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ABSTRACT

Speaker recognition is the technique of recognizing automatically, who is speaking on the source of
individual information built-in in speech waves. It uses the speaker's voice to confirm their identity
and provides control access for services such as voice calls, database access facilities, information
services, voice mail, and security control for private information areas, and remote access to
computers, and for other several fields.

Research within the area of speaker recognition has now crossed over five decades and has shown
positive results under controlled conditions and having big data sets.

Besides, almost all of the previous study uses traditional methods like MFCC and LPCC as feature
extraction and GMM, VQ and HMM, etc. as classifiers. These features generally require the domain
knowledge for researchers to be designed and take a long time to be tested and selected for high
classification performance.

And also concerning the requirement of realistic applications, the system should take into account the
problems related to memory and computational resource limitation.

So, in this thesis, we tried to address the short utterance data sets in the real circumstance by applying
an end-to-end Convolutional Neural Network and CNN with SVM. Since CNN training usually
requires large sample data and has the overfitting problem. On the other hand, SVM has good
generalization ability and can solve the small sample problem.

For the preparation of the data, audio signals are gathered from the Bahir Dar city by directly
recording sounds from Ambharic language speakers using an audio recorder. A total of 50 datasets
were collected having 10 samples in each speaker. Each speaker had 10 seconds of waiting time to
speak over the recorder, after being collected and pre-processed; each pre-processed voice was
transformed into a spectrogram image.

Then, the spectrogram images were used as an input to the proposed model to learn speaker-specific
spectral features.

To see the effect of gender on speaker identification for the Amharic language, we have experimented
with 25 male and 25 female speakers. Then, we have found an accuracy of 76 % and 92 % for males
and females respectively.

Finally, we compared the end-to-end and combination of CNN with SVM using a 50 speakers' voice
dataset. Then we have achieved an accuracy of 82%, and 95%, for an end-to-end Convolutional
Neural Network, and convolutional neural network with a support vector machine model respectively.
Keyterms:-Convolution neural network (CNN), SVM (support vector machine), speaker

identification, text-independent, Amharic language
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CHAPTER ONE
1 INTRODUCTION
1.1 Background

Ethiopia is a multi-linguistic country that has 83 different languages with up to 200 different dialects
spoken. From these Amhara’s, Afan Oromos and Tigrayans are the biggest linguistic groups (Degu

2014). Semitic, Cushitic, Omotic, and Nilo-Saharan are the major language families in Ethiopia.

The Ambharic language is categorized under the Semitic language family and it is spoken by 30.3
million people as a first and second language; this is about 29.3% of the total population.

It is the second most-spoken Semitic language in the world next to the Arabic language and the
second-largest language in Ethiopia after Afaan Oromo a Cushitic language, and possibly one of the
five largest languages on the African continent (Asker 2010). Among these, more than 3 million
speakers are living abroad in different countries (Joshua 2019).

The Ambharic and Tigrigna languages use the Ethiopic Geez script. The Amharic language is to
contain 33 basic and other additional symbols each basic symbol has seven different orders other
than most languages there are five vowels /a, €, 1, o, u/. In addition to these five vowels Amharic has
two additional vowels /e, i / the orders are created by the combination of each consonant with the

seven vowels (Abebe June 2018).

Language is the engine of civilization and the purpose of language is communication. In our
ordinary lives, there are having many forms of communication languages, like body language,

textual language, pictorial language, speech, etc (Liu JC 2018).

Speech is a natural way of transforming information between the speaker and the listener and it is
always considered as the most powerful form than others because of its rich dimensions characters,

Such as gender, attitude, emotion, health situation, and identity of a speaker (Yonas 2014).

Signal processing is an area that studies the analog and digital signal processing methods in the
time-frequency domain. Processing a signal means that searching and extracting some useful

spectral information from the given signal.

In the real world, signal processing and its techniques are being widely used in many application
areas like text—to—speech translation, speech recognition, and speaker recognition (C. D. Acken

2016)



The speaker recognition and speech recognition terms are incorrectly interpreted as similar

responsibilities. However, the two related areas are different in their application.

Speech recognition has to differentiate the spoken words or phrases (what is being said) in spoken
language and change them into a machine-readable format, whereas the task of speaker recognition
is to identify the speaker using his /her unique acoustic spectral features encompassed in voiceprints.
Because, each speaker has his or her characteristic style of talking, including the use of a specific
accent, intonation style, rhythm, choice of vocabulary, and articulation pattern (Schroeder 2014).
And Speaker identification is the process of determining from which of the registered speakers a

given utterance comes.

Speaker recognition systems are valuable in different application areas such as for Forensics and
surveillance, remote attendance logging, Authentication systems, teleconferences, voice mail,
speech recognition, Law Enforcement, voice dialing, mobile banking, online marketing, database
access services, information services, security control for private information areas, and remote

access to computers (Praveen P S 2017).

Speaker recognition can be divided into two fundamental applications based on its goal which is
speaker identification and speaker verification. For the identification duty, an unknown speaker is
associated with a dataset of known speakers, and the best matching speaker is measured as the
identification result. For the task of verification, the system's purpose is to decide whether a voice
sample was produced by the claimed person or not. Both speaker identification and verification

applications can be divided into text-dependent and text-independent approaches.

In text-dependent systems, speaker recognition depends on communication channels that introduce
additional distortions to the speech. These different noise sources alter speech production so that
most speaker recognition systems are exposed to failure in noise corrupted environments (Chang J

2017).

In another way by considering the availability of voice signals in the record, speaker identification is
categorized as open-set and closed-set. In closed set identification, the method identifies the talker
from a list of records by matching the voice biometrics of the voices with those utterance models
kept before in the file box and the system makes a forced decision just by picking the best matching
speaker from the speaker’s data set. However, in open-set identification, the system identifies the
speaker from a list of given utterances using a predefined tolerance level between the unidentified

speaker and the best matching speaker (M. M. Thipe Modipa 2019).



To develop a speaker recognition system, analysis, feature extraction, and feature classification
components are playing important roles. Until now, most of the speaker identifications are designed
using conventional and state-of-the-art Mel Frequency Cepstrum Coefficient feature vectors,
Gaussian Mixture Models, vector quantization methods, and fusion methods. However, such
methods are underprivileged by their dependency on handcrafted feature engineering, limited
processing time, and weakness to noise, and performance degradation for short audio utterances.
Because, if there is noise in our data we can’t extract the identifiable parts of the speaker so it
reduces the performance. Existing speaker modeling techniques, mostly based on clustering (vector
quantization (VQ)) (Gray 1984) and statistical modeling (Gaussian mixture modeling (GMM)) work
well under sufficient data conditions Under limited data, the modeling may not be reliable due to the
effect of either sparse distribution for clustering or insufficient data for the estimation of statistical
model parameters. Further, during testing, the decision may not be reliable due to the limited
number of feature vectors. To fill these gaps a deep neural network algorithm handling a sufficient

amount of audio data set is proposed (Krishnamoorthy P 2015).

