The combination of classifiers built based on jaw opening and tongue position needs to be studied

thoroughly. The use of both features to build a model will contain redundancy that allows for
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accommodating more different sounds in speech, while taking into consideration the different

abilities to control the articulators responsible for sound production process.

5.5. Conclusion

This chapter presented a classifier for the set of ten vowels in non-dysarthric North
American English that is based on the tongue position quantified by the frequency of F2. The
classifier discerns five different groups of vowels based on their mean F2 frequency as uttered by
speakers with non-dysarthric speech. However, similarly to the results in Chapter 4, the tongue
position on its own is not sufficient to recognize vowels in dysarthric speech. This classifier needs
to be expanded by adding more features. In the next chapter, the classifier from Chapter 4 and the

classifier from this chapter are combined and studied.
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Chapter 6

Vowels Quantification into Codewords

Abstract

Acoustic models are built using data from a single type of speech. The comprehension of
the effect of articulators’ positions on the produced vowel will make it possible to quantify vowels
in the spectrum of dysarthric speech into codewords and build an acoustic model that naturally
describes different degrees of dysarthria. This chapter presents a set of codewords that identifies
all possible vowel and vowel-like sounds that a person can produce with all possible combinations
of jaw and tongue positions. The jaw opening width and tongue position are quantified by the first

and second formants respectively.

6.1. Introduction

State of the art ASR systems perform poorly when used by a person with dysarthria. The
problem has been approached through modifying the architecture of the ANN that was used in
building the acoustic model of ASR systems as in [30, 33, 32]. These acoustic models are built to
mimic the speech perception mechanisms in humans, but are not customized to accommodate the
different speech production mechanisms in dysarthric and non-dysarthric speech. As the unclear
articulation is the main identifier of dysarthric speech, the acoustic model needs to include sound
production mechanism such that the recognition rate of the ASR system improves. A non-invasive
way to collect the articulatory information is by performing an acoustic-to-articulatory inversion

process.
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In this chapter, it is proposed to replace the acoustic model in conventional ASR systems
that is based on ANNs with a simple model that has only two parameters. The proposed model
describes all possible vowel and vowel-like sounds a person can produce with all possible
combinations of jaw and tongue positions regardless of their speech type. The choice of the two
parameters, namely the jaw and the tongue positions, is based on the articulation process as
described in chapters 4 and 5.

The rest of the chapter is organized as follows. Section 6.2 provides an overview of the
previous work in dysarthric speech recognition area. Section 6.3 provides information about the
data used in this study and how features are extracted from the data. In Section 6.4, the vowels
characteristics, namely frequency of F1 and F2 are used to build an identification table for each of
the ten vowels of interest. The vowel identification table is further analyzed in Section 6.5 to obtain
a unique identification table that is used in the recognition process. Finally, Section 6.6 concludes

the work in this chapter.

6.2. Related Work

Numerous attempts have been made to improve the performance of ASR systems for
dysarthric speech. In general, the problem has been identified as neural-network-related problem.
Thus, the solution was either to modify the architecture of the neural network used to build the
acoustic model, to add articulatory features to the features fed to the model, or to augment the data
of dysarthric speech to obtain enough data to feed into the model.

In this chapter, the problem is identified as an articulation-related problem. Thus, the solution to
this problem is not data driven. The suggested solution quantifies all possible sounds that can be

produced using all combinations of two articulators instead of focusing on capturing the inter-
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speaker variability. Consequently, this solution requires less amount of data and processing power
than the power required in neural-network-based solutions that can, for example, be implemented

on a small device.

6.3. Data Specifications

The recorded audio samples belong to two different groups of speakers as those used in
Chapter 4 and Chapter 5. The first group are speakers whose English is their first language and
have non-dysarthric speech. Seven speakers in this group are females and 6 are males. This group
will be referred to as the control group and is the group used to derive the model. The second group
are speakers who have dysarthric speech. One speaker is a female whose first language is English,
one speaker is a male whose first language is English, and one speaker is a male with English as
his second language. Severity of dysarthric speech varies for the three participants. This group will
be referred to as the dysarthric group and is used to test the model. The recorded audio samples
are isolated words that contain vowels in North American English. Each volunteer was asked to
utter ten isolated words. The vowels are then manually extracted from these words for further
processing. F1 and F2 mean values as estimated in Chapter4 and Chapter 5 are used to derive the

model in this chapter.

