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Abstract

Voiced/unvoiced/silence speech segment detection is a method of assigning and labelling a
specific speech category (voiced/unvoiced/silence) to a speech segment.

Assigning speech categories to speech segment in a speech sound is an important component of
many speech processing systems. An accurate classification of a speech segment as
voiced/unvoiced/silence with voicing detection system is often used as a prerequisite for
developing other higher level and efficient applications of speech processing systems such as
speech coding, speech analysis, speech synthesis, automatic speech recognition, noise
suppression and enhancement, pitch detection, speaker identification, and the recognition of
speech pathologies.

The interest in speech segment category discrimination has intensified lately due to the
increasing demand for potential use in a number of commercial or non-commercial speech-based
systems. Current personal communication systems such as a cellular phone are examples of
commercial systems that integrate speech coding and speech recognition capabilities in their
operation.

In this study a supervised method of voiced/unvoiced/silence speech segment detection is
proposed. Text corpus with size of 900 sentences is collected from political news, economy
news, sport news, health news, fictions, Bible, penal code and Federal Negarit Gazzeta. These
texts are recorded by one male speaker to prepare the speech corpus. Both text and speech
corpuses are split in to training (66.67%) and test (33.33%) data sets.

ANN based voiced/unvoiced/silence classifier in particular an MLP with single hidden layer and
25 neurons on the hidden layer shows a high classification performance than other models tested.
The network has 15 neurons on the input layer and 3 neurons on the output layer that match the
number of features in the feature vector and the number of classes to be classified respectively
(MLP 15-25-3). Energy, ZCR and 13 MFCCs of the speech signal are used as feature vectors to
train and test the classifier model selected. The feature vectors are extracted for 20, 25, 30 and 35
millisecond of speech segment to see the effect of frame length on the classification performance
of the classifiers.

The evaluation of the experiments shows that best performance with the selected classifier model
and feature vector is achieved on 35 millisecond frame size. The MLP classifier shows an
accuracy of 89.69%. Hence, it is found that an MLP with single hidden layer and 25 neurons on
the hidden layer outperforms other classifiers tested.

Keywords: Voicing Detection, Voiced/Unvoiced/Silence, Machine Learning
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CHAPTER ONE
INTRODUCTION

1.1 Background

Digital signal processing (DSP) is concerned with the representation of signals as a sequence of
numbers and the algorithmic operations carried out on the signals to extract specific information
contained in them. DSP is mainly concerned with the processing of a discrete-time signal, called
the input signal, to develop another discrete-time signal, called the output signal, with more
desirable properties.

Digital signal processing systems are available that will do almost everything that analogue
signals can do, which are more versatile, that can be easily changed (programmable), they can be
made to process signals identically (repeatable) and are not affected by temperature or ageing
(physically stable) [21]. DSPs can be used for speech and audio processing (speech
coding/compression, speech analysis/synthesis, speech recognition, audio coding), image and
video processing (still image coding, video coding), adaptive filtering (echo cancellation in
telephone lines, active noise control, medical signal processing).

In certain applications, such as speech analysis-synthesis, noise suppression and enhancement, it
may be necessary to extract some key properties of the original signal like voiced, unvoiced or
noise speech sounds, using specific digital signal processing algorithms. It is also possible to
investigate the properties of a discrete-time system by observing the output signals for specific
input signals.

The knowledge of acoustic speech feature in particular voiced or unvoiced segment plays an
important role in many speech analysis-synthesis systems. Thus the issue of voicing detection
(voiced/unvoiced) algorithms (VDASs) has been one of the topics most analysed in the field of
speech processing research during the last three decades [5].

Voiced/Unvoiced detection involves identifying the regions of speech when there is significant
glottal activity (i.e., the vibration of vocal folds). Such regions of speech are generally referred to
as voiced speech. The unvoiced regions of speech include both silence (background noise) as
well as unvoiced speech (such as voiceless fricatives and stops) [9]. The vocal tract is the path
through the human vocal organs that produce speech. The particular acoustic sound that is
created is dependent on the action and position of the vocal organs. The vocal organs shape the
frequency characteristics of the vibrating air travelling through the vocal tract.

Voiced speeches are produced with vibration of the vocal cords. Air flow from the lungs and up
the trachea is modulated by vibrations of the vocal folds, located in the larynx. Voiced speeches
include all English vowels and some consonants, such as /m/, /n/, /1/, /w/, /b/, /d/, /g/, /v/, and /z/.
Unvoiced speeches are produced by a turbulent air flow crossing some constriction in the vocal

Addis Ababa University-FCMS Page 1
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tract, without vibration of the vocal cords. Unvoiced sounds include consonants like /p/, /t/, /k/,
/1. Silence is produced with the absence of speech sound. The signal of a voiced sound is more
or less periodic, while an unvoiced signal is noise-like.

The correct voiced/unvoiced/silence classification of a sound signal is essential in several speech
processing systems. Voicing detection algorithms have more application in the field of speech
processing such as speech coding, speech analysis, speech synthesis, automatic speech
recognition, noise suppression and enhancement, pitch detection, voice activity detection,
speaker identification, and the recognition of speech pathologies.

There are various aspects to be analysed and taken into consideration in developing a
voiced/unvoiced/noise detection system such as, the complexity of the algorithm, the delay
introduced (and thus the duration of the analysis window in which the decision is made),
robustness to noise (which is mainly channel and/or background noise), the overall performance
of the system, the phonetic classes to be considered (silence/background noise, mixed sounds,
etc.), and the training and testing database used to design and test the algorithm (in particular the
duration, the number of different speakers, the number of languages, the types of digitally added
noise, the sampling frequency, etc.).

The voiced/unvoiced/silence detection and classification can be made using temporal and
spectral analysis of the speech signal. Spectral Analysis of speech segment and pattern extraction
of the segment is proposed to have important information on distinction of noise vs. speech
waveform, consonant vs. vowels waveform, voiced vs. unvoiced speech waveform and on place
and manner of articulation. A sample annotated speech waveform and its spectrogram'
representing the Ambharic version of the sentence “Abebe has come (AN eM)” spoken by an
adult male is shown in Figure 1.1.

Figure 1.1: Speech Waveform (upper) and spectrogram (bottom) of the sentence
“A00 o)

'A graphical display of sound in which time is on the horizontal axis and frequency is on the vertical axis. Intensity is shown by
a grey-scale representation (the darker the display, the higher the intensity) or by a color display (the brighter the color, the hi gher
the intensity). [15]
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It is obvious that users are in need of using information technology in such a way that it can
simplify their life. This striking interest of users brings to the idea of speech processing. Speech
processing, specifically speech signal extraction and classification into voiced, unvoiced and
noise, provides a preliminary acoustic segmentation for audio signal processing applications,
such as speech coding, speech analysis, speech synthesis, automatic speech recognition, noise
suppression and enhancement, pitch detection, voice activity detection, speaker identification,
and recognition of speech pathologies.

1.2 Statement of the Problem

Correct voiced, unvoiced, noise classification of a sound provides a preliminary acoustic
segmentation of speech, which is important for several speech processing systems. The
performance of such systems, such as speech coding, speech analysis, speech synthesis,
automatic speech recognition, noise suppression and enhancement, pitch detection, speaker
identification, and the recognition of speech pathologies depends on the ability of the system to
detect correct voiced/unvoiced/silence speech segments.

In spite of this, the absence of good pattern extraction of voiced/unvoiced/silence speech
segment detection system limits the performance of speech processing systems that require the
use of it. Most approaches developed so far for voiced/unvoiced/silence speech segment
detection mainly used waveform temporal features in order to classify a segment of speech as
voiced, unvoiced or silence. This is mainly because, all voiced speech segments are produced by
the quasi-periodic vibration of the vocal cords and unvoiced & silences do not which can be
easily measured in time representation of the signal. However, this deteriorates the performance
of the system as the waveform features overlap between categories and are susceptible for
incorrect classification with decreasing signal to noise ratio (SNR). This in turn drops the
performance of the speech processing system. In addition, the performance of
voiced/unvoiced/silence classification systems developed so far is not up to the standard i.e. their
performance is less that doesnt meet the requirements of systems that require the use of it. For
example artificial neural network (ANN) based automatic speech recognition (ASR) is believed
to outperform HMM based approach, if such segmentation is in place for ANN systems as ANN
is superior in phone recognition over HMM. Moreover, to the best of the researchers
knowledge, there is no voiced/unvoiced/silence speech segment detection system developed so
far that considers Amharic language speech.

1.3 Objective of the Study

1.3.1 General Objective
The general objective of this research work is to conduct a research on voiced/unvoiced/silence
region of speech signal segment using machine learning techniques from the acoustic feature.
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1.3.2 Specific Objectives
So as to achieve the above general objective, the research will accomplish the following specific
objectives:

X/
X4

L)

To build speech corpus for Amharic sentences.

To extract acoustic features from the speech signal.

To determine appropriate features for voicing detection.

To determine appropriate frame size for voicing detection.

To build an appropriate voicing extraction and detection model using the training data.

X/ X/
L XA X4

X/
X4

L)

To implement a prototype of the voicing detection.
To test and analyse the system performance on the testing data.
To derive conclusion and recommendation for future work.

X/ X/ X/
L X X X 4

X/
X4

L)

1.4 Methodology

In this study, we first thoroughly studied the speech sound categories (voiced, unvoiced and
silence) and approaches to voiced/unvoiced/silence speech segment detection in parallel with a
survey of relevant literatures. The researchers have also assessed and conducted literature review
on voiced/unvoiced/silence extraction and detection developed so far for different languages.

1.4.1 Data Collection

A speech corpus is one of the fundamental requirements for any voiced/unvoiced/silence speech
segment detection related researches. Speech corpus is a collection of speech recordings which is
accessible in computer readable form, and which has an annotation and documentation sufficient
to allow re-use of data. Standard speech corpora consist of a training set and evaluation test sets.
The training set is intended to collect speech data for training the model and the evaluation test
set is for the purpose of final evaluation of the voiced/unvoiced/silence model.

For this study, speech corpus is collected from different sources to study the spectral and
temporal characteristics of the speech signal towards voiced/unvoiced/silence speech segment
detection. The selection of sentences aims at both a phonetically rich and balanced collection of
sentences. The sentences are selected from different Amharic sources such as political news,
economy news, sport news, and health news which contribute to the inclusion of all Amharic
phones. A total of 900 sentences are collected. The collected sentences are recorded by one male
speaker under normal environment.

1.4.2 Data Preparation

The prepared sentences are digitized using audio recording software with the sampling frequency
of 48 KHz, sample size of 16 bits and Mono channel. The recording process is carried out in a
quite resident environment using microphone. The training and test data are recorded in the same
environment to normalize the effect of noise.
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The digitized signal is windowed with various size rectangular window and is processed frame
by frame. In the frame-by-frame processing stage, the speech signal is segmented into a non-
overlapping frame of samples each of which having the same window size. The signal is
processed into frame by frame until the entire speech signal is covered. A feature vector was
obtained from each frame of speech and 20, 25, 30 and 35 ms of frame size is used. The feature
vector was a combination of 13 cepstral coefficients and two waveform temporal features, the
zero-crossing rate and energy. The cepstral coefficients were derived from 12 pole LPC analysis
and 13 MFCCs. The autocorrelation method of autoregressive (AR) modelling is used to find the
LP coefficients.

The whole feature vector obtained from the speech signal is split randomly into two: 66.67% for
training and the rest 33.33% for testing the system.

1.4.3 Modeling

The study used artificial neural network (ANN) approach which consists of an interconnected
group of artificial neurons and processes information using a connectionist approach to
computation. The neural network approach is chosen as it offers numerous advantages to develop
an efficient voiced/unvoiced/silence detection algorithm [24].

Based on the assessment and study of the speech sounds made, voiced/unvoiced/silence
extraction and detection algorithm that is suitable and efficient is developed.

1.4.4 Tools and Implementation

In conducting the research, extraction and detection of voiced/unvoiced/silence speech signal
using the information in the frequency domain, Matlab 7.9 specifically matlab signal processing
toolbox and speech signal processing methods (functions) are used for implementing the model.
Wavesurfer and Audicity are used as a major development tool to record and prepare the
frequency domain representation of the speech signals for acoustic analysis. Weka 3.6 machine
learning tool is used for machine learning analysis and experiment.

The rationale behind the choice of these tools is that they are suitable for performing different
speech signal processing and analysis tasks and machine learning processes.

1.4.5 Experimental Analysis

As stated in Section 1.4.2, the collected feature vector is randomly divided into two: the training
data set which is used to train the model prototype and test data set which is used to test the
model.

After the voiced/unvoiced/silence model is developed, testing is conducted on the model. The
model is trained using the speech data selected for training. The performance of the model on
each category of speech is also evaluated. Accuracy is taken as the performance measure of the
model. Accuracy is the closeness of the agreement between the test result and the accepted
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reference value (the manually tagged speech). Then, performance evaluation is made through
Weka machine learning tool by counting the number of the correct voiced/unvoiced/silence
detection that the system has made by comparing against hand categorized counterpart which in
turn can be expressed in percentage. This activity is conducted by repetitive experiments on the
sample training and test sets until satisfactory results are obtained.

1.5 Application of Results and Beneficiaries

As specified in Section 1.1, there are many advantages of developing voicing detection
algorithm. In the first place, it is the basis for developing other higher level and efficient
applications of speech processing systems such as speech coding, speech analysis, speech
synthesis, automatic speech recognition, noise suppression and enhancement, pitch detection,
voice activity detection, speaker identification, and the recognition of speech pathologies. In
view of that, the beneficiaries of this study will be:

¢ Researchers who want to conduct research on the above application areas.

¢ Linguistic professionals who want to conduct research on sound speech categories and
their extraction and detection.

¢ Linguistic professionals who want to learn and use glottal activity detection (voicing
activity detection) of speech sound.

1.6 Scope of the Study

The study will do voiced/unvoiced/silence speech segment detection on a speech data collected
in a normal environment from one speaker on Amharic language speeches. The system may not
show the same performance on speech data collected in a different environment for different
speaker and for other languages other than Ambharic.

1.7 Organization of the Thesis

The whole thesis is organized into six chapters. The first chapter describes the introductory part.
The second chapter is all about literature review and related works. It describes the approaches
used so far for voicing detection and works that are done using rule-based, statistical and neural
network approach. It also focuses on study and assessment of the nature and structure of speech
production and articulation. After the thorough study of the characteristics of speech sounds,
chapter three deals with windowing and feature extraction. Afterwards, the fourth chapter deals
with architecture and design of the voiced/unvoiced/silence classifier, corpus preparation and
implementation of the pre-processing tools and algorithms for the architecture. Chapter five
mainly focuses on the experimental analysis of the voiced/unvoiced/silence classifier conducted
for this study. Finally, the last chapter is all about drawing conclusion that comprises both
summary of the work done and recommendation on future work.
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CHAPTER TWO
LERATURE REVIEW AND RELATED WORKS

2.1 Human Speech Production

In the production of different speech sounds, different organs (parts of the human body that are
engaged in various ways with the production of speech) are involved. The vocal tract is the path
through the human vocal organs that produce speech. The principal organs of speech include:
lips, teeth, alveolar ridge, palate, velum, uvula, tongue, mouth cavity, nasal cavity, pharynx,
epiglottis, oesophagus, glottis, and larynx. The particular acoustic sound that is created is
dependent on the action and position of the vocal organs. The vocal organs shape the frequency
characteristics of the vibrating air travelling through the vocal tract.

These organs are classified into two categories: active and passive articulators. The active
articulators usually move or actively involve making the constriction when producing a sound.
These include velum, jaw, tongue blade, tongue tip, tongue body, tongue root and lips. On the
other hand, the passive ones usually sit there and get approached by the active organs. These are
alveolar ridge, hard palate, teeth and uvula.

Figure 2.1 displays a simplified schematic of the primary vocal operators of the vocal tract. The
diaphragm expands and contracts assisting the lungs in forcing air through the trachea, across the
vocal cords and finally into the nasal and oral cavities. The air flows across the tongue, lips, and
teeth and out the nostrils and the mouth. The glottis (opening formed by vocal cords or vocal
folds) can allow the air from the lungs to pass relatively unimpeded or can break the flow into
periodic pulses. The velum can be raised or lowered to block passage, or allow acoustic
coupling, of the nasal cavity. The tongue and lips, in conjunction with the lower jaw, act to
provide varying degrees of constriction at different locations. The tongue, lips, and jaw are
grouped under the title articulators, and a particular configuration is called an articulatory
position or articulatory gesture.

Tongue blade

Soft palate

Hard palate (velum)

Uvula

Alveolar ridge

Tongue tip Tongue back

Lips
Tongue root

Epiglottis
pig Pharynx

Larynx

Vocal folds
(aperture = glottis)

Figure 2.1: Primary articulators of the vocal tract
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2.1.1 Excitation

Speech sounds are produced as air is pushed from the lungs and converted into fluctuating
energy. Air from the lungs goes up the windpipe (the trachea) and into the larynx, at which point
it must pass between two small muscular folds called the vocal folds. This air source and the
nature of its flow are referred to as the excitation signal. The excitation can be considered to be
voiced or unvoiced. If the vocal folds are apart, as they normally are when breathing out, the air
from the lungs will have a relatively free passage into the pharynx and the mouth. But if the
vocal folds are adjusted so that there is only a narrow passage between them, the air stream will
cause them to vibrate. Sounds produced when the vocal folds are vibrating are said to be voiced,
as opposed to those in which the vocal folds are apart, which are said to be unvoiced/voiceless
[19].  All vowel phonemes are classified as voiced where as consonant phonemes can be
classified as either voiced or unvoiced. Some voiced consonant phonemes include /b/, /d/, /g/,
/v/, /z/. Each of these obstruents has an unvoiced counterpart, /p/, /t/, /k/, I/, /s/ [20].