In this thesis, I used a deep learning Convolutional Neural Network approach. By the method, the
recorded voices of each speaker have been changed into a time-frequency (spectrogram)
representation by using digital processing techniques. Then, the generated spectrogram images are

used as input into CNN to learn speaker-specific spectral features.
1.2 Statement of the problem

Human-computer interaction increases in recent times and most devices are becoming ‘smart’ to
connect with humans efficiently. The security demands are also increased, more traditional
authentication methods, such as personal ID cards, keys, or passwords are used to identify individuals
but they are easily exposed through theft, collusion, or loss and also difficult to remember the
password. (Columbus 2020).

To improve these problems using biometrics studies and research to verify users becomes important.
The biometrics technique tried to reduce this problem by authenticating and identifying individuals
using such methods as the face, fingerprint, iris, voice, hand geometry, and others. In these methods
face and iris scanning are suitable but they need the users constantly being in the presence of the
camera, whereas fingerprint and hand-geometry involve the handler to hold the device physically.
But, Voice avoids such types of limitations and it is a widely accepted method in biometrics for

authentication and/or identification (J. Markowitz 2019).



The human voice is a perfect source of data for personal identification in numerous applications. With
a growing demand for security in different public places, voice biometrics appears to be a good
solution, because voice records can be easily taken. This is one of the reasons for us to do this study
because there is no work within the Amharic language.
Also for the last five years, consistent researches have been done in speaker identification. But almost
all are designed using traditional and state-of-the-art Mel Frequency Cepstrum Coefficient feature
vectors, Gaussian Mixture Models, Vector quantization methods, and combination methods for
classification. However, such methods are not good enough by their dependency on handcrafted
feature engineering, limited processing time, and exposure to noise and performance degradation for
short audio data sets (Chang J 2017)). In contrast, a convolutional neural network (CNN), which has
been widely applied to signal to process, can learn to automatically extract features from the training
data using convolution and subsampling, but CNN training usually requires large sample data and has
the overfitting problem. On the other hand, SVM has good generalization ability and can solve the
small sample problem. Therefore, we proposed a CNN-SVM combined model to make use of their
advantages.
To this end, this thesis explored and answered the following research questions.
1.3 Research question
1. Which speech processing technique is suitable for automatic text-independent Amharic language
Speaker identification?
2. Which activation function is suitable for CNN based on automatic text-independent Ambharic
language speaker identification?
3. Which learning rate value is suitable for CNN based on automatic text-independent Amharic
language speaker identification?
4. To what extent the identification rate is registered?

1.4 Objectives of the study

1.4.1 General objectives

The main objective of this study is to design an automatic Text-Independent Amharic Language

Speaker Identification.

1.4.2 Specific objectives

Depending on the general objective of this study the following specific objectives are identified to

indicate the main goals of the research in details:



» Identifying the speech processing technique suitability for automatic text-independent Ambharic
language speaker identification.

» To determine a suitable activation function.

» Finding the suitable activation function and learning rate values for CNN based on automatic
text-independent Amharic language speaker identification.

» To evaluate the performance of the proposed model.

1.5 Scope of the study and limitations of the study

The study only considered the close-set text-independent speaker identification task in the Amharic
language using deep learning methods. As a limitation, this study did not consider the verification,
text-dependent, and open data set. Also, the speaker’s mood, health condition, and speaker’s session
variability are not considered in this study.
1.6 Significance of the study
The interaction of humans with computers is increased and voice has become the most accessible and
acceptable, low-cost, difficult to forge biometric technique and speaker recognition the thesis has the
following significances:
It is preferable to have speaker identification technology that provides good performance using limited
speech data for training and testing. To increases the usability of this technology for personal
identification as part of multi-factor authentication systems.
Online Transactions: In addition to a passphrase to access bank information or to purchase an item
over the phone, one's speech signal can be used as an extra layer of security.
Law Enforcement: There are practical situations like forensic investigations where the availability of
speech data is limited and technology is needed to identify the person using only limited data in Courts,
police commissions to keeps our society from criminal acts.
Speech Data Management: Voicemail services and annotation of recorded or live meetings can use
speaker recognition to label speakers automatically.
Hospitals, health centers, and other health service providers can benefit from the study for Medical
Remote Monitoring.
I hope it will be the baseline of the researcher.
It increases the usability of the speaker identification technology
1.7 Methodology
In this thesis, as the research methodology approach, the researcher used an experimental research
methodology. For an appropriate understanding of the gap related to speaker identification, speech

analysis, speaker feature extraction techniques, speaker modeling algorithms, detail-related works of



literature such as books, journals, magazines, conference papers, manuals, and resources from the
internet are reviewed. In line with this, the respective methodologies applied in each work are
discussed.
1.7.1 Data collection and preparation
We collected spontaneous data set to collect it we used primary sources of data gathering techniques
using an audio recorder. There is no prepared data set in the Ambharic language and it is the
challenging area of speaker and speech recognition. In our dataset collection, we considered the
Babhir dar city area, which also consists of both males and females. Having such a data set helps us
to decide the potential use of speaker identification on varieties of speech samples.
This dataset contains a total of 50 speakers; all are speaking in the Amharic language. We collect 10
voice samples from each speaker; each voice sample is 10 seconds long since less than 15 seconds
categorized into short utterances. Speakers' names are put as the file name of the voice sample
name number like Metadel O1. Because it helps us to evaluate which sample data is identified
correctly and which is not. All the voice samples are collected according to this format.
The dataset is divided into two portions of training and testing, 75% of voice samples from each
speaker are used for training and the remaining one is used for testing. Each sample is taken at a
sampling rate of 16 kHz and 16 bit because most of the previous works used it. After that, all these

data are properly preprocessed and the necessary features are extracted.

1.7.2 Tools and techniques

To achieve the objective of this thesis we applied the following tools and techniques:

v" We used the MATLAB 2019a 64 bit version for the study because it is a powerful tool for signal
processing. MATLAB's functionality can be greatly expanded by the addition of sets of precise
functions that delivered more particular functionality called toolboxes. For instance, an excel
link allows data to be written in a format recognized by Excel, Statistics Toolbox allows more
specialized statistical manipulation of data, etc.

v" Wave Pad Sound Editor software is used to transform multiple Stereo (two-channel) audio
signals to Mono (one channel) signals and to translate many mp3 files to wave format
spontaneously.

v" And a microphone Audio recorder is used for recording speech files.