6.4. Frequency Characteristics of Vowels

Different vowel-specific vocal tract shapes affect the acoustic signal differently. These
effects are mainly caused by the jaw opening and tongue position that defines the shape of the

vocal tract while producing a certain vowel. The following section is a reminder of the relation
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between the frequency characteristics of a vowel and the jaw and tongue positions set to produce
this vowel as was mentioned in Chapter 4 and Chapter5.

The paper written by Lindblom and Sundberg [3] provides an analysis on the effect of the
articulators’ positions on the speech spectrum of synthetic signals. Lindblom and Sundberg have
shown that F1 is influenced by the jaw opening when all other muscles are stable. It was also
shown that the position of the tongue strongly affects F2.

Based on results from [3], the frequency of the F1 centre is considered to be correlated with
jaw opening. Such that the higher the frequency of F1 centre, the wider the jaw opening, and the
lower the frequency of F1 centre, the tighter the jaw opening. And the frequency of F2 centre is
considered to be correlated with the tongue hump position. Such that the higher the frequency of
F2 centre, the more to the front the tongue hump position, and the lower the frequency of F2 centre,
the more to the back the tongue hump position.

As mentioned in Chapter 4, there are five different jaw opening ranges that uniquely
produce five groups of vowels. And as mentioned in Chapter 5, there are five different tongue
positions that are used to uniquely produce five groups of vowels. The ranges of jaw opening width
and tongue position are quantified by the F1 and F2 frequency ranges of the vowel groups. Table

6.1 provides the F1 and F2 groups for each vowel as discussed in Chapter 4 and Chapter 5.
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Vowel F1 group F2 group

Y/ 1 5
/TH/ 2 4
/EH/ 3 4
/AE/ 5 3
/ER/ 2 2
/AH/ 4 2
/TUW/ 1 2
/UH/ 2 2
/AO/ 3 1
/AA/ 3 1

Table 6.1: Preliminary F1 and F2 groups of the set of ten vowels in non-dysarthric

speech.

Each row in Table 6.1 contains a vowel, the group according to F1, and the group according
to F2. The first row contains the vowel /IY/ which belongs to groups 1 and 5 of F1 and F2
respectively. The vowel /IH/ belongs to groups 2 and 4. The vowel /EH/ belongs to groups 3 and
4. The vowel /AE/ belongs to groups 5 and 3. The vowel /ER/ belongs to groups 2 and 2. The
vowel /AH/ belongs to groups 4 and 2. The vowel /UW/ belongs to groups 1 and 2. The vowel
/UH/ belongs to the groups 2 and 2. The vowel /AO/ belongs to the groups 3 and 1. The vowel

/AA/ belongs to the groups 3 and 1.
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6.5. Analysis

6.5.1. Unique Vowel Identification

The F1 and F2 groups in Table 6.1 act as vowel identifiers. F1 and F2 groups are combined
and used to form a codeword that identifies a vowel. Each codeword consists of two parts, the first
is the F1 group and the second is the F2 group. The codewords for the vowels are as follows: /IY/
=15, /IH/ =24, /EH/= 34, /AE/ =53, /ER/=22,/AH/ =42, /UW/ =12, /UH/ =22, /A0/ =31, and
/AA/=31.

The identification codewords are not unique to each vowel. The vowels /ER/ and /UH/
have the same codeword of 22. According to Yoshida, a teacher in programs to teach English to
students whose English is not a first language at the University of California [50], the vowel /ER/
and the phoneme /R/ only differ in timing [51]. As timing is not a trait in dysarthric speech, the
phonemes /ER/ and /R/ are considered one gliding semivowel phoneme. Thus, the vowel /ER/ is
deleted from the set of vowels of interest. Similarly, the vowels /AO/ and /AA/ have the same
codeword of 31. The reason of having the same identification code for these vowels is related to
the fact that most North Americans do not distinguish these two vowels [52]. Additionally, in an
experiment held to identify vowels by auditory judgment, the pair /AO/ and /AA/ was poorly
distinguished [53]. Thus, the vowel /AQO/ is deleted from the set of vowels of interest, and the
vowel /AA/ is kept. The deletion of vowels /ER/ and /AQO/ results in a uniquely identified set of
eight vowels. Table 6.2 presents a new set of vowels designed for the purpose of vowels
identification taking into consideration dysarthric speech characteristics and the most recent phase

of language development.
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Vowel F1 group F2 group

Y/ 1 5

/TH/ 2 4
/EH/ 3 4
/AE/ 5 3
/AH/ 4 2
/TUW/ 1 2
/UH/ 2 2
/AA/ 3 1

Table 6.2: Preliminary F1 and F2 groups of the eight vowels in non-dysarthric

speech.