The two types of excitation (voiced or unvoiced) are produced by different mechanisms at
different places in the vocal tract. In view of this fact, it is also possible to have both present at
once in a mixed excitation. The simultaneously periodic and noisy aspect of the sound /z/ is one
example. How to classify such a sound depends on the viewpoint: from a phonetic view, the
sound /z/ has a periodic excitation, so it is considered to be voiced. But, from the viewpoint of
wanting to represent that sound in a speech coder, both the periodic and noisy attributes are
present and perceptually significant, hence the mixed labelling.

2.1.2 Vocal Tract

Given the excitation as either voiced or unvoiced, the shape of the vocal tract, and how it
changes shape over time, is another primary determinant of a particular speech sound. In order to
form consonants, the air stream through the vocal tract must be obstructed in some way.
Consonants can be classified according to the place and manner of articulation.

The vocal tract has specific natural frequencies of vibration like all fluid filled tubes. These
resonant frequencies, or resonances, change when the shape and position of the vocal articulators
change. The resonances of the vocal tract shape the energy distribution across the frequency
range of the speech sound. These resonances produce peaks in the spectrum that are located at
specific frequencies for a particular physical vocal tract shape. The resonances are referred to as
formants and their frequency locations as the formant frequencies.

2.1.2.1 Place of Articulation

Place of articulation, also called point or area of articulation, refers to the different places of
articulation where possible human speech sounds are articulated. The primary articulators that
can cause an obstruction in most languages are the lips, the tongue tip and blade, and the back of
the tongue. Speech gestures using the lips are called labial articulations; those using the tip and
blade of the tongues are called coronal articulations; and those using the back of the tongue are
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called dorsal articulation [19]. For example, the Amharic word “mQ¢” (guard) begins with a
coronal consonant; in the middle there is a labial consonant; and at the end a dorsal consonant.

These terms, however, do not specify articulatory gestures in sufficient details for many phonetic
purposes. It is possible to identify the place of articulation by specifying its distance along the
length of the vocal tract from the glottis using acoustically oriented investigations.

Places of articulation are identified by the main zones of the vocal tract that are involved in the
articulation of sounds. And most sounds are named after the place where they are formed. The
following discussion is made on the different kinds of sounds according to their names.

A. Bilabials
Bilabials, bi means two and labial means lips, are sounds that are produced when the upper and

lower lips come close. Some consonantal sounds like /p/, /b/ and /m/ are produced when the
lower lip articulates against the upper lip. The lips are not important only in the production of
consonant sounds, but also when describing vowels. In the production of speech sounds, the lips
help in forming different vowels, partly by modifying the form of the mouth opening. When
producing bilabial sounds, we could say that the lower lip is the active articulator which moves
up where as the upper lip though it moves, at least a little, is considered as passive.

B. Labiodentals
Labiodental sounds are produced when the lower lip comes against the upper teeth. These sounds

include the voiceless /f/ and its voiced counterpart /v/. In such kinds of sounds, the lower lip is
the active articulator while the upper teeth are passive.

C. Dentals
Dentals are sounds formed when the tip of the tongue articulates behind the upper front teeth.

The first sounds of the Amharic words “t@.” (stop) and “2@A” (he called) are dentals. These
sounds also referred to as inter-dentals because they are produced when the tip of the tongue
comes between the upper and the lower teeth (they are also called lamino-dental sounds). These
sounds involve the upper teeth as the passive articulator. The active articulator may be either the
tip of the tongue or the blade of the tongue.

D. Alveolars
These sounds are produced when the tip and/or blade of the tongue comes in contact with the

alveolar ridge, which is the rough, bony ridge immediately behind and above the upper teeth.
The initial sounds in the Amharic words “Aa?7” (he begged), “Hé.’” (he sang) and “Gevs”
(accomplished) are all alveolars. English alveolar sounds include /t/, /d/, /s/, /z/ and /n/. Among
these sounds, /t/ and /s/ are voiceless sounds while the rest are voiced. There are also other
English alveolar sounds like /I/ and /1/, both voiced. The initial sounds of the following words
lip, lion, right and room are alveolars too. In the production of these sounds, the alveolar ridge
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involves as a passive articulator while either the blade of the tongue or (usually) the tip of the
tongue participates as an active articulator.

E. Post-alveolars
These are sounds that are formed when the tongue front articulates immediately behind the teeth

ridge. They are also referred to as palato-alveolars. These sounds include /7 (sh/s/ti as in Share,
sure, emotion respectively) and /3/ (s/ge/z as in meaSure, beige, seizure, respectively). These
sounds involve the area behind the alveolar ridge as the passive articulator whereas the active
articulator is usually the blade or the tip of the tongue.

F. Retroflex
These sounds are produced when the tip of the tongue is curled back past the alveolar ridge.

Many speakers of English do not use retroflex sounds at all [19]. Some examples of this group of
sounds occur initially in words such as “rye” and “row”. Speakers who pronounce /1/ at the ends
of words may also have retroflex sounds with the tip of the tongue raised in “ire”, “hour” and
“air”. In retroflex, the tip of the tongue is the active articulator whereas the alveolar ridge is
passive. Other common retroflex consonants are the retroflexed correlates of /t/ and /d/ — /t/ and
/d/ — heard in many Indian languages, such as Hindi, and also in the English spoken by native-
speakers of such languages [7].

G. Palatals
Palatals are sounds made when the front of the tongue articulates against the hard palate. The

more we feel back behind the alveolar ridge, we find a hard part in the roof of our mouth. This
part is called the hard palate or just the palate. In other words, sounds which are produced with
the tongue and the palate are called palatals or alveo-palatals. The first sounds of the words
church and judge /c/ and /j/ respectively are palatals. In the articulation of palatal sounds, the
active articulator is the body of the tongue and the passive one is the hard palate.

H. Velars
Further back in the roof of the mouth, beyond the hard palate, we find a soft area called soft

palate or the velum. Sounds that are articulated when the back of the tongue comes close against
the soft palate are called velars. The first sounds of the words car and gate /k/ and /g/ are velar
sounds respectively. The velum can also be lowered to allow the air flow through the nasal
cavity and thereby produce a velar sound which is represented by the IPA symbol /g/, typically
referred to as ,angma® The active articulator in the generation of velar sounds is the body of the
tongue and the passive one is the soft palate or the velum.

1. Uvulars
Uvular sounds are made by the back of the tongue against the uvula — the fleshy appendage

which hangs at the back of the soft palate. In other words, uvulars are sounds made when the
back of the tongue which is an active articulator and the uvula, a passive articulator, form a
constriction or a closure.
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As stated in [7], the /r/ of “standard” French is uvular, and this quality may be heard in some
regional dialects of English, especially in the north-east of England. Uvular plosive consonants
are found in Arabic, for example, and are transcribed /q/ and /G/ for the voiceless and voiced
types respectively.

J.  Pharyngeal
Pharyngeals are sounds that are articulated when constriction is formed in the pharynx, the

tubular cavity which constitutes the throat above the larynx. Pharyngeal consonants occur in
languages such as Arabic and Hebrew. They do not occur as speech sounds in English, but
similar effects can be heard in stage whispers.

K. Glottals
Glottal sounds are produced in the larynx due to the closure or narrowing of the glottis, the

aperture between the vocal folds. They when the glottis is open, as in the production of other
voiceless sounds, and there is no manipulation of the air passing out of the mouth.

2.1.2.2 Manner of Articulation

In the description of speech sounds, besides the places of articulation, manner of articulation is
also considered. It is all about the way how the speech sounds are uttered. Manner of articulation
also refers to degree of constriction, the degree how close the organs are. This parameter helps us
to further make a distinction among sounds formed in the same place of articulation. For
instance, /t/ and /s/ are both alveolars, but they differ in their manner of articulation, that is, in the
way they are pronounced.

To produce vastly different speech sounds, the excitation is altered by different general
categories of the vocal tract configurations. For example, vowel sounds are produced by periodic
excitation, and the airflow passes through the vocal tract mostly unrestricted. This open, but not
uniform, configuration produces the resonances associated with the formant frequencies. In a
loose analogy, this is similar to the resonances produced by blowing across an open tube. The
following is a detailed analysis of classes of speech sounds by manner of articulation.

A. Plosives/Stops
Plosives, also called stops, result from the sudden release of an increased air pressure due to a

complete restriction of airflow. This is the case where the active articulator touches the passive
articulator and completely cuts off the air flow through the mouth. Ladefoged [19] identified two
types of stops: oral and nasal. Oral stops are stops formed when the soft palate is raised so that
the nasal tract is blocked off, then the air stream will be completely obstructed. Pressure in the
mouth will build up and an oral stop will be formed. When the articulators come apart, the air
stream will be released in a small burst of sound. This kind of sound occurs in the consonants in
the words “play, buy” (bilabial closure), “time, dance” (alveolar closure), and “kick, garage”
(velar closure). The second domain treats nasal stops. If the air is stopped in the oral cavity, but
the soft palate is lowered so that it can go out through the nose. We can find sounds of this kind
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at the beginning of the words “my” (bilabial closure), “nose” (alveolar closure) and at the end of
the word “hang” (velar closure).

Stops can be voiced such as sound /b/ or unvoiced like the /p/ sound. The difference between the
unvoiced plosive phonemes and the voiced plosive phonemes is not just a matter of whether
(articulatory) voicing is present or not. Rather, it includes when voicing starts (if at all), the
presence of aspiration (airflow burst following the release of the closure), and the duration of the
closure and of the aspiration.

B. Fricatives
Sometimes called spirants, are sounds made when two organs come so close together that the air

moving between them produces audible friction. Fricatives have no periodic component and are
the result of a steady airflow meeting some constriction. Examples of fricatives are /s/ and /f/.
According to Ladefoged [19], the mechanism in the production of such sounds seems wind
whistling around a corner. The first consonants in fine, viva (labiodentals), this, that
(dentals/inter-dentals), size, zoo (alveolars), and shy (postalveolar) are examples of fricative
sounds.

C. Affricates
Affricates can be seen as a sequence of a stop and a fricative which have the same places of

articulation. In other words, it is a case where a single articulator effects first plosive, then a
fricative, articulation at the same, or a close, place; the soft palate is raised. The first sounds in
the words church, judge transcribed as /tJ/ and /d3/ are affricates.

D. Laterals(Approximants)
Such kinds of sounds are formed when an active articulator effect a partial closure in the mouth

by allowing its sides to be free of any contact; the velum is raised. They also referred to as lateral
approximants. For example, say the word “lie” and note how the tongue touches near the centre
of the alveolar ridge. Prolong the initial consonant and note how, despite the closure formed by
the tongue, air flows out freely, over the side of the tongue. Because there is no stoppage of the
air, and not even any fricative noises, these sounds are classified as approximants.

E. Nasal
Nasal consonants are produced by lowering the velum so that air can flow through the nasal

cavity. At the same time, a complete constriction in the mouth prevents airflow through the lips.
The most common nasal examples are /m/, /n/ and /ng/.

F. Sonorants
Other English sounds, the vowels, nasals /m/, /n/, /ng/, and approximants /l/, /t/, /w/, /j/ (the last

spelled as the English letter /y/) are called sonorants.
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2.1.3 Acoustic Cues
There are a number of acoustic cues of a speech sound used by a listener to correctly perceive the
underlying phoneme.

Vowels: Formant frequencies have been determined to be a primary factor in identifying a
vowel. The listening experiments of Peterson and Barney approximately map the first two
formants (F1 and F2) to vowel identification. Higher formants also have a role in vowel identity.
Another factor in vowel perception is nasalization, which is cued primarily by the bandwidth
increase of the first formant (F1) and the introduction of zeros.

Consonants: Consonant identification depends on a number of factors including the formants of
the consonant, formant transitions into the formants of the following vowel, the voicing (or
unvoicing) of the vocal folds during or near the consonant production, and the relative timing of
the consonant and the onset of the following vowel.

Every articulatory movement and posture has its own acoustic effects. Voiced sounds are
essentially produced due to the vibrations of the vocal cords, and tend to be louder and are
oscillatory. Unvoiced sounds tend to be more abrupt like and are more noise-like.

2.2 Approaches to Voicing Detection

So far many voicing detection researches have been done and different approaches have been
used for voiced/unvoiced/silence classification, where the well-known ones are rule-based,
statistical and neural network approach. All of the proposed methods have their merits, and
preference for one over another.

In this chapter, three different models were examined namely the rule-based, statistical and
neural network. The rule based approach as its name indicates relies on rules which are either
handcrafted or machine learned rules. The rules are the important elements for annotating speech
segments in the rule-based approach. The statistical based detector relies on the statistical
property of speech signals. Such statistical property can be distributional probability of speech
signals with tags which can be obtained during the training phase of the system. Finally, the
neural network (NN) detectors use acoustic features of speech signals that can be extracted from
the speech waveform or spectrogram to classify speech categories.

This section mainly deals with the most common approaches to voicing detection and related
woks to this thesis work. Accordingly the approaches used so far are described in detail in the
following sections.

2.2.1 Rule-Based Approach

The rule based approach uses rules to identify the regions of speech when there is significant
glottal activity (i.e., the vibration of vocal folds). Such regions of speech are generally referred to
as voiced speech. The unvoiced regions of speech may include both silence as well as unvoiced
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speech. The rules are based on knowledge of specific information (property) extracted from the
speech segment and setting threshold values to identify/detect regions of speech as
voiced/unvoiced/silence. The rule-based approach as its name indicates relies on rules which are
either handcrafted or machine learned rules. The specific information (properties) used to setup
the rules can be obtained using two basic methods that extract useful information from the
analysis of variations across the sequences of the speech segments used: time-domain methods
and frequency-domain methods.

The time-domain and frequency-domain methods for rule-based approach measure one or more
acoustic features which reflect the production characteristics of the sounds such as energy,
periodicity, short-term correlation, cepstrum and an LPC distance. Voiced/Unvoiced/Silence
decisions are taken by setting thresholds on individual parameter values (chosen empirically),
and the decisions are combined in a hierarchical manner.

In [3], a rule-based method was developed for classifying the speech into voiced/unvoiced using
zero-crossing rate and energy of a speech signal. In this work, two acoustic features were
combined: zero crossings rate and energy of the signal. The zero crossing count is an indicator of
the frequency at which the energy is concentrated in the signal spectrum. Voiced speech is
produced because of excitation of vocal tract by the periodic flow of air at the glottis and usually
shows a low zero-crossing count, whereas the unvoiced speech is produced by the constriction of
the vocal tract narrow enough to cause turbulent airflow which results in noise and shows high
zero-crossing count. Energy of a speech is another parameter used for classifying the
voiced/unvoiced parts. The voiced part of the speech has high energy because of its periodicity
and the unvoiced part of speech has low energy.

A speech threshold is determined which takes into account the silence energy and the peak
energy. Initially, the endpoints are assumed to occur where the signal energy crosses this
threshold. Corrections to these initial estimates are made by computing the zero-crossing rate in
the vicinity of the endpoints and by comparing it with that of the silence. If detectable changes in
zero-crossing rate occur outside the initial thresholds, the endpoints are re-designed to the points
at which the changes take place. If the zero-crossing rate is high and the energy is low, the
speech signal is unvoiced, while if the zero-crossing rate is low and the energy is high, the
speech signal is voiced.

2.2.2 Statistical Approach

Statistical models such as Gaussian mixture models (GMM) or Hidden Markov Models (HMM)
are also used for combining evidence from multiple features to detect voiced/unvoiced/silence
speech segment. These methods do not depend critically on threshold setting, but require training
data for the different types of speech segment. Statistical approaches assume different models of
random process for speech and background noise, and estimate the parameters of the underlying
distributions. Performance of these approaches depends on the choice of the probability
distributions, and the ability to estimate the parameters of the noise distribution [9].
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The algorithms which do not use thresholds could be an improvement over algorithms which use
thresholds for the detection of voiced/unvoiced/silence speech segments. Such demands satisfy
the usage of statistical classification algorithms.

The most commonly used statistical method for voicing detection is the Hidden Markov Model
(HMM). 1t is the probabilistic function of Markov Process, a process which moves from state to
state, from left to right on the states, to find optimal state sequence. An HMM is characterized by
the following criteria [12]:

% A finite set of states each of which is associated with a probability distribution
Transitions among the states are governed by a set of probabilities called transition
probabilities.

X/
°

¢ In a particular state an outcome or observation can be generated according to the
associated probability distribution. The observation is visible and the states are hidden to
the observer and hence the name Hidden Markov Model.

There are two approaches to voiced/unvoiced/silence speech segment detection using HMM
[31]. The first one is based on separated training of HMM and following testing. After training
the HMMs will not alter its parameters and the model will be insensitive to changes of
environment - detection without adaption. The second approach combines steps of training and
testing - detection with adaption.

When the HMM model is taken to the application of voicing detection, the hidden states are the
voiced/unvoiced/silence categories and the sequences of speech frames are the sequence of
observations. The transition probability in voicing detection is the probability of moving from
one category to the next and the emission probability is the probability of getting a speech
category Ci being in frame Fi. The algorithm can be trained using the Expectation Maximization
(EM) algorithm or the Baum-Welch algorithm.

To evaluate how the voiced/unvoiced/silence speech segment detection model designed by this
method performs, we need to present several types of input signals and monitor the matching
between the detected and actual speech segment category. In an HMM method, we don‘t need
any assumptions about the speech category. The characteristics of the voiced, unvoiced and
silence speech segments will already be implied within the model itself during the training
procedure.