To represent the overall architecture, we proposed training and testing phases. In the training
phase graphical representation of audio data which is called spectrogram considered as an input

sequence.



Appropriate training and testing algorithms were selected, training and testing were performed.
Known speakers are classified and the speech feature of each speaker is tested against the available
speaker classes to identify the identity of each speaker.
In feature extraction, a convolutional neural network (CNN) algorithm has been used.
Recent advancements are done in using a convolutional neural network for speaker identification
tasks because they can easily handle noisy datasets and there is no need for feature engineering, as
feature extraction and classification both can be done by CNN. The classification result gives the
final method output.
1.8 Organizations of the study
This thesis is organized into five chapters with the existing one. The first chapter discussed the

general outline of the thesis. The rest of this thesis is organized as follows:

Literature Review (Chapter 2) - in this chapter, reviewed literature about the Amharic language,
human speech production, speaker recognition systems, feature extraction, and feature classification
models are presented in detail. Finally, and related works also discussed

Methodology (Chapter 3)- in this chapter, a method used for the thesis such as the design of the
model, discussion about techniques used for dataset collection and preparation, audio signal
preprocessing techniques, feature extraction, and classification model is described in detail.
Experiment Result and Discussion (Chapter 4) - in this chapter, experiment design and
experimental results are discussed.

Conclusion and Recommendation (Chapter 5) - in the last chapter, the Conclusions section, sums
up the key points of our discussion, the significant outcomes of our study. The recommendation part

addresses limitations and suggests how they might be overcome in future work.



CHAPTER TWO
2 LITERATURE REVIEW

2.1 Introduction to Amharic (A™C%) Language and its characteristics

According to Ethnologue, 83 individual languages with 200 different dialects are spoken in
Ethiopia. One of the ancient languages in Ethiopia is Ge'ez and it was introduced as an official
written language during the first Aksumite kingdom when the Sabeans sought refuge in Aksum
(Bjorn 2010). The Aksumites developed Ge'ez, which has a unique script derived from the Sabean
alphabet, and it is still used by the Ethiopian Orthodox Tewahedo Churchs mainly. Tigrigna and
Ambaric are the modern languages that are derived from Ge'ez. Ambharic is the official national
language of Ethiopia and it categorizes into Semitic groups. Generally, Ethiopian languages are
divided into four major language groups. Those are Semitic, Cushitic, Omotic, and Nilo-Saharan
(EthiopianTreasures.c.uk 2002). Ambharic is spoken by about 30.3 million people as a first or second
language; this is about 29.3% of the total population. It makes the second most-spoken Semitic
language in the world next to the Arabic language and the second-largest language in Ethiopia after
Afaan Oromo a Cushitic language, and one of the five largest languages on the African continent (B.
Gamback 2018). Among these, more than 3 million speakers are living abroad in different countries
(Joshua 2019). It ranks 55 in the number of the first number of speakers in the world. The Amharic
language contains 33 basic and other additional symbols each basic symbol has seven different
orders other than most languages there are five vowels /a, &, 1, o, u/. In addition to these five vowels
Ambharic has two additional vowels /e, i / the orders are created by the combination of each
consonant with the seven vowels. (Abebe 2018). Amharic is written (left to right) using £.£4\ /Fidel/
or Ambharic letter. The Amharic writing system is 231(7x33=231) core characters and there are over
forty others which contain a special feature usually representing labialization and also Ambharic
characters do not use dots and the characters although cursive is not connected in differences with

many other non-Latin scripts such as Arabic (Fiaz Hussain 2013)


https://en.wikipedia.org/wiki/Ethnologue

Figure 1 the Amharic alphabet (adopted from LexiLogos website)

2.1.

1 Ambharic language Consonant
The purpose of speech recognition to use Amharic consonants based on their manner of articulation
and the presence or absence of voicing and place of articulation.
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Manner of | Voicing Place of Articulation

articulation Bilabial | Labiodentals | Alveolar | Palatal | Velar | Labiovelar | Glottal

Stops Voiced 1N[b] £[d] Ngl | Algw]
Voiceless | T[p] Tt] ALkl | A[kw] 0[?]
Ejective or | &[p’] M[t’] Pk’ | R[k'wW]
Glottalized

Fricatives | Voiced N[v] H[z] H[zl | gl | Algw]
Voiceless &[f] N[s] A[5] Alk] | Dfkw] Ulh]
Ejective &[s’] A[hw]
Voiced i

Affricates | Voiceless F[c]
Ejective or e[’
Glottalized

Nasals g°[m] "I[n] ]

Liquids A[l] C[r]

Glides ™[w] 2ly]

Table 1 Amharic consonant




2.1.2 Ambhariclanguage Vowels
Vowels are open sounds, made largely by shaping the vocal tract rather than by interfering with the
flow of air stream and mostly described in terms of the position of the tongue as they are articulated.
A vowel spoken with the body of the tongue relatively forward is classified as a front vowel one made
with the body of the tongue relatively high is a high vowel. Vowels produced with the body the
tongue neither high nor low are called mid vowels. Vowels produced with the tongue body front are
called front vowels while those made with the tongue body back are called back vowels. Those
vowels made with the tongue body neither front nor back are called central vowels. Vowels attended

by lip rounding as in (u and o) are called rounded vowels while the other vowels are called unrounded

vowels (Fantaye 2011).
Front/Unrounded Central/Unrounded Back/Rounded
High A[1] A[I] #e[u]
Mid ho[e] A[A] hlo]
Low A[a]

Table 2 Vowel Articulations

2.2 Human speech production
2.2.1 Introduction
Speech is a human being’s primary means of communication and it contains the meaning of
information from a speaker to a listener, individual information representing the speaker’s identity,
gender, and also sometimes emotions. For a complete explanation of speech production, the
properties of both articulators, which produce the sound, and auditory organs, which perceive the
sound, should be, involved (Anderson 2020).
Figure 2 shows the speech chain. A spoken message travels from the speaker to the listener
(Rodman 2013). The speech chain consists of three events: the production of speech sounds through
the vocal apparatus of the speaker, the traveling of the acoustic signal through the air, and, finally,
its reception by the ear of the listener. The brain of the speaker controls the production of speech

sounds and the brain of the listener analyzes the signal and converts it into meaning.
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Figure 2 Speech chain system (adopted from Peter Denes, 2012)

To get the required features for the speaker recognition task, it is essential to understand the
mechanism of speech production, the properties of the human speech production model, and the
articulators that have speaker-dependent characters.
There are two main sources of speaker-specific characteristics of speech: physical traits and learned
traits (Hansen 2015).
Physical traits refer to the anatomical deference inherent in the vocal tract.
Learned traits include speaking rate, timing patterns, pitch patterns, dialect, word/phrase usage, etc.
Although the high-level cues (learned traits) are more robust and are not much affected by noise and
channel mismatch, I limit the scope in the low-level cues (physical traits) because they are easy to be
automatically extracted and suitable for our purpose.