Each row in Table 6.2 contains a vowel, the group according to F1, and the group according
to F2. The first row contains the vowel /IY/ which belongs to groups 1 and 5 of F1 and F2
respectively. The vowel /TH/ belongs to groups 2 and 4. The vowel /EH/ belongs to groups 3 and
4. The vowel /AE/ belongs to groups 5 and 3. The vowel /AH/ belongs to groups 4 and 2. The
vowel /UW/ belongs to groups 1 and 2. The vowel /UH/ belongs to the groups 2 and 2. The vowel

/AA/ belongs to the groups 3 and 1.

6.5.2. Representation of the Domain on a 2-D Plane

The total number of all possible codewords in the domain is 5 X 5 = 25 codewords
because each feature is divided into 5 groups. 8 of these codewords correspond to vowels, and 17

codewords are redundant codewords that correspond to vowel-like sounds. Figure 6.1 depicts the
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25 possible codewords on a 2-D plane and specifies which of these codewords correspond to
vowels, and which codewords are redundant codewords.

The domain of codewords represents all possible combinations of jaw and tongue positions
while producing a sound (quantified by F1 and F2 respectively). The resulting sound of any of
these combinations is either a vowel or a vowel-like sound. The vowel codewords represent vowels
in non-dysarthric speech, while redundant codewords represent vowel-like sounds. The vowel-like
sounds are a result of an attempt from a person with dysarthria to produce a certain vowel, but due
to the lack of control over the jaw and tongue, the produced sound is vowel-like.

The recognition of vowels in dysarthric speech based on this domain representation on a
2-D plane can be done in various ways. The recognition is not limited to the method to be discussed
next.

An example of the recognition process is the following. The recognition of the exact vowel
that the person with dysarthria intended to produce is dependent on the distance between the
redundant codeword that represent the vowel-like sound and all neighbouring codewords that
represent a vowel. The vowel is recognized as the vowel codeword with the least distance from
the redundant codeword. If there are more than one vowel codeword with the same distance from
the redundant codeword, a decision cannot be made. Out of the 17 redundant codewords, there are
8 codewords that have a similar distance to at least two different vowels which makes these 8
codewords unusable to recognize a vowel. The last 9 redundant codewords are recognized as
follows:

The codewords 11 and 13 are recognized as the vowel /UW/. The codewords 34, 35, 45, and 44
are recognized as the vowel /EH/. The codewords 54 and 55 are recognized as the vowel /AE/. The

codeword 51 is recognized as the vowel /AH/.
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Figure 6.1: All possible codewords of two features divided into 5 groups each.

The x-axis in Figure 6.1 represents the groups of F1. The y-axis represents the groups of
F2. The coordinates of each point on the 2-D plane form a codeword. The bold points are the
vowels’ codewords. The points with a question mark on top of them are redundant codewords
where no decision can be made, and the redundant codewords connected to a vowel codeword

with a line are the codewords that can be recognized as the connected vowel.
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6.5.3. Use Case

To further demonstrate how this domain of codewords can be used in the recognition of dysarthric
speech, the data from three different speakers with dysarthria are analyzed. Three speakers:
speaker #10, speaker #12, and speaker #13 -with different degrees of dysarthria- were asked to
utter the word “Ed”. The vowel /EH/ is extracted from the signal and the frequencies of F1 and F2
are estimated, then a codeword is created. The codeword representing the vowel /EH/ uttered by
speaker #10 is 22. The codeword representing the same vowel uttered by speaker #12 is 34. And
the codeword representing the vowel /EH/ uttered by speaker #13 is 44. As defined in the domain
of codewords in Table 6.2, the vowel /EH/ is represented by the codeword 34. In the case of
speaker #10, the codeword 22 will be recognized as the vowel /UH/. The speaker intended to utter
the vowel /EH/ but the place of the jaw and tongue were positioned for the generation of a
completely different vowel. In the case of speaker #12, the codeword is successfully recognized
as the vowel /EH/. In the case of speaker # 13, the codeword 44 corresponds to a redundant

codeword that is recognized as the vowel /EH/, so the vowel is successfully recognized.

