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Abstract

Speech segmentation is the process of identifying the boundaries between meaningful units like
phonemes in a continuous speech. A need exists for reliable, automatic determination of
phonemes boundaries in different speech research areas such as ASR to improve the
performance of the recognizer, to improve the quality of speech synthesis system through
segmented database, and to improve performance of language identification and speaker

verification system.

In this study unsupervised method of automatic speech segmentation is proposed as a solution.
Text corpus with size of 1000 Amharic sentences was collected from political news, economy
news, sport news, health news, fictions, Bible, penal code and Federal Negarit Gazzeta. These
Ambharic texts are recorded by one female and one male speaker in order to have parallel speech

corpus. Both text and speech corpuses are split into training (90%) and test (10%) data sets.

Phoneme based speaker dependent Hidden Markov Model is preferred, being the one that is most
widely used, and also due to the availability of the HTK software suite. HMM approach is used
to model Amharic phonemes in individual HMM with 3 emitting and 2 non emitting states
without skipping left to right HMM. MFCC feature vectors together with their first and second

derivatives are selected for individual HMM models.

Letter and phoneme were used as a basic unit to model the HMM in context independent, context
dependent with single Gaussian mixture and context dependent with Multiple Gaussian mixtures.
The system is also evaluated in terms of percentage of boundary deviations with 5ms, 10ms,

15ms and 20ms tolerance values with reference to manual segmentation results.

The evaluation of the experiments shows that best performance with minimum percentage of
time boundary deviations are achieved using phoneme based approach in context dependent
environment with two Gaussian mixture and four Gaussian mixture for male speaker and female

speaker respectively.

Keywords: phonemes, unsupervised method, Automatic speech segmentation, Hidden Markov Model.




CHAPTER ONE

INTRODUCTION
1.1 Background

Speech segmentation is the process of identifying the boundaries between words, syllables, or
phonemes in spoken natural languages. In speech segmentation, the basic idea of segmentation is
to divide a continuous speech signal into smaller parts, where each of these segments has phonetic
or acoustic properties that distinguishes it from neighboring segments. Speech segmentation
involves dividing speech utterances into different chunks which are recognizable and meaningful.
This includes segmentation at language level, accent level, sentence level, word level, pause or
silence level and phoneme level[1]. Segments can also be thought of as patterns, each segment

differing from total randomness in a coherent and perceivable manner[2].

In this study, speech segmentation at phoneme level is taken into consideration. A phone is a
sound heard or articulated in actual speech, and as such it is a physical entity which can be
measured and recorded by various devices. By contrast, a phoneme is what is perceived to be a
particular phonetic entity, and thus by definition it is an abstraction, something like the common
denominator of countless phones, namely actual sounds which share certain essential features.
Even one and the same speaker and different speakers of a given language pronounces a given
phoneme in numerous variations, which however are normally perceived as one phoneme,
without creating any serious problem of communication[3]. Phonemes are also defined as the
smallest unit that distinguishes a minimal word pair in a particular language. For example the
minimal word pair bin [b iy n] vs. pin [p iy n] defines the units /b/ and /p/ to be phonemes in

English[4].

The most commonly proposed phoneme level speech segmentations are using either manual
segmentation or automatic segmentation techniques. In manual speech segmentation
expert/phonetician is required and its segmentation is based on listening and visual judgment on

required boundaries. However, manual phonetic segmentation is tedious, expensive, inconsistent,
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prone to errors and time-consuming task[5]. There is also a disagreement between phoneticians
and there is no clear, common and coherent strategies in order to segment speech waveforms [6].
Considering these and other disadvantages the development of automatic speech data is becoming

increasingly important[7, 8].

Automatic speech segmentation is the partitioning of a continuous speech signal into discrete,
non-overlapping units through algorithms developed for this purpose[9]. Generally, automatic
speech segmentation methods are divided into two types, namely supervised and unsupervised
segmentation methods. Supervised methods require a priori knowledge about phoneme
boundaries [10,11,12]. These boundaries of phonemes exist in the form of their pre-segmented. It

also requires pre-defined models of phoneme set of a specific language[13].

On the other hand, unsupervised methods don“t require pre-defined model and knowledge about
phoneme sets and their boundaries respectively. It is most commonly used in automatic speech
segmentation through new modeling and training data sets[13]. Thus unsupervised method yields
a desirable and more flexible framework for automatic segmentation of a speech at phoneme

level[14].

Hidden Markov Model is the most commonly used model for automatic speech segmentation in
unsupervised method[15,16,17,18]. This model can handle new data robustly within different
working environments and enables to predict similar patterns efficiently[19]. It is also language
independent and computationally efficient to develop and evaluate due to the existence of
established algorithms[20,21,22]. Generally all the above benefits of both HMM model and
unsupervised methods are the driving forces to conduct a research on unsupervised method of

automatic speech segmentation using HMM model at phoneme level.

1.2 Motivation of thesis work

The task of speech segmentation is accomplished as part of preprocessing in various speech
research areas like ASR, TTS, speaker verification, language identification and others.
Segmentation results like phonemes are indispensable for the initial training of acoustic ASR

models, the development of TTS systems and speech research in general. The experimental




results of these speech research areas are highly dependent on segmentation performance. In order
to get the required segmented results, segmentation should be performed without any prior
information about the speaker of the utterance in question. It should not rely on any type of prior

learning, and should be able to process unknown utterances in a fully unsupervised manner.

There is no research conducted on automatic speech segmentation for Amharic language. This
language has a large number of published and unpublished documents for training and these
documents are helpful to get all phonetically balanced Amharic phoneme sets. Identifying the
boundaries between phonemes in a continuous speech requires language model and acoustic
model[13]. These models can be achieved through unsupervised method since there are no
predefined acoustic model and language model for Amharic phoneme sets with their time

boundaries.

1.3 Statement of the problem

Identifying the phoneme boundaries in a continuous speech is still a challenging task since it
affects by co-articulation effect, the speaker accent and speaker speed. Even though these
problems exist there is a need of phonemes with correctly identified boundaries in the following

speech research areas mainly.

In ASR, the incorporation of information from phoneme boundary locations could potentially
improve the recognition performance[16, 23]. The recognition improvement is achieved by
segmenting the prerecorded speech signal and incorporating the phoneme boundary information

into a phoneme recognizer.

In TTS, correctly segmented phonemes of automatic speech segmentation results are also very
important to improve the quality of speech synthesis[24]. Speech segmentation is an essential task
in speech synthesis where accuracy and consistency of segmentation are firmly connected to the
quality of speech. For example, unit-selection speech synthesis requires a speech database built in

segmented phonemes[21].

In language identification and speaker verification, correctly segmented phoneme boundaries also

improve detection of speakers change and languages change[1, 25]. These phoneme boundaries




could be obtained through robust system to the dynamic change of acoustic signals and
unsupervised method of automatic speech segmentation by developing language and acoustic

models for a specific language.

There is also a need of correctly segmented Amharic phonemes with their time boundaries for
speech research area such as ASR, TTS, speaker verification and language identification that can
be potentially conducted for Amharic language. These correctly segmented Amharic phonemes
with their time boundaries are vital to improve speech recognizer, speech synthesizer, and
language and speaker detector results entirely as practiced in other foreign languages like English,
French, Arabic, Mandarin, Dutch and Spanish. In order to get more improved results in Amharic
speech research areas in terms of their performance and accuracy, automatic speech segmentation

at phoneme level for Amharic language is required.

1.4 Objective

1.4.1 General objective

The general objective of this study is to design and develop phoneme level automatic speech

segmenter for a given Amharic continuous speech.

1.4.2 Specific objective

The specific objectives of the research work are:

To explore the phonetic variation of sentence units of Ambharic language in speech

segmentation.

To build parallel corpus for Amharic sentences.

To determine appropriate pronunciation dictionary for phoneme level Ambharic speech

segmentation.

To determine the appropriate features for speech segmentation.

To explore the Amharic phonetic variation of sentences that help in modeling Amharic

4



speech segmentation.

e To determine the appropriate acoustic modeling technique for phoneme level speech

segmentation.
e To develop a prototype of the speech segmentation model of Amharic language.

e To evaluate Amharic speech segmentation model.

1.5 Scope and Limitation of the Study

The study would have been very interesting, if it compared all approaches, segmented in all levels
(like word level, syllable and phoneme level) and used more number of speakers during speech
recording. However, due to time constraint this study focused on speech segmentation for

Ambharic language using HMM approach at phoneme level.
1.6 Methodology

1.6.1 Review of related literatures

Literatures have been reviewed on different approaches and models. These literatures give an
overview and basic understanding for every stages of the thesis work. Research conducted on
automatic speech segmentation for various languages are also reviewed as part of related works.
In these related works, the script of languages, the phonetics of the language, the features used for
parameterization, the corpus size used, the models, algorithms, the number of states used to

represent a phoneme and the experimental results are presented in detail.

1.6.2 Data collection

Optimal text selection technique is used to prepare Amharic text corpus from various Ambharic
document. These Amharic 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 fictions named as “Fiker

eskemekaber” are data sources used for text corpus preparation. This text corpus contains 1000




Ambharic sentences.

1.6.3 Design approaches

Two approaches are used during design of Amharic automatic speech segmentation system. These
approaches are grapheme based approach and phoneme based approach and they differ in basic
units of pronunciation dictionary preparation. Grapheme based approach uses letter sequences as
pronunciation dictionary. This approach is the bench mark for our system and it is the approach

followed in many Ambharic speech recognition systems.

The second approach, phoneme based approach uses phoneme sequences as pronunciation
dictionary. Since this pronunciation dictionary considers Amharic epithetic vowel /ix/ [A], it is

nearly phonetic.

1.6.4 Modeling

The most commonly and successfully used statistical approach for the task of explicit
segmentation is Hidden Markov Models (HMMs)[26]. Hidden Markov Model is an extension of
discrete Markov Model in which states are hidden, in the sense that an underlying stochastic
process is not directly observable, but can only be observed through another set of stochastic

processes. HMM models also support multiple pronunciation, language and acoustic models.

1.6.5 Tools

Software used in our study are Cygwin, payton, audacity, HTK, praat and Thomson Reuters
EndNote. All these software are open sources and they are available online to use them for
various applications. Cygwin software provides a Linux look and feel environment for Windows.
Payton version 3.0 is used for automatic transcription of Amharic sentences to their
corresponding Latin representations as per ASCII translation table attached in Appendix B.
Audacity software is used for recording and editing sounds during speech corpus preparation.
HTK toolkit is used for preprocessing of wave files, for development of HMM model, to train the
developed HMM model and to get segmented letter/phoneme with their time boundaries. It

consists of a set of library modules and tools available in C source code. Praat software is used for




manual labeling/segmentation during test data preparation. Thomson Reuters EndNote is used to

generate references as IEEE format from already prepared reference database.

1.6.6 Evaluation

The evaluation of automatic speech segmentation results are carried out in terms of time boundary
deviation with reference to manually segmented phonemes. Since the boundary deviations of
automatically segmented phonemes are within 20ms tolerance values[12, 15, 27] and time
boundaries of phonemes below 5ms tolerance values are not considered as errors[28, 29], evaluation is
expressed in terms of percentage deviation in tolerance values of 5ms, 10ms, 15ms and 20ms and

it is calculated using equation1[30].
No of phonemes exceeding the tolerance value

s 1)
0pdeviation = 100 (
Ydeviation total number of boundaries tested *

1.7 Application of results

Automatic speech segmentation is used to determine the boundaries of phonemes from
continuous speech. Its results are very important to other speech based technologies like ASR,
TTS, speech database, and language identification and speaker verification. Their benefits with

respect to some speech based technologies are as follow:

For ASR: Segmented phonemes with their time boundaries are easier for automatic speech
recognizer and they are useful to improve its performance[31]. In the context of stochastic
approaches to speech recognition (ASR), accurate speech segmentation ensures appropriate
initialization of model parameters during the bootstrapping process, so that the model parameters

are close enough to the global maxima at initialization.

For TTS: Most successful speech synthesis systems today typically employ the use of segment
concatenation of speech units like phonemes from input training speech corpora[32]. More natural
speech synthesis is possible if effective segmentation can be performed to extract reliable

synthesis units i.e. phonemes.

For speech database: Phoneme segmentation is used in building speech database for unit-
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selection speech synthesis[21]. These databases are also helpful for other computational
applications like speech based information retrieval in digital libraries systems by identifying the

speakers as per the speech segment of them.

For language identification: Automatic segmented phonemes are also used for language tutor
for children and handicaps through correctly identified phoneme boundaries[1]. The phoneme

boundaries used to control them during tutorial.

For speaker verification: Speaker change can be detected through segmented phoneme
boundaries of a speaker. Automatic segmented phonemes with their time boundaries are also

applicable in telephone speech applications by identifying the speakers[25].

For pronunciation dictionary: correctly segmented phonemes are also useful to prepare a
pronunciation dictionary at phoneme level. This pronunciation dictionary matches exactly with

phonemes exist on their acoustic signals of a given continuous speech.

1.8 Organization of the Thesis

This thesis is organized into Seven Chapters including the current chapter. Chapter Two gives an
overview of the literature review part of the thesis work. The literature review includes the
general overview of the possible approaches or models used in the last two decades. The detail
presentations of these approaches help us to select the appropriate model or approach for this

thesis work.

Chapter Three gives an overview of the related works used in the thesis work based on HMM
model and HTK toolkit. In the related work, the script of languages, phonetics of the language,
the features used for parameterization and feature vectors, the corpus size used, models,

techniques and the experimental results are presented in detail.

Chapter Four gives an overview of sound production system, and Amharic language writing
system and its phonetics. In this section, consonant and vowel phonemes of Amharic language are
identified and presented. The transcription of Amharic characters and their phonetic

representation are also explained.




Chapter Five covers the overall explanation and design of the new Ambharic speech segmentation
system. This chapter includes HMM phonetic modeling, epithetic vowel insertion rules and
algorithm, manual phonetic segmentation, and performance measurement techniques of the

system.

Chapter Six presents experimentation and results of the thesis work. It includes the procedures of
the experiment. Training and testing procedures are also given due attention. The results section
presents in tabular form as per the result found in various tests. Finally, conclusions and

recommendations for future work are presented in the seventh Chapter.



CHAPTER TWO
LITERATURE REVIEW

This chapter covers the overall concepts of speech segmentation. It also covers the most common
speech segmentation approaches such as rule based, statistical (HMM) and Artificial Neural
Network (ANN) approaches. During the last two decades various researches are conducted to
identify phoneme boundaries using the above approaches and their contributions are reviewed in

this literature part.

2.1 Speech segmentation

A speech signal is composed of several variables including the dialect of the speaker, style of
speaking and language dependent information which in itself contains variables phonemic rules,
phoneme inventory etc. Segmentation of speech signal at phoneme level has to take into account

all of this information to obtain quality segment boundaries.

A phoneme is the smallest structural unit that distinguishes meaning in a language but phones
refer to the instances of phonemes in the actual utterances - i.e. the physical segments. The wave-
forms of a speech is segmented into its phoneme level as shown Figure 2.1, the speech of the

string “my speech” [m ais p ee t sh] segmented into /m/, /a/, /i/,/ s/, / p/, /leel, /t/, and /sh/.