2.2.2 Speech Production Mechanism
The speech production procedure begins with a thought which shows the first communication
message. Following the instructions of the spoken language and grammatical structure, words and
phrases are selected and ordered. After the thought constructs into language, the brain sends
commands utilizing motor nerves to the vocal muscles, which move the vocal organs accordingly to
produce sound (Flanagan 2016). Speech production can be divided into three main mechanisms:

excitation production, vocal tract articulation, and lip’s and/or nostril’s radiation.
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Figure 3 Anatomical structure of the human vocal system (adopted from J. L. Flanagan, 2016).

2.2.2.1 Excitation Source Production
Excitation powers the speech production procedure. It is produced by the airflow from the lungs and

then carried by the trachea through the vocal folds. During inspiration, the air is filled into the lungs,
and during expiration, the energy will be spontaneously released. The trachea conveys the resulting
air stream to the larynx.
The larynx refers to an energy supplier to help inputs to the vocal tract, and the volume of air governs
the amplitude of the sound. The vocal folds at the base of the larynx and the glottis triangular-shaped
space between the vocal folds are the critical parts from a speech production point of view.
They separate the trachea from the base of the vocal tract. The types of sounds are determined by the
action of vocal folds, and we call it excitation. Normally excitations are characterized as phonation,
frication, and plosive.
Speech produced by phonated excitation is called the voice, produced by the cooperation between
phonation and frication is called mixed voiced, and produced by frication is called unvoiced (L.
Siegel 2009).
Voiced speech (periodic) is generated by modulating the air stream from the lungs, and the
generation is performed by periodically open and close vocal folds. The oscillation frequency of
vocal folds is called the fundamental frequency (F0), or equivalently, the pitch of the resulting sound
and it depends on the physical characters of vocal folds. Hence fundamental frequency is an
important physical distinguishing factor, which has been found effective for automatic speech and

speaker recognition. Vowels and nasal consonants belong to voiced speech.
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Mixed voiced speech (impulsive) is produced by the phonation plus frication and closure at some
point in the vocal tract, followed by a release of air. Actually, unlike the phonation that is placed
in vocal folds (the vibration of vocal folds), the place of frication is inside the vocal tract.

Unvoiced speech (noisy) is produced by a constriction of the vocal tract narrow enough to cause
turbulent airflow, which results in noise or breathy voice.

Vowel Plosive Fricative

(a) (b)

Figure 4 Illustration of changing vocal tract shapes (adopted from Ittansa K., 2014)

(a) Vowels (having a periodic source), (b) plosives (having an impulsive source), and (c) fricatives

(having a noise source)

2.2.2.2 Vocal Tract Articulation
The vocal tract is generally considered as the speech production organ above the vocal folds, which is

formerly known as vocal cords, and its shape is another important physical distinguishing factor.
It includes both the excitation organs and vocal tract organs. Lungs, trachea, and vocal folds are
regarded as organs responsible for excitation production. The combination nasal cavity and oral

cavity, in the picture, is referred to as the vocal tract.
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Figure 5 Vocal tract articulations (adopted from J. L. Flanagan, 2010)

While the acoustic wave produced by excitations is passing through the vocal tract, depending on the
shape of the vocal tract, the wave will be altered in a certain way and interferences will generate
resonances. The resonances of the vocal tract are called formants. The figure 6 shows a spectral
envelope and its formants. Their location largely determines the speech sound which is heard (Joe
Wolfe 2008).

The vocal tract works as a filter to shape the excitation sources. The uniqueness of the speaker's voice
not only depends on the physical features of the vocal tract but also on the speaker’s mental ability to
control the muscles of the organs in the vocal tract. It is not easy for the speaker to change the

physical features intentionally. However, these physical features are possibly being changed with

aging.
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Figure 6 Spectral envelope and its formants (adopted from Maéva Garnier, 2013)

2.2.3 Speech production model

As mentioned before, speech production is normally divided into three principal components:
excitation production, vocal tract articulation, and lips' and/or nostrils' radiation. As we separate the
speech production process into three individual parts, which have no coupling between each other, we
assume that these three components are linear, separate, and planar propagation (Joel Trussell 2014).
Furthermore, let’s think about speech production in terms of an acoustic filtering operation.
Consequently, we could construct a simple linear model, discrete-time filter model, for speech
production, which consists of excitation production part, vocal tract filter part, and radiation part
separately, as shown in the figure 7.

The excitation part corresponds to the vibration of the vocal cords (glottis) causing voiced sounds, or
to a constriction of the vocal tract causing a turbulent air-flow and thus causing the noise-like
unvoiced excitation. In terms of the LTI system model, the excitation is the input function e(n), the
vocal tract acts as the system impulse response h(n), lip radiation filter impulse response r(n) and the
speech is the output s(n). This system is not time-invariant, but for a short time interval of 10-30msec,

it can be viewed as a “piecewise” LTI system.
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Figure 7 Discrete-time speech production model

Thus, for a specific segment of speech, by using this model a speech can be computed as the product

of three respective (Fourier) transfer functions:

S (0w)=E (0) H (0) R () (2.1)
Where:

E (®): Excitation spectrum

H (w): Vocal tract filter

R (): Lip radiation filter

In time-domain, relation 2.1 will be presented as a convolution, combination of excitation sequence,

the vocal system impulse response, and the speech radiation impulse response:
S(n)=em)@ h(n)P r(n) (2.2)

As we know, the magnitude spectrum can be exactly modeled with stable poles, and the phase
characteristics can be modeled with zeros. Hence estimation for the true speech production model
shown in Figure 8, an all-pole model is valid and useful. LP model (all-pole model) has the correct
magnitude spectrum, but the minimum-phase characteristic is compared with the true speech model.

Figure 12 shows the estimated model using LP analysis, which is also called the source-filter model.
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The transfer function of an all-pole filter is represented by:

1
1-yP_ ak(jo)—k

H (o) = (2.3)

Where

p is the number of poles;

ay 1S the Linear Prediction Coefficients.