6.5.4. Domain Analysis

The codewords of the set of 8 vowels are examined for possible refinements. The goal is to have
a domain of codewords where most of the codewords are used and the number of redundant
codewords is minimal. This includes examining the number of features (Such as F1 and F2) and
number of groups in each feature to create the desired domain of codewords.

Theoretically, 8 different vowels are uniquely identified using 1 feature if this feature is
divided into 8 groups, such that each group contains a single vowel only. There are a total number

of 8 codewords in the domain. This is an optimal case where no codeword is redundant. The same
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8 vowels can be uniquely identified using 2 features if each feature is divided into 3 groups. This
is because [log;8] = 2. 2 is the number of features, the log base is the number of groups (size of
alphabet), and 8 is the number of vowels. Using 2 features divided into 3 groups will result in 9
unique codewords. As we only have eight vowels, one codeword is redundant and will not be used.
An optimal case will result from dividing one of the features into 2 groups, and the other into 4
groups. The total number of codewords in the domain would be 2 X 4 = 8 codewords.

Practically, 8 different vowels are not uniquely identified using a single feature as shown
in Chapter 4 and Chapter 5. However, 8 vowels are uniquely identified using 2 features as shown
in Table 6.2. Although it was suggested earlier that an optimal case will result from dividing one
feature into 2 groups and the other into 4 groups, this is not feasible in the case of identifying
vowels because these features describe the natural physical movement of jaw and tongue to
produce sounds. Each of the two features is divided into 5 groups to convey the natural process of
producing each vowel.

It is preferable to have fewer groups as this decreases the precision degree needed to
uniquely identify the vowels. Fewer groups also accommodate more different speech mechanisms
by decreasing the number of redundant codewords where no decision can be made. Combining
adjacent groups in a feature is examined to explore possible domain of a smaller size than 25
unique codewords.

The first feature (F1): combining groups 1 and 2 of F1 feature into a single group 1 will
result in two vowels that have the same codeword. The vowel /UW/ is represented by the codeword
12, and the vowel /UH/ will have the codeword 12 if groups 1 and 2 are combined. Since
combining groups 1 and 2 changes the uniqueness of the codewords, groups 1 and 2 cannot be

combined.
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Combining groups 2 and 3 of F1 feature into a single group 2 will also result in two vowels having
the same codeword. The vowel /IH/ has the codeword 24, and the vowel /EH/ will have the
codeword 24 if groups 2 and 3 are combined. Thus, groups 2 and 3 of the first feature cannot be
combined.

Combining groups 3 and 4 of F1 feature into a single group 3 does not change the uniqueness of
any of the codewords. And combining groups 4 and 5 into a single group does not change the
uniqueness of the codewords either. For that, groups 3, 4, and 5 of the first feature are combined
into a single group 3. The final number of groups that F1 feature is divided into is 3 groups. Table

6.3 below shows the new codewords set after combining groups 3, 4, and 5 in F1 feature.

Vowel F1 group F2 group
1Y/ 1 5
/TH/ 2 4
/EH/ 3 4
/AE/ 3 3
/AH/ 3 2
/TUW/ 1 2
/UH/ 2 2
/AA/ 3 1

Table 6.3: The new vowel codewords after F1 groups combination. The codewords

of the vowels /AE/ and /AH/ have changed into 33 and 32 respectively.
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The second feature (F2): In the new codeword set of Table 6.3, combining groups 1 and
2 of F2 feature into a single group 1 will result in two vowels that have the same codeword. The
vowel /AA/ is represented by the codeword 31, and the vowel /AH/ will have the codeword 31 if
groups 1 and 2 are combined. Thus, groups 1 and 2 cannot be combined.
Combining groups 2 and 3 of F2 feature into a single group 2 will also result in two vowels having
the same codeword. The vowel /AH/ has the code word 32, and the vowel /AE/ will have the
codeword 32 if the groups 2 and 3 are combined. Thus, groups 2 and 3 of the second feature cannot
be combined.
Combining groups 3 and 4 of F2 feature into a single group 3 will result in two vowels represented
by the same codeword. The vowel /AE/ has the code word 33, and the vowel /EH/ will have the
codeword 33 if the groups 3 and 4 are combined. Thus, groups 3 and 4 of the second feature cannot
be combined.
Combining groups 4 and 5 of F2 feature into a single group 4 does not change the uniqueness of
any of the codewords. Thus, groups 4 and 5 of the second feature are combined into a single group
4. The final number of groups that F2 feature is divided into is 4 groups.