Figure 2.1 Speech waveform of the string “my speech”

In addition to the physical observation of utterances, the speech waveform near a phoneme

boundary is determined by the context. The same phone boundary might have different signal
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characteristics for different contexts. Thus, for the boundary between any two phones a and b a
simple a —end b -start kind of detector will not work very accurately. Also the signal features that

change sharply near the boundary depend on both the phonemes[24].

2.2 Approaches of speech segmentation

2.1.1 Rule based approach

Rule-based systems are based on explicit representation of facts about language through well-
understood knowledge representation schemes and associated algorithms. These rule-based
systems usually consist of a set of rules which comes from different sources of knowledge.
Knowledge is represented as facts or rules in the rule-based approach. The inference engine
repeatedly selects a rule whose condition is satisfied and executes the rule. The primary source of
evidence in rule-based systems comes from human-developed rules (like grammatical rules) and

lexicons.

The rule based speech segmentation can be also based on acoustic characteristics of a speech like
pitch, energy, zero crossing rate (ZCR), power spectral density (PSD), formant transitions,
rhythm of consonants and vowels, fundamental frequency, duration, rate of speech, manner of

articulation and place of articulation explicitly.

In[33], speech segmentation was exploited using the prior knowledge of glottal pulse locations
for the estimation of adjacent broad phonemic class boundaries. The approach®s validity was
tested on the DARPA-TIMIT American-English language corpus and NOISEX-92 database. The
performance was evaluated with an implicit approach used for the automatic detection of broad
phonemic class boundaries from continuous speech signals in different additive noise

environments.

In[1], Automatic Arabic Speech Segmentation System was done based on zero crossing rate
(ZCR), power spectral density (PSD), formant transitions, rhythm of consonants and vowels,
intonation pattern also called fundamental frequency and vowel duration. Pattern showed a

typical shape in the start and the end which could provide information about specific consonants.
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PSD and ZCR played a major role in segmenting phonemes. Spectrogram' and spectrograph’
were very important in identifying PSD and ZCR respectively[1]. The spectrograph which is the
wave representation of a cue helps in determining the ZCR by evaluating the frequency at which
the zero line is crossed by the signal under consideration[1]. On the other hand, dotted lines in
the spectrogram represent the formant trends as shown in Figure 2.2. They have a typical shape
in the start and end which was helpful in broad segmentation of phonemes. The spectrogram with
the energy bursts in vowel and consonant region which revealed that the bursts were very

powerful in the vowel region as compared to the consonant region as shown in Figure 2.2.

Figure 2.2 Spectrogram (below) and spectrograph (above) illustrating different cues.

In[1], a special algorithm was developed to accomplish segmentation for the Arabic speech
based on energy level of the uttered words or sentences. In Arabic language, phonemes can be
divided into two energy regions: unvoiced phonemes are categorized as low energy; vowels and

semi-vowels are categorized as high energy.

As explained in[34], most of the methods rely heavily on a series of rules derived from acoustic
phonetic knowledge. However, these rule-based methods are very complex and hard to optimize

their parameters efficiently; the performances degrade severely in the real application. In order to

! Spectrogram is formants of a cue to identify burst region of phonemes during segmentation.

? Spectrograph is wave representation of a cue to know the ZCR line crossed by the signal.
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overcome these drawbacks, other methods or approaches of phoneme segmentation are

proposed.

2.1.2 Hidden Markov Model (HMM)

Statistical approaches employ various mathematical techniques and often use large text corpora
to develop generalized models of linguistic phenomena. The model is based on actual
phenomena provided by the text corpora without adding significant linguistic or world

knowledge.

The most widely and successfully used statistical approach for the task of explicit speech
segmentation is Hidden Markov Models (HMMs)[26]. Hidden Markov Model is an extension of
discrete Markov model in which states are hidden, in the sense that an underlying stochastic
process is not directly observable, but can only be observed through another set of stochastic
processes. HMM is found a very powerful tool for various speech based application areas due to

the following advantages:

1. Tt has strong statistical foundation and able to handle new data robustly[19].

2. It is computationally efficient to develop and evaluate (due to the existence of established
algorithms)[19].

3. It enables to predict similar patterns efficiently[35].

4. Tt is language independent and does not assume complex linguistic knowledge such as
duration of the phones during speech segmentation [20,21,22].

5. It can be used in different working environments/conditions such as speech segmentation

under noise conditions[36].

Hidden Markov models (HMMs) provide a probabilistic technique for grouping observations of
a process into states. An HMM state can be interpreted as a type of behavior exhibited by the
process being modeled. The HMM represents the overall process behavior in terms of movement
between states and describes the inherent variations of the observations within a state[37]. For
each observation, the process being modeled occupies one of the HMM states. With each

observation, the HMM either moves to another state or stays in the same state, based on a set of
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state transition probabilities associated with the state. Thus, the state transition probability (A)
distributions describe the underlying dynamic structure of the observations. The variety of the
observations within a state is represented by the observation probability (B) distribution for that
state, which may be either continuous or discrete. The HMMs discussed in this thesis work are
continuous HMMs, where the observation sequence is a sequence of symbols drawn from a finite
set of possible observations. With discrete HMMs, the continuous multivariate observations are
mapped to a discrete set of observation symbols by a technique known as vector quantization

[38].

HMM based automatic phonetic segmentation requires extensive training data even though it is
useful to get very high degree of segmentation accuracy[39]. The standard HMM-based
approach has been broadly used for automatic speech segmentation using a process called forced
alignment [9]. It is a common practice to use context-independent HMMs for speech
segmentation[40, 41]. Context-dependent HMMs can better model the spectral movements in
phonetic transitions. However, the segmentations they produce tend to be less precise than the

ones produced by context-independent HMMs[42].

The Hidden Markov Models are used to represent the sequence of sounds within a section of
speech. Phoneme can be modeled by an individual HMM[43].The most common HMM
architecture (topology) is the left-to-right (directional) HMM][44]. Standard left-right 3-emitting
state HMMs with no skips over states is considered as a standard for phoneme segmentation[43,
45]. These standard HMMs are modeled for speech segmentation and each phoneme is

represented by an individual HMM as shown in Figure 2.3.

Figure 2.3 Representation of Left-to-right HMM
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Where: 1,2 and 3 are states to represent a phoneme

ajj 1s the transition probability from state i to state j and represented by the label on the

edge from state i to state j
a1, ap and a3z are self transition probabilities.
bi(x) is probability of observation x on state i

Moreover, the HMM architecture can be left-to-right 3 emitting and 2 non emitting states with

skip in order to model every phonemes of a speech as shown in Figure 2.4 [42].

Figure 2.4 The 5-states HMM phoneme model.

Where: 1,2,3,4 and 5 are states to represent a phoneme

ajj is the transition probability state i to state j and represented by the label on the

edge from state 1 to state ]

4, a3z and au are self transition probabilities

bi(x) is probability of observation x on state 1

An HMM A model is described by three parameters:
A: transition probabilities defined for each speech unit
B: the observation probabilities defined for each state of the speech unit

IT: the initial state probabilities that define the probability of each state to be the 1 state in

a state sequence that define a given observation sequence.
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Then A= (A, B, T)

HMM-based systems perform Viterbi alignment on an existing acoustic model A to determine the

best state sequence g, that can be defined with the observation sequence O can be defined as[37]:

P(O.q| A)=P(O|q.A)P(q| 2) (1)

Where: q=q, 92 g3 -..-qn
0=01 0203 ...0N
N is the number of observations in O

The solution to the decoding problem of HMM, which deals with finding the best state sequence
q that best aligned with the observation sequence O given an HMM model A[37], addresses the

problem of automatic speech segmentation.

One of the methods used to automatically segment speech at the phone level is to force-align
phone sequence on an existing acoustic model A. The frames at the transitions from one phone to
the other become the boundaries. In order to solve practical problems with HMMs, three basic

problems have been identified[37].

The first deals with how to efficiently compute P(O [\ ), the probability of the observation

sequence given the model parameters. The solution is either the forward or backward algorithms.

Furthermore, they are used for the computation of the probabilities of partial observations used
in Baum-Welch algorithm for the training of model parameters. The forward variable o in
equation 2 is the probability of the first #n observations and being in state i given the model A[37].
The backward variable B in equation 3 is the probability of the last N — n observations given that
the system was in state i at the nth observation given the model A[37] . The probability of

observing the 1 n observation and being at state i is given by equation 4[37].
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The second problem deals with how to efficiently compute P(O,q [A ), the joint probability of the
observation O and the best state sequence ¢ given the model A , where g€Q and Q is the set of all
possible state sequences. The solution to this is the Viterbi algorithm. The best state sequence
through an HMM automatically gives segmentation because the frames at the transitions from
one unit to the other become the boundary frames. This is one of the advantages of HMMs over

other methods that require prior segmentation of speech.

The third problem is about adjusting the model parameter A to locally maximize P(O [\ ), but
unlike the previous two, there is no known closed form solution. However, Baum-Welch

algorithm is used and to converge to local maxima after a finite number of iterations.

2.1.3 Artificial Neural Network (ANN)

A neural network (NN) uses a mathematical or computational model for information processing
based on a connectionist approach to computation. Neural networks are non-linear statistical data
modeling or decision making tools. They can be used to model complex relationships between
inputs and outputs or to find patterns in data. However, the paradigm of neural networks is
implicit; its learning more corresponds to some kind of natural intelligence than traditional

artificial intelligence which is common in rule-based learning.

The most common type of artificial neural network consists of three or four groups or layers of
units which are first/input layer, one or two intermediate/hidden layers and an output layer. A
layer of input units is connected to a layer of hidden units which is connected to a layer of output

units as shown in Figure 2.5.
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Figure 2.5 An example of a simple feed forward network

The activity of the input units represents information like features pitch and duration[46, 47] that
is fed into the network. These features represent a phoneme that is to be segmented
automatically. The activity of each hidden unit is determined by the activities of the input units
and the weights on the connections between the input and the hidden units. The behavior of the
output units depends on the activity of the hidden units and the weights between the hidden and
output units. Finally, the weighted results are classified into some group of features and represent

phoneme classes.

Simple type of network like Figure 2.5 is interesting because the hidden units are free to
construct their own representations of the input. The weights between the input and hidden units
determine when each hidden unit is active, and so by modifying these weights, a hidden unit can

choose what it represents.

Neural networks have a growing number of applications in audio, including speech recognition,
classification, discrimination, and more artistic applications, such as composing, or finishing
Bach*s last fugue[48] but neural networks are often used for pattern recognition[49]. This
indicates us to choose other best appropriate approaches/models like HMM in order to achieve

high quality segmented phonemes.
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CHAPTER THREE
RELATED WORKS

This chapter covers related works done on speech segmentation using Hidden Markov Model
and HTK toolkit in various languages. It helps us to have a clear view on this thesis work and
covers nature of the language script, the features used, corpus size, the number of HMM states,

techniques and algorithms used in the HMM model, and the results of their experiment.

3.1 Speech segmentation for Tamil Language

Speech segmentation on Tamil language was introduced and built on a Tamil voice using HMM
model for speech synthesis application[50]. Tamil is one of the Indian languages with fewer
characters than other Indian languages. In Tamil there are 13 vowels and 18 consonants which
are very small in number as compared to other Indian languages. During speech to text system
pronunciation variations of some consonants are considered and in effect there are 41 phones.
Letter to sound rules for Tamil are built either using rule-based or machine learning algorithms

such as CART [22, 51].

The corpus size used in the system was 0.3 million sentences of the Tamil text from the news
portal. A small set of sentences was selected in order to build a unit selection voice. This corpus
has 2.7 million words and 4302 syllables. By using a greedy approach, 2394 sentences were
selected which cover 25769 words and 2392 high frequency syllables.

The selected sentences were recorded by a female native Tamil speaker in a recording studio.
The speaker uttered the sentences into a stand mounted microphone placed infront of her. The
speech data was recorded at 44 KHz, mono channel at 16 bits per sample. After the recording, it

was down sampled to 16 KHz for further processing.

MFCCs, MFCCs + deltas and MFCCs + delta + delta-delta were feature vectors used in speech
segmentation. HMMs based approach was used. Two experiments were done in order to get the

proper speech segmentation results. In both experiments, the segmented labels of their results
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were compared with manually segmented labels in the context of Hindi database since Tamil

language is a family of Hindi language and their main difference is in their structure only.

In the first experiment, speech segmentation experiment with SPHINX and HTK was done for
Hindi database. The results of the performance of Sphinx-II and HTK were similar for
segmentation purposes. However, there was an average difference of 2 ms between Sphinx-II
and HTK, which could be attributed to semi-continuous models or context-dependent models
used in Sphinx-II. The experimental results in terms of average deviation were 26.0 ms and
29.59 ms using Sphinix-II and HTK tools respectively. These results were evaluated in terms of
boundary deviations with reference to manually segmented labels since manually segmented
labels are considered as correct results. These results also indicate that the delta and delta-delta
coefficients may not contribute to lessen the average deviation. Typical computation of delta
coefficients was done by smoothing the difference parameters and hence these coefficients could

be more relevant to speech recognition than to speech segmentation.

In the second experiment, speech segmentation with different parameters experiment was
proposed with context-independent models and with written HMM code in order to get delta
coefficients which are more relevant to speech segmentation. The use of this written HMM code
also served the purpose of comparing its efficiency and performance with standard tool such as
HTK and Sphinx-II. In HMM code two Gaussians per states and a frame rate of 5 ms was used.
An average deviation of context independent monophones was reduced to 24.11 ms with
reference to manual segmented Hindi database. This result showed that context-independent
models may be useful and relevant for speech segmentation in the context of speech synthesis as

they avoid computation time and resources required to build context dependent state models.

3.2 Speech segmentation for Maltese Language

Building an Automatic Speech Annotation System was conducted on a Maltese language[52].
Maltese is the only Semitic language written in the Latin alphabet. Speech annotation was the
task of partitioning a speech signal into basic speech sounds of a language known as phonemes.
It was a process of locating the phoneme boundaries as precisely as possible from a priori

sequence of phonemes. For this purpose, two automated methods were proposed.
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The first method was using the English-American TIMIT database. HTK toolkit and 23
utterances from TIMIT were used for the training phase of the phoneme models. The topology
used was a continuous-density Gaussian 5-state HMM. A sequence of parameterized feature
vectors was extracted from the utterances. The system made use of MFCC using Energy, Delta,
Acceleration and Cepstral Mean Normalization. Each analysis made use of a 25 ms Hamming
window with a 10 ms overlap. The training of all the phonemes was carried out by a system

based on HTK toolkit.

For the purpose of system evaluation, it was required to map the set of TIMIT phonemes into the
equivalent Maltese phonemes. In practice, some Maltese phonemes used the same TIMIT
phonemes while the rest made use of the nearest equivalent. System evaluation was performed
by a set of Maltese utterances. Phoneme segmentation found to be within tolerance, which for
this experiment measured 17.2 ms, was marked as correct. System performance was not so
satisfactory because only 73% of the segmentation were within tolerance range. However, these

were only preliminary results on which further research was developed.

The second method was using manually segmented Maltese utterances tailor-made for this
Maltese speech segmentation system this second method was based on a speaker-dependent
system utilizing a continuous-density Gaussian, 5-state, left-right HMM with mixture topology.
To build the Maltese speech database, 100 Maltese utterances were recorded by one speaker at a
professional studio. By utilizing HTK toolkit and Cool Edit, all the utterances were manually

labeled so that for each phoneme there was an associated start and end timing.