As a result of this estimation, the speech signal then can be represented as the product of two transfer
functions:

S (0) =E (0) H (®) (2.4)

Where E (o) is the excitation spectrum and H () is represented by (2.3). Consequently, in the time
domain, the speech signal is as follows:

S(n)=e () D h(n) (2.5)

2.2.4 Speaker-distinctive Characteristics
There are a variety of voice qualities that characterize a speaker, fundamental frequency, harmonic
structure, and intensity.
Speech is a difficult signal produced as a result of several conversions happening at numerous
different levels: semantic, linguistic, articulatory, and acoustic (Finch 2017).
Differences in these transformations look as differences in the audio properties of the speech signal.
Speaker-related differences are a result of a combination of anatomical differences inherent in the

vocal tract and the learned speaking habits of different individuals.
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In speaker recognition, all these differences can be used to distinguish between speakers. Human
perception of speech sounds is a complex process, to measure the speech waveform into
representative features, the consideration of the human auditory properties is essential.

2.2.4.1 Fundamental frequency
The direct result of vocal cord vibration is the fundamental tone of the voice, which determines its
pitch. In physical terms, the frequency of vibration as the foremost vocal attribute corresponds to the
number of air breaths per second, counted as cycles per second (cps or Hertz).
This frequency is controlled by a combination of effects, both stable and variable factors. The stable
determinants of the individual voice range depend on the laryngeal sizes as related to gender, age, and
body type.
The smaller a larynx, the higher its pitch range. In this individually fixed range, variables that
influence the pitch of a given phonation include the tension of the cord, the force of glottal closure
indicated by the glottal resistance, and expiratory air pressure.
During the speech, we repeatedly modify the tension and length of the vocal cords, and the air
pressure from the lungs, till we get the desired frequency.
The range of vocal cord frequencies used in normal speech covers from about 60 to 350cps (Jakobson

2014).
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Figure 9 Original signal of speech wave form
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Figure 10 Waveform and spectrograms of a speech signal.

2.2.4.2 Harmonic structure
The second quality of vocal sound, harmonic structure, depends on the waveform produced by the

vibrating vocal cords.

As a musical instrument, the human voice is not a pure tone rather, it is composed of a fundamental
tone (or frequency of vibration) and a sequence of higher frequencies called upper harmonics.

As long as the harmonics are exact multiples of the fundamental, the vocal will sound clear and
pleasant.

If non-harmonic components are added, increasing degrees of roughness, harshness, or hoarseness
will be perceived about the intensity of the noise components in the frequency spectrum.

The main harmonic structure is radiated into the vocal tract then. The shaping of the vocal tract

determines the modulation of the voice through resonance and damping.
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As a general rule and wide vocal tract enhances the lower harmonics, producing a full, dark, and
resonant voice. Conversely, shortening and narrowing of the vocal tract lead to higher resonances
with lightening of the voice and the perceptual attributes ranging from high-pitched and noisy to
constricted and guttural.

2.2.4.3 Intensity
Vocal intensity, the third major vocal attribute, depends primarily on the amplitude of vocal cord
vibrations and thus on the pressure of the subglottic airstream.
Another component of vocal intensity is the radiating efficiency of the sound generator and its
covered resonator. The larynx has been compared to the physical shape of a horn. This construction is
most efficient in acoustical practice, as seen in the shape of wind instruments, car horns, sirens,
loudspeakers, etc.
A well-shaped, wide, and flexible vocal tract enhances the projective potential of the voice.
Conversely, a morphologically narrow, pathologically constricted, or emotionally tightened throat
produces a quiet, constricted sound with poor carrying power.
Generally, the resonant effects of the vocal tract on the harmonic structure are reflected by the
spectral envelope of a speech segment. Individual formants usually present themselves with a peak in

the spectrum. In the figure 9 (b), the formants are reviewed.

2.3 Speaker recognition system
Speaker recognition is a system used to automatically identify a speaker from a recording of their

voice or speech utterance (Mokgonyane 2019).
Speaker recognition has two fundamental tasks, namely speaker verification and speaker

identification (Rania Chakroun 2019).
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Figure 11: Speaker Recognition fundamental tasks (adopted from Tumisho B., 2018)

2.3.1 Speaker identification and speaker verification

As already stated previously, speaker recognition systems can work in two different styles, speaker
verification or speaker identification.

Speaker verification is the way of deciding whether accommodating or eliminating the identity claim
of a speaker depends on a given voice sample. It could be useful in areas like cell phone or bank
account authentication. In a speaker verification system, an identity claim (for example a PIN code)
is first input to the system, and the unknown speaker’s voice sample is matched against the claimed
speaker’s voice template. During this, the system performs a 1:1 comparison. If the matching degree
between the speech utterances and the template surpasses a predefined decision threshold, then the
system produces a single decision either the speaker is accepted or rejected (Praveen P S 2017).

Figure 11 illustrates the major structures of speaker verification systems.
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Figure 12 Speaker Identification system (adopted from Tom Béckstrom, 2015)

On the other hand, in a speaker identification system, the user will not provide his identity to the

system. Instead, the user will input his speech and the system will decide which speaker model better

matches the speech input. In this case, the system has to perform N comparisons, N being the number

of speakers in the system database. Each comparison will produce a likelihood score so the system

will choose the identity attached to the most likely speaker model. This means that the kind of

decision will be “Speaker I” with i=1...N. It is clear that the speaker identification problem is more

complex than speaker verification and therefore, the results achieved in speaker identification systems

will be poorer than in speaker verification (Praveen P S 2017). In this thesis, Speaker Identification

was selected.

Figure 12 illustrates the major structures of speaker identification systems.
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2.3.2 Text-independent and text-dependent
The second possible classification method for ASRs can be based upon the text uttered by the speaker
during the identification process. In the text-dependent domain, a given sentence or word will be
always used for training and recognition. In this case, a two leveled security system is obtained.
Firstly, the voice has to be produced by an authorized user, and secondly, the user has to provide the
proper password (Tolba 2018).
Another kind of system can be included in the group of text-dependent recognizers. These are text-
driven systems. In this case, the system will ask the user to pronounce a given code (a sequence of
numbers) to prevent a phishing attack. In this case, an attacker should have voice registries of the
authorized user including all the possible combinations the system may ask for. The larger the number
of keywords used, the more robust system can be built (Praveen P S 2017).
On the other hand, text-independent systems do not care about the message contained in the speech
input. They only attend to speaker-dependent attributes of speech and do not rely on the sequence of
words pronounced by the speaker.
The recognition and training will be based on any utterance of speech produced by the speakers. The
text-independent case is much more flexible since it is not constrained to any kind of password. The
applications of this method are not only in biometric security but in any field which requires the
answer to the question “who said this?”
This thesis is based on this kind of system because of its flexibility. Text-independent security
systems might look unsafe because of the absence of a password. However, this is not true since
speech recognition can be combined with speaker recognition to introduce the password level. In this

case, speaker recognition will be separated from speech recognition in opposite to the case of text-
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dependent recognition (I. Y. Kelbesa 2014). In real-life situations, text-independent recognition
systems are more in demand.