Since no further refinements can be done on any of the two features, these results are
considered final. Table 6.4 below shows the final codewords set after combining groups 3, 4, and

5 in F1 feature, and groups 4 and 5 in F2 feature.
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Vowel F1 group F2 group

Y/ 1 4
/TH/ 2 4
/EH/ 3 4
/AE/ 3 3
/AH/ 3 2
/TUW/ 1 2
/UH/ 2 2
/AA/ 3 1

Table 6.4: The final vowel codewords after groups combination in both features F1

and F2.

The final domain of codewords is of the size 4 X 3 = 12. Figure 6.2 depicts all possible
codewords on a 2-D plane. This domain represents the vowels and vowels-like sounds in North
American English regardless of the speech type if groups inside F1 and F2 features are combined.
8 codewords out of the 12 codewords correspond to vowels, and 4 codewords are redundant
codewords. It is clear that the combination of groups inside features increased the margins of
vowels and reduced the number of redundant codewords. 1 out of the 4 redundant codewords is
recognizable as a vowel. This is the codeword 11 recognized as the vowel /UW/. The rest 3
codewords (13, 21, and 23) have a same distance to more than one vowel, which makes these
redundant codewords unrecognizable. The uncertainty in the whole domain has been reduced from
8 unrecognizable codewords to 3 unrecognizable codewords. Nevertheless, if the features chosen

to represent the vowels are features that are either hard to be extracted or do not precisely represent
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the vowel, error rate will increase with the vowels margins increase. Thus, the choice of merging

groups in a certain feature or not is dependent on the features set.
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Figure 6.2: All possible codewords of F1 divided into 3 groups and F2 divided into 4 groups.

The x-axis in Figure 6.2 represents the 3 groups of F1. The y-axis represents the 4 groups
of F2. The coordinates of each point on the 2-D plane is a codeword. The bold points are vowels
codewords. The points with a question mark on top of them is a redundant codeword where no
decision can be made, and the redundant codewords connected to a vowel codeword with a line

are the codewords that are recognized as the connected vowel.
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6.6. Dysarthric Speech Recognition Based on Vowels

Once vowels are recognized based on their estimated F1 and F2 frequencies, the process
of recognizing other phonemes in the language can be planned. The first step in the plan is to use
the information found in the vowel spectrum as it holds important information about adjacent
phonemes. Part of the vowel spectrum duration represents the jaw and tongue position that are set
to produce the vowel. The rest of the vowel spectrum represents the changes in the tongue and jaw
positions while preparing to produce the next phoneme or while preparing to produce the vowel.

An example of the effect of adjacent phonemes on the vowel is shown in Figure 6.3 below.
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Figure 6.3: The word “Two” uttered by speaker #4.
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Speaker #4 is a female speaker who speaks English as a first language and has non-
dysarthric speech. The top of Figure 6.3 shows the waveform of the signal and the spectrum is
below it. The spectrum is divided into two parts. The first part corresponds to the phoneme /T/.
The second part corresponds to the phoneme /UW/. The horizontal red dotted line represents
formants. There are five obvious formants in this spectrum of the vowel /UW/.

The first part of the spectrum is a plosive sound where no sound is radiating in the mouth.
Thus, the formants are not clear in this part. To produce the plosive /T/ the jaw opening has to be
tight and the tongue has to be positioned in the front of the mouth. The jaw also has to be opened
tightly to produce the vowel /UW/, but the tongue has to be in the back of the mouth. The spectrum
narrates the process of producing the word “Two”. First, the jaw is tight, and the tongue is in the
front to produce the /T/ sound. After producing the sound /T/, the closure point is released, and the
sound radiates freely in the mouth cavity which explains the presence of formants on the spectrum
before the sound /UW/ is heard. The beginning of formants appearing on the spectrum represent
the state of a tight jaw and front tongue then immediately changes to a little wider jaw opening
(slightly higher F1 value). This change is explained as the tongue is changing its shape (not
position), and in order to change the shape, the jaw opens wider to allow extra space. Then, the
jaw is set back to the required position to produce the vowel /UW/, and the tongue gradually moves
towards the back of the mouth to the required position to produce the vowel /UW/ (F2 centre starts
high then it dips down gradually as the tongue is moving back to the required position).