For the training of HMMs, 70 of these utterances were used while the other 30 were used for the
evaluation phase. For the training of HMMs, the 70 training speech waveforms were
parameterized into MFCC coefficients, using Energy, Delta, Acceleration and Cepstral Mean
coefficients. A 39-element acoustic vector was extracted from each frame. The source
waveforms were sampled at 16000 Hz, utilizing a 25ms Hamming window and a frame period of

10 msec.

The second set of 30 Maltese utterances was used for system evaluation. These utterances were

parameterized into a series of feature vectors similar to the training utterances. Automatic
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Annotation was performed by the HTK HVite tool in forced alignment mode. The annotation
process will then attach the appropriate HMM definition to each phoneme instance. The decoder,
by applying the Viterbi algorithm, then selects the optimal path through the network which leads

to the best matching pronunciations.

Due to the fact that the annotation system was utilizing a frame of 25 ms duration, at a period of
10 ms, and the location of phoneme boundaries was frame dependent. It was established that
label markings within the 17.2 ms tolerance were correct. System performance was established
by comparing the annotated phoneme label markings with the manually marked ones. Detection

accuracy was worked out by the formula shown below and the boundary detection accuracy

reached the 88.11% mark.

3.3 Speech segmentation for Mandarin Language

Mandarin is the main language of government, the media and education in China and Taiwan.
Syllable Boundaries based Speech Segmentation in Demi-Syllable Level for Mandarin was done
using HTK and its result can be used directly for application of Text To Speech (TTS) system[15] .
It was easy to acquire the syllable boundaries in much high accuracy with the help of pitch

contours, energy contours, Zero-across rate contours.

The segmentation system offered an optimized method in speech segmentation of Mandarin
speech database by using Hidden Markov Model (HMM). It also analyzed that the influence of
the amount of HMM states and the amount of the training corpus. Normally the size of the

corpus used for speech synthesis or speech recognition was extremely large.

Mandarin is a tonal language, and the classical minimum speech elements of Mandarin are demi-
syllables, which are initials and finals. The initials contain plosives, fricatives and nasals, and the
finals contain single-vowels and compound-vowels. The spectrums of compound-vowels are

more complicated than the phonemes.

To make sure, the number of HMM states was essentially important for Mandarin speech
segmentation, the various numbers of HMM states were tested. It was found that the accuracy of

speech segmentation was sensitive to the amount of HMM state too much and it was proved that
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increased number of HMM state can improve the final results of speech segmentation a little,
especially when the state number of compound-vowel was increased. Nevertheless, good context
coverage and consistent segmentation by HMMs can partly overcomes the drawback of an
imperfect automatic segmentation when compared to manual segmentation. To acquire the
balance of computing cost and good results, the speech segmentation used 3, 3, and 5 as the state

number of initials, single-vowels and compound-vowels respectively.

Generally, the system described a new method to segment the speech in demi-syllable level for
Mandarin with HTK, which was based on syllable boundaries. The speech segmentation
accuracy improved from 88% to 95% with 20 ms tolerance compared to hand-labeled corpus.
The testing result also showed that the accuracy of the boundaries between plosive and vowel or

vowel and vowel was also improved from 81% to 92%.

3.4 Speech segmentation for French Language

Automatic Phoneme Segmentation system done on French speech for speech synthesis
application[53]. Speech synthesis by unit selection requires the segmentation of a large single
speaker high quality recording. Automatic speech recognition techniques like Hidden Markov

Models (HMM) can be optimized for maximum segmentation accuracy.

The recorded text was a set of 3994 sentences in French, chosen in[54] for good phonetic and
contextual covering. It was read by a male French speaker in anechoic room and recorded with a

high quality microphone and a 16 bits 44.1 kHz analog to digital converter.

The acoustic features used in all experiments are Mel-Frequency Cepstral Coefficients (MFCC)
together with their first and second smoothed time difference features were calculated on 25 ms

with frame rate of frame size 5ms.

Optimal HMM architecture and parameter values had been determined for a high quality mono
speaker recording. An automatic speech recognition technique in HMM model was used to get
maximum segmentation accuracy. The segmentation system presented was based on the Hidden
Markov Models Toolkit (HTK) [55]. It had been designed to perform a Viterbi decoding based

on a phoneme bigram language model when the text transcription was unknown, or to make use
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of the textual information modeled by a multi-pronunciation phonetic graph when the text was at

least approximately known.

Firstly, using no text transcription, the design of an HMM phoneme recognizer was optimized
subject to a phoneme bigram language model. Optimal performance was obtained with triphone
models, 7 states per phoneme and 5 Gaussian mixtures per state, reaching 94.4% phoneme
recognition accuracy with 95.2% of phoneme boundaries within 70 ms of hand labeled

boundaries.

Secondly, using the textual information modeled by a multi-pronunciation phonetic graph built
according to errors found in the first step, the reported phoneme recognition accuracy increases
to 96.8% with 96.1% of phoneme boundaries within 70 ms of hand labeled boundaries. Finally,
the results from these two segmentation methods based on different phonetic graphs, the
evaluation set, the hand labeling and the test procedures were discussed and possible

improvements were proposed.

3.5 Speech segmentation for Arabic Language

Automatic Segmentation System was done on Arabic language for Speech Recognition
Application[16]. The speech database used in the training consists of 10 hours of recorded
speech collected from 100 speakers. These speech data were recorded at 16 KHz using a
microphone connected to a desktop PC equipped with sound card in a silent room. A software

tool (Validator) also developed to collect the spoken utterances and labeling them.

First the utterances were automatically transcribed using the orthographic transcription as an
input and using an automatic transcription engine specially designed for this task. The designed
transcription engine used to apply a set of letter to phoneme rules (also known as grapheme to

phoneme or G2P rules)[56].

The automatic segmentation system was used to label a speech database system that was used in
the training of continuous, phoneme based speaker independent Hidden Markov Models. The
training of the acoustic model was based on HTK version 3.1 training tools. The system was

trained with different sets of acoustic models. It also used Mel scale cepstral coefficients with
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appending the 0 th cepstral parameter Co plus their first and second derivatives (MFCC 0 D A).
The acoustic modeling used cross-word tri-phones Hidden Markov Models trained using

conventional maximum likelihood estimation.

The HTK's tool HVite was used in forced alignment mode to perform automatic segmentation of
speech corpus. The system was evaluated for automatic speech segmentation accuracy in two
ways. Firstly, the evaluation was carried out with reference to manual segmented phonemes.
Comparison of automatic segmentation to manual segmentation and the deviation is measured in
4 utterances. The lengths of the 4 sentences were 45, 42, 56,115 phonemes making a total of 258
phonemes. The evaluation was done by counting the number of boundaries for which the
deviation between automatic and manual deviations exceeded tolerance thresholds of 35, 70 and
100 ms[57]. The experiments showed that 7.8 % of the phoneme boundaries of automatic
segmented data deviate from those that were manually segmented more than 30 milliseconds

while 0.78 % deviates more than 70 milliseconds.

Secondly, the evaluation was carried out with reference to non segmented data trained acoustic
model (ASAM). In this evaluation method, automatically segmented data trained acoustic
models (ASAM) were trained using the automatic phoneme segmented data and exactly the same
training techniques that were used in training NSAM models. The impact of using automatic
segmentation on the improvement of speech recognition accuracy was measured by comparing
ASAM recognition accuracy with NSAM models. The results showed clearly a significant
improvement between training using automatically segmented (labeled) phonemes speech data

(ASAM) and the models that are trained using (NSAM).

In general, the experiments showed that automatic segmentation led to improvement in speech
recognition accuracy of 0.49 % for a 306 words bigram language model test and 0.14% for 1340

words bigram model test.
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CHAPTER FOUR
AMHARIC LANGUAGE AND ITS PHONETICS

This chapter presents the origin of Amharic writing system and how to transcribe to its phoneme
sound representation. The general sound production system with especial reference to Amharic
language is also discussed. The third part is about phonetics which refers to the study of speech
sounds used in the language. Phonetics is concerned with the sounds of the language, how these

sounds are articulated and how the listener perceives them.

4.1 Ambharic writing system

According to Bender et al. [58], three writing systems are in use in Ethiopia, the Ethiopic (Ge“ez)
syllabary, the Roman alphabet, and Arabic script. The widely used is syllabary which is derived
from the writing system of ancient South Arabian inscriptions and it is used for Ge*ez, Amharic,
Tigrigna and other semantic languages. The writing system has a similarity with some Semitic
languages like Arabic in having vowel marks added to basically consonant letters. The present
writing system of Ambharic is taken from Ge‘ez. Ge™ez in turn took its script from the South
Arabian mainly attested in inscriptions in the Sabean dialect[58]. The original Sabaean alphabet
is said to have had 29 symbols. When Ge“ez became the spoken and written language in
common uses in northern Ethiopia, it took only 24 of the 29 Sabaean symbols, modified most of
them and added two new symbols to represent sounds of Greek and Latin loan from words not
found in Ge“ez, these symbols are & and T. The style of the writing was also modified from left
to right. By the time Ge“ez ceased to be a living spoken and written language and replaced by
Ambharic and other languages, further changes took place. Amharic did not discriminate in
adopting the Ge“ez fidel; it took all of the symbols[59] and added some new ones that represent

sounds not found in Ge*“ez. These added alphabetic characters are F, sk, 2, 7, @, @1, 1, and .

Currently, the language®s writing system contains 34 base characters each of which occurs in a
basic form and six other forms known as orders (Appendix A)[58]. The seven orders represent
syllable combinations consisting of a consonant following vowel as shown in Table 4.1. Out of

the seven derivatives six of them are CV (Consonant vowel) combinations while the sixth is the
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consonant itself[60]. Other symbols representing labialization, numerals, and punctuation marks
are also available. This is why the Amharic writing system is often called syllabic rather than
alphabetic, even if there is some opposition[61]. The 34 basic characters and their orders give
239 distinct symbols. In addition, there are forty others that contain a special feature usually

representing labialization e.g. £, ®. In Ambharic there is no Capital-Lower case distinction.

4.1.1 Transcription System

The script of Amharic language is phonetic in nature. In order to represent Amharic characters to
their corresponding sounds, ASCII transliteration system is used throughout this thesis work
(attached in Appendix B)[62] and this transliteration is accomplished automatically with Python
code developed for this purpose which takes ASCII translation table as input (attached in
Appendix C). This transliteration scheme is designed based on the orthographic ordering of the
script and the acoustic similarity of the letters. The translator also normalized to some common
sounds since in Amharic language there are some characters which have different orthography
but the sound is the same like U, ch,"1, 7, 7 and a ,w. Table 4.1 shows, the ASCII transcription of

three consonants with their 7 orders.

Table 4.1 The Amharic consonants with the vowels (using ASCII translation)

order 1st 2nd 3rd 4th 5th 6th 7th
consonants vowels
e u ii a ie iX 0
m/ avo ao- A | T o P
/bl n iy 1B qa n n
n a iy 0. 4 0 (A} i

Amharic character sets/orthographies since the sound is the same as its 4th order.

In case of Amharic character v, it is represented by “ha” instead of using “he” unlike other
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4.2 Amharic Phonetics

Humans can produce an infinite number of sounds; each language has a set of abstract linguistic
units, called phonemes, to describe its sounds. Amharic language is primarily comprised of 39
phonemes — 7 vowels and 31 consonants[63]. One additional consonant /i/ [v] is inherited and
included summing up to a total of 39 phonemes. These phonemes are categorized into vowels

and consonants.

4.2.1 Vowels

Vowels have different categories based on the position and height of the tongue and their shapes
during speech production. Based on the tongue position in the oral cavity, vowels are classified
into three sub categories that are front, central and back[64]. Based on the height of the tongue,
these vowels are also classified into high, middle and low. Based on their shapes during speech
production, vowels are classified into two sub classes that are rounded and unrounded. The
vowel classifications are indicated in Figure 4.1 i.e. rows represent vowels classification based
on the position of the tongue and columns represent vowels classification based on the height of
the tongue. In addition to these classifications, the right represents a rounded vowel (in which the
lips are rounded) while the left is its unrounded counterpart. The central vowels are also

considered to be unrounded.

Figure 4.1 IPA maps of the Amharic vowels[60]
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4.2.2 Consonants

Consonant phonemes are described in the following categories: voiced vs. unvoiced; manner of
articulation; place of articulation as shown in Table 4.2. The place of articulation means where
the constriction is located in the vocal tract. Based on manner of articulation, consonants are

categorized into stops, fricatives, affricatives, nasals, liquids and semivowels[65].

Table 4.2 Phonetic representation and characterization of Amharic consonants

(adopted from[62]).
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CHAPTER FIVE

DESIGN OF AMHARIC AUTOMATIC SPEECH
SEGMENTATION ARCHITECTURE

5.1 Introduction

This chapter covers design approaches used, design goals and automatic speech segmentation
system for Amharic language. The design approaches, namely grapheme based and phoneme
based approaches are used to develop automatic speech segmentation system in order to meet the
objective of thesis work. In addition to these approaches, two techniques of speech segmentation
are also discussed. These techniques are automatic speech segmentation and manual labeling of

phonemes with their time boundaries.

In automatic speech segmentation system, data preparation, language modeling, HMM acoustic
modeling and speech segmentation are discussed in detail as components. Designing automatic
speech segmentation in a single model becomes complex in terms of its diagrammatic
representation and it is not easy to understand the flow of processes because of these reasons
splitting into its components is required. Since data preparation is the indispensable parts of
automatic speech segmentation system, the ways of data collection, text and speech corpus
preparation, pronunciation dictionary preparation, sampling technique and feature extraction

process are presented under it.

In addition to the automatic speech segmentation, manual labeling technique used to prepare test
data sets is also discussed since its results are used as references to give analysis on the
performance of automatic speech segmentation system. At the end, the result verification method
used to measure the performance of the automatic speech segmentation system with reference to

manual segmentation results is also presented in detail.
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5.2 Design Goals

The goal of designing automatic speech segmentation system for Amharic language is to get
correctly segmented Amharic phonemes with their time boundaries by developing appropriate
pronunciation dictionary, language model and acoustic models for them. The design of automatic
speech segmentation is, therefore, to achieve a better performance segmented results of Amharic
language units known as phonemes with minimum percentage of time boundary deviation in

reference to manually labeled phonemes.

5.3 Automatic Speech Segmentation Architecture

The general model of automatic speech segmentation system includes data preparation, manual
labeling, language modeling, HMM model building, HMM segmenter and data verification
components. All components are included in both grapheme and phoneme based approaches
which can be implemented individually as phasel and phase2 respectively during
experimentation. Including all components in a single model or architecture is complex and
difficult to understand therefore the models of each component are given separately and
integrated by taking the output of the previous component as input to the next component. The

descriptions of components are also given in the following sub-sections.