Both systems can be defeated if the recorded voice of a registered speaker is played. A possible
solution to this condition is to go for text-prompted systems in which a new text is prompted every
time one operates a system. So using this technique recorded voice of an authorized user can also be

rejected making the systems perform in real-time.

Speaker Recognition

v v !

Number of speakers Broad sense Text dependency

Open Set Closed Set [dentification  Verification Text Dependent Text Independent

Figure 14 speaker recognition taxonomy (adopted from Tshephisho S., 2019)

2.3.3  Open-set and closed-set

The last method for classifying speaker recognition systems distinguishes between the possibility any
user in the world can try to enter the system or only a set of them will try to do it.

A closed-set recognizer will consider that the user who is trying to access the system belongs to a
group of known users. In this case, if a speaker identification system is being used, the decision taken
by the system will just be the most likely speaker to the speech input.

However, an open-set system will consider the possibility that the user who is attempting to enter the
system can be unknown. This means that there is not a model associated with this user and therefore
the decision taken by the system is that the user is unknown or an impostor.

There are three main methods to deal with this problem. The first one is including a model for
unknown speakers obtained from a large voice database including several speakers. The second is
setting a likelihood threshold so that if any of the speaker models' score overpasses this threshold, the
decision will be “unknown user”. The last one is a proper combination of both methods.

It is clear that open-set systems are more complex and match better the conditions in real life where a
listener does not have to be familiar with all the voices he hears every day. But in this thesis, we

considered closed-set text-independent (Prasanna 2014).
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2.4 speakers modeling

The objective of the modeling technique is to produce speaker models using speaker-specific feature
vectors. Such models will have enhanced speaker-specific information at a reduced data rate. This is
achieved by exploiting the working principles of the modeling techniques (Prasanna 2014).
Depending upon type of speech, ease of training, computational and storage requirements, and

expected performance the selection of modeling technique is made.
Speaker modeling has two broad categories that are generative and discriminative types.
2.4.1 Generative model

Generative models estimate feature distribution within each speaker. They only require training data
samples from the target speaker and form a statistical/non-statistical model that describes the target
speaker’s feature distribution. It includes Gaussian Mixture Model (GMM), Hidden Markov Model
(HMM), and Vector Quantization (VQ) (Pullella 2011) generative model also have sub-categories i.e.

parametric, non-parametric.
2.4.1.1 Parametric model

Parametric models are those which assume structure characterized by specific parameters. It consists
of GMM, HMM models. The form is limited and less data is needed to specify the density. The
advantages of these models are that efficient use of data is there, it is possible to model and
understand changes in data through changes in parameters, and statistical summaries can be used
rather than complete data (Suma Paulose 2017). The disadvantage is that the structure is restrictive.
GMM is the general parametric model that represents each speaker by a pdf (probability density
function) governing the distribution of his/her feature vectors. It can form smooth densities of
irregular shapes. In GMM for reliable density estimation, the number of required training samples
grows exponentially with the number of features. This is also called a Curse of dimensionality (S G
Bagul 2013). GMM can also use temporal information i.e. state transition probabilities; in that case, it

results in continuous HMM.

In statistical models, the pattern matching is probabilistic and results in a measure of likelihood or
conditional probability of the observation given the specific model. Classification is based on
probabilities /likelihoods rather than distances to average features. Each speaker is modeled as a
probabilistic source with a fixed pdf. In training, the parameters of pdf are estimated. There are two
models: the HMM (Hidden Markov Model) and GMM (Gaussian Mixture Model) (Nilu Singh 2018).

HMM is generally used for text-dependent tasks while GMM is used for Text-independent tasks.
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These can be trained using the Forward-backward algorithm and the Expectation-Maximization (EM)

algorithm. For text-independent speaker recognition where there is no prior knowledge of what will

be said the most successful model is GMM.

2.4.1.2 Non-parametric model

In non-parametric models, minimal assumptions regarding pdf are made. The most popular methods
are the Nearest Neighbor (NN), Vector Quantization (VQ), and Dynamic Time Warping (DTW)
(Yadav 2015). In VQ centroid of each cluster of features is computed. The collection of centroids is
called a codebook. The codebook for each speaker is generated using Linde Buzo Gray (LBG)
algorithm. The identified speaker is the one with minimum distortion. VQ is identical to the NN
model except that distances to nearest data representations are measured. Therefore it reduces
computation and memory demands as compared to NN.

The advantages of VQ have reduced storage for spectral analysis information. Due to the discrete
representation of speech sounds, we can associate a phonetic label with each codebook.
Disadvantages of VQ include inherent spectral distortion since finite numbers of codebook vectors
are therefore there is a certain level of quantization error. As the size of the codebook increases
quantization error decreases (Juang 2017).

In template (time-ordered set of features) models pattern matching is deterministic. The test data is
assumed to be an imperfect replica of the training data and distance is measured and the minimum
distance template is chosen. Many different distance measures are there like Euclidean Itakura,
Mahalanobis (J. P. Campbell Jr 2016). This method does not require any model training. DTW is
mainly used for text-dependent systems. Template models can be further categorized as time-
dependent (e.g. DTW) or time-independent (e.g. VQ). In time-independent models, all temporal
variations are ignored. A time-dependent model is more complicated as it must accommodate the
variability of the human speaking rate. In VQ larger codebook size is required for better efficiency
and also VQ codebook has to be updated from time to time to compensate for intra-speaker

variations.

2.4.2 Discriminative models
Discriminative model models the boundary between speakers. These require training data for both
target and non-target speakers and derive an optimal separation between the different speakers. It
includes models like Artificial Neural Networks (ANNs) and Supports Vector Machines (SVMs).

These modeling techniques can also be termed as soft computing modeling. The decision function
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between speakers is trained rather than forming individual speaker models (Kral 2010). The

advantages of these models include flexible architectures and discrimination training power.

Generally, most current speaker identification systems are either based on Bayes decision (like
Gaussian mixture model) or neural network classifier (like radial basis function neural network). The
limitation of them is that they need cross-validation to avoid over-training on a limited amount of

training data (Fenglei 2017).

This thesis presents a different approach to speaker identification using support vector machines
(SVMs). SVM is a learning method based on the statistical learning theory (SLT). SLT is a special
theory on machine learning in the case of limited learning data. SLT is based on a set of theories to
form a unit frame for limited sample learning problems. It can contain many current learning methods
and solve many problems, such as the construction selection of neural networks, local minimum, and
overfitting. SVM shows many good properties over other methods in solving limited sample problems
and non-linear high dimension pattern recognition problems. SLT and SVM are becoming the new
study hot area after the neural network, and will further develop the machine learning theory and
technology (W. M. Campbell 2006). SVMs have confirmed to be a powerful technique for pattern
classification. SVMs map inputs into a high-dimensional space and then separate classes with a

hyperplane.