2.2.3 Neural Network Approach

Today, neural networks are used to solve a wide variety of problems. These applications, to
which a neural network approach can be applied to, fall into one of the following three
categories:

R/

¢ Forecasting: predicting one or more values of dependent variable(s) from independent
variable(s) input values,
% Classification: classifying input data into one of two or more categories, or

R

% Clustering: uncovering patterns, typically spatial or temporal, among a set of variables.
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Neural Networks (NN) are self-organizing pattern matchers, providing a classification output for
messy or fuzzy input. Logically, they consist of a collection of nodes, connected by links with
associated weights. At each node, signals from all incoming links are summed according to the
weights of these links, and if the sum satisfies a certain transfer function, an impulse is sent to
other nodes through output links. Neural network learning is a type of supervised learning,
meaning that we provide the network with example inputs and the correct answer for that input.

In [24], a procedure is developed for making the voiced/unvoiced/silence classification using a
multilayer feed-forward network (MFN). An MFN is an interconnection of layers in which data
and calculations flow in a single direction, from the input layer to the output layer. A perceptron
is a neural network that has no hidden units. The number of layers in a neural network is the
number of layers of perceptrons. The simplest neural network is one with a single input layer
and an output layer of perceptrons. The network in Figure 2.2 illustrates this type of
network. Technically, this is referred to as a one layer feed-forward network because the output
layer is the only layer with an activation calculation.

Figure 2.2: A Single-Layer Feedforward Neural Network

The next most complicated neural network is one with two layers. This extra layer is referred to
as a hidden layer. In general there is no restriction on the number of hidden layers.

The feature vector for the classification of voiced/unvoiced/silence speech segment using neural
network can be combination of cepstral coefficients and waveform features [24]. The
voiced/unvoiced/silence classification can be for each input feature vector after training was
completed.

The unique advantage of an MFN is that the decision rule can be much more easily synthesized
than both parametric and non-parametric methods. The network implementation of the classifier
also promotes the perspective of building voiced/unvoiced/silence classification hardware with
adaptive training mechanism [24].

A connectionist model for voiced/unvoiced/silence speech segment detection might take as input
a set of spectral partials, or the time-domain waveform, or the phase space representation of the
signal. The choice of the dimensionality and domain of the input set is crucial to the success of

Addis Ababa University-FCMS Page 16



Machine Learning Approach For Voiced/Unvoiced/Silence Speech Segment Detection

any connectionist model. A problem with connectionist models is that even if a good model is
found, it does not provide any understanding of how the problem is solved.

2.3 Related Works

In recent years considerable efforts has been spent by researchers in solving the problem of
classifying speech into voiced/unvoiced/silence parts [3, 8, 9, 24, 26, 31]. A pattern recognition
approach and statistical and non statistical techniques has been applied for deciding whether the
given segment of a speech signal should be classified as voiced, unvoiced or silence.

In this section, different works on voiced, unvoiced and silence speech segment detection are
presented starting from the works of Atal and Rabiner followed by the work of Q1 and Hunt and
others. The order of presentation of the works in this section is selected based on the similarities
of the works to this thesis work.

Atal and Rabiner [2], describe a pattern recognition approach for deciding whether a given
segment of speech signal should be classified as voiced speech, unvoiced speech, or silence,
based on measurements made on the signal. The researchers have made five different
measurements on the speech segment to be classified. The measured parameters are the zero-
crossing rate, the speech energy, the correlation between adjacent speech samples, the first
predictor coefficient from a 12-pole linear predictive coding (LPC) analysis, and the energy in
the prediction error.

The researchers [2] stated that the pattern recognition approach provides an effective method of
combining the contributions of a number of speech measurements. They stated it as follows:

The pattern recognition approach provides an effective method of combining the
contributions of a number of speech measurements-which individually may not be
sufficient to discriminate between the classes-into a single measure capable of providing
reliable separation between the three classes.

In this work [2], for each of the three classes, a non-Euclidean distance measure is computed
from a set of measurements made on the speech segment to be classified and the segment is
assigned to the class with the minimum distance. As stated in the paper, the distance function is
chosen so as to provide minimum classification error for normally distributed measurements. As
stated in this work, results based on the computed one-dimensional distributions of the chosen
measurements suggest that the assumption of normal distribution is a reasonable one.

As depicted in Figure 2.3, the speech signal is low-pass filtered to 4 kHz, sampled at 10 kHz, and
each sample is quantized with an accuracy of 12 bits. Prior to analysis, the speech signal is high-
pass filtered at approximately 200 Hz to remove any dc, low-frequency hum, or noise
components which might be present in the speech signal. Following high-pass filtering, the
speech is formatted into blocks of 100 samples (an interval of 10 ms at 10 kHz sampling
frequency); with each block spaced 100 samples apart. For each block, the researchers defined
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s(n), n=1, 2, ..., N, to be the nth sample in the block. The samples N, N-1, N-2, etc. of the
previous block are numbered 0, -1,-2, etc. Thus s(0) is the last sample of the previous block.

The speech segment is assigned to a particular class based on a minimum distance rule obtained
under the assumption that the measured parameters are distributed according to the
multidimensional Gaussian probability density function. The means and covariance for the
Gaussian distribution are determined from manually classified speech data included in a training
set.

The researchers have tested the performance of the method on a wide variety of speech material
for both speech synthesis and segmentation applications. The researchers [2] stated that the
voiced/unvoiced/silence decision has performed satisfactorily. They stated it as follows:

The voiced/unvoiced/silence decision has performed satisfactorily as a part of a speech
analysis-synthesis system based on linear prediction. The method has been found to
provide reliable classification with speech segments as short as 10 ms and has been used
for both speech analysis-synthesis and recognition application

Speech
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filter —b-l Zero Crossings |—>
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Figure 2.3: Block diagram of the analysis system

Another work for the discrimination of voiced/unvoiced/silence speech sounds is developed by
Qi and Hunt using neural network approach. In this paper [24], the researchers describe a neural
network approach for deciding whether a given segment of a speech signal should be classified
as voiced speech, unvoiced speech, or silence, based on measurements made on the signal.

The basic idea of the researchers, in the proposed voicing detection, is to develop a procedure for
making the voiced/unvoiced/silence classification using a multilayer feed-forward network
(MFN). The feature vector used for the classification is a combination of cepstral coefficients
and waveform features.

A block diagram of the network training and classification process is shown in Figure 2.4. as
shown in the figure the speech signals were low-pass filtered at 4.5 kHz, sampled at 10 kHz, and
quantized with 16-bit accuracy. The digitized signals were further high-pass filtered at 300 Hz by
a fourth-order Butterworth digital filter to eliminate low-frequency hum or noise. A feature
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vector was obtained for each 20 ms segment of speech. The feature vector was a combination of
13 cepstral coefficients and two waveform parameters, the zero-crossing rate and a nonlinear
function of root mean square (RMS) energy. The cepstral coefficients were derived from 12 LP
coefficients and the energy of prediction error. The autocorrelation method, hamming window,
and pre-emphasis (0.98) were used in calculating the LP coefficients. An inverse square root
function was applied to the RMS energy to limit its numerical range.

The voiced/unvoiced/silence classification was made for each input feature vector after training
was completed. The classification output was further decoded and passed through a three-point
median filter to eliminate isolated “impulse” noise. The network was trained using the
generalized delta rule for back propagation of error with a learning rate of a= 0.9. The network
performance as a function of the size of training set and signal to noise ratio was also evaluated
and compared to a Bayesian, maximum-likelihood (ML) classifier.

The performance of the network is evaluated using speech samples provided for six speakers (3
men and 3 women). The researchers [24] stated that the voiced/unvoiced/silence decision can be
accomplished effectively using multilayer feed-forward network. They stated it as follows:

The results of the study demonstrates that the voiced, unvoiced, and silence classification
can be effectively accomplished using a multilayer feed-forward network and hybrid
features.

l Speech samples

Low-pass filter
fc4.5 kHz

.

AD
fs=10 kHz

|

Digital
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Figure 2.4: Flow chart of network training and classification processes
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Another work [3], which has used zero-crossing rate and energy measurements made on the
signal using rule based approach, was done for making voiced/unvoiced decision for speech
signals. In here, the researchers evaluated the results by dividing the speech sample into some
segments and used the zero crossing rate and energy calculations to separate the voiced and
unvoiced parts of speech.

The overall voiced/unvoiced classification process is depicted on Figure 2.5. At the first stage,
the speech signal is divided into intervals in frame by frame without overlapping. In the frame-
by-frame processing stage, the speech signal is segmented into a non-overlapping frame of
samples. It is processed into frame by frame until the entire speech signal is covered. And then,
Short-time energy (E) and short-time average zero-crossing rate (ZCR) is calculated for each
frame and a speech threshold is determined to categorize a frame as voiced or unvoiced. At the
beginning, the frame size is set to 400 samples (50 ms) for a sampling rate of 8000Hz. At the end
of the algorithm, if the ZCR is small and E is high, the speech is categorized as voiced otherwise
it is said unvoiced but if decision is not clear (Not sure), energy and zero-crossing rate is
recalculated by dividing the related frame size into two frames.

Subdivizion of the frame

Mot sure

Hammmg | ) Short-time Energy
Window Caleulation (E)

Speech signal

#m) . . Frame by Frame
End-point detection S y .
ignal Processing

IfZCRis
small and
E iz high?

Voiced Speech
Signals

Short-time Average Zero-Crossing
rate calculation (ZCR)

Unvoiced

Speech Signals

Figure 2.5: Block diagram of the Voiced/Unvoiced Classification

In this work, end-point detection is applied to the voiced/unvoiced algorithm at the beginning of
the algorithm to separate silence and speech signal. A small sample of the background noise is
taken during the silence interval just prior to the commencement of the speech signal. The short-
time energy function of the entire utterance is then computed. A speech threshold is determined
which takes into account the silence energy and the peak energy. Initially, the endpoints are
assumed to occur where the signal energy crosses this threshold. Corrections to these initial
estimates are made by computing the zero-crossing rate in the vicinity of the endpoints and by
comparing it with that of the silence. If detectable changes in zero-crossing rate occur outside the
initial thresholds, the endpoints are re-designed to the points at which the changes take place.

In this model, Hamming window is used as it gives much greater attenuation outside the band
pass than the comparable rectangular window. MATLAB 7.0 is used for the implementation.
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2.4 Summary

The time-domain and frequency-domain approaches measure one or more acoustic features
which reflect the production characteristics of the voiced sounds such as energy, periodicity and
short-term correlation. Some parameters used are zero-crossing rate, autocorrelation coefficient,
normalized LP error, normalized low-frequency energy, cepstral peak strength, harmonic
measure from the instantaneous frequency amplitude spectrum. In rule-based approach,
voiced/unvoiced/silence decisions are taken by setting thresholds on individual parameter values
(chosen empirically). The main problem with these methods is in setting thresholds which are
critical in determining the performance of voiced/unvoiced detection. Also, most of these
measures of voicing are susceptible to noise, and the performance deteriorates with decreasing
signal-to-noise ratio (SNR).

Other models such as neural network models, Gaussian mixture models (GMM) or hidden
Markov models (HMM) are also used for combining evidence from multiple features. These
methods do not depend critically on threshold setting, but require training data for different types
of background noises. They assume different models of random process for speech and
background noise, and estimate the parameters of the underlying distributions. Performance of
these approaches depends on the choice of the probability distributions, and the ability to
estimate the parameters of the noise distribution. Generally these methods do not make use of the
knowledge of speech production mechanism in any significant way. Also, most of these methods
do not evaluate separately the performance of detecting voiced and unvoiced regions of speech.
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CHAPTER THREE

FEATURE EXTRACTION AND WINDOWING

3.1 Windowing

To perform acoustic analysis on speech signal, the speech signal may be long enough to make
the process impossible. Also the properties of speech are time-varying and we cannot analyse the
whole signal to extract its features. To solve these problems we should divide signal into small
frames and prepare them for short term analysis.

When we prepare digital speech signals for acoustic analysis, we must first select a number of
speech samples upon which we will carry out the analysis. As acoustic analysis attempt to extract
the sine waves that add up to produce a complex waveform, it is necessary to analyse more than
one sample. One sample does not change and so there is nothing to analyse. To select a series of
speech samples for spectral analysis we need to "window" the original waveform. Hence, the
speech signal must be multiplied by an appropriate window function.

When a signal is multiplied by a window function, the product is zero-valued outside the interval
(a more general definition of window functions does not require them to be identically zero
outside an interval): all that is left is the part where they overlap; the "view through the window".
The window function, w(n), serves not only to select the correct segment of speech for
processing, but also to weight the speech samples of s(n). The selected segment of speech is
referred to as the speech frame. The shape of the window affects the frequency representation,
S(k), by the frequency response of the window itself. The multiplication of a time-domain speech
sequence s(n) with a time domain window w(n) is the same as the convolution of S(k) and W(k)
in the frequency domain. So, the impact of a window shape can be analysed by examining its
discrete Fourier transform (DFT).

Below is a vivid analysis of the most commonly and widely used window types used for acoustic
analysis of speech signal.

3.1.1 The Rectangular Window

The rectangular window is sometimes known as a Dirichlet window. It is the simplest window,
taking a chunk of the signal without any other modification at all, which leads to discontinuities
at the endpoints (unless the signal happens to be an exact fit for the window length).

% A rectangular window simply passes all values between times t; and t, without
modification (effectively multiplying each sample by 1) as depicted on Figure 3.1 and
3.2.

% A rectangular window is not normally used as it has a complex spectrum of its own
which contaminates (distorts) the spectrum of speech.

% A rectangular window is given by:
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w(n) =1 for (m-1)N <n<mN
0 otherwise
Where, N is the length (width) of the window, in samples and n is an integer, with values 0 <

n <N-1.

Figure 3.1: Window shapes of a rectangular window in time-domain and frequency

domain

e N T A At e
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Figure 3.2: A Rectangular window multiplies the signal by “1” between two points

and by “0” outside those points.

3.1.2 The Hamming, Hanning and Gaussian Window
The Hamming, Hanning and Gaussian are raised cosine functions with similar frequency

characteristics, except the hamming window is raised at the edges as illustrated in Figure 3.3,
3.4, 3.5 and 3.6. Hamming, Hanning and Gaussian windows are members of a family of

windows known as raised cosine windows.

% A single cycle of a cosine is inverted and shifted so that its values range between 0 and 1.

*
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7

¢ This class of windows has no significant effect on the shape of the spectrum of the
windowed speech and so these windows are often used during the frequency analysis of
speech sounds.

The Hamming window is given by:

2mn

w(n) = 0.54 - 0.46c0s——, for 0 <n<N-1
And the Hanning by:
w(n)=0.5 - 0.5c05 = for 0 <n<N-1

\I 2

Figure 3.3: Window shapes of a hamming window in time-domain and frequency

domain

Figure 3.4: Window shapes of a Hanning window in time-domain and frequency

domain
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Figure 3.5: A Hanning window multiplies the sound by continuously changing

values (based on a cosine) and by “0” outside this window

Figure 3.6: Comparison between Hanning, Hamming and Gaussian window

Spectral analysis involves a trade-off between resolving comparable strength signals with similar
frequencies and resolving disparate strength signals with dissimilar frequencies. That trade-off
occurs when the window function is chosen. One metric used to compare windows is the
maximum scalloping loss of the window. The rectangular window is noticeably worse than the
others in terms of this metric. Other metrics that can be seen are the width of the main lobe and
the peak level of the side lobes, which respectively determine the ability to resolve comparable
strength signals and disparate strength signals. The rectangular window (for instance) is the best
choice for the former and the worst choice for the latter.

There are other windowing functions that can be used for different applications with different
characteristics. Table 3.1 summarizes the most common windows and their features. This table
can be used to choose the best windowing function for each application.
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Table 3.1: Table of window types

Window Best for these Signal Types Frequency | Spectral | Amplitude
Resolution | Leakage | Accuracy
Barlett Random Good Fair Fair
Blackman Random or Mixed Poor Best Good
Flat top Sinusoids Poor Good Best
Hanning Random Good Good Fair
Hamming Random Good Fair Fair
Kaiser-Bessel | Random Fair Good Good
None (boxcar) | Transient and synchronous sampling Best Poor Poor
Tukey Random Good Poor Poor
Welch Random Good Good Fair

3.1.3 Overlap Processing

One of the disadvantages of windowing functions is that the beginning and end of the signal is
attenuated in the calculation of the spectrum. This means that more averages must be taken to get
a good statistical representation of the spectrum, increasing the time to complete the
measurement. Overlap processing is a feature that is available in most signal analysers that can
recover the lost data and reduce the measurement time. This processing reduces the total
measurement time by recovering a portion of each previous frame that otherwise is lost due to
the effect of the windowing function. Overlap processing is particularly effective at reducing the
measurement time for low frequency tests (generally under 50 Hz) for which the frame
acquisition times are very long.

3.2 Feature Extraction

When the input data to an algorithm is too large to be processed and it is suspected to be
notoriously redundant (much data, but not much information) then the input data will be
transformed into a reduced representation set of features (also named feature vector). Feature is
synonymous of input variable or attribute. Transforming the input data into the set of features is
called feature extraction. If the features extracted are carefully chosen it is expected that the
features set will extract the relevant information from the input data in order to perform the
desired task using this reduced representation instead of the full size input.