5.3.1 Data Preparation

Data preparation is the main part of automatic speech segmentation system since it has high
contribution to the performance of automatic speech segmenter. It includes core processes like
corpus preparation which encompasses both text and speech corpuses, lexicon preparation as
pronunciation dictionary, sampling techniques used to split both text and speech corpuses into
test and training sets and feature extraction process to prepare speech corpus usable format to the
HMM acoustic modeling and HMM segmenter as input. The overall data preparation of

automatic speech segmentation system is as shown in Figure 5.1.
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Figure 5.1 Data preparation components of automatic speech segmentation

5.3.1.1 Data collection and Corpus preparation

Data collection is the primary process of data preparation during automatic speech segmentation
system. The selection of sentences from various text sources aims at both a phonetically rich and
balanced collection of sentences. Optimal text selection technique is used to take sentences from
various Ambharic documents. Selection of Amharic sentences from eight different Amharic
sources (political news, economy news, sport news, health news, fictions, Bible, penal code and
Federal Negarit Gazzeta) is required. On the text corpus, problems like spelling and grammar
errors are corrected, abbreviations are expanded and numbers are textually transcribed. To avoid
elongated sentences that create difficulty for the readers, sentences with a maximum of twenty
words in length are chosen from the available text sources. In over all, the text corpus covers all

Ambharic phonemes to get phonetically balanced results during speech segmentation.
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Having the text corpus, the next important step in corpus preparation is recording the speech in
order to get speech corpus of the corresponding text corpus. In the recording of the selected
sentences, the two speakers read exactly what is presented to them. Speaker invariants like
gender, age accent are also taken into consideration during speaker selection. After speaker
selection is completed, the text to be recorded is printed on paper. To avoid sound interferences,

the recording process of speech corpus is carried out in a quiet environment.

The prepared Amharic sentences are recorded to create speech corpus using the software called
Audacity with the sample frequency of 48 kHz using a Mono channel. Each of the training
utterances is recorded by two speakers. The recorded files are saved in the *.wav format. Even
though the recording process was carried out in a quiet environment, it was not 100% free from
the surrounding noise. Sound interference can be treated as negligible since both training and

testing data are recorded in the same environment as the noise affects both data sets equally.

5.3.1.2 Pronunciation Dictionary Preparation

Lexicons are prepared from text corpus and used as pronunciation dictionary. Since
pronunciation dictionary for Ambharic language is not built yet, preparing pronunciation
dictionary plays a major role in the performance of automatic speech segmentation. Two

methods are proposed to build the pronunciation dictionary:

5.3.1.2.1 Letter based pronunciation dictionary

Grapheme based speech segmentation approach is direct implementation of the transcribed
words found in ASCII transliteration system. The segmentation results are achieved through
letter based pronunciation dictionary. This pronunciation dictionary is developed by direct
transliteration of Amharic words to their corresponding Latin alphabet/letters representations.
These words contain letter sequences as pronunciation dictionary. This pronunciation dictionary
is also known as canonical pronunciation dictionary. For each word, a canonical pronunciation
dictionary includes only the grapheme transliteration sequences and assumed that the sequences
are pronounced in read speech. It does not consider pronunciation variations such as speaker

variability, dialect, or co-articulation in conversational speech. The automatic speech
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segmentation is carried out through these letter sequences as pronunciations dictionary and it is

common in Amharic speech research areas like speech recognition.

5.3.1.2.2 Phoneme based pronunciation dictionary

Grapheme based speech segmentation approach uses the second method of preparing
pronunciation dictionary i.e. phoneme based method. Phoneme based pronunciation dictionary is
built in direct transliteration of Amharic words to their Latin representation like letter based
method and Ambharic epithetic vowel insertion algorithm. This pronunciation dictionary contains

phoneme sequences as pronunciation and it is nearly phonetic.

In order to get phoneme sequences as pronunciation dictionary developing grapheme to phoneme
converter is required. Nirayo Hailu[66] developed epithetic vowel insertion algorithm to
syllabify Amharic words and he has got 98.1% accuracy using rule based syllabification
approach. By adopting his algorithm with some modification in case of germination of
consonants; phoneme based pronunciation dictionary is developed as attached in Appendix F.
The main inputs to develop epithetic vowel insertion algorithm are the concept of epenthesis in

Ambharic words, sonority scale of phonemes, epithetic vowel insertion rules.

Epenthesis in Amharic words: The process of epenthesis is common in Ambharic. It can
occur word-initially and medially. Hudson[67] states that epenthesis is extensive in word-
formation in the Ethiopian Semitic languages since many morphemes, both roots and affixes,
consist only consonants. Amharic epenthesis vowel may be said to provide almost all

occurrences of the high central vowel /ix/ [4].

Sonority scale of phonemes: In addition to rules of epenthesis in Amharic words,
assigning sonority scale for each Ambharic consonant is required. Sonority scale is almost
universal for all languages or it is language independent[68, 69]. Therefore, as in state-of-the-art
systems, grouping of phonemes into classes and assigning sonority scale for each class have been
done and the sonority scale assigned for each class is attached in Appendix D. It is indicated that

stops have got the least sonority scale (number) and glides are more sonorous.
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Epithetic vowel insertion rules: By summarizing epenthesis vowel insertions of Ambharic
language discussed by Hudson [67] and Mulugeta[70], six main epenthesis vowel insertions are
developed in order to build the epenthesis vowel insertion algorithm. These six epenthesis vowel

insertion rules are presented in Appendix E.

Epithetic vowel insertion algorithm (Appendix F): Based on the summary of epithetic
vowel insertion rules, epithetic vowel insertion algorithm is developed and implemented using
Microsoft Visual Basic C#. Epithetic insertion process takes place by plug-in this
implementation to our automatic speech segmentation system in order to prepare the phoneme

based pronunciation dictionary.

5.3.1.3 Sampling

To be free from bias during data selection, systematic random sampling technique is used for
splitting both text corpus and speech corpuses into two, namely training and testing sets. It
implies that data are arranged in ten columns and ten rows and randomly a single column is
taken as test data sets. The training set consists of 900 Ambharic texts of text corpus with their
corresponding speech corpuses. The rest of 100 Amharic texts with their corresponding speech
corpuses are test data sets of the automatic speech segmentation system. The end results of
systematic random sampling technique are two text corpuses and two speech corpus. It implies
that training data sets and test data sets of both corpuses are obtained. The training data sets are
used for building an HMM model where as test data sets are used as inputs to the HMM

segmenter as far as the models are built by the training data sets.

5.3.1.4 Feature extraction

Digital signal processing techniques are applied to convert analogue wave form into a digital
signal wave form. Since the speeches what we have recorded are continuous or analog; they have
to be converted into discrete or digital by sampling technique and quantization of the wave form.
On these samples of speech wave form, feature extraction process takes place for preprocessing
of the input speech signal. This feature extraction is the process of spectral parameter extraction

(Parameterization) which involves conversion of speech samples into feature vectors to provide
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spectral patterns of the speech. Feature extraction process usually assumes that the characteristics
of the speech signal are stationary over a short time period, typically of the order of 25

milliseconds.

MFCCs are widely used feature vectors in speech segmentation and they provide a compact
representation of log-spectral envelope of speech signals[16]. These feature vectors are also used
in this new automatic speech segmentation system together with their first and second
derivatives. The first and second derivatives of MFCC are included to make the model sensitive

to the dynamic behavior of the signal[5].

The feature vector that represents the distinctive properties of the phoneme is designed to be of
length 39, consisting of 12 mel-cepstrum coefficients and energy component, and additionally
their delta and acceleration coefficients. The structure of the feature vector is as shown in Figure

5.2.

12 mel-cepstrum coefficients | energy | delta cepstrum coeffs | deltaenergy | acc. cepst. coeffs | acc. energy

— =

L)

- |
-}

39 -

Figure 5.2 The structure of the feature vectors

5.3.2 Manual Labeling

Manual labeling is required to verify the automatic speech segmentation system. It is carried out
before the completion of automatic speech segmentation to be free of bias from automatic
results. The overall manual labeling system is as shown in Figure 5.3. The inputs to manual
labeling are pronunciation dictionaries (can be either canonical or phoneme label pronunciation
dictionary as indicated in section 5.4.1.2.1 and section 5.4.1.2.2 respectively), speech corpus and text
corpuses of test data (as discussed in section 5.4.1.1). The output of this system has been used as

reference for automatic speech segmenter performance evaluation.
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Figure 5.3 Manual labeling components

Even though Manual approaches to speech segmentation are not feasible for large corpora and in
a multilingual domain, it is considered by some to be more accurate [71]. To be able to evaluate
the results of automatic segmentation found in the above approaches (Grapheme based and
phoneme based approaches), a small portion of the speech data (100 sentences used for testing in
each speaker) is segmented by hand. This segmentation is carried out via praat. Praat shows the
main characteristics of acoustic data both in its spectrogram and wave formats. The segmentation
is also performed without any a priori information about test results found during automatic
speech segmentation by a single labeler but takes the split test text corpus during manual
labeling. In manual segmentation, acoustic signal properties like pitch, formant, duration,
intensity, energy, power spectral density and zero crossing rates are very important in order to
carry out the segmentation. The wave form of a speech and the spectrogram which includes pitch
and formants are selected for our manual Amharic speech segmentation as shown in Figure 5.4.
Pitch or sometimes we call it fundamental frequency represents the vibration made on vocal
cords during speech production. It helps to identify which phonemes have high pitch value and
which are with low value. Formats also tell us the frequency variation at vocal tract. Formant
pattern show a typical shape in the start and the end which provides us with information about
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specific phoneme. In each acoustic signal of phonemes, there are 4 formants mainly which
represent the height of the tongue(F1), length of the tongue (F2) , roundness/un roundness of the
tongue(F3) and combination of them (F4) during speech production. The other property used for
manual segmentation is the wave form representation of speeches and it varies as per the
phoneme characteristics exist in a speech. There is a variation of wave and spectrogram

representations as per individual phonemes as shown in Figure 5.4.

Pitch
F1 F2 F3 Fa

[/ /

Figure 5.4 Manual labeling on Amharic string “a2-0§ @784 10 / corruption is crime /

In the acoustic signal, vowels usually show stronger amplitude than consonants, and when
viewed in detail, they show a characteristic fundamental frequency pattern which are represented
in dot lines in Figure 5.4. Vowels are voiced, and have usually darker region among phonemes.
In vowels, the time domain signal is not entirely periodic but it is quasi-periodic due to the

repeated excitations of the vocal tract by vocal fold closures.

Based on manner of articulation Amharic consonants are classified as stops, fricatives,
affricatives, nasals, liquids and semivowels as indicated in section 4.3.2. Stops are complex

sounds that are made up of two distinct initial phases, followed by a transition phase[72].
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Initially, while the port is closed, the signal shows silence. At the opening of the port, there is
usually a fairly sharp release of the air pressure that has built up in the oral tract during the
closure phase. This gives rise to a so-called “burst” and to a short period of frication. In the last
stage, the frication merges into the characteristics of the succeeding sound (often a vowel).
Acoustically, the closure phase is associated with a minimum of radiated energy. Because the
vocal tract is obstructed, little or no acoustic energy is produced. Upon the release, a burst of
energy is created as the impounded air escapes. Stop releases are further classified into aspirated
and unaspirated. Aspiration is a breathy noise generated as air passes through the partially closed

vocal folds into the pharynx. In Amharic stops, the phoneme / h/ is aspirated.

Acoustically, nasal sounds can be identified by prominent vocal cord vibrations, a lessened

amplitude with respect to that of adjoining vowels, and a reduced presence of higher formants.

In addition to our segmentation task, we have observed that manual segmentation is not an easy
task as we thought, some of the challenges that we have faced during segmentation are:
» Some speech sounds (such as vowels) have much greater acoustic impact (“salience”)
than do other sounds (such as aspirated or nasal consonants).
* For some other sounds, such as stops, fairly complicated transition patterns exist.
* Some sound like stops are affected by co-articulation. This effect is due to the context of

the phoneme that exists before and after it.

5.3.3 Language Modeling

Language model is responsible for detecting connections between letters in a word and words in
a sentence during grapheme based approaches and for detecting connections between phonemes
in a word and words in a sentence during phoneme based approach. Of course building a bigram,
trigram and the like improves the performance automatic speech segmentation but in our text
corpus the possibility of getting such kinds of words is low. So unigram language modeling is
enough to build the new automatic speech segmentation system. The language model is built by
assuming that the next letter or phonemes in the sequence depends only upon previous letter or
phonemes. The general block diagram of language model is as shown in Figure 5.5 and it has a

great contribution to keep the sequence of letters or phonemes in the given transcribed Amharic
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sentences of text corpus. It takes text corpuses and pronunciation dictionary which includes one
of dictionaries as the main inputs. It implies that the pronunciation dictionary can be either
canonical or phoneme label pronunciation dictionary as indicated in section 5.4.1.2.1 and section
5.4.1.2.2 respectively. The output of this language model is one of the inputs to the next process

which are acoustic modeling and HMM segmenter parts of automatic speech segmentation.

Pronunciation

dictionary

A 4

3 Language

Text corpus modeling

v

Figure 5.5 Language modeling components
5.3.4 HMM Acoustic Modeling

Acoustic modeling is used to represent distinct sound that makes up a spoken word used in the
language model. Each distinct sound corresponds to a phoneme. Acoustic modeling process
takes four main inputs; pronunciation dictionary (can be canonical or phoneme label as indicated
in section 5.4.1.2.1 and section 5.4.1.2.2 respectively), training text corpus, feature vectors of the
training speech corpus and language models (can be either letter sequences or phoneme sequence as
indicated in section 5.4.3). It trains the automatic speech segmentation system by making models
to individual Amharic phonemes. These models represent individual phonemes with 5 states,
three emitting states and two non-emitting states (the first and the last states are non-emitting)

without skipping in left to right HMM.

Phoneme based acoustic modeling is the most commonly used HMM model to represent each
phonemes with individual HMM. According to Markova rule in order to represent a phoneme

with these states some features are taken from the state before and after it.
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The acoustic models are statistical models which capture the correspondence between a short
sequence of acoustic vectors and letters or phonemes. It is created using audio recordings of
speech and their text scripts and compiling them into a statistical representation of sounds which
makeup words. This is done through HMM modeling. The overall component of acoustic

modeling is shown in Figure 5.6.
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Figure 5.6 Acoustic modeling components

The acoustic modeling system is also carried out in three modeling techniques, namely acoustic
modeling without tied state, with tied state and tied state with various Gaussian mixture values as
shown in Figure 5.7. The acoustic data used for training are the main inputs for each modeling
stages and letter or phoneme sequences of a string are another inputs for HMM modeling. These
modeling are considered to get the most accurate results so as to increase the performance of

automatic segmenter.
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Figure 5.7 The block diagram of acoustic modeling techniques

As shown in Figure 5.7, primarily letters/phonemes are modeled with monophone HMMs
without considering its context. This is also termed as acoustic modeling without tied state. It is a
common practice to use context-independent HMMs for speech segmentation[20, 73]. Context-
dependent HMMs can better model the spectral movements in phonetic transitions[74]. It
implies that acoustic modeling which takes its context into consideration is also required as

second technique of acoustic modeling.

Having a set of monophone HMMs, triphone HMM model building is required to create context-
dependent triphone HMMS. This is done in two steps. Firstly, conversions of monophone
transcriptions into triphone transcriptions takes place and create a set of triphone models by
copying the monophones and re-estimating them. Secondly, similar acoustic states of triphones

are tied to ensure that all state distributions are robustly estimated.