2.5 Feature Extraction
Feature extraction starts from the first set of measured data and forms derived values (features)
proposed to be useful and non-redundant, help the subsequent learning and generality steps, and in
some cases leading to better human interpretations. Feature extraction is related to dimensionality
reduction (Philomina Simon 2020).
When the input data to an algorithm is too large to be managed and it is assumed to be redundant
(e.g. the same dimension in both feet and meters, or the repetitiveness of images presented as
pixels), then it can be changed into a reduced set of features called feature vector.
Determining a subset of the initial features is called feature selection (Mohana 2018). The selected
features are normal to contain the relevant information from the input data so that the wanted task
can be performed by using this reduced representation instead of the complete original data.
There are several feature extraction techniques, selecting accurate feature extraction, and
classification methods appropriate for the data set is very important. Since the performance of the
speaker identification system depends on the performance of the selected algorithm feature

extraction and its computation time. To extract spectral features from the voice-signal the most
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prominent classical state-of-the-art features extraction algorithms are used. These are Linear
Predictive Coding (LPC), Linear Predictive Cepstral Coefficient (LPCC), and Mel Frequency
Cepstral Coefficients (MFCC). However, in noisy environments, all of the classical algorithms are
not robust enough and it provides less accuracy (Jyoti B. Ramgire 2016). So, in this thesis, I used
deep learning speech feature extraction techniques.

2.5.1 Deep Learning Speech Feature Extraction Techniques

Deep learning is presently an effective research area in machine learning techniques and pattern

classification association. This has achieved big success in the areas of application namely computer

vision, speech recognition, and NLP (G. E. Hinton 2006) . This thesis gives the impact of feature

extraction that is used in a deep learning technique such as Convolutional Neural Network (CNN).
2.5.1.1 convolution neural network (CNN)

CNN is a category of a deep learning model for processing data that has a grid pattern, such as

images, which is inspired by the organization of the animal visual cortex (Chen MC 2018) and

designed to automatically and adaptively learn spatial hierarchies of features, from low- to high-level

patterns. CNN is a mathematical concept that is naturally composed of convolution, pooling, and fully

connected layers or building blocks.

Convolution and pooling layers perform feature extraction, while a fully connected layer, performed

classification.

A convolution layer plays an important role in CNN, which is collected of a load of mathematical

operations, such as convolution, a specialized type of linear operation.

In numerical images, pixel values are stored in a two-dimensional (2D) grid, that is an array of

numbers, and a small grid of parameters called the kernel, optimizable feature extractor, is applied at

each image position, which makes CNN's highly efficient for image processing, since a feature may

occur everywhere in the data.

The procedure of normalizing parameters such as kernels is called training, which is performed to

minimize the difference between outputs and ground truth labels through an optimization algorithm

called backpropagation and gradient descent, among others.
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Figure 15 general frameworks of CNN (Adapted from Henning Miiller, 2020).

2.5.1.2 Building blocks of CNN architecture
The CNN architecture contains several building blocks as mentioned above such as convolution

layers, pooling layers, and fully connected layers.

A typical architecture contains repetitions of a mass of several convolution layers and a pooling
layer, followed by one or more fully connected layers.

The stage where input data are changed into output through these layers is called forward
propagation. Although convolution and pooling operations defined in this section are for 2D-CNN,
similar operations can also be performed for three-dimensional (3D)-CNN (LeCun Y 2015).

Image input layer

The input layer is the input of the whole CNN and it is usually a multidimensional array of data. The
Input data can be a 2-D or 3-D image pixels or their transformation, patterns, time series, or audio
signals. This layer needs the image input size parameters such as width, height, and the number of
color channels. For instance, in a grayscale image, the number of channels is represented by 1, and
for colored images represented by 3 (Zahir H. 2020).

Convolution layer

This layer is the main component of CNN. CNN works on a layer-to-layer operation named
convolution. In the convolutional layers the activations from the input layers are convolved with a
set of small parameterized filters, frequently of size3x3, collected in a tensor W(j’ i), where j is the

filter number and 1 is the layer number.
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By having each filter share the same weights across the whole input domain, i.e. translational
equivariance at each layer, one achieves a drastic reduction in the number of weights that need to be
learned. The motivation for this weight-sharing is featured appearing in one part of the image likely
also appear in other is parts. If we have a filter capable of detecting horizontal lines, say, then it can
be used to detect them wherever they appear. Applying all the convolutional filters at all locations of
the input to a convolutional layer produces a tensor of feature maps.

The two significant hyperparameters that express the convolution process are the size and number of
kernels. So in this work, we use 3x3, but sometimes the other researchers also used 5 x5 or 7 x 7.
There is no pre-determined rule about the number of convolutional layers that are used to integrate a
CNN model. This is determined based on us’ amount of data sets.

However, from the literature, two to four layers have been implemented in different architectures
(Madhuri Yadav 2018). Convolution in a two-dimensional input image I in the first table and two-
dimensional kernels K in the second table is given by the following equation:

F(x,y) = (x+k)(x,y) =X m Yn x(m,n) k(x+m,y+n) 2.6

Where x and y are an image | coordinates whereas m and n are kernel K coordinates

The output of convolution operation after each operation is W output X H output X D output where:
W output = (W input-F+2P)/S)+ 1

H output = ((H input- F+2P)/S) + 1

D output =K 2.7

Where F is the filter size, P is the number of zero padding, S is the number of stride size, and K is

the number of filters applied.

Image

o i 3% ~
: Fiter Convolved

Feaure

Figure 16 an example of a convolution operation with a kernel size of 3 x 3

Figurel6 shows a convolution operation with a kernel size of 3 % 3, no padding, and a stride of 1.
Stride is a parameter of the neural network's filter that modifies the amount of movement over the
image or video. Neural network's stride is set to 1 meaning, the filter will move one pixel, or unit, at a
time.

The primary convolution layer extracts low-level searching features for case edges, corners, textures,
and shapes. The highest-level features are extracted in the last convolution layer.
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The convolution process needs the number of filters, the receptive field size or filter size, the stride
size, and the amount of zero-padding. The numbers of filters are used to control the depth of the
output volume but the receptive field size or filter size determines the size of each filter (kernel). The
stride size determines the number of pixels bounced when we slide the filter over the input feature.
The last parameter is the amount of zero-padding, which is used to control the size of the output. The
stride size of one and padding with “same” are applied when there is no change in the size of an input
volume during the convolution processes (Goodfellow 2016).