To use information about vowels in the recognition of the whole speech signal, the
behaviour of F1 and F2 needs to be studied in whole throughout the vowel period instead of just
obtaining the mean value of F1 and F2 of the stable vowel segment period. This will enable us to

study the progress of the articulators’ movement which will define the progress of the acoustic
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signal. In order to do this, there is a need to build a robust algorithm that is sensitive to the slightest
change in F1 and F2 frequencies. Furthermore, knowledge of the sound production mechanism of
other phonemes is also needed to categorize the different effects of articulators’ movements while
producing a phoneme on the vowel’s spectrum due to coarticulation. This step requires extensive
study in order to identify the best set of features that describes the articulation process of the rest
of the phonemes, and to identify how each phoneme affects each of the eight vowels. Once we
have more information about the rest of the phonemes, we will have a better idea on how to build
a vowel-based ASR system for dysarthric speech based on F1 and F2 frequencies of eight vowels

in North American English.

6.7. Conclusion

This chapter presented a model for the set of eight vowels and seventeen vowel-like sounds
in North American English that is based on all possible combinations of jaw opening quantified
by the frequency of F1 and on the tongue position quantified by the frequency of F2. The sounds
are assigned unique codewords based on F1 and F2. The work has shown that a human with a jaw
and a tongue can only produce a certain number of sounds. Thus, the problem is quantified. The
number of features and the number or groups each feature is divided into is a trade-off between
the required degree of precision and the available processing power. Multiple ways, other than the
one discussed in this chapter, can be used to perform the recognition process. And multiple models

can be built based on the proposed model in this chapter.
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Chapter 7

Concluding Remarks

The purpose of this thesis was to explore the existence of a robust model of vowels and
vowel-like sounds in North American English based on all possible natural combinations of jaw
and tongue positions, that allows for accommodating dysarthric speech regardless of the inter-
speaker variability and requires minimum processing power. This model was proven to exist
through the use of features that convey the natural process of sound production. The first formant
was used to quantify the jaw opening width as shown in Chapter 4, and the second formant was
used to quantify the tongue position as described in Chapter 5. Each vowel was quantified by a
two-digit codeword. The first digit represented the jaw position, while the second digit represented
the tongue position. The domain of all possible codewords was used to represent the domain of all
possible sounds produced by a person who has a jaw and a tongue regardless of their speech type
or personal variability. A summary of the contributions made by this study and future work are

described in the next sections.

7.1. Summary of Contributions

Several contributions have been made in this research. The most prominent contributions are as
follows:

e The construction of a new vowels set in North American English specifically designed for

dysarthric speech taking into consideration the language developments, shown in Section

6.5.1.
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e The acoustic model represented by the domain of codewords that quantify all vowels and
vowel-like sounds in North American English that can be produced by all possible
combinations of jaw and tongue positions, which accommodates dysarthric speech,
suggested in Section 6.5.2, and demonstrated through the use of real speech samples

acquired from individuals with dysarthria, shown in section 6.5.3.

7.2. Future Work

In this thesis, a new concept was proposed to solve the problem of dysarthric speech
recognition. Consequently, more work and exploration would be expected to follow. Future work
will depend on the purpose of the application where this solution is used. To use this solution in
applications that accommodate accented English, word-level recognition can be used to decrease
the error rate. It is common for people who speak English accents other than North American to
replace one vowel with another in some words, which is an undetectable error. One way to detect
this error is to perform phoneme-level recognition then word-level recognition as a second step. If
this solution is to be used in an application to recognize a different language, the set of features
should represent the articulators’ state of the speakers of that language. The number of features
may be different, and the number of groups that each feature is divided into may also be different,
but the main concept of numerical representation of vowels is transferable across languages. The
usage of this solution in clinical applications, such as monitoring the development of motor
function disorders or the severity level of dysarthria is also possible.