Context-dependent triphones are made by simply cloning monophones and then re-estimating
using triphone transcriptions. Then states are tied within triphone sets in order to share data and
thus be able to make robust parameter estimates. Although some of them showed acceptable
performances, most of the HMM (Hidden Markov Model)-based method uses context sensitive

tri-phone model to resolve co-articulation effect[75].

As third technique, Acoustic modeling with Multiple Gaussian mixtures values are used to
improve automatic speech segmentation results considerably, because they help avoid the
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problem resulting from the usage of the same type of probability density distribution for different
models and states. So that context dependent HMMs with different probability distributions are
used for further improvement of automatic speech segmentation. If an HMM state is made to
contain multiple Gaussian mixture components, then the training vectors would be associated
with highest likelihood mixture component. The number of vectors associated with each

component within a state can then be used to estimate the mixture weights.

5.3.5 HMM Segmenter

HMM segmenter takes four main inputs which are mainly used to complete the automatic segmentation
as per already trained during acoustic modeling as shown in Figure 5.8. These inputs are pronunciation
dictionary, language model, feature vectors and acoustic models. Pronunciation dictionary can be
either canonical or phoneme label as indicated in section 5.4.1.2.1 and section 5.4.1.2.2 respectively.
As indicated in section 5.4.3, language models can be either letter sequences or phoneme sequences based
on the type of pronunciation dictionary used. Feature vectors are found from test speech corpus via
feature extraction process as indicated in section 5.4.1.4. Acoustic models can be monophone HMMs, tied

state HMMs or multiple mixture HMMs as indicated in section 5.4.4.

The HMM segmenter gives automatically segmented results of the test data set. Forced alignment using
the HMM-based segmenter relies on knowledge of the underlying phonetic transcription of a
given utterance. In general, once the orthographic transcription and speech data are available, it

is possible to employ forced alignment for automatic phonetic transcription.

After getting the three main inputs, the HMM segmenter assigns the corresponding letter or
phoneme to acoustic signal as per the training and best selected pronunciation of a word. The
Viterbi algorithm selects the best way and the correct pronunciation of a word. Finally, the
recognized sequence of letters or phonemes aligned with their time boundaries found on acoustic

signal.

HMM-based aligner requires the phoneme sequence as an input since their alignment is
accomplished based on a sequence of orthographic words, a pronunciation dictionary (including
variations of pronunciation per word) and stochastic models of phonemes. At the end, phonemes

with their time boundaries are obtained as an output of automatic HMM based speech segmenter.
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This output can be either letter sequence or phoneme sequences with their time boundaries in
context independent, context dependent with single Gaussian mixture or context dependent with
multiple Gaussian mixture segmentation contexts. These outputs are the last stage of automatic

speech segmentation system.
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Figure 5.8 Phoneme based HMM segmenter components
5.3.6 Verifications

The HMM segmenter results can be phonemes found in context independent HMMs, context
dependent with tied state HMMs or context dependent with multiple mixture HMMSs. The time
boundaries of each automatically segmented result are evaluated with manual segmented
phonemes as references. This is termed as verification and it is used to evaluate the performance
of automatic speech system with reference to manually identified phoneme boundaries. This
evaluation is given based on the tolerance values like 5ms, 10ms, 15ms and 20ms. The
verification components takes tolerance values, HMM segmenter results which consists of
automatically segmented phonemes with time boundaries and manually segmented phonemes

time boundaries as main inputs as shown in Figure 5.9.

In order to measure the performance of automatic speech segmentation, mapping concept is

used[76]. During mapping; every phonemes found during automatic speech segmentation is
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compared to their corresponding phonemes found in manual speech segmentation and epithetic

vowel is considered as part of letters during letter based approach. In overall, no letter is passed

without mapping during verification components. As explained in 5.3, 10% of the collected data

is used for testing purpose by applying manual speech segmentation system on them.
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Figure 5.9 Verification components for performance evaluation

These manually segmented phoneme sequences are compared with each letter and phoneme

sequences found during automatic speech segmentation in both Grapheme and phoneme based

approaches. In one to one mapping of letters and phoneme; 4 main cases are taken into

consideration.

Case 1:

Case 2:

Case 3:

When both the initial and final time boundaries of manually segmented phonemes are

greater than the initial and final time boundaries of automatically segmented Phonemes.

When the initial time boundaries of manually segmented phonemes are less than the initial time
boundaries of automatically segmented phonemes where as the final time boundaries of
manually segmented phonemes are greater than the initial time boundaries of automatically

segmented phonemes.

When the initial time boundaries of manually segmented phonemes are greater than the

initial time boundaries of automatically segmented phoneme where as the final time boundaries
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of manually segmented phonemes are less than the initial time boundaries of automatically

segmented phonemes.

Case 4:  When both the initial and final time boundaries of manually segmented phonemes are  less

than the initial and final time boundaries of automatically segmented Phonemes.

The general formula used to calculate the deviation of initial time boundaries of a phoneme or a letter and

the deviation of final time boundaries of a phoneme or a letter are indicated in (1) and (2) respectively.
t=[ti-t (1)

=t -t (2)

where: t; is initial time boundary of manually segmented letters/phonemes.
t* is initial time boundary of automatically segmented letters/phonemes.
t; is time difference between initial time boundaries of manually and automatically

segmented phonemes.
ti 1s final time boundary of manually segmented letters/phonemes.
t“+; is final time boundary of automatically segmented letters/phonemes.
t, is time difference between final time boundaries of manually and automatically
segmented phoneme

The time differences found in (1) and (2) are deviation between manually segmented and automatically
segmented phonemes or letters. In our study, boundary deviations are evaluated in four different
tolerance values such as 5ms, 10ms, 15ms and 20ms. It implies that the deviations exceeding these

tolerances are considered as errors. Finally, the error is expressed in terms of percentage of deviation and

it is calculated in quantitative method using (3).

Mo of phonemes exceeding the tolerance value
total number of boundaries tested

Btdeviation =

x 100 3)

46



CHAPTER SIX
EXPERIMENTAL RESULTS AND EVALUATION

6.1 Introduction

This experimentation covers two techniques of speech segmentation, namely automatic speech
segmentation using HTK toolkit and manual segmentation/labeling using praat software. Firstly,
automatic segmentation is implemented in two phases with HTK toolkit. These phases differ in
basic units of lexicon preparation which is used as pronunciation dictionary. The basic units are
sequence of letters and phonemes in phasel and phase2 respectively. In each phase, HMM
modeling techniques and HTK commands are used to complete the task of automatic speech

segmentation. Data preparation, HMM modeling and segmentation are the main stages of it.

Data preparation includes Ambharic text corpus preparation, lexicon preparation, speech corpus
preparation to the corresponding text corpus, data transcription to HTK usable format and
parameterization of speech signals. In corpus based speech segmentation preparing training and
testing data sets is required and for this purpose systematic random sampling technique is used to
split both text and speech corpuses into training data sets (90%) and testing data sets (10%).
Training data sets are used for language and acoustic modeling purpose where as testing data sets
are used for evaluation of automatic HMM segmenter. Since HTK doesn”t use speech data
directly transcribing them into phone level and word level, and parameterization of them is also
required as part of data preparation. Parameterization of speech data takes place through feature

extraction process.

After data preparation, acoustic/ HMM modeling and HMM segmentation are taking place in
context independent and in context dependent with single Gaussian mixture and context

dependent with multiple Gaussian mixtures environments.

Secondly, manual segmentation also takes place on test data sets in addition to automatic speech
segmentation applied on them. Manually segmented phonemes are its results and they are

achieved by hand labeling of phonemes with their time boundaries. These manual segmented
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phonemes are used to evaluate the performance of automatic speech segmentation system. This
evaluation is carried out in terms of percentage of deviation. It implies that the deviation of time
boundaries of automatic segmented phonemes with reference to hand segmented phonemes since

manual segmentation are considered as accurate results.

The deviation of time boundaries are calculated in tolerance values of 5Sms, 10ms, 15ms and
20ms. Finally, the performance of automatic segmenter in both phases with reference to manual
segmentation is evaluated in terms of percentage of boundary deviation. The test results are also

presented in both tabular and textual forms.

6.2 Data preparation

In order to build phonetically balanced speech corpus, text data should be collected from various
sources of Amharic documents as indicated in section 5.4.1.1. The samples of collected Amharic
texts is attached in Appendix G. Transliteration of the Amharic texts into their corresponding
ASCII representation is time taking and prone to error if it is done manually. In order to precede
the automatic speech segmentation with error free transcribed texts, Payton software with
version 3.1 is used and a Payton code which takes ASCII translation table as input is developed
for this purpose as attached in Appendix C. This software transcribes automatically Amharic
texts to their corresponding Latin representation as per ASCII transliteration table attached in

Appendix B.

The transcribed texts split into two. These are training and testing set with 900 sentences and 100
sentences respectively. These split set of texts are known as prompt files and considered as text
corpuses which need to be recorded. Prompt files are used in both phases of experimentation by
categorizing words into grammar file and making sentences in standard lattice format. HTK
provides a grammar definition language for specifying the task of grammars. It consists of a set
of variable definitions followed by a regular expression describing the sentences that exist on the
prompt file. The grammar used for new automatic speech segmentation system is attached in
Appendix H. The HTK segmenter requires a sentence network to be defined using a low level
notation called HTK Standard Lattice Format (SLF) in which each sentence is listed explicitly as

attached in Appendix I. This network can be created automatically from the grammar using the
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HParse tool of HTK toolkit. Since the grammar file contains set of rules governing words in a
sentence, its execution creates an equivalent sentence network. Other main parts of data
preparation, namely lexicon preparation, data recording, creating transcription files and coding

the acoustic data are discussed in the next subsections.

6.2.1 Lexicon preparation

Lexicons are prepared as pronunciation dictionaries for our automatic speech segmentation
system. The HTK Perl script prompts2wlist can take the prompts file and produce words in
sorted order (wlist). After we have sorted word list, lexicon preparation is required for both
phases. The first lexicon is prepared directly from wlist file but in the second lexicon epithetic
vowels are incorporated by plug-in the epithetic vowel insertion algorithm to each words of the

wlist file.

The overall lexicon preparation processes of both phasel and phase2 are described
diagrammatically as shown in Figure 6.1. In phasel, transcription of every word into their
corresponding Latin alphabets takes place and these sequences of Latin alphabets are considered
as pronunciation dictionary. Grapheme to phoneme conversion through epithetic insertion
algorithm is considered in phase 2. These phonemes sequences are also considered as second

pronunciation dictionary.

Word Word
V‘ A\ 4
Grapheme sequence Grapheme sequence
v
Lett %
etter sequence Phoneme sequence

Figure 6.1 Lexicon preparation steps in both phasel (left) and phase2 (right)
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For example; the Amharic word “01A” has two orthographies which are (1 and A. Its corresponding
ASCII transcription becomes “bela”. According to ASCII translation, “0* is represented with
“be” and ,A" represented with “la”, and their letter sequences together becomes “b e 1 a”. Unlike
letter sequences, phoneme sequences include an epithetic vowel /ix/ [A] and these phoneme
sequences are nearly phonetic representation of Amharic words. Let us consider Amharic word
“tgeyCt”, its letter sequence is “t m h r t” but its phoneme sequence becomes “t ix m h r ix t”

which includes the epithetic vowel /ix/ [A].

Based on the above idea, lexicons are prepared with letter sequences and phoneme sequences for phasel

and phase?2 respectively. The general formats used in our lexicons preparation are like this;
WORD [output] pl p2 p3.... pn

Where WORD is the transcribed word found in wlist and pl p2 p3....p, are either letter
sequences or phoneme sequences found in each word. Two lexicons are prepared for both phases
and named them lexiconl and lexicon2. Some of the examples used in both lexiconl and

lexicon2 are given below.

Lexicon 1 Lexicon 2
kil [kl1] k11 kixIl [kixI1] kix 11
klln  [klln] klln kixllixn ~ [kixllixn] k ix 1 1 ix n
kftl [kftl] kffl kixffix] [kixffix]] k ix f fix 1

HDMan command of HTK toolkit is used to prepare pronunciation dictionary by taking lexicons
as input. The format of these pronunciation dictionaries of both lexicon 1 and lexicon 2 are the

same except including short pause at the end of each word as attached in Appendix J.

6.2.2 Data recording and speech corpus preparation

Randomly two Amharic speakers who are not parents are selected from both genders and their

profiles are as indicated in Table 6.1. One thousand sentences listed in the prompt file
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(transcribed text corpuses) are recorded for both training and testing data in both speakers.

Audacity software is the tool or software used during data recording.

Table 6.1 Speakers profile for speech recording

Speaker sex | Age No of sentences No of sentences recorded
code recorded for training for testing
Spk01 M 29 900 100
Spk02 F 25 900 100

After selecting the above speakers and microphone volume set, the audacity software also
requires the following settings as preferences:
e set the microphone volume to 1.0.

set the default Sample Rate Format to 48KHz.

e setthe default Sample Format to 16-bit.

e set the Channels to 1 (Mono).

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

After getting the proper setting of audacity, data are recorded by each speaker properly with
silent environment. The wave files of 900 sentences are used for training and the rest 100

sentence wave files are testing purpose.

6.2.3 Creating transcription files

To train a set of HMMs every file of training data should have an associated phone level
transcription. To make this task easier, creating a word level transcription before creating the
phone level transcription is required. The word level transcription is created by executing the
Perl script prompts2mlf provided with the HTK toolkit. It uses the previously prepared prompt
file as input. Using the created word level MLF, phone level transcription is created using the
HTK label editor, HLEd. HLEd works by reading in a list of editing commands from an edit
script file and then makes an edited copy of one or more label files. HLEd edit script is used to

insert the silence model ,sil* a the beginning and end of each utterance.
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6.2.4 Coding the acoustic data

Recorded speech signals are parameterize into sequence of feature vectors and used in automatic
speech segmentation process. This parameterization of speech signals known as feature
extraction, feature vectors are its output as indicated in section 5.3. Feature extraction is
performed using the HCopy tool by taking configuration script file attached in Appendix K in
addition to wave files. This tool makes a copy of data and converts to MFCC format which are
ready to use for HMM training. Here, Mel Frequency Cepstral Coefficients MFCC O D A -12
melcepstral coefficients, 12 delta coefficients, 12 acceleration coefficients, log energy, delta
energy, and acceleration energy) is used to parameterize the speech signals into feature vectors

with 39 MFCC coefficients.

6.3 HMM model building and segmentation

The training phase of our experiment is done to build acoustic model for new segmentation
system and it is helpful to segment Amharic phonemes through HMM segmenter. The
segmentation process takes place with different techniques so as to obtain the required
segmented results. These techniques are accomplishing phoneme automatic segmentation
without tied state, with tied state and tied state with multiple Gaussian mixtures. Their detail

presentation is given in the following HMM modeling and segmentation subsections.