Finding a good data representation is very domain specific and related to available
measurements. For example, in medical diagnosis the features may be symptoms, that is, a set of
variables categorizing the health status of a patient (e.g. fever, glucose level, etc.). In voicing
detection the specific information (features) used in the feature vector can be obtained using two
basic methods that extract useful information from the analysis of variations across the
sequences of the speech segments used: time-domain methods and frequency-domain methods.
These two methods of feature extraction in voicing detection are described in detail in Section
3.2.1 and 3.2.2 respectively.
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3.2.1 Time Domain Methods

Time-domain methods use the most basic approach to the problem of voicing detection which is
to look at the waveform that represents the change in air pressure over time, and attempt to detect
the voiced/unvoiced/silence speech from that waveform.

There are important features such as short-time energy, average magnitude, short-time average
zero crossing rate (ZCR) and auto correlation function, that can be extracted from a signal in the
time domain. Time domain processing methods involve the waveform of the speech signal. A
waveform is the representation of a speech signal as a function of time. All of the properties are
obtained with a short-term approach and provide a rough but meaningful representation of the
speech signals. Short-term analysis is an approach which takes into account segments short
enough (e.g. 20-35 ms) to be considered as sustained sounds with stable properties. As pointed
out in the work of [6], the reason behind using short-term approach is to detect rapid changes in
the speech signal, and this is based on physiological measurements made using x-rays on a
human vocal tract. The measurements have shown that during such a time humans cannot
significantly change the shape of the vocal tract.

The first two properties are short-time energy and average magnitude. They carry the same kind
of information, but the second one is less sensitive to local fluctuations. They are especially
important to detect silences or to distinguish between voiced and unvoiced segments in spoken
data, but they can also be used to detect the transition from unvoiced to voiced speech and vice
versa.

The short-time energy E, of a signal x(n) with window size n can be extracted through the
following equations [27]:

E, = Z [x(m)w(n)]? (1)

m=—oa

Where:- w(n) is a windowing function.
E, is the n" frame short-time energy

One problem with the short time energy function is that it is very sensitive to large signal levels
since the sample values are squared. Moreover, the lowest energy parts of the signal tend to be
suppressed. For example the energy of the unvoiced phonemes at the end of the word “six” is so
much lower than the other parts of the word that makes it difficult to distinguish them with
respect to the silence. For this reason, E, is often replaced with the short-term average magnitude
M,:

M= ) bCmyw(n)| 2)

m=—uz
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The energy of voiced speech is much greater than the energy of unvoiced speech. The values of
E[n] for unvoiced speech segment are significantly smaller than the voiced segments. From this
we can deduce that if the calculated energy of the speech signal being examined is greater than
some threshold value it can be said that it is voiced speech, otherwise it is unvoiced. Moreover
the energy function can also be used to locate approximately the time at which voiced speech
becomes unvoiced and vice versa and for a high quality speech the energy can also be used to
distinguish speech from silence.

Another important aspect of a signal can be obtained through a simple time domain measure,
called short time average zero-crossing rate (ZCR).The ZCR enables us to obtain a rough idea
of the frequencies represented in the data. In the context of discrete-time signals, a zero crossing
is said to occur if successive samples have different algebraic signs. The rate at which zero
crossings occur is a simple measure of the frequency content of a signal. Zero-crossing rate is a
measure of number of times in a given time interval/frame that the amplitude of the speech signal
changes its sign (passes through a value of zero) as shown in Figure 3.7 [3].

¢

' zero crossingé
Figure 3.7: Sample Zero Crossing Rate
An appropriate definition is [27]:

Z,= Z |sgn[x(m)] — sgn[x(m— 1)]lw(n— m) (3)

I =—oa

Where:

1ifx(n) =0
—1ifx(n)=<0

sgn[x(n)] = {

The zero crossing count is an indicator of the frequency at which the energy is concentrated in
the signal spectrum. The model for speech production suggests that the energy of voiced speech
is concentrated below about 3 KHz because of the spectrum falloff introduced by the glottal
wave, whereas for unvoiced speech, most of the energy is found at higher frequencies. Since
high frequencies imply high zero-crossing rates, and low frequencies imply low zero-crossing
rates, there is a strong correlation between zero-crossing rate and energy distribution with
frequency.

Voiced speech is produced because of excitation of vocal tract by the periodic flow of air at the
glottis and usually shows a low zero-crossing count, whereas the unvoiced speech is produced by
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the constriction of the vocal tract narrow enough to cause turbulent airflow which results in noise
and shows high zero-crossing count. A reasonable generalization from this is that, if the zero-
crossing rate is high, the speech signal is unvoiced, while if the zero-crossing rate is low, the
speech signal is voiced.

The thought was that the ZCR should be directly related to the number of times the waveform
repeated per unit time. It was soon made clear that there are problems with this measure. If the
spectral power of the waveform is rich with harmonic spectra, then it will cross the zero line
twice per cycle.

Even if this measurement has obvious limitations, it gives useful information that could be used
in conjunction with other measurements.

Another useful short time measurement in the time domain is the autocorrelation function
(ACF): The correlation between two waveforms is a measure of their similarity. The waveforms
are compared at different time intervals, and their “sameness” is calculated at each interval. The
result of a correlation is a measure of similarity as a function of time lag between the beginnings
of the two waveforms. The autocorrelation function is the correlation of a waveform with itself.

The auto-correlation of a short-time signal x(n) is defined as:

(=

@, (k) = Z x(m)x(m+ k) w(n — m) 0=<k<T (4)

m=—oa

Where T is the number of autocorrelation points to be computed. The variable k is called lag, or
delay.

Periodic waveforms exhibit an interesting autocorrelation characteristic: the autocorrelation
function itself is periodic. As the time lag increases to half of the period of the waveform, the
correlation decreases to a minimum. This is because the waveform is out of phase with its time-
delayed copy. As the time lag increases again to the length of one period, the autocorrelation
again increases back to a maximum, because the waveform and its time-delayed copy are in
phase. The first peak in the autocorrelation indicates the period of the waveform.

The short-term properties considered so far (energy, average magnitude and ZCR) provide a
single value for each analysis frame identified by a specific position of the window. This is not
the case of the short-time autocorrelation function which provides, for each analysis frame, a
function of the lag. Usually a constant threshold is adopted to which the correlation peak value is
compared for voiced/unvoiced/silence decision. Problems with this method arise when the
autocorrelation of a harmonically complex, pseudo-periodic waveform is taken.

In general, time domain representation methods are attractive because the required digital
processing is very simple to implement, and in spite of this simplicity, the resulting
representation provides a useful basis for estimating important features of the speech signal.
Time domain methods are intrinsically quite weak in the case of inharmonic signals or in signals
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with most of the power in high frequencies. In addition, such a method can only achieve limited
accuracy because the value of any single parameter usually overlaps between categories,
particularly when the speech is not recorded in a high fidelity environment.

3.2.2 Frequency Domain Methods

There is much information in the frequency domain that can be related to the
voiced/unvoiced/silence segment of a speech signal. This class of methods involve (either
explicitly or implicitly) some form of spectrum representation. The most well-know frequency
domain methods for voiced/unvoiced/silence speech segment detection include cepstrum
analysis and linear predictive coding methods.

Cepstrum analysis is a form of spectral analysis where the output is the log of the Fourier
transform of the magnitude spectrum of the input waveform [8]. In this case, we pick the first
peak in the signal synthesized from the log-magnitude of the Fourier transform. This algorithm
tends to perform quite well in noisy conditions. However, it handles uneasily inharmonic sounds
since it*S based on the assumption of evenly spaced partials.

The name cepstrum comes from reversing the first four letters in the word “spectrum”, indicating
a modified spectrum. The independent variable related to the cepstrum transform has been called
“quefrency”, and since this variable is very closely related to time it is acceptable to refer to this
variable as time.

The short-time cepstrum can be applied to detect local periodicity (voiced speech) or the lack
thereof (unvoiced speech). Presence of a strong peak implies voiced speech, and the quefrency
location of the peak gives the estimate of the pitch period.

The other frequency domain method towards voiced/unvoiced/silence speech segment detection
is the Linear Predictive Coding (LPC) analysis. It is a predominant technique for estimating
basic speech parameters, e.g., pitch, formants, spectra, vocal tract area function, and for
representing speech for low bit-rate transmission or storage. The importance of this method lies
in its ability to provide extremely accurate estimates of the speech parameters, and in its relative
speed of computation [27].

The basic idea behind linear predictive analysis is that a speech sample can be approximated as a
linear combination of past speech samples. By minimizing the sum of the squared differences
(over a finite interval) between the actual speech samples and the linearly predicted ones, a
unique set of predictor coefficients can be determined. (The predictor coefficients are the
weighting coefficients used in the linear combination).

For voiced/unvoiced/silence classification, a spectral characterization of each of the three classes
of signal is obtained during a training session, and an LP Coefficient distance measure can be
computed to make the final discrimination as voiced/unvoiced/silence based on some threshold
value and some rules defined.
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The basic problem of linear predictive analysis is to determine a set of predictor coefficients
directly from the speech signal in such a manner as to obtain a good estimate of the spectral
properties of the speech signal.

Frequency-domain approaches have some downsides, including the need to enhance the
resolution with zero padding. The algorithm accuracy depends also on the harmonicity of the
signal spectrum.
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CHAPTER FOUR
DESIGN AND IMPLEMENTATION OF A VOICING DETECTION

4.1 Design of the Voicing Detection

Voiced/unvoiced/silence speech segment detection is a method of assigning and labelling a
specific speech category (voiced/unvoiced/silence) to a speech segment to discriminate a speech
sound from a background noise based on acoustic characteristics of the speech segment.

In this chapter, a detail description of design issues and techniques of voicing detection are dealt.

4.1.1 Approaches and Techniques

So far many voicing detection researches have been done and different approaches have been
used for voiced/unvoiced/silence classification, where the well-known ones are rule-based
approaches, statistical approaches and neural network approach. All of the proposed methods
have their merits, and preference for one over another.

In this thesis work, three different models were examined namely the rule-based, statistical and
neural network. The rule based approach as its name indicates relies on rules which are either
handcrafted or machine learned rules. The rules are the important elements for annotating speech
segments in the rule-based approach. The statistical based detector relies on the statistical
property of speech signals. Such statistical property can be distributional probability of speech
signals with tags which can be obtained during the training phase of the system. Finally, the
neural network (NN) detectors use acoustic features of speech signals that can be extracted from
the speech waveform or spectrogram to classify speech categories.

4.1.2 Design Goals

The general goal of this research work is to explore the possibility for systematic pattern
extraction and detection of voiced/unvoiced/silence region of speech signal thereby attaining
better accuracy by using neural network approach.

4.1.3 Architecture of the Voiced/Unvoiced/Silence Classifier Model
The overall architecture of the voicing detection process for this research work is described in
Figure 4.1 and 4.2.
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Figure 4.1: The general architecture training process

Figure 4.1 shows the voicing detection classifier training process. A supervised learning method
is used for training the classifier model i.e. the training speech corpus contains tagged (labelled)
amharic speech sentences collected from different sources. The tagged speech corpus is given to
the feature extractor module. The result of the feature extraction process is the production of a
feature vector, which is used as an input to the machine learning system. The feature vector is
given to the machine learning system, for learning a pattern and finding an optimal solution for
each speech category (voiced, unvoiced and silence). After the machine learning system is
trained with the training set a classifier model is created. The result of the training process is the
production of a classifier model which is used for annotating untagged speech sentences which in
turn be evaluated against manually tagged data (true class) of the input speech sentences. The
testing and evaluation process is shown in Figure 4.2. The detailed implementation issues of the
speech corpus, feature extractor and machine learning system is decribed in Section 4.2.1, 4.2.2
and 4.2.3, respectively.

As shown in Figure 4.2, the untagged speech corpus is given to the feature extractor so as to
prepare a feature vector and make ready for classsification by the classifier model developed
during the training process. Afterwards, the classifier model selects an optimal speech category
for a given speech segment and gives the classified speech category along with the
corresponding feature vector as an output. The output of the classifier (classified speech) is
compared against a manually tagged (so called true class) speech courpus and accuracy of the
classifier is calculated by counting the number of correctly classified speech segments.
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Figure 4.2: Classifier testing and evaluation process

The over all flow chart of the training and classification processes is shown in Figure 4.3 and
vivdly described below.

As shown in Figure 4.3, at the first stage, the speech signal is segmented into intervals in frame
by frame without overlapping. In the frame-by-frame processing stage, the speech signal is
segmented into a non-overlapping frame of samples. It is processed into frame by frame until the
entire speech signal is covered. And then, a feature vector was obtained for each 20, 25, 30 and
35 ms segment of speech. The feature vector was a combination of 13 MFCC, 13 LPC and two
waveform parameters; the zero-crossing rate and speech energy.

The LPC were derived from 12 pole linear predictive analysis of the speech signal. The
autocorrelation methods of autoregressive (AR) modelling were used in calculating the LP
coefficients.

The 13 Mel-frequency cepstral coefficients (MFCC ) are calculated by taking the absolute value
of the short time fourier transform (STFT), warpping to a Mel frequency scale, taking the
discrete cosine transform (DCT) of the log-Mel-spectrum and return the first n cepstral
components (n=13 in this case).

The rectangular window is used in calculating energy (En), zero-crossing rate (ZCR), 13 LPC
and 13 MFCC.
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Figure 4.3: Flow chart of classifier training and classification processes

Both the training and testing feature vectors are fed to the classifier model for training and
testing (evaluating) the performance of the model respectively. The voiced/unvoiced/silence
classification was made for each input feature vector after training was completed using the test
set. The classification output is compared with the same data to the test set which is mannualy
classfied during the performance analysis. Five different types of classifiers and six
combinations of features are tested in this process for 20, 25, 30 and 35 milliseconds of speech
segment. The classification performance of each classifier as a function of the frame length and
feature vector content was also evaluated and compared with each other. A conclusion about
which classifier and feature performs well, is derived based on the result of the comparison of
each classifier.

The objective here is to empirically select a classifier that has a simple architecture and
reasonably high classification performance and a feature that best represents each speech
category. For this work, an extensive search for an optimal classifier and feature selection is
undertaken.
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For testing and analysing the classifiers and the features weka 3.6.0 is used. The classifiers used
in this thesis work include two rule-based (Decision Tables and JRip), two decision tree (J48 and
simple CART) and a neural network (with single and double hidden layers having different
numbers of neurons on the hidden layers). The six feature combinations used in this process are
illustrated in Table 4.1.

Table 4.1: Feature combinations

SNo Code Features Used Columns Remark

1 Feature Vector 1 Energy, Zero-crossing rate 2

2 | Feature Vector 2 LPC 13

3 | Feature Vector 3 Energy, Zero-crossing rate, LPC 15

4 | Feature Vector 4 MFCC 13

5 | Feature Vector 5 Energy, Zero-crossing rate, MFCC 15

6 | Feature Vector 6 Energy, Zero-crossing rate, MFCC 15 Principal
component analysis
(PCA) is applied’

Classification rates as a function of the type of classifier, feature combination and frame size
used were obtained for all the classifiers. Each classifier is trained by a set of 600 (out of 900)
randomly selected training speech sentences and tested using 300 (out of 900) randomly selected
testing speech sentences. The performance of each classifier is described in Chapter 5 of this
work.

4.1.4 Summary

Voiced/unvoiced/silence detection and discrimination is the process of assigning speech
categories to a sequence of speech segments in a sentence. This problem can possibly be tackled
using different approaches. Such approaches are rule based, statistical and neural network which
have their own pros and cons. As far as a voicing detection with possibly a higher performance
of classification is desired, there is a need to make an empirical selection of one or more than one
approach and take an advantage from an approach thereby remedying the shortcomings of the
approach.

4.2 Implementation of the Voicing Detection
Here the details regarding the implementation of the classifier architecture and corpus
preparation are explained.

To begin with, MATLAB 7.9, Audicity 1.3.13, wavesurfer 1.8.5 and weka 3.6 machine learning
tool are used in the entire implementation of the voicing detector. The rationale behind the
choice of these tools is, they are suitable for different speech processing tasks and machine

2 PCA-is a mathematical procedure that transforms a number of (possibly) correlated variables into a (smaller)
number of uncorrelated variables called principal components.
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learning process. MATLAB is a high-level technical computing language and interactive
environment for algorithm development, data visualization, data analysis, and numerical
computation. It can be used in a wide range of applications, including signal and image
processing, communications, control design, test and measurement, financial modelling and
analysis, and computational biology. Moreover, it contains different add-on toolboxes
(collections of special-purpose MATLAB functions) that extend the MATLAB environment to
solve particular classes of problems in these application areas. The second tool used is Audicity
which is free, open source software for recording and editing sounds. It is available for Mac OS
X, Microsoft Windows, GNU/Linux, and other operating systems [32]. The other tool we used is
WaveSurfer which is also an open source tool for sound visualization and manipulation. Typical
applications of wavesurfer include speech/sound analysis and sound annotation/transcription
[30]. Moreover, wavesurfer can be extended by plug-ins as well as embedded in other
applications. Finally, we used Weka which is a collection of state-of-the-art machine learning
algorithms and data pre-processing tools [33]. The algorithms can either be applied directly to a
dataset or called from a Java code. Weka contains tools for data pre-processing, classification,
regression, clustering, association rules, and visualization. It is also well-suited for developing
new machine learning schemes.

In the following sections, the details starting from the corpus preparation to the implementation
of the classifiers is discussed.