Several parts of this research can be developed into independent research areas that
contribute to improvements in the dysarthric speech recognition research area. An interesting topic

to explore further would be the possibility of deriving an equation that describes the tongue height
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in terms of jaw opening. This may lead to un-correlating articulators’ movement, a well-known
problem, which will enable a more precise indication of the articulators’ states and a better
acoustic-to-articulatory inversion process. In turn, this would identify all contributors to the first
formant height. Another part of this thesis to continue investigating is whether or not a better set
of features exists to better represent the different articulation of each vowel. In this thesis, F1 and
F2 were used to represent the jaw and tongue positions. There may be other time-domain or
frequency-domain features that represent the articulators’ states more precisely. Similarly, an
investigation should be conducted on the number of groups in each feature needed to create a code
with the lowest error rate. The recognition process is also a field that can be further investigated.
The principles that apply to communication theory also apply to the set of sounds if we consider
the vowels set as the set of transmitted messages and the whole domain of codewords as the set of
received messages. The most practical topic in this thesis to be further developed and used in state-
of-the-art ASR systems is to build a vowel-based ASR system as discussed in Section 6.6. An
extensive study and several steps need to be performed in order to be able to use the co-articulation
phenomena (once considered a problem) to recognize the whole speech signal. Further
improvements can be explored through the study of combining HMM or ANN with the model
proposed in this thesis.

It is true that ANNs has been leading the research of ASR for the past decade or so. Yet,
this approach requires costly resources like high processing capabilities and a large amount of data.
In contrast, the approach used in this thesis did not require high processing power or large amounts
of data. The solution has been made possible using a blend of knowledge from signal processing,

information theory, linguistics, and disability rights.
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Appendix A

The International Phonetic Alphabet (IPA)

THE INTERNATIONAL PHONETIC ALPHABET (revised to 2015)

CONSONANTS (PULMONIC)

© 2015 TPA

Bilabial |Labiodental| Dental ‘Alvcolar‘Postalvcolar Retroflex | Palatal Velar Uvular | Pharyngeal | Glottal
Plosive p b t d [ q C j k g q G ‘ ? ‘
Nasal m Il] n rl, p I] N
Trill B T R
Tap or Flap \'2 r I:
Fricative d) B f A\ e 6 ‘ S Z‘ _[ 3 § z 9 J X Y X B h i‘ h ﬁ
Lateral i B
fricative
Approximant 10 I 1 J g
L: 1
as:;gaximam 1 l 1( L

Symbols to the right in a cell are voiced, to the left are voiceless. Shaded areas denote articulations judged impossible.

CONSONANTS (NON-PULMONIC) VOWELS
Clicks Voiced implosives Ejectives Front Central Back
Close v Welu
O Bilabial 6 Bilabial Examples:
, 1Y
| Dental d Dental/alveolar p Bilabial
, Close-mid Co) ——9¢0—— (6]
! (Post)alveolar :J: Palatal t Dental/alveolar
’
F patstoalveosr | Velar K’ velar
’ Open-mid —_—
|| Alveolar lateral d Uvular S’ Alveolar fricative pen-mi E00C— G A¢d
OTHER SYMBOLS
Open 0 D
M\ Voiceless labial-velar fricative G Z Alveolo-palatal fricatives Where symbols appear in pairs, the one
to the right represents a rounded vowel.
‘W Voiced labial-velar approximant ,I Voiced alveolar lateral flap e P
LI Voiced labial-palatal approximant lj Simultaneous J and X SUPRASEGMENTALS
1 .
H Voiceless epiglottal fricative Primary stress |
re Affricates and double articulations —~ [founatifon

(-1‘- Voiced epiglottal fricative

can be represented by two symbols

Secondary stress

ts kp

joined by a tie bar if necessary.
2 Epiglottal plosive J Y i I Long [SH
° " Halflong €'
DIACRITICS Some diacritics may be placed above a symbol with a descender, e.g. I] v E n é
Xtra-short
Voiceless n d Breathy voiced b a Dental t d
o (2 ) & SSE SS 0 LU | Minor (foot) group
Voiced S t Creaky voiced b a Apical t d L .
v v v ~ = < u & % Major (intonation) group
h ira h dh inguolabia aminz .
Aspirated thd . Linguolabial L (j _ Laminal g (ui . Syllablebreak  Ii.aekt
w .2 w w| = . A
R More rounded :)) Labialized t d Nasalized c  Linking (absence of a break)
Less rounded :t) ] Palatalized tJ d] N Nasal release dl’l
< TONES AND WORD ACCENTS
. Advanced l‘] Y Velarized tY dY 1 Lateral release dl LEVEL CONTOUR
e «
Retracted c § Pharyngealized t&‘ df " No audible release (:1-| € o] ]}:‘;‘gl]l_;a C or /| Rising
2 ~
Centralized c ~ Velarized or pharyngealized '1' € 1 Hih € \| Falling
a . = High
< < Mid -
Mid-centralized € Raised € (] = voiced alveolar fricative) ? 4 wi e Esmg
. X s = W
(M ‘l Low € /i rigi‘ng
Syllabic n Lowered (B = voiced bilabial approximant) -~ Ext “— Risi
. 5 . 2 _| Exir & A Risine-
- c low falling
- Non-syllabic g B Advanced Tongue Root g { Downstep /" Global rise
" Rhoticity r a R Retracted Tongue Root @ T Upstep N\ Global fall