6.3.1 Without tied state

The major process in unsupervised method of automatic speech segmentation is building and
training the acoustic model because there is a predefined phoneme boundary. The first step of
this process is to create a prototype HMM as attached in Appendix L. This prototype defines the
structure and the overall form of the set of HMMs. Here a 3-state left-right topology is used to
model the HMMs. The second step is initializing the monophone HMMs. For this purpose HTK
uses the HCompV tool. Inputs for this tool are the prototype HMM definition and the training
data. HCompV reads both inputs and gives an output with new definition in which every mean
and covariance is equal to the global speech mean and covariance. So, every state of a

monophone HMM gets the same global mean and covariance.
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Next, a Master Macro File (MMF) called hmmdefs containing a copy for each of the required
monophone HMMs is constructed. The next step is to re-estimate the stored monophones using
the embedded re-estimation tool HERest. This process estimates the parameters of monophone
HMMs from the training set that are intend to model. This is the process of training HMMs. The
re-estimation procedure is repeated three times for each of the HMM and optimum training is

obtained.

After we have a sufficient model to obtain time-aligned word and phone transcriptions. We'll use
another instance of HVite to get output with the most likely alignments. The model works by
adjusting alignments to maximize the degree to which phones cluster. So HTK will have
computed the most likely location of every phoneme within the linear order of a sentence using

the model we've built so far.

The HVite commands used above are helped us to transform the input word level transcription to
new phone level transcription monophone using the pronunciations stored in the dictionary. The
key difference between these operations and the original word-to-phone mapping performed by
HLEd in previously executed pronunciation dictionary is that the segmenter considers all
pronunciations for each word and outputs the pronunciation that best matches the acoustic data.
The segmentation output of the HVite command executed by HTK toolkit is attached in

Appendix M and the Units for time stamps is 100 nano seconds (1 unit = 100 ns (nanosecs)).

6.3.2 With tied state

Context dependent automatic speech segmentation is the continuation of context dependent
automatic speech segmentation. It is understood that all previously steps of automatic speech
segmentation without tied state are repeated in order to continue with tied state automatic speech

segmentation.

After re-estimating the context independent monophone HMMs, we move onto context
dependent triphone HMMs. These triphones are made simply by cloning the monophones and

then re-estimating using triphone transcriptions.

53



The next step is to re-estimate the new triphone HMM set using the HERest tool. This is done in
the same way as the monophone HMMSs were estimated by replacing the monophone list and the

monophone transcription with the corresponding triphone list and the triphone transcription.

This process is also repeated three times. The last step in model building process is to tie states
within triphone sets in order to share data and thus be able to make robust parameter estimates.
However, the choice of which states to tie requires a bit more subtlety since the performance of
the segmenter depends crucially on how accurate the state output distributions capture the
statistics of the speech data. In this thesis work it uses decision trees attached in Appendix N to

tie the states within the triphone sets.

The final step of the acoustic modeling is the re-estimation of created tied state triphones and this
process is also same as the earlier use of HERest command of HTK toolkit. This is also repeated
for three times and the final output is trained acoustic model. The re-estimated HMMs are used
with HVite to perform forced alignment on a speech signal given the phoneme sequence. The
segmentation output of the HVite command executed by HTK toolkit is attached in Appendix O

and the Units for time stamps is also 100 nano seconds.

6.3.3 With tied state and multiple Gaussian mixtures

In this experiment, Automatic speech segmentation is carried out in context dependent
segmentation of phonemes with different probability distribution. These various probability

distributions are obtained with various Gaussian mixture values.

In HTK, the conversion from single Gaussian HMMs to multiple mixture component HMMs is
implemented using the HHEd MU command which will increase the number of components in a
mixture by a process called mixture splitting. In this method the command works repeatedly by
splitting the mixture with the largest mixture weight until the required number of components is
obtained. This also allows recognition performance to be monitored to find the optimum. By way

of example, one of the scripts used, containing all the MU commands is attached in Appendix P.

After phonemes are model in different Gaussian mixture values, three further re-estimation takes

place through acoustic modeling process. This re-estimation is the continuation of previous tied

54



state or context dependent automatic speech segmentation. The re-estimated HMMs are used
with HVite to perform forced alignment on a speech signal given the phoneme sequences. This
HVite command also used to transform the input word level transcription to new phone level
transcription of multiple Gaussian mixtures using the pronunciations stored in the dictionary.
The segmentation output of the HVite command at Gaussian mixture 16 executed by HTK

toolkit is attached in Appendix Q and the Units for time stamps is still in nano seconds.

6.4 Test data preparation and Result analysis

6.4.1 Test data preparation using manual segmentation

In each female and male recorded speech corpuses, 100 wave files are selected with systematic
random sampling technique. These sentences are not included in the training phase of automatic

speech segmentation.

The speech segmentation task is done manually using praat software/tool. By looking at the
acoustic signal wave and spectrogram representations of a speech and listening to small parts of
speech in order to decide where exactly to place the boundary of each phoneme. Manually
segmented phoneme results are obtained and these results are still considered as most accurate
speech segmentation method if the segmenter spends enough time and concentration on the
corpus to segment, and it is also supposed to be perceptively validated. But processing time is a

major drawback in addition to the experience required for more accurate segmentation.

In a similar technique of speech segmentation, we have identified the phoneme boundaries from
the acoustic signal by observing the wave forms and spectrogram of speech utterances. The
signal properties used to identify the boundaries are mainly formants and pitch representation of
it. In all 100 sentences, various boundaries of a phoneme are found depending on the context
used. These variations are not considered as a deviation or an error because the boundary

deviations are considered with reference to automatic phonemes with the concept of phoneme

mapping.
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At the end, phoneme boundaries are identified through manual segmentation technique. These
boundaries are expressed in milliseconds (ms) and the sample of manually labelled phonemes

with their time boundaries are attached in Appendix R.

6.4.2 Test results and analysis

6.4.2.1 Experimental test results

In order to measure the performance of automatic speech segmentation, phoneme mapping
concept is used. These manually segmented phoneme boundaries are compared with each
phoneme sequences found during automatic speech segmentation where as epithetic vowel is
considered as part of letters in case of grapheme based approach. The technique used to measure
the performance of automatic segmentation is percentage of phoneme boundaries deviation with
in tolerances values of 5ms, 10ms, 15ms and 20 ms[27]. Since the formula used to measure the
performance of automatic speech segmentation have been discussed in the previous chapter, only

the results achieved using it is presented here.

The phoneme boundary values beyond the tolerance values are considered as errors and these
errors are expressed in terms of percentage through statistical technique. In this technique the
number of phonemes occurred beyond the tolerance value and its percentage is given with
reference to the total number of phonemes exist in each phases. The total numbers of phonemes
exist in phasel and phase2 are 5080 and 5404 respectively. Since epithetic vowels are inserted
by plug in epithetic vowel insertion algorithm, the numbers of phonemes in phase2 are greater
than phasel. These total phoneme sizes do not include short pauses exit in each speech
utterances and this is expected to reduce the percentage of boundary deviation in each tolerance
values. Having the performance evaluation technique, the test results of three automatic speech
segmentation experiments, namely without tied state, with tied state and tied state with multiple

Gaussian mixtures are presented individually.
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Experiment | results: Segmentation performance without tied state

In this experiment, phonemes without context dependent are considered and their performances

are also presented. The overall all results of the automatic segmentation in both phasel and

phase2 with single probability distribution are shown in Table 6.2 and Table 6.3.

Table 6.2 Letter based system (phasel) without tied state experimental results

% of boundary deviation in

Speaker Test type Time tolerances
code boundary | 5ms 10ms | 15ms | 20ms
Initial (t1) | 8.29 3.13 1.75 1.44
Spko1 | Without tied state End (t2) | 5.61 | 222 | 1.63 1.40
Both(t1+t2) | 1537 | 545 | 2.66 1.95
Initial(tl) | 6.72 2.60 2.83 2.12
Spk02 | Without tied state End (2) | 6.12 | 2.72 | 2.34 2.18
Both(t1+t2) | 12.16 | 4.37 3.03 2.46
Average 9.05 3.42 2.37 1.93

Table 6.3 Phoneme based system (phase2) without tied state experimental results

% of boundary deviation in
Speaker | Test type Time tolerances
code boundary S5ms 10ms 15ms 20ms
Without tied Initial(t,) 7.79 2.94 1.65 1.35
state End (t,) 527 | 2.09 1.54 1.31
SpkO1
Both(t;+t;) | 14.45 | 5.13 2.50 1.83
Without tied Initial(t;) 4.98 1.81 1.48 1.42
state End (1) 4.56 1.87 1.52 1.44
Spk02
Both(t;+ty) | 9.10 3.15 1.92 1.68
Average 7.69 2.83 1.77 1.51
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As shown in both Table 6.2 and Table 6.3, the percentage deviation is minimized in phase2 for
both speakers since the pronunciation dictionary developed in phase2 is more phonetic than
phasel. The percentage of deviation presented with initial time boundary, end time boundary and
both of them of phonemes. It is found that the percentage of boundary deviation is more in initial
time boundaries of phonemes as compared to final time boundaries of them. On the other hand,
the percentage of boundary deviation decreases rapidly when the boundary of deviation from
Sms to 20ms. The percentage of deviation beyond 20ms tolerance values are due to phoneme
recognition errors and the result shows that all phoneme are almost within 20ms tolerance
values. Generally, best result is achieved at phase2 and the average results obtained for both
speakers in terms of percentage of deviation with the same probability distribution of context
independent are 7.69%, 2.83%, 1.77% and 1.51% within 5ms, 10ms, 15 ms and 20ms tolerance

values respectively.

Since this result is achieved automatic speech segmentation without considering contexts of
phonemes, considering phonemes context is required. Phonemes context mainly depend on the
co-articulation effect made by the phonemes before and after it. For this reason further

experiment with tied state is required.
Experiment Il results: Segmentation performance with tied state

In this experiment, phonemes with context dependent are considered and their performances are
also presented. The overall all results of the automatic segmentation in both phasel and phase2

with tied state are shown in Table 6.4 and Table 6.5.
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Table 6.4 Letter based system (phasel) with tied state experimental results

% of boundary deviation in

Speaker | Test type Time tolerances
code boundary Sms 10ms 15ms | 20ms
Initial (t;) 7.83 2.70 1.32 | 1.00

Spko1 With tied state | End (2) | 5.06 1.77 1.12 | 0.94

Both(t1+2) | 14.45 482 | 228 | 1.56

Initial (t1) | 6.69 258 | 222 | 211

Spk02 | With tied state | EMd(@) | 612 272 | 234 | 2.18

Both(t1+t2) | 12.16 4.37 3.03 | 2.46

Average 8.72 3.16 205 | 1.71

Table 6.5 Phoneme based system (phase2) with tied state experimental results

% of boundary deviation in

Speaker Test type Time tolerances

code boundary 5ms 10ms 15ms 20ms

Initial(tl) | 7.36 | 2.54 124 | 094

End (2) | 476 | 1.67 1.05 0.89
Both(t1+t2) | 13.58 | 4.53 2.15 1.46

Spk01 With tied state

Initial(t1) | 4.90 | 2.04 1.61 1.50

End (t2) 4.46 2.02 1.63 1.52
Spk02 With tied state

Both(tl+t2) | 9.04 | 3.55 | 2.165 | 1.795

Average 7.35 2.73 1.64 1.35

As shown in both Table 6.4 and Table 6.5, the result of context dependent (experiment II)

showed that the percentage of boundary deviation become lesser than context independent
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(experiment I) results. It implies that the performance of automatic speech segmenter result is
improved in tied state HMMs. Like experiment I; the percentage of time boundary deviation
differs in each speaker, minimum boundary deviation is achieved at phase2, the percentage of
boundary deviation is more in initial time boundaries of phonemes as compared to final time
boundaries of them and the percentage of boundary deviation decreases rapidly when the
boundary of deviation from 5Sms to 20ms. In over all, these results show the context dependent
automatic speech segmentation improves the segmentation performance in comparison to the

earlier context independent automatic speech segmentation.

At the end best result is achieved at phase2 and the average results obtained for both speakers in
terms of percentage of deviation with the same probability distribution of context dependent are
7.35%, 2.73%, 1.64% and 1.35% within 5ms, 10ms, 15 ms and 20ms tolerance values
respectively. Even though the result is improved during tied state automatic speech
segmentation, this experiment does not consider the probability density function with different
values. In order to consider the various probability density functions, further experiment with

different Gaussian mixtures is also required.

Experiment 11l results: Segmentation performance with tied state and

multiple Gaussian mixtures

Multiple Gaussian mixture systems are said to improve automatic speech segmentation results
considerably because they help avoid the problem resulting from the usage of the same type of
distribution for different models and different states. During mixture incrementing some
component weights may become very small, resulting in defunct mixture components. Defunct
mixtures often indicate that not enough training data is available to further increase the mixtures
of a model. So, the best strategy employed in many systems is incrementing the mixture
components in stages by a factor of N[50]. Thus taking the single Gaussian mixtures system
during tied state, the mixtures are incremented by a factor of two until 16 mixture component
HMMs are obtained. We have also checked these mixture increments with preliminary
experiment. Then at each stage re-estimating and checking speech segmentation results is

performed as shown in Table 6.6 and Table 6.7.
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Table 6.6 Letter based (phael) system with tied state and multiple Gaussian Mixture experimental

results.
Speaker No of Gaussian | Time % of boundary deviation in
code Test type | mixtures per boundaries | tolerances
state Sms 10ms 15ms 20ms
Initial (t;) 8.03 3.05 1.71 1.38
2 End (1) 533 | 2.09 1.52 1.36
Both(t;+t,) | 15.04 | 5.31 2.60 1.83
Tied state Initial (t;) 7.80 291 1.40 1.06
with 4 End (1) 508 | 1.81 | 1.22 1.00
Spko1 | multiple Both(t;+t;) | 14.43 | 484 | 222 1.57
Gaussian Initial (t;) 945 | 443 | 295 2.54
mixtures 8 End (t,) 6.59 | 339 | 2.72 2.48
Both(t;+t,) | 16.47 | 6.63 | 3.98 3.21
Initial (t;) 9.13 | 4.15 2.58 2.19
16 Final(ty) 6.38 3.07 2.42 2.19
Both(t+t;) | 16.02 | 632 | 3.56 2.76
Initial (t;) 6.61 274 | 230 2.22
2 End (t,) 6.06 | 279 | 238 2.30
Both(t+t;) | 12.72 | 4.59 | 2.93 2.60
Tied state Initial (t;) 571 | 158 | 1.08 0.95
with 4 End (t,) 518 | 161 | 1.12 1.02
Spkoz | multiple Both(t;+t) | 12.83 | 3.60 | 1.93 1.32
Gaussian Initial (t;) 5.79 1.54 1.08 0.95
mixtures 8 End (t,) 5.18 1.50 1.10 1.00
Both(t;+t;) 12.89 3.66 1.83 1.26
16 Initial (t,) 5.73 1.58 1.12 1.00
Final(t,) 516 | 1.58 1.10 1.02
Both(t;+t,) | 12.85 | 3.64 1.91 1.34
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Table 6.7 Phoneme based

experimental results.