4.2.1 Corpus Preparation

Corpus, plural corpora is a large collection of linguistic data, either written texts or a
transcription of recorded speech, which can be used as a starting point of linguistic description or
as a means of verifying hypotheses about a language (corpus linguistics) [7]. A corpus can be a
flat text i.e. a text with no additional linguistic information or a text whereby each word in the
text is attached with linguistic information [12]. The corpus with additional linguistic
information can be called as annotated/tagged corpus. Such linguistic information in the
annotated corpus can be part of speech information, sound category, sentiment information that
specifies the words word class category and sentiment category respectively. The annotated
corpus can be used in many NLP applications like part of speech tagger training and testing,
parsing, sentiment analysis etc. In this thesis work, the annotated corpus used is considered to be
a speech tagged with the corresponding speech sound category.

In fact, the tagged speech i.e. the annotated corpus is thought to represent all the domains of the
language. The domains can be text of news category, fiction category, editorial category,
scientific category etc. A corpus with all possible categories is called a balanced corpus [12].
Though it is difficult to prepare a balanced corpus, it is an important element in most natural
language processing applications in general and voicing detection in particular.
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Development of balanced corpus takes time, effort/skills of language experts and money as it
needs data to be collected from different domains. The essence of developing a balanced corpus
is, in fact, to increase the performance of the classifier when it classifies any speech segment
taken from any category which implies directly that balanced corpus contains as many speech
categories as possible from different categories. However, a category specific corpus contains
words that are mostly used in that category and if a text from other category to be classified is
given to the classifier trained on this corpus, the performance of the classifier may be degraded.
But if the text taken is from that category, the performance is assumed to perform as expected.

The overall corpus preparation process of the voicing detection is shown in Figure 4.4.

Corp

/Data Collection and Corpus Preparation

. Optimal text _
Ambharic ' Text -
I »  selection Recording
documents corpus

f Segmentation & Feature Extraction \ @ampling

Segmentation — Random Splitting

R
N v

Feature Feawre | | >

Vector 14 Extraction Speech Label L
corpus file speec

\\/ / Kcorpus corpus /

Figure 4.4: Data preparation process of the voicing detection system

Testing
speech

Training

The speech corpus prepared for training and testing contains a total of 900 sentences. In order to
build phonetically balanced speech corpus, text data is collected from various sources of
Ambharic documents as indicated in Section 4.2.1.1. Sample text sentence collected for this
research work is attached in Appendix A. Once the texts are collected, they are automatically
transcribed to their corresponding Latin representation as per ASCII transliteration table attached
in Appendix D.

The transcribed text is randomly split in to two. These are training and testing set with 600
sentences and 300 sentences, respectively. These two sets of texts are known as prompt files and
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are considered as text corpuses which need to be recorded. Other main parts of corpus
preparation and description, namely, data recording, creating label files and coding the acoustic
data are discussed vividly in the following subsections.

4.2.1.1 Data Collection

The first stage of the voiced/unvoiced/silence speech segment detection research is data (speech
corpus) preparation. Speech data is needed both for training and testing. In this research, optimal
text selection technique is used to prepare text corpus from various sources. These documents are
used as data sources to get phonetically rich and balanced collections of sentences. Amharic
Bibles, health news, political news, sport news, economy news, penal code, federal Negarit
Gazeta and Ambharic fiction named “Fiker Eskemekaber” are data sources used for text corpus
preparation. This text corpus contains 900 Amharic sentences.

Afterwards, all of the sentences are recorded by one person (male) in the age range of 29. Then
the speech data is split into two sets: training (600 Sentences) and test set (300 sentences) using
systematic random sampling. The test data provides the feature vectors against which the
classifiers performance can be measured. The training data is used in conjunction with the class
(category) labels needed to start the training process. Here for convenience, the sentences needed
for training and testing are taken from eight different Amharic sources. A sample text corpus is
shown in Appendix A.

4.2.1.2 Recording the Data

Before we begin, we make sure that the resident we were recording in was as quiet as possible.
In addition, we turned off speakers while recording to avoid acoustic feedback in audio files.
Both the training and test data are recorded with one male speaker in the age range of 29. The
profile of the speaker is indicated in Table 4.2. It is important to note that no analysis is made in
determining the age range. Only availability of speaker was considered. The training and test
sentences are recorded by a speaker whose first language is Amharic. The data is recorded using
Audacity, which is free, open source software for recording and editing sounds, at a sampling
rate of 48 KHz, with 16 bits/sample and mono channel. The microphone used was a headset with
close-speaking, noise cancelling and mono-phone features.

Nine hundred sentences listed in the prompt file (transcribed text corpuses) are recorded for both
training and testing data by the same speaker.

Table 4.2: Speaker profile for speech recording

Speaker 1 | M |29 600 300

After selecting the above speaker and the environment for the recording, the following audacity
preferences are also set:
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% Set the microphone volume to 1.0.

% Set the default Sampling Rate to 48 KHz.

» Set the default Sample Format to 16-bit.

» Set the Channels to 1 (Mono).

% Set the Uncompressed Export Format to WAV (Microsoft 16 bit PCM) or export the
audio using FLAC format.

XD

DS

After getting the proper setting of audacity, the texts are recorded by the speaker properly within
a quite environment. The wave files of 600 sentences are used for training and the rest 300
sentence wave files are used for testing purpose.

4.2.1.3 Sampling

The research used a total of 900 sentences out of which 600 are chosen for training and 300
sentences are chosen as evaluation test sentences. Systematic random sampling technique is used
for splitting the speech corpus into training and test sets. The training set consists of 600 speech
sentences of the total speech corpus with their corresponding label files. The rest 300 speech
sentences with their corresponding label file are test data set of the classifier. The end results of
systematic random sampling technique are two speech corpuses: the training set and test set. The
training data set is used for building a classifier model where as the test data set is used to
evaluate the performance and accuracy of the classifier trained using the training set.

4.2.1.4 Segmentation and Creating Label files

To create a feature vector and assign an appropriate speech class (voiced, unvoiced or silence) to
each speech frame in the speech signal every speech sentence should have an associated phone
level transcription (label file). To make this task easier, creating a word level transcription before
creating the phone level transcription is required. Using the created word level transcription as a
base, phone level transcription file is created using manual labelling. The final output of this
process is the creation of a label file for each speech sentence. The format of a label file along
with a sample data is illustrated in Table 4.3.

Speech segmentation is the process of identifying the boundaries between words, syllables, or
phonemes in spoken natural languages. The lowest level of speech segmentation is the breakup
and classification of the sound signal into a string of phones. The difficulty of this problem is
compounded by the phenomenon of co-articulation of speech sounds, where one may be
modified in various ways by the adjacent sounds: it may blend smoothly with them, fuse with
them, split, or even disappear. This makes speech segmentation particularly phoneme level
segmentation a very difficult task. Speech segmentation can be accomplished using two
methods: manual or automatic. Manual segmentation refers to the process whereby an expert
transcriber segments and labels a speech file by hand, referring only to the spectrogram and/or
waveform. The manual method is believed to be more accurate over automatic segmentation.
Automatic segmentation refers to the task of detecting the boundaries between words, syllables,
or phonemes in a speech signal using carefully chosen procedures. The process may use speech
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signal information extracted from different properties of speech signal like formant trends, pitch,
stress, vowel duration, power spectral density, zero crossing rate, and rhythm or intonation
patterns.

In this research work, manual segmentation of speech is used to segment and label the speech
file. For this operation wavesurfer 1.8.5 is used as a major tool. The segmentation process is
done for all the 900 sentences. Every speech sentence is carefully examined and labelled
manually using the selected tool. After the labelling is completed a label file is created for each
sentence separately, which in turn is used for feature extraction. Figure 4.5 shows waveform of a
sample Amharic speech sentence (“‘NH1 @ (1 av9PQ L 9927 A &A +m0 PAT ) along with
the segment labels generated using wavesurfer. In addition, the corresponding label file
generated for the above sentence is illustrated in Table 4.3. The label file has three columns
which represent the initial and end time of a segment and the segment label (phoneme label).

3768

L HM m l RN BAe MM

-4

time‘ 0.1 Q& 0.5 04 0.5 0.8 'J‘."f 08 03 L0 L1 12 13 14 15 le L7 L& L% 20 &l 2% &3 @4 2.5 &g &7 &8

.lab‘ sil‘ b‘ix‘ z‘u‘ n‘ e‘ By b‘e‘ 1;1‘ u‘ m‘ b‘ a‘ y‘ m‘ aM a‘ t‘ c‘g‘ 1‘ e‘ dM _l‘ tM tx‘ e‘ b‘ e‘ q a‘ 1‘ e‘ c‘ gil

Figure 4.5: Waveform of a sample Amharic speech sentence

Table 4.3: Sample label file (“0OH10 (o290, TI4tT ALA F0FPAT)
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Start Time End Time Label(Phoneme) ’
0 0.0925 sil
0.0925 0.1425 b
0.1425 0.1925 X
0.1925 0.2825 z
0.2825 0.3125 u
0.3125 0.3725 n
0.3725 0.4225 e
0.4225 0.5225 SX
0.5225 0.5925 b
0.5925 0.6325 e
0.6325 0.7125 m
0.7125 0.7725 u
0.7725 0.8225 m
0.8225 0.8825 b
0.8825 0.9425 a
0.9425 0.9925 y
0.9925 1.0325 m
1.0325 1.1525 a
1.1525 1.1825 r
1.1825 1.2925 a
1.2925 1.3925 t
1.3925 1.4725 0
1.4725 1.5025 n
1.5025 1.5625 1
1.5625 1.6425 €
1.6425 1.6925 d
1.6925 1.7225 X
1.7225 1.8025 1
1.8025 1.8525 t
1.8525 1.8825 X
1.8825 1.9925 tx
1.9925 2.0525 €
2.0525 2.1325 b
2.1325 2.2025 €
2.2025 2.2825 q
2.2825 2.3525 a
2.3525 2.4325 1
2.4325 2.4925 €
2.4925 2.6975 C
2.6975 2.86 sil
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4.2.1.5 Frame by Frame Processing

In the frame-by-frame processing stage, the speech signal is segmented into a non-overlapping
frame of samples. It is processed into frame by frame until the entire speech signal is covered. At
the beginning, we set the frame size as 960 samples (20 ms) with 48 KHz sampling rate. After
the frame by frame processing is completed a feature extraction process is performed on each
frame. The result of the feature extraction is the production of a feature vector containing 13
MFCC, 13 LPC coefficients, short-time energy and short-time zero crossing rate for each frame
of the speech signal. Afterwards the same process is repeated with the frame size as 1200
samples (25 ms), 1440 samples (30 ms) and 1680 samples (35 ms) with 48 KHz sampling rate.
Table 4.4 shows the contents of the datasets for the 20, 25, 30 and 35 millisecond frame size. It
indicates the total number of frames, voiced frames, unvoiced frames and silence frames both for
the training and test set.

Table 4.4: Dataset contents

Frame Size Contents Training Set Test Set Total
No. of Frames 143,884 71,986 215,870
20 millisecond | Voiced Frames 106,336 53,457 159,793
Unvoiced Frames | 28,107 13,889 41,996
Silence Frame 9,341 4,640 13,981
No. of Frames 115,049 57,566 172,615
25 millisecond | Voiced Frames 84,924 42,764 127,688
Unvoiced Frames | 22,700 11,110 33,810
Silence Frame 7,425 3,692 11,117
No. of Frames 95,875 47,965 143,840
30 millisecond | Voiced Frames 70,776 35,634 106,410
Unvoiced Frames | 18,917 9,262 28,179
Silence Frame 6,182 3,069 9,251
No. of Frames 82,173 41,118 123,291
35 millisecond | Voiced Frames 60,658 30,509 91,167
Unvoiced Frames | 16,206 7,969 24,175
Silence Frame 5,309 2,640 7,949

4.2.1.6 Coding the acoustic data and Feature Extraction

Digital signal processing techniques are applied to convert analogue signal into their digital
signal representations. Since the speeches we have recorded are continuous or analogue; they
have to be converted into discrete or digital representation via sampling and quantization. To
convert the analogue speech signal into its corresponding digital representation and extract
features, we used matlab 7.9. After the analogue signal is digitized feature extraction is
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conducted using the digitized speech corpus and the corresponding label file created during
segmentation using the feature extraction module.

Recorded speech signals are parameterized into sequence of feature vectors and used in the
voiced/unvoiced/silence classification process. The feature extraction process is the process of
spectral parameter extraction (parameterization) which involves conversion of speech samples into
feature vectors to provide spectral patterns of the speech. The feature extraction is performed using
matlab signal processing functions and user defined function written using matlab by taking the
label file and speech (wave file) as an input to the process. During feature extraction process we
usually assume that the characteristics of the speech signal are stationary over a short time period,
typically of the order of 20-35 milliseconds. The result of the feature extraction process is the
production of a feature vector which will be used as the main input to the classifier.

For this research work, four main speech signal features are extracted during the feature extraction
process namely, short-time energy, short-time zero-crossing rate, 13 MFCC coefficients and a 12-
pole LPC coefficients for each 20, 25, 30 and 35 ms of the speech segment. The feature vector used
is designed to be of different length depending on the type and combination of features used as
indicated in Table 4.1. The structure of the feature vector along with a sample data is shown in
Appendix B.

4.2.2 Implementation of Feature Extractor

The feature extraction component of a voiced/unvoiced/silence speech segment classification system
maps the speech waveform into a sequence of feature vectors. This sequence of feature vectors is
subsequently used to train acoustic model and decode input speech waveform.

To apply digital signal processing techniques to the speech waveform, the analogue signal is first
converted into a digital signal. This is done via sampling and quantization of the waveform. Once the
digital signal has been obtained, a variety of techniques are used to extract features which are useful
for the speech segment classification task. These speech analysis techniques usually assume that the
characteristics of the speech signal are stationary over a short time period, typically of the order of
20-35 milliseconds. The resulting features are a representation of the speech signal over this short
time period. Parameterization is performed not only for size reduction of the original speech signal
data but also for pre-processing of the signal that fits into the classification stage. An important
property of feature extraction is the suppression of information that is irrelevant for a correct
classification. The most popular features that are used for voiced/unvoiced/silence speech segment
classification include, Mel Frequency Cepstral Coefficients (MFCC), Linear Predictive (LP)
Coefficients, short-time energy, short-time zero-crossing rate, average magnitude, and auto
correlation function.

We have used a combination of four features for our experiment in developing our research
containing, short-time energy, short-time zero-crossing rate, 13 MFCC and a 12-pole LPC. The
feature extraction module is implemented using matlab. The overall feature extraction and feature
vector preparation process is depicted in Figure 4.6.

Addis Ababa University-FCMS Page 44



Machine Learning Approach For Voiced/Unvoiced/Silence Speech Segment Detection

Speech signal x(n)

Frame by frame signal .
. Label File
processing
l Feature extraction Frame fea ﬂ
Label frames
- FEnergy
- ZCR
- LPC
- MFCC

Figure 4.6: Feature extraction process

The input to the feature extraction module is the speech signal prepared during data preparation
process. The speech signal is processed frame by frame (divide the signal into frames of 20, 25,30
and 35 ms segment), resulting a frame matrix containing frame by frame representation of the speech
signal. The frame matrix in turn is used as input along with the corresponding label file for feature
extraction of the speech signal. At this stage a feature vector (energy, ZCR, MFCC and LPC
Coefficient) is extracted for every 20, 25, 30 and 35 ms of speech segment. Finally, the output of the
feature extraction (frame feature matrix) is labled with an appropriate class label (Voiced,Unvoiced
or Silence) to produce the final output: the feature vector. The final output of this process is the
feature vector containing 12 LPC, an LPC gain, 13 MFCC, a short-time energy, and a short-time
zero-crossing rate which is used as an input to the classifier. Sample matlab codes used for frame-by-
frame processing, energy calculation, ZCR calculation, MFCC computation and LPC calculation are
included in Appendix C.

4.2.3 Implementation of Voiced/Unvoiced/Silence Detector

An extensive search for an optimal classifier is undertaken to empirically select a classifier that
has a simple architecture and reasonably high classification performance. Five different types of
classifiers are tested in this research work namely; two rule-based (Decision Tables and JRip),
two decision trees (J48 and simple CART) and a neural network (single and double hidden layer
with different number of neurons on the hidden layer). The classification performance of each of
these models is described in Chapter 5 of this research work. From all the models tested the
neural network model shows a good classification performance on different sets of feature
combinations used.

For this research work a neural network model with single hidden layer having 25 neurons on the
hidden layer, is selected and discussed as it gives a good classification performance on 35 ms
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speech segment. From all the feature vector combinations tested, the combination having energy,
zero-crossing rate and 13 MFCC coefficients performs well on the selected architecture. The
network architecture selection process is briefly described below.

The starting number for the hidden layer nodes was set to 8 and was increased from 8 to 30 for a
single hidden layer network. Classification rates were obtained for these single hidden layer
networks as well as for double hidden layer networks. Each network is trained by a set of 600
(out of 900) randomly selected training speech sentences and tested using 300 (out of 900)
randomly selected training speech sentences. As described above, the network with the
architecture of 15-25-3 (15 neurones on the input layer, one hidden layer with 25 neurons on the
hidden layer and 3 neurons on the output layer) was a preferable choice in terms of the network
simplicity and classification rate. The network classifier in this thesis work is implemented using
weka machine learning tool.

The network was trained using the generalized delta rule for back propagation of error with a
learning rate of a = 0.3. A momentum term was added in updating the weights (B = 0.2). The
training loop would not terminate until the total number of epochs to train through is 500. The
input and output layers of the network had fixed number of neurons. There were 15 input layer
neurons that matched the dimension of the feature vector (13 MFCC coefficients, Energy and
zero-crossing rate). There were 3 neurons on the output layer that matched the dimension of the
classes (voiced, unvoiced and silence). The overall architecture of the network, i.e., the number
of hidden layer and the number of neurons per hidden layer, was a parameter determined in the
experimental evaluation of the network. The network performance as a function of the frame size
of the training set was also evaluated and compared to other classifiers.