Listing A.1: The international phonetic alphabet [54].
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Appendix B

ARPABET Phoneme set

Computer Representaticn Computer Representation
Phoneme 1-Character | 2-Characters Example Phoneme 1-Character | 2-Characters Example
1 ! Y beat P P P pet
1 1 1H bit t t ¥ 3 ten
e e EY bait k k K kit
€ E EH bet b b B bet
z 3 AE bat d d D debt
a a AA Bob g g G get
A A AH but h h HH hat
E) c AO bought f f F fat
o o ow boat . T TH thing
U U UH book s s S sat
u u uw boot Yorf s SH shut
? x AX Eboul v v v vat
¥ X X roses ] D DH that
k § R ER bird z z z 200
aU or aw w AW down Yory z ZH azure
al or ay Y AY buy b (o] CH church
sl or oy o oy boy b J JH Judge
y y Y you - H WH which
w w w wit syll, ] L EL battle
r r R rent sylm, m M EM bottom
1 1 L let syln,n N EN button
m m N met fNapped t ¢ F DX batter
n o N net glottal stop, ? Q Q
’ ¢ = sing Sttence - -
ms;:mp?n? ' ' laugh, etc.
AUXILIARY SYMBOLS (1- AND 2-CHARACTER CODES ARE IDENTICAL)
Symbol Meaning Symbol Meaning
Morpheme boundary :3o0r , Fall-rise or non-term juncture
Word boundary ¢ o Comment (anything except * or **)
. Utterance boundary . ) Apos.-surround special symbol in
Tone group boundary comment
( ) Phoneme class {nformation
tlor. Falling or decl. juncture < > Phonetic or allophonic escape
:2o0r? Rising or inter. juncture
STRESS REPRESENTATIONS (IF PRESENT, MUST IMMEDIATELY FOLLOW THE VOWEL)
Value Stress Assignment Value Stress Assignment
0 No stress 3 Tertiury stress
1 Primary stress . (Etc.)
2 Secondary Stress :

Listing B.1: ARPABET phoneme set and equal symbol from IPA phoneme set [55].
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Appendix C

CMU Phonemes Set

Phoneme Example Translation Class
AA Odd AAD Vowel
AE At AET Vowel
AH Hut AAAHT Vowel
AO Ought AOT Vowel
AW Cow K AW Vowel
AY Hide HH AY D Vowel

B Be BIY Stop
CH Cheese CHIY zZ Affricate
D Dee DIY Stop
DH Thee DHIY Fricative
EH ED EHD Vowel
ER Hurt HHERT Vowel
EY Ate EYT Vowel
F Fee FIY Fricative
G Green GRIYN Stop
HH He HHIY Aspirate
IH It IHT Vowel
10 Eat IYT Vowel
JH Gee JHIY Affricate
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NG

oW

oy

SH

TH

Uw

< =2 <

Key

Lee

Knee
Ping
Oat
Toy
Pee
Read
Sea
She
Tea
Theta
Hood
Two
Vee
We
Yield
Zee

Seizure

KTIY

LIY

MIY

NIY

P IH NG

OWT

TOY

PIY

RIYD

STY

SHIY

TIY

THEY T AH

HHUHD

TUW

VIY

WIY

YIYLD

Z1Y

STY ZH ER

Stop
Liquid
Nasal
Nasal
Nasal
Vowel
Vowel
Stop
Liquid
Fricative
Fricative
Stop
Fricative
Vowel
Vowel
Fricative
Semivowel
Semivowel
Fricative

Fricative

Table C.1: CMU phoneme set (After [11])