system (phase2) with tied state and multiple Gaussian Mixture

Speaker No of Gaussian Time % of boundary deviation
code Test type | mixtures per state | boundaries | in tolerances
5Sms | 10ms | 15ms | 20ms
Initial (t;) | 6.29 | 2.09 | 0.81 | 0.44
2 End (t,) 3.78 | 1.11 | 0.61 | 0.39
Both(t;+t;) | 12.23 | 3.87 | 1.67 | 0.87
Initial (t;) | 7.05 | 2.68 | 1.33 | 0.98
Tied state 4 End (t,) 440 | 1.63 | 1.13 | 091
Spko1 with Both(t;+t;) | 12.97 | 442 | 2.18 | 1.42
multiple Initial (t;) | 7.90 | 3.44 | 2.07 | 1.66
Gaussian 8 End () 511 | 237 | 1.83 | 1.59
mixtures Both(t;+t2) | 13.95 | 5.16 | 2.98 | 2.20
Initial (t;) | 7.79 | 3.42 | 2.00 | 1.65
16 Final(t,) 514 | 239 | 1.83 | 1.61
Both(t;+t;) | 13.66 | 5.14 | 2.89 | 2.15
Initial (t;) | 5.09 | 1.70 | 1.30 | 1.280
2 End (t,) 485 | 1.65 | 131 | 1.30
Both(t;+t;) | 9.83 | 3.41 | 1.81 | 1.48
Initial (t;) | 3.78 | 0.50 | 0.07 | 0.06
Tied state 4 End (t,) 3.29 | 0.46 | 0.07 | 0.06
Spk02 with Both(ti+t,) | 8.29 | 2.15 | 0.65 | 0.26
multiple Initial (t;) | 3.81 | 0.70 | 2.78 | 2.04
Gaussian 8 End (t,) 339 | 0.61 | 0.28 |0.204
mixtures Both(t;+t;) | 8.64 | 2.18 | 0.70 | 0.43
Initial (t;) | 3.79 | 0.54 | 0.07 | 0.06
16 Final(t,) 331 | 0.50 | 0.07 | 0.06
Both(t;+t;) | 8.49 | 2.17 | 0.63 | 0.30
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As shown in Table 6.6, the percentage of boundary deviation becomes less in tied state with
multiple Gaussian mixtures as compared to the percentage deviation found in letter based with
context dependent experiment (presented in Table 6.4). Even though the experiment is carried
out with different Gaussian mixture values, best results with minimum percentage of boundary
deviation are found at Gaussian mixture 4 in both male and female speakers. For male speaker at
Gaussian mixture 4; the percentage of boundary deviation in initial time boundary are 7.80%,
2.91%, 1.40% and 1.06%, in end time boundary are 5.08%, 1.81%, 1.22% and 1.00% and in both
initial and final time boundaries are 14.43%, 4.84%, 2.22% and 1.57% in 5ms, 10 ms, 15 ms and
20 ms respectively. For female speaker at Gaussian mixture; the percentage of boundary
deviation in initial time boundary are 5.71%, 1.58%, 1.08% and 0.95%, in end time boundary are
5.18%, 1.61%, 1.12% and 1.02% and in both initial and final time boundaries are 12.83%,
3.60%, 1.93% and 1.32% in Sms, 10 ms, 15 ms and 20 ms respectively.

As shown in Table 6.7, best results with minimum percentage boundary deviation are found in
different probability distribution at phase2 with Gaussian mixture value 2 and with Gaussian
mixture value 4 for male speaker and female speakers respectively. For male speaker; the
percentage of boundary deviation in initial time boundary are 6.29%, 2.09%, 0.81% and 0.44%,
in end time boundary are 3.78%, 1.11%, 0.61% and 0.39% and in both initial and final time
boundaries are 12.23%, 3.87%, 1.67% and 0.87% in Sms, 10 ms, 15 ms and 20 ms respectively.
For female speaker; the percentage of boundary deviation in initial time boundary are 3.78%,
0.50%, 0.07% and 0.06%, in end time boundary are 3.29%, 0.46%, 0.07% and 0.06% and in
both initial and final time boundaries are 8.29%, 2.15%, 0.65% and 0.26% in 5ms, 10 ms, 15 ms

and 20 ms respectively.

As shown in both Table 6.6 and Table 6.7, the percentage of boundary deviation is still more in
initial time boundaries of phonemes as compared to final time boundaries of them. The
performance improvement also differed in male and female speakers. Like the previous two
experiments, minimum percentage of boundary deviation is achieved at phase2 and the
percentage of boundary deviation also decreases rapidly when the boundary of deviation from

Sms to 20ms.
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Generally in experiment III, the automatic speech segmentation performance becomes improved
up to some Gaussian mixture values since it considers different probability density distribution
unlike experiment I and II. The performance improvement also differed in male and female
speakers. Finally, we have concluded that best results found in tied state with Gaussian mixture 2

for male speaker and with Gaussian mixture 4 for female speaker.

6.4.2.2 Error analysis

Error analysis is given by identifying phonemes that score badly from the best scored results at
phase2 in context dependent Gaussian mixture 2 and Gaussian Mixture 4 for male and female
speakers respectively. It is observed that the phoneme time boundaries vary whenever there is
transition from one phoneme to another phoneme. It implies that phoneme time boundaries

correspond to abrupt changes in the acoustic signal.

Even though this error analysis requires further study with respect to different phoneme contexts
and phonetic transition between phonetic classes/catagories[77, 78], the variability of the
different boundaries is analyzed with the boundaries grouped in terms of the broad phonetic
classes of the respective phonemes. The boundary deviations of phonemes depend on the context
that they have used, most errors occurred beyond 5Sms tolerance values are plosives phonemes,
nasals phonemes and silence. Most phonemes occurred beyond tolerance values of 10ms and
15ms are silence and shifting of phoneme boundaries with refence to manuallly labeled phoneme
boundaries. It is observed that almost all phonemes are included in tolrance values of 20ms but
the phonemes resulted beyound 20ms values are due to misalignment dueto recognition problems

in HTK toolkit and transcription errors.
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CHAPTER SEVEN

CONCLUSION AND RECOMMENDATION

This chapter presents the conclusions drawn from the findings of the experiment and the

researcher's recommendations on further actions that can be taken and future research areas.

7.1 Conclusion

The overall focus of the thesis work is speech segmentation at phoneme level and that is
achieved by identifying the boundaries between phonemes in a continuous speech signal. These

segments or phonemes are recognizable and meaningful parts of speech utterances.

As phoneme based speaker dependent Hidden Markov Model is the most commonly used model
for automatic speech segmentation[26], it is applied to our research. The HMM model with three
emitting states and two non emitting states without skipping is used to model individual Amharic
phonemes. MFCC feature vectors together with their first and second, namely MFCCs + delta +
delta-deltas are selected for individual HMM models. The delta and delta-delta coefficients are
included to make the model sensitive to the dynamic behavior of the signal[5]. HTK toolkit is
used to implement the HMM model in two phases. These phases differ in basic units that exist in
the lexicon which is used as pronunciation dictionary; the second phase unlike the first phase
includes epithetic vowels of Ambharic language while the first phase is built with direct
transliteration of Amharic words into their corresponding Latin representations. In both phases
three experiments are conducted; automatic speech segmentation in context independent, context

dependent with single Gaussian mixture and context dependent with multiple Gaussian mixtures.

The automatic speech segmentation system is evaluated with manual segmentation results by
comparing automatic segmented phonemes to manually labeled phonemes with their time
boundaries. The evaluation was done in terms of boundary deviations within tolerance values of

S5ms, 10ms, 15 ms and 20ms.
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The evaluation of the experiments shows that the percentage of boundary deviation minimizes as
we go from context independent to context dependent and from context dependent with single
Gaussian mixtures to context dependent with multiple Gaussian mixtures due to considerations
of phonemes context and different probability density functions per state respectively. Finally
best performance with minimum percentage of time boundary deviations are achieved at
phoneme based speech segmentation in context dependent with Gaussian mixture 2 and Gaussian

mixture 4 for male speaker and female speaker respectively.

For male speaker, the percentage of boundary deviation obtained with initial time boundary are
6.29%, 2.09%, 0.81% and 0.44%, with end time boundary are 3.78%, 1.11%, 0.61% and 0.39%
and with both initial and final time boundaries are 12.23%, 3.87%, 1.67% and 0.87% in 5ms, 10

ms, 15 ms and 20 ms respectively.

For female speaker, the percentage of boundary deviation obtained with initial time boundary
are 3.78%, 0.50%, 0.07% and 0.06%, with end time boundary are 3.29%, 0.46%, 0.07% and
0.06% and with both initial and final time boundaries are 8.29%, 2.15%, 0.65% and 0.26% in
Sms, 10 ms, 15 ms and 20 ms respectively. At the end, the test result shows that the percentage
of boundary deviation also differs in each speaker even within initial and final time boundaries

of Amharic phonemes.

7.2 Recommendations

As pointed out in the conclusion of the study, phoneme level automatic speech segmentation for
Ambaric language is done and results with minimum boundary deviation is achieved. However,
there are also lots of works remaining in the area. In this section, we would like to forward the
following recommendations:

e Obviously speech database with phoneme boundaries are required for other speech
research areas like speech synthesis. Thus, we recommend to prepare database with very
large corpus size and store in a reliable database. Manual speech segmentation is required
in order to check its correctness to approve its reliability by other experts.

e Further research is also required on the precision of phoneme boundaries and their

consistency in different phoneme contexts and phonetic transitions between phonetic
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catagories like transition from nasal to semivowel, semivowel to vowel, semivowel to
vowel, nasal to silence,stop to fricative, stop to silence, vowel to vowel and nasal to nasal
using HMM model[77, 78].

It is also required to conduct a research on automatic speech segmentation using ANN
approach. This approach takes different input features like pitch, duration and amplitude
and it resolves phoneme matching problems with reference to manual segmentation [46].
It is also required to conduct this research using supervised method of automatic
phoneme segmentation by implementing various algorithms[9]. These algorithms can use
different frame sizes with the prior knowledge about time boundaries of phonemes. This
supervised method is also useful to compare its results with the results presented in our
research.

It is clear that individual Amharic phonemes are modeled with three emitting and two
non emitting HMMs. Since the duration of phonemes is variable, we recommend to
continue the research with non uniform HMM topology for acoustic models[30].

Since the research is conducted with two speakers (one male and one female speakers),
automatic speech segmentation without speaker dependent is very essential. This speaker
independent automatic speech segmentation is expected to improve the performance of
speech segmenter through speaker adaptation techniques[71].

Conduct researches for other Ethiopic languages by adopting this thesis work.
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Appendixes

Appendix A : Amharic alphabets (adopted from [58] )
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Appendix B: Amharic phonetic list, IPA Equivalence and its

ASCII Translation table (adopted in [62])
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Appendix C: Python code used for ASCII transliteration
import codecs, sys, string
worddict = {}
mapfile = codecs.open(r'C:/Users/eshete/Desktop/latin/char_table.txt', 'r', 'utf-8')
corfile = codecs.open(r'C:/Users/eshete/Desktop/doclquery.txt’, 'r', 'utf-8')
outfile = codecs.open(r'C:/Users/eshete/Desktop/esheteTranslationl.txt', 'w', 'utf-8')
maps = mapfile.read().encode("utf-8")
corpus = corfile.read().encode("utf-8")
def autodecode( maps ):
if maps.startswith(codecs.BOM_UTF8):
out = maps.decode( "utf8" )
return out[1:]
else: return maps.decode( "ascii"
mapstripped = autodecode(maps)
corstripped = autodecode(corpus)
for line in mapstripped.split("\n"):
(i,j) = line.split()
worddict[i] =
for char in corstripped:
if worddict. __contains__ (char):
outfile.write(worddict[char])
else:
outfile.write(" ")

outfile.close()

for i in worddict.iterkeys():
outfile.write(i)
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Appendix D: Sonority scale of Amharic consonants (adopted from[66] )

Appendix E: Summary of the epenthesis vowel insertion procedure (adopted from[66] ):

Class category Ambharic Phonemes Sonority scale
Voiceless p, t, k, kwa, ax 1
Voiced, b, d, g, gwa 2
stops i
Glottalized | px, tx , g, qwa 3
Voiceless f,s,sx,h 4
Voiced, Vv, Z, ZX 5
Affricatives
Glottalized | xx, hwa 6
Voiceless | ¢ 7
o Voiced j 8
Fricatives i
Glottalized | cx 9
Nasals - m, n, nx 10
liquids - Lr 11
Glides - W,y 12

Rule # | Position Observed Epenthesis | Exception
Sequence
1 final #CC #CixC If the first phoneme is consonant and
the next consonant is glide /w/
2 medial or | CCC CCixC If sonority of the middle consonant is
initial greater than The rest (CixCC)
3 medial or | CICIC (CC:) | C1C1ixC (
initial C:ixC)
4 medial or | CC1C1(CC:) | CixCIC1
initial (CixC:)
5 medial or | C1C1C2C2 CIClixC2C
initial (C:C) 2 (C:ixC:)
6 final CC# CixC# If the sonority of the last phoneme is
less or equal to the preceding
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Appendix F: Epenthetic Vowel insertion algorithm or procedure (adopted from[66] )

1. Accept input word and scan from left to right.
2. If consonant cluster occurs at word initial position, insert epenthetic vowel between them.
Exception.: If the first phoneme is consonant and the next consonant is glide /w/. (Rule #1)

3. If three consonants are appeared in sequence word medially or word final position, insert

epenthetic vowel before the third consonant. (Rule #2)

Exception: If the middle consonant sonority is greater than the rest insert epenthetic vowel after

the first consonant in the cluster.