The network with the architecture of 15-25-3 was a preferable choice in terms of the network
simplicity and classification rate. In fact, the classification rate was not significantly altered
when the number of neurons or the number of hidden layer was increased. This 15-25-3 network
was used for comparing the performance of the network classifier and other classifiers.

4.3 Classifier Model Design Issues

4.3.1 Designing Multilayer Perceptron Voiced/Unvoiced/Silence Detection Model

A multilayer perceptron (MLP) is a feed-forward artificial neural network model that maps sets
of input data onto a set of appropriate output [23]. An MLP consists of multiple layers of nodes
in a directed graph, with each layer fully connected to the next one. Except for the input nodes,
each node is a neuron (or processing element) with a nonlinear activation function. MLP utilizes
a supervised learning technique called back-propagation for training the network.

Back-propagation is a supervised learning method, and is a generalization of the delta rule [29].
It requires a supervisor that knows, or can calculate, the desired output for any input in the
training set. It is most useful for feed-forward networks (networks that have no feedback, or
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simply, that have no connections that loop). The term is an abbreviation for "backward
propagation of errors". Back-propagation requires that the activation function used by the
artificial neurons (or "nodes") be differentiable.

In computational networks, the activation function of a node defines the output of that node
given an input or set of inputs [1]. A standard computer chip circuit can be seen as a digital
network of activation functions that can be "ON" (1) or "OFF" (0), depending on input. A
general architecture of a multilayer perceptron is shown in Figure 4.7.

Hidden Layer
Input Lavyer .
® ®
o
®
o

Output Layer

Figure 4.7: General architecture of a multilayer perceptron

Training Multilayer Perceptron Networks
The goal of the training process is to find the set of weight values that will cause the output from

the neural network to match the actual target values as closely as possible [22]. There are several
issues involved in designing and training a multilayer perceptron network:

¢ Selecting how many hidden layers to use in the network

For most problems, one hidden layer is sufficient. Two hidden layers are required for modelling
data with discontinuities such as a saw tooth wave pattern. Using two hidden layers rarely
improves the model, and it may introduce a greater risk of converging to local minima [17].

+¢+ Deciding how many neurons to use in each hidden layer

One of the most important characteristics of a perceptron network is the number of neurons in
the hidden layer(s). If an inadequate number of neurons are used, the network will be unable to
model complex data, and the resulting fit will be poor. Iftoo many neurons are used, the training
time may become excessively long, and, worse, the network may over fit the data. When over-
fitting occurs, the network will begin to model random noise in the data. The result is that the
model fits the training data extremely well, but it generalizes poorly to new, unseen data.
Validation must be used to test for this.

++ Deciding how many neurons to use in the input and output layer

On the other hand, the number of neurons in the input and output layers depend on the number of
attributes used in the feature vector and the number of classes to be classified respectively. The
number of attributes in the feature vector need not be notoriously redundant (much data, but not
much information) since it affects the time required to complete the classification process. The
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number of classes used depends on the problem domain and it in turn determines the number of
neurons in the output layer. Therefore, both the number of input components (features) and the
number of output neurons is in general determined by the nature of the problem [17].

% Finding optimal weight

A typical neural network might have a couple of hundred weights whose values must be found to
produce an optimal solution. If neural networks were linear models like linear regression, it
would be a breeze to find the optimal set of weights. But the output of a neural network as a
function of the inputs is often highly nonlinear; this makes the optimization process complex.

Multilayer perceptrons use a gradient descent algorithm, called the error back-propagation (EBP)
algorithm for learning and finding an optimal solution (weight). EBP is a method for calculating
the first derivative of the error function with respect to each network weight.

4.3.2 Designing Decision Tree Voiced/Unvoiced/Silence Detection Model

In data mining, a decision tree is a predictive model which can be used to represent both
classifiers and regression models. In operations research, on the other hand, decision trees refer
to a hierarchical model of decisions and their consequences. When a decision tree is used for
classification tasks, it is more appropriately referred to as a classification tree. When it is used for
regression tasks, it is called regression tree [28].

A decision tree is a predictive machine-learning model that decides the target value (dependent
variable) of a new sample based on various attribute values of the available data.

The attribute that is to be predicted is known as the dependent variable, since its value depends
upon, or is decided by, the values of all the other attributes. The other attributes, which help in
predicting the value of the dependent variable, are known as the independent variables in the
dataset.

4.3.2.1 Simple CART

CART stands for Classification and Regression Trees. It is characterized by the fact that it
constructs binary trees, namely each internal node has exactly two outgoing edges. An important
feature of CART is its ability to generate regression trees [28]. CART, a recursive partitioning
method, builds classification and regression trees for predicting continuous dependent variables
(regression) and categorical predictor variables (classification) [10].

The process of computing classification and regression trees can be characterized as involving
four basic steps [10]:

¢+ Specifying the criteria for predictive accuracy
The classification and regression trees algorithms are generally aimed at achieving the best
possible predictive accuracy. Operationally, the most accurate prediction is defined as the
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prediction with the minimum costs. The notion of costs was developed as a way to generalize, to
a broader range of prediction situations, the idea that the best prediction has the lowest
misclassification rate.

¢ Selecting splits

The second basic step in classification and regression trees is to select the splits on the predictor
variables that are used to predict membership in classes of the categorical dependent variables, or
to predict values of the continuous dependent (response) variable. In general terms, the split at
each node will be found that will generate the greatest improvement in predictive accuracy. This
is usually measured with some type of node impurity measure, which provides an indication of
the relative homogeneity (the inverse of impurity) of cases in the terminal nodes. If all cases in
each terminal node show identical values, then node impurity is minimal, homogeneity is
maximal, and prediction is perfect (at least for the cases used in the computations; predictive
validity for new cases is of course a different matter).

+ Determining when to stop splitting

In principal, splitting could continue until all cases are perfectly classified or predicted.
However, this wouldn't make much sense since we would likely end up with a tree structure that
is as complex and "tedious" as the original data file (with many nodes possibly containing single
observations), and that would most likely not be very useful or accurate for predicting new
observations. What is required is some reasonable stopping rule. In CART, two options are
available that can be used to keep a check on the splitting process; namely Minimum n and
Fraction of objects.

+ Selecting the *"right-sized" tree

The size of a tree in the classification and regression trees analysis is an important issue, since an
unreasonably big tree can only make the interpretation of results more difficult. Some
generalizations can be offered about what constitutes the "right-sized" tree. It should be
sufficiently complex to account for the known facts, but at the same time it should be as simple
as possible. It should exploit information that increases predictive accuracy and ignore
information that does not. It should, if possible, lead to greater understanding of the phenomena
it describes. The options available in CART allow the use of either, or both, of two different
strategies for selecting the "right-sized" tree from among all the possible trees. One strategy is to
grow the tree to just the right size, where the right size is determined by the user, based on the
knowledge from previous research, diagnostic information from previous analyses, or even
intuition. The other strategy is to use a set of well-documented, structured procedures developed
by Breiman et al. (1984) for selecting the "right-sized" tree.

4.3.2.2 J48

J48 is an open source Java implementation of the C4.5 algorithm in the Weka data mining tool.
C4.5 is a well-known machine learning algorithm used widely, but its runtime performance is
sacrificed for the consideration of the limited main memory at that time [14].
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4.3.3 Designing Rule Based Voiced/Unvoiced/Silence Detection Model

4.3.3.1 Decision Table

Decision tables, like decision trees or neural nets, are classification models used for prediction.
They are induced by machine learning algorithms. A decision table consists of a hierarchical
table in which each entry in a higher level table gets broken down by the values of a pair of
additional attributes to form another table [4].

A decision table representation with a default rule mapping to the majority class called DTM
(Decision Table Majority) has two components a schema which is a set of features that are
included in the table and a body consisting of labelled instances from the space defined by the
features in the schema. Given an unlabelled instance a decision table classifier searches for exact
matches in the decision table using only the features in the schema note that there may be many
matching instances in the table. If no instances are found, the majority class of the DTM is
returned otherwise the majority class of all matching instances is returned [18].

% Treatment of Attribute Values

Attributes must have some set of discrete values for the classifier to be effective. If an attribute is
continuous, the inducer uses entropy based discretization so that the distributions of classes in
adjacent bins are as different as possible. This discretization is done globally. The ordering of the
bins for the continuous attributes is explicit, but for categorical attributes the values can be
ordered in three meaningful ways: alphabetically, numerically by record weights, or numerically
by correlation with one of the classes to be predicted [4].

4.3.3.2 JRip

JRIP is a prepositional rule learner, i.e. Repeated Incremental Pruning to Produce Error
Reduction (RIPPER). Initial rule set for each class is generated using IREP. The Minimum
Description Length (MDL) based stopping condition is used. Once a rule set has been produced
for each class, each rule is reconsidered and two variants are produced [25].

4.3.4 Summary

In this voiced/unvoiced/silence detection work, MATLAB 7.9, Audicity 1.3.13, wavesurfer 1.8.5
and Weka 3.6 machine learning are used as implementation tools due to their ease of application
in speech and signal processing. They are easy to use and process speech with different
integrated components.

A fairly general framework based on a neural network approach to voiced/unvoiced/silence
classification has been described in which a set of measurements are made on the interval being
classified, and an MLP classifier is used to select the appropriate class. Almost any set of
measurements can be used as long as there is some physical basis for assuming that the
measurements are capable of reliably distinguishing between these three classes.
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In this paper, we described a method which uses a neural network approach for classifying a
given speech segment into three classes: voiced speech, unvoiced speech, and silence. The neural
network approach provides an effective method of combining the contributions of a number of
speech measurements-which individually may not be sufficient to discriminate between the
classes-into a single measure capable of providing reliable separation between the three classes.
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CHAPTER FIVE
EXPERIMENTS AND PERFORMANCE ANALYSIS

5.1 Introduction

Different experiments have been conducted on the voiced/unvoiced/silence classifier. The whole
speech corpus (900 sentences) is divided into two sets: the training set (600 sentences) and the
testing set (300 sentences). The former one comprises 66.67% of the corpus while the remaining
33.33% are used for testing purpose.

An extensive search for an optimal classifier is undertaken to empirically select a classifier that
has a simple architecture and reasonably high classification performance. Five different types of
classifiers are tested in this research work namely; two rule-based (Decision Tables and JRip),
two decision trees (J48 and simple CART) and a neural network (single and double hidden layer
with different number of neurons on the hidden layer). The classification performance of each of
these models is described below starting from Section 5.2.

Furthermore, as described in chapter 4 section 4.1.4 six different feature combinations have been
tested for this thesis work. The features are energy, zero-crossing, 13 MFCC coefficients and 12-
pole LPC coefficients. These combined features are described in Table 4.1.

An extensive search for an optimal classifier model, frame size and feature combination, for
voiced/unvoiced/silence speech segment detection is conducted. In this chapter, the detail
experiments conducted for this thesis work are discussed briefly.

5.2 Experiments with Selected Classifiers

In addition to the different experiments conducted with MLP voiced/unvoiced/silence classifier,
the researchers have conducted other experiments with the same data set used for the MLP
classifier. The other classifiers used include decision tree (J48, Simple CART) and rule based
(JRip, Decision Tables). In fact in addition to these models other classifier models such as
RBFNetwork and NaiveBayes are also tested but because of their poor -classification
performance they are omitted from this discussion. Table 5.1, 5.2, 5.3, 5.4, 5.5 and 5.6 show the
performance (in percent) of these classifiers for the same dataset for feature vector one, feature
vector two, feature vector three, feature vector four, feature vector five and feature vector six
respectively for 20, 25, 30 and 35 millisecond frame size. Moreover, their corresponding
performance curve is shown in Figure 5.1, 5.2, 5.3, 5.4, 5.5 and 5.6 respectively.
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Table 5.1: Classifiers performance using feature vector one (see Table 4.1)

Energy & ZCR

74.26% | 74.29% | 74.32% | 74.24%
74.29% | 74.29% | 74.29% | 74.20%
74.28% | 74.33% | 74.32% | 74.23%
74.26% | 74.29% | 74.23% | 74.20%
74.26% | 74.28% | 74.33% | 74.18%
74.26% | 74.31% | 74.29% | 74.20%

Figure 5.1: Classifiers performance curve analysis using feature vector one

Table 5.2: Classifiers performance using feature vector two

Energy, ZCR & LPC

81.80% | 83.98% | 82.94% | 82.96%
83.58% | 83.98% | 84.17% | 84.29%
82.60% | 82.63% | 83.69% | 83.60%
82.60% | 82.72% | 83.54% | 84.19%
83.27% | 84.30% | 84.77% | 84.30%

3 Represents a neural network (MLP) with 10 neurons on the hidden layer (MLP 15-10-3).

4 Represents a neural network (MLP) with 2 hidden layers with 10 and 5 neurons on the first and second hidden

layer, respectively. (MLP 15-10-5-3).
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IVEPIOSTY  83.10% | 84.16% | 85.11% | 84.16%

Figure 5.2: Classifiers performance curve analysis using feature vector two

Table 5.3: Classifiers performance using feature vector three

81.83% | 82.47% | 82.79% | 82.96%
82.96% | 83.42% | 84.55% | 84.03%
82.15% | 82.62% | 87.67% | 83.15%
81.86% | 81.86% | 83.11% | 83.63%
82.80% | 82.74% | 84.22% | 83.93%
83.34% | 83.22% | 81.97% | 83.95%
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Figure 5.3: Classifiers performance curve analysis using feature vector three

Table 5.4: Classifiers performance using feature vector four

86.07% | 85.82% | 86.02% | 85.28%
88.40% | 87.98% | 88.08% | 87.90%
87.60% | 87.60% | 87.32% | 87.36%

2 2 87.94% | 87.76%
88.77% | 88.78% | 88.84% | 89.08%
88.64% | 88.87% | 88.80% | 88.88%

> Indicates JRip requires a maximum (additional) java heap size than used for the other classifiers
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Figure 5.4: Classifiers performance curve analysis using feature vector four

Table 5.5: Classifiers performance using feature vector five

Energy, ZCR & MFCC

86.07% | 85.82% | 86.02% | 85.28%
88.41% | 88.14% | 88.15% | 87.83%
87.37% | 87.34% | 87.08% | 87.25%

3 2 2 87.62%
88.64% | 88.96% | 88.79% | 89.33%
88.77% | 88.96% | 88.66% | 89.01%
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Figure 5.5: Classifiers performance curve analysis using feature vector five

Table 5.6: Classifiers performance using feature vector six

Energy, ZCR MFCC-PCA

84.99% | 83.79% | 83.74% | 84.21%
88.32% | 87.59% | 87.40% | 87.37%
87.20% | 86.64% | 86.36% | 86.85%

2 = 87.26% | 87.50%
88.24% | 88.57% | 88.43% | 88.57%
88.58% | 88.31% | 88.24% | 88.40%

Figure 5.6: Classifiers performance curve analysis using feature vector six
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As it can be seen on the learning curve on Figure 5.1, 5.2, 5.3, 5.4, 5.5 and 5.6 most of the
classifiers perform better with feature vector containing MFCC coefficients than on feature
vectors containing energy and ZCR alone or LPC.

Feature vector one containing energy and ZCR works well on 25 and 30 ms of speech segment
using decision tree (J48) and MLP10 classifiers with a classification performance of 74.33%.
Feature vector two containing LPC coefficients works well on 30 ms of speech segment using
decision tree (J48) classifier with a classification performance of 87.67%. Feature vector three
containing energy, ZCR and LPC coefficients works well on 30 ms of speech segment using
MLP10-5 classifier with a classification performance of 85.11%. Feature vector four containing
MFCC works well on 35 ms of speech segment using MLP10 classifier with a classification
performance of 89.08%. Feature vector five containing energy, ZCR and MFCC coefficients
works well on 35 ms of speech segment using MLPI10 classifier with a classification
performance of 89.33%. Feature vector six containing energy, ZCR and MFCC coefficients after
applying PCA works well on 20 ms of speech segment using MLP10-5 classifier with a
classification performance of 88.58%. Table 5.7 summarizes the classification performance of
the classifiers as a function of features used.

Table 5.7: Performance Summary

Energy & ZCR 74.33% 74.32% | MLP10,J48 DT,J48
LPC 87.67% 84.55% JA8 CART
Energy, ZCR & LPC 85.11% 84.77% | MLP10-5 MLP10
MFCC 89.08% 88.88% MLP10 MLP10-5
Energy, ZCR & MFCC 89.33% 89.01% | MLP10 MLP10-5
Energy, ZCR & MFCC-PCA 88.58% 88.57% | MLP10-5 MLP10

As it can be seen from the performance summary on Table 5.7 the feature vector containing the
combinations of energy, ZCR and 13 MFCC coefficients shows relatively high classification
performance on 35 milliseconds of speech segment with the classification accuracy of 89.33%.
This classification accuracy is obtained using MLP10 classifier.

As it can be seen from performance summary on Table 5.7 a multilayer perceptron (MLP)
classifier dominates the other classifiers tested. In view of this fact, other experiments were also
conducted using MLP classifiers with different number of hidden layers and neurons on each
hidden layer. From the MLP classifiers experimented, an MLP with one hidden layer having 25
neurons on the hidden layer, has shown better classification accuracy of 89.69%. Further
experiments conducted by tunning the parameters of the MLP classifier are conducted using only
feature vector five due to the fact that it shows relatively high classification performance over the
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other feature vectors tested in section 5.2. A vivid description of the experiments conducted on
MLP classifiers are documented below (see section 5.3).

5.3 Experiments with MLP Classifier

The weka multilayer perceptron function with some adjustments on the parameters is used for
conducting experiments on the voiced/unvoiced/silence classifier. Different experiments are
conducted on the MLP classifier by varying the frame size, number of hidden layer and the
number of neurons per hidden layer using the training set to see the goodness of the classifier
based on the observation that can be made on the learning curve on feature vector 5. The
researchers have started training the system using an MLP with single hidden layer having 8
nodes and frame size of 20 millisecond using energy, ZCR and 13 MFCC coefficients as
features. After the classifier is trained, its performance is measured on the testing set. Having got
a low performance of the classifier trained with these parameters, the researchers™kept on adding
the number of nodes per layer, changing the frame size until optimal performance of the
classifier is obtained. In fact, the desired performance of the classifier is considered to be the
performance measured from the learning curve shown in Figure 5.7. Table 5.8 shows the
performance obtained for the different experiments conducted by changing the frame size and
the number of hidden layers and neurons per hidden layer using feature vector 5 with the
corresponding performance of the classifiers for a 20, 25, 30 and 35 millisecond speech
segments. The corresponding performance curve is shown in Figure 5.7. The curve shows that
the frame size, number of hidden layers and nodes per layer is almost sufficient. Moreover, the
performance obtained shows the attainable performance of the MLP classifier.

In this section, the detail description of the experiments conducted and classification
performance of the algorithm is presented.

Table 5.8: Single and Double Layer MLP classifier performance (%)

82.22 | 88.64 | 88.97 | 89.04 | 89.15 | 89.27 | 88.77 | 88.76 | 88.94 | 89.09 | 89.24 | §9.05

88.76 | 88.96 | 89.13 | 89.20 | 89.14 | 89.53 | 88.96 | 89.13 | 89.21 | 89.13 | 89.27 | §9.21
88.33 | 88.79 | 89.01 | 89.14 | 89.09 | 89.21 | 88.66 | 88.70 | 89.07 | 89.16 | 89.10 | 89.14
88.80 | 89.33 | 89.41 | 89.64 | 89.69 | 89.63 | 89.01 | 89.18 | 89.34 | 89.36 | 89.38 | 89.36

The numbers on the column headers represent the number of neurons per hidden layer. For
example, 8 is an MLP with single hidden layer and 8 neurons on the hidden layer and 10,5
represents an MLP with two hidden layers having 10 and 5 neurons on the first and second
hidden layers respectively.
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Figure 5.7: Single and Double Layer MLP classifier performance curve analysis

The experiment conducted on 20 ms of speech segment shows a relatively high classification
performance on MLP30 (MLP with single hidden layer and 30 neurons on the hidden layer)
classifier with a classification performance of 89.27%. The second frame length, 25 ms speech
segment works well on MLP30 classifier with a classification performance of 89.53%.
Experiments conducted on 30 ms speech segment show a relatively high classification
performance on MLP30 classifier with a classification performance of 89.21%. The last
parameter tunning experiment conducted on 35 ms of speech segment shows a relatively high
classification performance on MLP25 classifier with a classification performance of 89.69%. In
fact, this is the highest classification accuracy obtained from all the experiments conducted for
this thesis work. The learning rate used for all the MLP classifiers tested is 0=0.3. Table 5.9
summarizes the classification performance of the classifiers as a function of the frame size used.

Table 5.9: Single and Double Layer MLP Performance summary (0=0.3)

20 millisecond 89.27% | MLP30
25 millisecond 89.53% | MLP30
30 millisecond 89.21% | MLP30
35 millisecond 89.69% | MLP25
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Furthermore, another experiment is conducted on the above top four high performance classifiers
by changing the learning rate (o)) of the MLP classifier from 0.3 to 0.5. The results obtained for
this experiment is summarized in Table 5.10.

Table 5.10: Single and Double Layer MLP Performance summary (0=0.5)

20 millisecond 89.15% | MLP30
25 millisecond 89.36% | MLP30
30 millisecond 89.09% | MLP30
35 millisecond 89.25% | MLP25

As it can be seen from the performance summary on Table 5.10 the performance of all the
classifiers decreases as the learning rate is increased from 0.3 to 0.5.

A detailed analysis on the performance of the MLP classifier (MLP25) that has shown high
classification accuracy is indicated in section 5.4. Moreover, a detailed accuracy by class and the
confusion matrix of this classifier is illustrated.

5.4 Performance Analysis

In order to analyse the performance of the MLP25 classifier for the different sound categories,
the frequency of the sound categories in the entire corpus, training set and testing set is
considered. Moreover, confusion matrix is developed for this voiced/unvoiced/silence classifier.

5.4.1 Feature Analysis

The most popular features that are used for voiced/unvoiced/silence speech segment classification
include, Mel Frequency Cepstral Coefficients (MFCC), Linear Predictive (LP) Coefficients, short-
time energy, short-time zero-crossing rate, average magnitude, and auto correlation function.

In this research work, we have used a combination of four features for our experiment containing;
short-time energy, short-time zero-crossing rate, 13 MFCC coefficients and a 12-pole LPC
coefficient (13 LPC coefficients). Moreover, these features are extracted for each 20, 25, 30 and 35
ms of the speech segment.

First we conducted our experiment on the feature vector containing the combination of energy and
ZCR. This resulted with a maximum classification accuracy of 74.33%. Next an experiment is
conducted on the feature vector containing 13 LPC coefficients resulting with a maximum
classification accuracy of 87.67%. The third experiment conducted contains the combinations of
energy, ZCR and 13 LPC coefficients which resulted with a maximum classification accuracy of
85.11%. The next experiment is conducted on a feature vector containing 13 MFCC coefficients
resulting with a classification accuracy of 89.08%. After wards an experiment is conducted on a
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feature vector containing the combination of features energy, ZCR and 13 MFCC coefficients which
resulted with a classification accuracy of 89.69%. Finally, the last experiment is conducted using the
same feature vector with experiment five, except that a principal component analysis is performed on
the feature vector resulting with a classification accuracy of 88.58%. Table 5.11 summarizes the
maximum performance obtained from the experiment conducted on each of the features used
regardless of the frame size and classifier model used.

Table 5.11: Feature vector performance summary

Energy & ZCR 74.33%
LPC 87.67%
Energy, ZCR & LPC 85.11%
MFCC 89.08%
Energy, ZCR & MFCC 89.69%
Energy, ZCR & MFCC-PCA 88.58%

As it can be seen from Table 5.11, feature combination of energy and ZCR shows the least
classification accuracy: 74.33%. This is due to the fact that the value of any of these parameters
usually overlaps between categories, particularly when the speech is not recorded in a high fidelity
environment. On the other hand, all the feature vectors containing MFCC values show high
classification accuracy, specifically the feature vector containing the combinations of energy, ZCR
and 13 MFCC coefficients: 89.69%. The advantage of the MFCC approach has been an automatic
way to reduce the amount of information in a Fourier transform (FT) of a frame of speech (which is
always assumed to reasonably capture the essential information about vocal tract shape at any
specific point in time) to a small set of parameters, e.g., 10—16. The data reduction factor is about the
same as for LPC, except that the MFCC is able to utilize some auditory factors in warping frequency
scales to model the human ear better than LPC can [16].

5.4.2 Frame Size Analysis

Table 5.12 summarizes the maximum performance obtained from the experiment conducted on
different frame sizes (20, 25, 30, and 35) in millisecond regardless of the frame features and
classifier models used.

Table 5.12: Frame size performance summary

20 89.27%
25 89.53%
30 89.21%
35 89.69%
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As shown on Table 5.12, from the four frame sizes experimented, the experiment on 20
millisecond speech segments shows the least classification accuracy of 89.27%. On the other
hand the experiment conducted on 35 millisecond speech segment shows the highest
classification accuracy of 89.69%. This is due to the fact that small frame sizes might not be
able to capture all the required measurements (missing necessary details) in order to map a
speech frame to a specific category.

5.4.3 Selected MLP Classifier Model Analysis

The performance of the MLP classifier (MLP25) illustrated in this analysis is obtained on a
feature vector containing energy, ZCR and 13 MFCC coefticients. In addition, from the entire
frame sizes tested (20, 25, 30 and 35 ms)®, the performance described below for this classifier is
obtained on 35 ms speech segment.

The classification summary of the MLP (15-25-3) classifier is stated below along with a detailed
accuracy by class and a confusion matrix shown on table 5.13 and table 5.14 respectively.

Time taken to build model: 6512.76 seconds
=== Evaluation on test set ===

=== Summary ===

Correctly Classified Instances 36879 89.6906 %
Incorrectly Classified Instances 4239 10.3094 %
Kappa statistic 0.7379

Mean absolute error 0.0932

Root mean squared error 0.2329

Relative absolute error 34.1071 %

Root relative squared error 63.1707 %

Total Number of Instances 41118

Table 5.13: Detailed Accuracy by Class (MLP25)

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.778 0.011 0.827 0.778 0.802 0.978 Silence

0.956 0.225 0.924 0.956 0.94 0.936 Voiced

0.709 0.043 0.799 0.709 0.751 0.919 Unvoiced
Weighted Avg. 0.897 0.176 0.894 0.897 0.895 0.935

® Frame size between 20-35 milliseconds is selected because during such a time humans cannot significantly
change the shape of the vocal tract. And no analysis is made in determining the incremental value between the
frame sizes used.
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Table 5.14: Confusion Matrix (MLP25)

a b c <-- classified as
2055 304 281 | a=Silence
194 29173 1142 | b = Voiced
237 2081  5651| ¢ = Unvoiced

The MLP classifier summary shows that it classifies 36,879 instances correctly and 4,239
instances incorrectly in the testing set. The performance of the classifier varies for the different
sound classes with a higher performance for voiced sounds followed by silence sounds and
unvoiced sounds for the given testing set trained on the training set as shown on table 5.13 and
5.14.

5.5 Summary

Different experiments are conducted for the voiced/unvoiced/silence speech segment classifier.
Accordingly, different performances are obtained: the MLP classifier with a single hidden layer
having 25 neurons on the hidden layer performs better than the other classifiers. The
performance of the MLP voiced/unvoiced/silence classifier is 89.69%.
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CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1 Conclusion

The interest in speech segment category (voiced/unvoiced/silence) discrimination has intensified
lately due to the increasing demand for potential use in commercial or non-commercial systems
and a number of speech processing systems. Current personal communication systems such as a
cellular phone are examples of commercial systems that integrate speech coding and speech
recognition capabilities in their operation. These systems normally require voice commands to
control them. The spoken commands need to be accurately extracted from the background to
process them.

Assigning speech categories to speech segment in a speech sound is an important component of
many speech processing systems. An accurate classification of a speech segment as
voiced/unvoiced/silence with voicing detection system is often used as a prerequisite for
developing other higher level and efficient applications of speech processing systems such as
speech coding, speech analysis, speech synthesis, automatic speech recognition, noise
suppression and enhancement, pitch detection, speaker identification, and the recognition of
speech pathologies.

Voiced/unvoiced/silence speech segment detection is a method of assigning and labelling a
specific speech category (voiced/unvoiced/silence) to a speech segment to discriminate a speech
sound from a background noise based on acoustic characteristics of the speech segment. It is a
hot research area in the field of natural language processing for different languages. Moreover,
voiced/unvoiced/silence speech segment detection can be conceived as the problem of assigning
speech categories to a speech segment in a sentence. This problem can be solved using different
techniques among which an Artificial Neural Network (ANN) specifically a Multilayer
Perceptron (MLP) approach is assumed to perform better than other approaches.

A multilayer perceptron with a single hidden layer having 25 neurons on the hidden layer is
designed for voiced/unvoiced/silence speech segment detection. The choice behind the MLP
classifier is, it performs better than the other models experimented.

Data corpus is an important component in natural language processing in general and
voiced/unvoiced/silence speech segment detection in particular. And hence, a corpus with a total
of 900 sentences is collected from different Amharic text sources. Three speech categories are
identified as tag sets that are used in annotating these total sentences to create an annotated
corpus for training the MLP classifier as a supervised learning approach is used.

The corpus is divided into two (training set and testing set) for testing and training purpose. The
training set consists 67.67% of the corpus (600 sentences) and the testing set consists 33.33% of
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the corpus (300 sentences). Matlab 7.9, Audicity 1.3.13, wavesurfer 1.8.5 and weka 3.6 software
tools are used in the implementation and experiment of the voiced/unvoiced/silence speech
segment classifier. Five different types of classifiers are tested in this research work namely; two
rule-based (Decision Tables and JRip), two decision tree (J48 and simple CART) and a neural
network (single and double hidden layer with different number of neurons on the hidden layer).
Accordingly, 86.07%, 88.41%, 87.67%, 87.94% and 89.69% performances are obtained for
Decision table, simple CART, J48, JRip and MLP25 classifiers respectively. Therefore, it is
possible to conclude that a multilayer perceptron with single hidden layer having 25 neurons on
the hidden layer performs better than other classifier. In addition, this research work has got
promising results on the experimented five models.

Table 6.1: Classifier performance summary

Decision Table 86.07%
Simple CART 88.41%
Decision Tree (J48) 87.67%
Rules(Jrip) 87.94%
MLP25 89.69%

6.2 Recommendation

There are lots of research areas in natural language processing that can be done for different
languages in Ethiopia. The same thing holds true for Amharic language. Therefore, to assist
researchers, it will be of great paramount if a standard speech corpus for Amharic language is
developed that will be available for NLP researchers in Amharic language.

Finally this research work suggests the following items as a future work:
+» Comparative study of three different approaches (HMM based, rule based, ANN based

classifiers with more training and testing data)

« Extending this work by training in large corpus and using balanced tag-sets for the different
sound categories

+ Comparison of hybrid approaches
« Experimenting phoneme identification following voiced/unvoiced/silence recognition

¢ Modelling and researching ANN based speech recognition system.
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Appendices

Appendix A: Sample Amharic text corpus

1. P19oE AFLe9° 1703 AdG N2 +nGPP::

ARL N%0L Tt ALA LRt ATAAT 2P 1T

TEIA NBLTNE AIC AR @-L0C AT

NAFSEE PN A7 CF AT%044% A0 TLaA%AT::

Pavpp, (12090 QAP a0 0M- POhL-G 10T TGP

280 e 71657 A1,

MeA NOATT 7687 ALA TnNPAT::

P22 TILTLE (T OZ°CT hAN A%.0 POe- AONLEE: holt avlm::
9. NG PLRATT TIe-P7T N4 DT NTTAAN AlTIE.::

10. 220, NTIFFOHC 149G 408 ALA SMNPA::

11. QHTA Qav-9P0L, 79447 ALA Fn0PAT::

12. 4,260 NAL.PTFD- avav P T NOALCA AhAt IC TOLP::

13. 220, N2@¢Ch 970 79617 O-L2:C LhdAd::

14. v15® AWE7 PAIC APPLSE D-LL:C ANIE.::

15. NAA.NA NH97 FrAdk §o8) TNEL::

16. Nhgsh 78 AP0t PPCT A7 CHET At s Pm-07 a170C PLI° NG e SHPA::
17. T O0L7F AL O APOT aof TG 408 AlT1d T ::

18. (L& NEI° 09917 @£ LC7 NOL A% NTIMGPP Féh hhePHIN::
19. AP ALD -L8C (POl T L4C Po1.00¢- (€7 TANAT::

20. 3P ATAAT QLT 0ZPA NF97 0458, -L:0:C LNBSA::

21. ADALE AFLP9° 1703 LoL.@-A 1. TIN0A F+Eavs::

22. 822 0L (ALY TP A1

23. 280, 0FAR TTVFATC 457 @-LLCT AlT1d.::

24. 114 (220~ 08007 A7 -2 0:C ALATEIV::

25. AP NANIPTHh AGPATG HLB~T APLLTT 10+

26. NAIC PG L28 N THALR PO CT AT AAMS APTOm 10+

27. 0B PAAT® PRy P10 NP enndF AN AT LU &AC AONT::
28. AAAT® P NPNNTE ANC TRPFT drems::

29. AP NANe AOHT D RANT® NPT AIPTOG PAIPATS LL8T ATT T
30. A& NP0 NHNEL 0408 @8 AlN1S-::

31. PAEP N3P PAIC NPA (-7 AAANT ATILHE 10

32. A3 PRS0 AN PhANT NAhAT APPTOS P&29% @-L8:C L.
33. A0 ANA 284 PNNA @-L8C (2 AL LNBSA::

34. 244897 fL0COE AFSL ONBF O CT AAMT ALAM 10-::

35. PAAT° POMPF AdedPTh AIPTEG N 7D7°C AL 10

36. e NOCAT 200 LY 2C AT

37. L4 QOAHO7 1970 T16-27 A4

38. 20N AGdh LATG18F @ PAAI® ProB AP @-myt P+avHINOT A7LINC &4 1Am::
39. Paopp, AFL09° A&AT AOTLLINT 1D+

40. av(\lt Rhavk POCT AHATTE 9PCoRT (1929 AL T

41. PAFTXE hOIC NPO L.L4T7 MmPAA T0% B av(.::

42. 094 NATAG A1CT 20 7°CF AIPTeG A8 avs::

NI R WD
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43, UYL C W AR 458, @-2:0:C P°HI0 +GPP::

44. avyEivk: OCE NHY AA° N9 +AP::

45. hHaPL-@G (v 0FAE 48 D-L8C7 AlT14-::