4. If a cluster of consonants contains the geminate and singleton in sequence, insert epenthetic

vowel after the geminated consonants.( Rule #3)

5. If a cluster of consonants contains the singleton and geminate in sequence, insert epenthetic

vowel after the singleton consonants. (Rule #4)

6. If a cluster of consonants contains two different geminates in sequence, insert epenthetic

vowel between the two geminate consonants. (Rule #5)

7. If the sonority of the final consonant is greater than that of the preceding consonant, the

epenthetic vowel is inserted between the final consonant clusters. (Rule #6)

8. Repeat 2 up to 7 until all the phonemes are parsed in the phonemes list.
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Appendix G: Sample Amharic text corpus

1 P19t O F8.09° 003 AdG (9P +nGPd::

2 Am& (1208 T t7 ALA NTLnNET AFAPT A28P T

3 P&IA N%BLTNE A1C ARG D-L8C AN1T

4 MAFEEE 02T 07 CT AP0G4 AP TLA4NT

5 avpp, (8,090 QB AP -G 0T +MGPP::

6 2804 (PPNE T14-7 A4,

7 2 A0AHT TIeRT ALA TN PAT::

8 P4oLol-f\ TUTLE (BT AZCT DA AS0 P0G AANLEE hLE avsm::

9 &G PLRATT T-177 Nl DAY N9TATRN A4,

10 280, (TFFATC 2185 47 ALA SmNPA::

11 NHYa Qoo-geng, 9927 AN T PAT::

12 4,240 AMR.PFD- avav g ePF NOALCH hhat IC +09P::

13 280, (2@-¢Ch 1970 9687 O-L:8:C LA

14 v15® OOE? PAIC APPLoRr @-L:L:C hil1d.::

15 0AANA nHaT FrAd 4om, +NEL.::

16 hagigh 78 APtvt 9°CT O CHFET AASKem-27 170C PLI° M- LHPA::
17 T2 O PAL: Q. AIPIVE a0 T 468, A1

18 (L&B NCT° 0994t @-LC7 NO& 7% NTIMSPP Féh AdorHIN::
19 A& ALY M-L2:C NPt £4C PTLave- (877 FANAT::

20 3PE AtAAT (TLTHOF O5PA Db 0408, M-L0C LNYESA::

21 ADALE AF4L9° 0 S eTL@-A . TINNAA FE oL

22 8,92 NL NALT TP Ali1é.::

23 320, 1A% TIPFAFC 467 DL 8CT Al

24 74 (23D~ P8LAP7IL: A0 DL 0:C hOAT&IP::

25 AACKL NANCIPTH Adeat+q HUBT hPLLTT 10+

26 (AIC A 48 M HALR N7 CF AT AAMS APHam 1m-:

27 AT PAAT® PIRY PR1LTOT PO NendF A heet TLY &AC ADF T
28 AAAY® PR, NhNNTE ANG R PFT Jrams::

29 AACEEL NANd- OOFE D PANT® ONETF GIOTEG CATPNTS LLB7T ATTT::
30 AAC&L NPAR M THNBS 0457 O TF A4

31 PAEEL NBP PACIC NPO (F&7 AAATT WTIIAHE 1D+

32 Ao PhS.0 ANA PhANT NAhAT APTOS PEMTY, @-L0:C +NBL::
33 PASN ANA P84 PONA T-8C 15 AL LB8A::

34 A%97 210G AFSL ONETF A7 CT AAMS APam 1D~

35 PAAY® LOMNET Aded™Th AITES (L 227°C hPHNBL 1m-:

36 Féhr NOCALT Pat TLU “LC Al

37 L4 NAHOT 1970 T96-P7 A1

38 20N Asigh LOHGILT@ PAAI® P58y 34 @-myt PHaPHINNT A2LINC &4 1hm::
39 Pavpp, 18090 AT APFLLINT 1D+

40 av( ot Phavt PPCT htATTT IPCoT NaPglt AL T

41 PAFLE A9C hPA L4117 mPAA 109, B avl.::

42 ¢2¢- NATIS RICT 007" CT A9TEG +pav(.::

43 PHILCD- 03 Ad 458 @-L:0:C FPHI0 TmSPP::

44 avyrk OCe NHY AAT° OF FAP::

45 AHPLD-G (kv PFAR 4B D-L&CT W14

46 520 4o PTLe8I°NTT TRNAT LH A7LTI0@PD- +G1L::

47 2.2,60F NPT A0 O1FF AL LD ACIVE A2LTLOOL 10m::
48 320 PAATTTT RIPTLILI® JOCT @78 WHAATEY °CoR, 1890 (AT, APaDL 1D~
49 AlFeh Phgsh Phart: dil P HNAe hAaD::

50 UIC hdé ONG S FIPUCT +PPTVF NI CT doEAN (TI8C TEav(::
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Appendix H: Grammar file

$Sentence=yeneqemtie sixtadiiyom gixnbata sixlsa bemeto tetxenageqe | bixzunesx bemumbay
maraton ledixl tixtxebeqalec | leweldixya sixtadiiyom gixnbata yemiiwl gebii masebaseb
tejemere| yeiityopxya bhierawii yeixgixr kwas budixn aseltxanx ixngixliizawii new| yeiityopxya
ixgixr kwas fiedieriesxixn txeqlala gubaie tejemere | yekixlloc yesport wixddixr mixrt
sixportenxocn lemafrat yascixlal | yeiityopxya ixgixr kwas fiedieriesxixn txeqlay gubaie
yeagwam meglecxa awetxa | iityopxya beasixr sxith mietixr yewendoc wixddixr asxenefec |
yealmeda cxerqa cxerq fabriika yeixgixr kwas kixleb abalat tesxelemu | abebe dixngiesa
benayjeriiya yemawnixtien ries wixddixr asxenefe | beiityopxyana bealem bank mekakel yebdixr
sixmmixnetoc teferemu | yeixngixliiz balehabtoc beiityopxya iinvest lemadreg fixlagot
ixndalacew gelexxu . . . ... .. ... . e .. .| tekesasxu
kixrsixtyan hono sayfata bebietu ixqubat yasqemetxe beixsrat yixqetxal;

( {NS_B} $Sentence {NS E} )
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Appendix I: Generated Lattice Format

VERSION=1.0
N=7347 L=8247
I=0 W=NS E
W=INULL
W=yixqetxal
W=beixsrat
W=yasqgemetxe
W=ixqubat
W=bebietu
W=sayfata
W=hono
W=kixrsixtyan
W=tekesasxu
I=11 W=aye
=12 W=fixdawixn
=13 W=teyzo
=14 W=bepoliis
=15 W=adragiiw
=16 W=asmat
=17 W=yixgelexxna
=18 W=hulu
=19 W=miistxixru
[=20 W=aweqec
=21 W=giiyorgiis
=22 W=melke
=23 W=iiyesusna

»—1»—1»—<>—<T>—1»—1»—<>—1
O 001N N B~ WK —

el
[
o

J=8239 S=7340 E=7339
J=8240 S=7341 E=7340
J=8241 S=7342 E=7341
J=8242 S=7344 E=7342
J=8243 S=7344 E=7343
J=8244 S=7343 E=7344
J=8245 S=7346 E=7344
J=8246 S=1 E=7345
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Appendix J: Phone based dictionary output file

NS B
NS E

ab

aba

abal
abalat
abarii
abat

abay
abeba
abeje
aberetac
abietuta
ablixtxa
abnet
abnetu
abrixham
abutriika
abzanxaw
acaw
adebabay
adega
adege
adegenxa
adelem
adere
aderege
aderegu
aderoc
aderu
aderun
adiis
adiisu
admixtxu
adragiiw
adrixgachu

Zixq
ZIXryawoc
zon

zonal

[]
[]
[ab]
[aba]
[abal]
[abalat]
[abarii]
[abat]
[abay]
[abeba]
[abeje]
[aberetac]
[abietuta]
[ablixtxa]
[abnet]
[abnetu]
[abrixham]
[abutriika]
[abzanxaw]
[acaw]
[adebabay]
[adega]
[adege]
[adegenxa]
[adelem]
[adere]
[aderege]
[aderegu]
[aderoc]
[aderu]
[aderun]
[adiis]
[adiisu]
[admixtxu]
[adragiiw]
[adrixgachu]

[zixq]
[zixryawoc]

[zon]

[zonal]

sil
sil
absp
abasp
abalsp
abalatsp
abariisp
abatsp
abaysp
abebasp
abejesp
aberetacsp
abietutasp
ablixtxwasp
abnetsp
abnetusp
abrixhamsp
abutriikasp
abzanxawsp
acawsp

adebabaysp

adegasp
adegesp
adegenxasp
adelemsp
aderesp
aderegesp
aderegusp
aderocsp
aderusp
aderunsp
adiissp
adiisusp
admixtx wusp
adragiiwsp
adrixgachusp

Zix q sp

ZiXryawocsp

Zonsp
zonalsp
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Appendix K: The configuration parameter used at coding

#coding parameters
SOURCEFORMAT = WAVE
TARGETFORMAT = HTK
TARGETKIND = MFCC 0 D A
TARGETRATE = 100000.0
SAVECOMPRESSED =T
SAVEWITHCRC =T
WINDOWSIZE = 250000.0
USEHAMMING =T
PREEMCOEF = 0.97
NUMCHANS =26
CEPLIFTER =22
NUMCEPS = 12
ENORMALISE =F

83



Appendix L: The Prototype HMM

~0 <VecSize> 39<MFCC 0 D A>

~h "proto"

<BeginHMM>

<NumStates> 5

<State> 2

<Mean> 39

0.00.00.00.00.00.00.00.00.00.00.00.00.0 0.00.00.00.00.00.00.00.00.00.0
0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0

<Variance> 39
1.0101.0101.01.01.01.0101.0101.01.01.01.01.01.01.01.01.01.01.01.0
1.01.0101.01.0101.01.01.01.01.01.01.01.01.01.0

<State> 3

<Mean> 39
0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0
0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0

<Variance> 39

1.01.01.01.010101.01.0101.01.01.01.0 1.01.01.01.01.01.01.01.01.01.0
1.01.0101.01.0101.01.01.01.01.01.01.01.01.01.0

<State> 4

<Mean> 39
0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0
0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0

<Variance> 39
1.0101.0101.01.0101.0101.0101.01.01.01.01.01.01.01.01.01.01.01.0
1.01.0101.010101.01.01.01.01.01.01.01.01.01.0

<TransP> 5

0.01.00.00.00.0

0.00.60.40.00.0

0.00.00.60.40.0

0.00.00.00.70.3

0.00.00.00.00.0

<EndHMM>
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Appendix M: Sample Output of automatic speech segmentation without tied state

#!MLF!#
Sentencel.lab

Initial time End time  Phoneme word
0 1500000 sil silent

1500000 2100000 y yeneqemtie
2100000 2400000 e

2400000 2900000 n

2900000 3600000 e

3600000 4600000 q

4600000 5100000 e

5100000 5800000 m

5800000 6500000 t

6500000 7300000 ie

etc

Appendix N: Tree.hed script
RO 100.0 stats

TR O

QS "R _NonBoundary" { *+* }

QS "L NonBoundary" { *-* }

QS "R_Silence" { *+sil }

QS "R_Silence" { sil-* }

QS "L_Stops" {b-*,d-*,g-* p-*t-* k-* px-* tx-* *+q}
QS "R_Stops" {*+b,*+d,*+g,*+p,*+t,¥+k, *+P *+tx, *+q}
QS "L _Fricatives" {v-*,z-* Z-* f-* s-* sx-* h-* *+x}

QS "R _Fricatives" {*+v,*+z,*+zx,*+f *+s,*+sx,*+h,*+x }
QS "L_Affricates" {j-*,C-*,*+cx}

QS "R Nasal" { *+m,*+n, *+nx}

QS "L Nasal" { m-*n-*, nx-*}

QS "R_Liquid" { *+1,*+r}

QS "L Liquid" { 1-*r-*}

QS "R semivowels" {*+w, *+y }
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QS "L _semivowels" {w-*y-* }

QS "R Vowel" { *+e,*+i1,*+o0,*+u,*+a,*+ie,*+ix }
QS "L Vowel" { e-*,ii-* 0-* u-*a-* ie-*,ix-* }
QS "L a" {a-*}

QS "R _a" {*+a}

QS "L b" {b-*}

QS "R _b" {*+b}

QS"L c¢" {*-c}

QS "R _c" {*+c}

QS "L d" {d-*}

QS "R _d" {*+d}

QS "L zx" {zx-*}
QS "R _zx" {*+zx}
QS "L 11" {i1-*}
QS "R _ii" {*+ii}
QS "L ie" {ie-*}
QS "R ie" {*+ie}
QS "L _ix" {ix-*}
QS "R ix" {*+ix}

TR 2

TB 350.0 "ST sil 2 " {("sil","*-sil+*" "sil+*" "*_si]").state[2]}
TB 350.0 "ST a_2 " {("a","*-a+*" "a+*" "*_a") state[2]}

TB 350.0 "ST b 2 " {("b","*-b+*","b+*" "*_b") state[2]}
TB 350.0 "ST 1 2" {("1","*14+*" "5" "%_]") state[2]}

TB 350.0 "ST t 2 " {("t", " t+*" "1 %" state[2]}

TB 350.0 "ST 1 2 " {("r","*-p-H*" "p4%" 1_p) state[2])

TB 350.0 "ST i 2 " {("ii","*-ii+*" "ji+*" "*_ii") state[2]}
TB 350.0 "ST 'y 2" {("y", " -y+*" "y sk yt) state[2]}
TB 350.0 "ST e 2 " {("e","*-e+*" "e+*" "*_¢") state[2]}

TB 350.0 "ST j 2" {("j","*<j+*" "j+*" "*_j") state[2]}

TB 350.0 "ST ¢ 2 " {("c","*-c-+*" "c+*" " _c") state[2]}

TB 350.0 "ST ie 2 " {("ie","*-ie+*" "ie+*","* ie").state[2]}
TB 350.0 "ST u_2 " {("u","*-u+*","u+*" "*.u") state[2]}
TB 350.0 "ST ix 2 " {("ix","*-ix+*" "ix-+*" "*_ix") state[2]}
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TB 350.0 "ST tx_2 " {("tx","*-txH*","tx-+*","*-tx").state[2]}
TB 350.0 "ST w2 " {("W","*-w-+*","w-*" "*.w") state[2]}

TB 350.0 "ST_sx_4_" {("sx","*-sx+*","sx-+*","*-sx").state[4]}
TB 350.0 "ST_xx_4_" {("Xx","*¥-xx+*","xx+¥","*-xx").state[4]}
TB 350.0 "ST_cx_4_" {("ex","*-cx+*","ex+*","*-cx").state[4]}
TB 350.0 "ST_p_4 " {("p","*-p+*","p+*","*-p").state[4]}

TB 350.0 "ST_v_4 " {("v","*-v+*","v+*" "*y") state[ 4]}

TB 350.0 "ST_px_4_" {("px","*-px+*","px-+*","*-px").state[4]}
TB 350.0 "ST_zx_4 " {("2x","*-zx+*","zx+*","* zx") state[4]}
TB 350.0 "ST__4 " {("","¥-4*","1%" "+.") state[4]}

TR 1

AU "fulllist"
CO "tiedlist"

ST "trees"

Appendix O: Sample output of automatic speech segmentation with tied state

#!MLF#
Sentencel.lab
Initial time End time phoneme word
0 1400000 sil silent
1400000 2100000 y yenegemtie
2100000 2400000 e
2400000 2900000 n
2900000 3600000 e
3600000 4600000 q
4600000 5100000 e
5100000 5800000 m
5800000 6500000 t
6500000 7300000 ie

etc
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Appendix P: A sample script for creating multiple mixture components

MU 16 {*a*.state[2-4].mix}
MU 16 {*b*.state[2-4].mix}
MU 16 {*I*.state[2-4].mix}
MU 16 {*t* state[2-4].mix}
MU 16 {*r*.state[2-4].mix}
MU 16 {*ii* .state[2-4].mix }
MU 16 {*y*.state[2-4].mix}
MU 16 {*e*.state[2-4].mix}
MU 16 {*d*.state[2-4].mix}
MU 16 {*h*.state[2-4].mix}
MU 16 {*u*.state[2-4].mix}
MU 16 {*k*.state[2-4].mix}
MU 16 {*j* state[2-4].mix}
MU 16 {*c*.state[2-4].mix }
MU 16 {*ie*.state[2-4].mix }
MU 16 {*tx*.state[2-4].mix}

MU 16 {*n*.state[2-4].mix}

MU 16 {*ix*.state[2-4].mix}
MU 16 {*zx*.state[2-4].mix}

MU 16 {*sil*.state[2-4].mix}
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Appendix Q: Sample output of automatic speech segmentation with tied state with
multiple Gaussian mixture 16

#mlfH#
Sentencel.lab

Initial time End time Phoneme  word
0 1300000 sil silent

1300000 2100000 y yenegemtie
2100000 2400000 e

2400000 3000000 n

3000000 3600000 e

3600000 4600000 q

4600000 5200000 e

5200000 5900000 m

5900000 6500000 t

6500000 7300000 ie

Etc

Appendix R: Sample Output of manual speech segmentation

Sentencel.lab

Initial time

End time

Phoneme word

0
160
220
260
290
450
480
530
640
690

160
220
260
290
360
480
530
580
690
750

etc

sil silent

y yenegemtie
e

n

e

q

e

m

t

—_
(@)
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