46. 220 $58 090 08I°NT7 ThhAT LH A7LTIeD-PD- 161

47. 8401 NPOT A0 @IFF AL ULDT ACIE ATL5.DNEL, 1AM::

48. 280, PAATTTT PIPTLII® I°CT DL At I°Com NLIPT 1ASEL APaPe. 10-::
49. Altvtéh thgéh thart nl B PF ANde +idaer::

50. U1C AP Pn&A+G FIPUCT PO 07 CF LOEAN NT7LC T avl.::

Appendix B: Sample Feature Vector
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596.04| O 1 -1.002 0.002 0.001 | 0.0005 | 0.0005 | -9E-04 | 0.0003 | -3E-04 | -0.002 | -0.002 | -4E-04 | 0.0037 | Silence
593.65 0 1 -0.999 | 0.0012 | -0.003 | 0.0038 | -2E-04 | 0.0008 | -0.003 | -0.005] 0.0036 | -0.003 | 0.0009 | 0.0034 | Silence
59769 | O 1 -1.002 | 0.0052 | -0.003 | 0.0012 | 0.0011 | -0.003 | -7E-04 | -0.001 | 0.0006 | -1E-03 | -2E-05 | 0.0039 | Silence
59438 O 1 -1.001 | 0.0017 | -8E-04 | 0.0034 | -0.004 | -7E-04 | 0.0017 | -0.003 | -0.002 | 2E-05| 0.0041 | 0.0009 | Silence
599221 O 1 -1.003 | 0.0049 | -0.003 | 0.0023 | 0.0014 | -0.003 | -4E-04 | -0.003 | 7E-05| 0.0032 | -0.001| 0.0029 | Voiced
61066 | O 1 -1.183 | 0.0801 0.049 | 0.0506 | 0.0218 | 0.0014 | 0.0076 | -0.005| -0.001 | -0.011 | -0.022 | 0.0127 | Voiced
691.67 | 50 1 -1.952 | 0.8818 | 0.0998 | 0.0643 | -0.018 | -0.025 | 0.0153 | -0.028 | -0.044 | -0.014| -0.013 | 0.0383 | Voiced
723.64 | 46 1 -2.153 | 1.5606 | -0.535 | 0.2278 | -0.034 | -0.011 ] -0.073 | 0.1048 | -0.035 | -0.086 0.065 | -0.028 | Voiced
750.87 | 58 1 -1.856 | 0.8781 | 0.0446 | 0.0342 -0.03 | -0.052 | 0.0016 0.092 -0.04 | -0.108 | 0.0364 | 0.0035 | Voiced
73724 | 60 1 -1.84 | 0.8201 | 0.1123 0.03 | -0.056| -0.071| 0.0352 | 0.0586 | -0.035| -0.073 | -0.022 | 0.0446 | Voiced
669.33 | 40 1 -1.76 | 0.6775 | 0.1706 | 0.0454 | -0.086 | -0.038 0.04] -0.018| -0.013] 0.0131 | -0.098 | 0.0708 | Voiced
61137 | 12 1 -1.484 0.362 | 0.1574 | 0.0461 | -0.012 | 0.0259 | -0.005| -0.039 | -0.006 | -0.009 | -0.016 | -0.018 | Voiced
58156 | O 1 -1.015 | 0.0078 0.006 | 0.0044 | 0.0063 | 0.0036 | -0.002 | -9E-04 | -0.002 | -0.005| -0.002 | S5E-05| Unvoiced
56644 | O 1 -1.147 | 0.0596 | 0.0592 | 0.0565 | 0.0506 | 0.0387 | 0.0078 | -0.014 | -0.031 | -0.044 -0.03 | -0.005 | Unvoiced
568.51 0 1 -1.369 | 0.1447 | 0.1411 | 0.1108 | 0.0574 | 0.0199 | -0.009 | -0.031 | -0.038 | -0.034 | -0.007 | 0.0153 | Voiced
5759 | 28 1 -1.897 | 0.7123 | 0.2463 | 0.0458 | 0.0154 | 0.0068 -0.07 | -0.123 | -0.077 | 0.0411 | 0.2157 | -0.116 | Voiced
61032 | 22 1 -1.667 | 0.4131 | 0.1819 | 0.1022 | 0.0986 | 0.0411 | -0.077 | -0.131 | -0.067 | 0.0119 | 0.1024 | -0.007 | Voiced
570.01 0 1 -1.093 | 0.0071 | 0.0186 | 0.0327 | 0.0333 | 0.0223 | 0.0042 | 0.0012 | -0.004 | -0.024 | -0.018 | 0.0204 | Unvoiced
577.11 0 1 -1.004 | 0.0018 | 0.0029 | 0.0023 | 0.0012 | -0.003 | -0.002 | 0.0027 | -0.003 | 0.0008 | 0.0009 | -3E-04 | Unvoiced
574491 O 1 -1.001 | 0.0026 | -0.002 | 0.0051 | -0.004 | -1E-05 | 0.0025 | -0.005| 0.0033 | -0.003 | -3E-04 | 0.0019 | Unvoiced
57339 O 1 -1.001 | 0.0088 | -0.004 | 0.0012 | 0.0011 | -0.004 | 0.0007 | -0.001 | -0.003 | 0.0017 | 0.0018 | -0.001 | Unvoiced
591.49 | 22 1 -1.503 | 0.4042 | 0.1122 | 0.0299 | 0.0151 0.001 | 0.0104 0.004 | -0.026 | -0.061 | -0.036 | 0.0542 | Unvoiced
695.14 | 39 1 -1.746 | 0.6299 | 0.1414 | 0.0372 | 0.0043 | 0.0058 | 0.0129 | -0.041 | -0.057 | -0.016 | -0.018 | 0.0531 | Unvoiced
659.17 | 27 1 -1.827 | 0.5817 | 0.2447 | 0.0962 | 0.0359 | 0.0177 | -0.051 | -0.144 | -0.083 | 0.0564 | 0.1465 -0.07 | Voiced
632.8 | 20 1 -1.584 | 0.3094 | 0.1629 | 0.1069 | 0.0763 | 0.0498 | 0.0041 | -0.063 -0.08 -0.04 | 0.0227 | 0.0397 | Voiced
61749 | 4 1 -1.396 | 0.1681 0.09 | 0.1001 | 0.0497 | 0.0561 | 0.0531 | -0.042 | -0.062 | -0.044 | -0.045]| 0.0737 | Voiced
578.03 0 1 -1.391 0.138 | 0.1236 0.109 | 0.0809 0.045 | 0.0007 | -0.032 | -0.055| -0.076 | -0.066 0.124 | Voiced
584791 O 1 -1.336 | 0.1054 | 0.1083 | 0.1009 | 0.0644 | 0.0349 | -8E-04 | -0.024 | -0.044 | -0.066 | -0.049 | 0.1065 | Voiced
608.76 | 16 1 -1.415 | 0.1704 | 0.1229 | 0.1001 | 0.0809 | 0.0425 | 0.0008 | -0.038 | -0.055 -0.03 | -0.005 | 0.0326 | Voiced
651.17 | 14 1 -1.462 | 0.2096 | 0.1188 | 0.0989 | 0.0819 | 0.0307 | -0.006 | -0.022 | -0.018 | -0.024 | -0.024 | 0.0255 | Voiced
685.28 | 25 1 -2.037 | 1.1379 -0.26 | 0.2025 | 0.2025 | -0.198 | -0.145| 0.1025 | -0.005| -0.097 | 0.1963 | -0.096 | Voiced
711.02 | 19 1 -1.736 | 0.4991 | 0.1748 | 0.1034 | 0.0518 | 0.0076 | -0.048 | -0.071 | -0.033 | 0.0067 | 0.0622 | -0.012 | Voiced
603.71 0 1 -1.014 | 0.0007 0.001 | -4E-04 | 0.0051 | 0.0035 | -0.002 | -0.002 | 0.0002 | 0.0006 | -0.001 | 0.0082 | Voiced
579571 O 1 -1.032 | 0.0103 | 0.0162 | 0.0112 | 0.0047 | 0.0009 | -0.002 | -0.003 | -0.009 | -0.007 | -0.006 | 0.0174 | Voiced
833.6 | 40 1 -1.759 | 0.5929 | 0.1572 | 0.0898 | -0.005| -0.037 | -0.009 | -0.026 | -0.018 | -0.003 -0.01 | 0.0406 | Voiced
790.32 | 38 1 -1.633 | 0.4237 | 0.1538 | 0.0843 | 0.0368 | -0.016 | -0.019 | -0.009 | -0.017 | -0.021 | -0.003 | 0.0325 | Voiced
728.16 | 32 1 -1.482 | 0.2411 | 0.1193 | 0.1369 0.066 | -0.034 | -0.017 | -0.021 | -0.012 | -0.001 | 0.0407 | -0.024 | Voiced
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7683 | 34 1 -1.588 | 0.3517 | 0.1613 | 0.0865 | 0.0353 | 0.0157 | 0.0045 -0.05 | -0.038 0.019 | 0.0175 | -0.006 | Voiced
702.53 | 26 1 -2.263 | 1.6311 | -0.458 | 0.1549 | -0.067 0.018 | 0.0984 | -0.127 | -0.077 | 0.1139 | -0.045 0.023 | Voiced
581.82 4 1 -1.626 | 0.4275 | 0.1717 | 0.0767 | 0.0449 | 0.0092 | -0.019 | -0.063 | -0.061 | -0.045| -0.025| 0.1102 | Voiced
658.45 | 45 1 -2.014 | 1.0014 | 0.0674 | 0.0214 | -0.042 | 0.0002 | 0.0348 | -0.028 -0.07 | -0.051 | 0.0151 | 0.0694 | Voiced
644.79 | 31 1 -1.788 | 0.5469 | 0.1831 | 0.1376 | 0.0488 | -0.024 | -0.047 | -0.078 | -0.025 | 0.0057 0.006 | 0.0373 | Voiced
552.42 0 1 -1.204 | 0.0535 | 0.0512 | 0.0541 | 0.0402 | 0.0292 | 0.0143 | -0.002 | -0.009 | -0.028 | -0.024 | 0.0255 | Voiced
545.35 0 1 -1.224 | 0.0642 | 0.0663 | 0.0587 | 0.0448 | 0.0343 | 0.0115 | -0.007 | -0.016 -0.03 | -0.031 | 0.0283 | Voiced
539.02 0 1 -1.041 | 0.0138 | 0.0084 | 0.0122 | 0.0093 | 0.0054 | 0.0054 | -5E-04 | -0.003 | -0.004 | -0.004 | -0.002 | Voiced
535.66 0 1 -1.068 | 0.0167 | 0.0156 0.016 | 0.0116 | 0.0068 | 0.0046 | 0.0071 | 0.0071 | 0.0011 0.003 | -0.021 | Voiced
707.54 | 36 1 -1.666 | 0.4539 | 0.1534 | 0.0752 | 0.0376 | 0.0085 -0.01 | -0.032| -0.023 | -0.016 | -0.023 0.051 | Voiced
72428 | 32 1 -1.805 | 0.6685 | 0.1002 | 0.0814 | 0.0298 | -0.021 | -0.032 | -0.031| -0.003 | 0.0095 | 0.0244 | -0.013 | Voiced
645.82 | 18 1 -1.723 | 0.5179 | 0.1309 | 0.0599 | 0.0912 | 0.0338 | -0.019| -0.059 | -0.076 | -0.027 | 0.0915| -0.016 | Voiced
590.54 | 4 1 -1.46 | 0.2076 | 0.1554 | 0.1045 | 0.0627 | 0.0452 | 0.0118 | -0.049 | -0.093 | -0.087 | -0.026 | 0.1297 | Voiced
561.67 0 1 -1.165 | 0.0368 | 0.0372 | 0.0398 | 0.0318 | 0.0182 | 0.0186 | 0.0048 | -0.011 -0.02 | -0.035| 0.0453 | Voiced
554.73 0 1 -1.003 | 0.0026 | -0.002 | 0.0044 | -6E-04 | -0.002 | -4E-05| -0.002 | 0.0024 | 3E-05 | 0.0005 | -7E-04 | Unvoiced
546.28 0 1 -1.212 | 0.1996 | 0.0142 | 0.0053 | 0.0208 | -2E-04 | -0.004 -0.01 | -0.021 | -0.036 | 0.0088 | 0.0353 | Unvoiced
553.38 0 1 -1.075 | 0.0184 | 0.0157 | 0.0188 | 0.0113 | 0.0102 | 0.0038 | -0.002 | 0.0003 | -0.008 | -0.013 | 0.0211 | Voiced

580.9 | 10 1 -1.648 | 0.3436 0.23 | 0.1466 | 0.0601 | -0.019 | -0.061 -0.07 | -0.052 | -0.009 | 0.0616 | 0.0216 | Voiced
698.74 | 34 1 -2.075 | 1.0881 0.02 | 0.0923 -0.02 | -0.092 | -0.032 | 0.0171 ] -0.037 -0.03 | 0.1404 | -0.067 | Voiced
593.41 4 1 -1.38 | 0.1715 0.105 0.076 | 0.0516 | 0.0248 | 0.0049 -0.03 -0.02 | 0.0038 0.005 | -0.012 | Unvoiced
580.04 0 1 -0.999 | 0.0018 | -0.002 | 0.0023 | -7E-04 | -2E-04 | -0.003 | -0.002 | 0.0032 | -0.004 | -1E-03 0.004 | Unvoiced
587.57 2 1 -1.448 | 0.3945 | -0.022 | -0.053 | 0.0478 | 0.0891 | 0.0497 | -0.017 | -0.034 | -0.023 | 0.0334 | -0.015 | Unvoiced

672.6 | 20 1 -1.443 | 0.2154 | 0.0961 | 0.0763 | 0.0477 | 0.0466 | 0.0149 | -0.015| -0.026 | -0.006 0.06 | -0.057 | Voiced
746.75 | 26 1 -1.517 | 0.2913 | 0.1286 | 0.0931 | 0.0433 | 0.0092 | -2E-04 | -0.031 | -0.016 | 0.0262 | 0.0004 | -0.016 | Voiced
639.29 2 1 -1.315 | 0.1333 | 0.0669 | 0.0461 | 0.0548 | 0.0376 0.008 | 0.0047 | -0.005 -0.02 | -0.007 | -8E-05 | Voiced
580.72 0 1 -1.04 0.035 | 0.0261 | 0.0047 | -0.007 | -0.022 | -0.019 | 0.0053 | 0.0059 | 0.0104 | 0.0164 | -0.016 | Unvoiced
571.03 0 1 -1.001 | 0.0023 | -0.002 | 0.0036 | 0.0017 | -0.002 | -0.002 | -8E-04 | 0.0024 | -0.003 | -1E-04 | 0.0016 | Unvoiced
560.16 0 1 -1.015 | 0.0086 | 0.0039 | 0.0063 | -0.005 | -2E-04 | 0.0012 | 0.0033 | 0.0033 | -0.011 | -0.001 | 0.0057 | Unvoiced
587.16 0 1 -1.184 | 0.1775 | 0.0162 | -0.017 | 0.0024 | -0.014 | 0.0112 | 0.0391 | 0.0258 | -0.008 | -0.037 -0.01 | Unvoiced
658.72 | 33 1 -1.591 | 0.3603 | 0.1713 | 0.1006 | 0.0454 | 0.0042 | -0.014 | -0.044 | -0.062 | -0.039 | -0.007 | 0.0821 | Voiced
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Appendix C: Matlab Codes

% opens a dialogue to choose a sound file
file = uigetfile({'*.wav;*.mp3;*.wnv;*.wmna;*.lab', '"Audio files'}, 'Select a
sound file', 'MultiSelect', 'On'");
wfile=file{2};
1file=file{l};
[wavFile, Fs,nbits] = wavread(wfile);
ext="'.xlsx"';
fn=sprintf ('%s''%s',wfile,ext);
frameSize = 960; % frame size 20ms for 48000Hz sampling rate
overlap = 0; % frame overlap
frameMat=buffer (wavFile, frameSize, overlap); % process frames
frameNum=size (frameMat, 2); % calculate size
Function call to find the energy
n = calcEnergy (frameMat, frameNum) ;
Function call to find the zero-crossing rate
cr = calcZcr (frameMat, frameNum) ;
% Function call to do LPC
lpc=dolpc (frameMat,12);

M oe

N o°

% Functions
/1177777777777 //7/7//7////// Calculate Enerqgy /////////////////////////////
function En = calcEnergy (frameMat, frameNum)
% Compute energy
En=zeros (frameNum, 1);
for i=1:frameNum

frame=frameMat (:,1);

En (i)=sum(abs (frame));
end
L1177 777 7707777777777 7777777777777 77777/77777777777777777777777777777777
/////////////////// Calculate Zero-Crossing Rate////////////////////////
function Zcr = calcZcr (frameMat, ~)
% Compute zero-crossing rate
for i=l:size (frameMat, 2)

crossing=0;

frames=frameMat (:,1);

for j=l:1length(frames)-1 %length : get frame size

if ((frames(j)>=0 && frames(j+1)<0) || (frames(j)<=0 && frames(j+1)>0))
crossing=crossing + 1;
end

end

Zcr (1) =crossing;
end
L1117 7 777777777777 77777 7777777777777 77777777/77777777777777777777777777
/1177707770777 /77/7/7/7//7// Calculate LeC //////////////////////////////
function y = dolpc(x,modelorder)
% modelorder is order of model, defaults to 8
if nargin < 2

modelorder = 8;

end
% Find LPC coeffs
y=lpc (x,modelorder) ;

s
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Appendix D: Amharic phonetic list, IPA Equivalence and its ASCII Translation table (adopted from [13])
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