The process of training a CNN model about the convolution layer is to identify the kernels that work
best for a given task based on a given training dataset.

Kernels are the only parameters automatically learned during the training process in the convolution
layer; on the other hand, the size of the kernels, number of kernels, padding, and stride are

hyperparameters that need to be set before the training process starts.

Building  blocks  of | Parameters Hyperparameters

CNN

Convolution layer Kernels Kernel size, number of kernels, stride, padding, activation
function

Pooling layer None Pooling method, filter size, stride, padding

Fully connected layer | Weights Number of weights, activation function

Others Model architecture, optimizer, learning rate, loss function,
mini-batch  size, epochs, regularization,  weight
initialization, dataset splitting

Table 3 lists of parameters and hyperparameters of CNN

Note that a parameter is a variable that is automatically adjusted during the training process but a

hyperparameter needs to be set beforehand.
Activation functions (Non-linearity)

This layer is the energetic component of a neural network that decides whether the output of a neuron
is activated or not. The output of the activation function is always similar to its input dimension
because no parameters are learned from them. After linear layers, it is common practice to apply
nonlinear activation functions (Ramachandran P 2018). There are different activation functions; such
as sigmoid, tanh, and ReLU activation functions. However, Rectified Linear Unit (ReLU) is
preferable because CNNs with ReLU activation functions can be trained several times faster by

keeping up the gradient more or less constant at all network layers than the same networks using tanh
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and sigmoid functions. Also, ReLUs do not need input normalization to prevent them from saturating
a ReLU layer implements a threshold operation to each element of the input, where any value less

than zero is set to zero. This mathematical operation is equivalent to:

(0, x<0
f(x)—{x’ >0 2.8

(a) ReLU 10 (b) sigmoid 1.0 - (c) tanh 1.00

6 - 06 0.25

r 1
-100 -75 =50 - 25 5.0 75 10.0

T T T T
-100 -75 -50 -25 0.0 25 5.0 75 100 -100 -7. 25 5.0 75 10.0

Figure 17 Activation functions commonly applied to neural networks

Pooling layers

A pooling layer provides a typical pooling operation which reduces the dimensionality of the feature
maps to present conversion invariance to small shifts and distortions and decreases the number of
successive learnable parameters. There is no learnable parameter in the pooling layers, whereas filter
size, and stride is hyperparameters in pooling operations.

There are different types of pooling but the most common pooling layer types are max pooling and
average pooling. Max pooling, which extracts areas from the input feature maps, outputs the
maximum value in each area, and discards all the other values a max-pooling with a filter of size 2 x 2
with a stride of 2 is commonly used in practice. This downsamples the in-plane dimension of feature
maps by a factor of 2. Unlike height and width, the depth dimension of feature maps remains

unchanged (LinM 2018)

20 8 11 5 17 23 18 20

8 10 19 21 8 11 14 13

12 3 17 9 | 18 7 Average Pooling
5 10 3 7 1 15

M|l ol 112|193 \ 20 | 23

17 12 = 14 8 7 17 19

Max Pooling

Figure 18: Pictorial representation of max pooling and average pooling.
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An example of max pooling operation with a filter size of 2 x 2, no padding, and a stride of 2, which
extracts 2 x 2 patches from the input tensors, outputs the maximum value in each patch, and discards
all the other values, resulting in downsampling the in-plane dimension of an input tensor by a factor
of 2. An average pooling performs an extreme type of downsampling, where a feature map with a size
of height x width is downsampled into a 1 X 1 array by simply taking the average of all the elements
in each feature map, whereas the depth of feature maps is retained.

Fully connected

The output feature maps of the final convolution or pooling layer are typically flattened or
compressed, which means changed into a one-dimensional (1D) array of numbers (or vector in which
every input is connected to every output by a learnable weight.

Once the features extracted by the convolution layers and downsampled by the pooling layers are
created, they are mapped by a subset of fully connected layers to the final outputs of the network,
such as the probabilities for each class in classification tasks.

The final fully connected layer usually has a similar number of output nodes as the number of classes.
In an end-to-end CNN model fully connected applying before a classifier SoftMax classifier layer.

Last layer activation function

The activation function applied to the after fully connected layer is usually different from the others.
An activation function applied to the multiclass classification task is a softmax function that
regularizes output real values from the after fully connected layer to mark class likelihoods, where
each value ranges between 0 and 1 and all values sum to 1. The formula of softmax is:

e?J

m for,; =1,2...K 2.7

Softmax(zj) ==

Where K is the number of classes.
The values can now represent a probability distribution over K different results.
The usual choices of the last layer activation function for various types of tasks are summarized in the

table 4.

Task Last layer activation function
Binary classification Sigmoid
Multiclass classification Softmax
Regression to continuous values Identity

Table 4 commonly applied last layer activation functions
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Training a network and its challenge

Training a network is a process of discovering kernels (fruits) in convolution layers and weights in
fully connected layers which reduce variances between output estimates and given ground-truth labels
on a training dataset.

The backpropagation algorithm is the system normally used for training neural networks where loss
function and gradient descent optimization algorithm play essential roles.

A model performance under particular kernels and weights is calculated by a loss function through
forwarding propagation on a training dataset, and learnable parameters, namely kernels and weights
are updated according to the loss value through an optimization algorithm which is called
backpropagation and gradient descent, among others.

Gradient descent

Gradient descent is normally used as an optimization algorithm that repeatedly updates the learnable
parameters which are the kernels and weights, of the network to reduce the loss.
The gradient of the loss function offers us the direction in which the function has the sharpest rate of
increase, and each learnable parameter is updated in the negative direction of the gradient with an
arbitrary step size determined based on a hyperparameter called the learning rate.
The gradient is, mathematically, a partial derivative of the loss for each learnable parameter, and a
single update of a parameter is formulated as follows:

W= w—ocg—va 2.8
Where: w stands for each learnable parameter, a stands for a learning rate, and L stands for a loss
function. in practice, a learning rate is the most important hyperparameters to be set before the

training starts.

In practice, for motives such as memory limitations, the gradients of the loss function about the
parameters are computed by using a subset of the training dataset called mini-batch and applied to the
parameter updates. This method is called mini-batch gradient descent, also frequently denoted as
stochastic gradient descent (SGD), and a mini-batch size is also a hyperparameter. Also, many
improvements on the gradient descent algorithm have been proposed and widely used, such as SGD
with momentum (Ruder 2016). But there are other optimization methods Adagrad, AdaDelta,

RMSprop, and Adam are the most commonly used optimization algorithm.

The main role of Adagrad is to calculate the adaptive learning rate during training. For this method,

the summation of the magnitude of the gradient is considered to calculate the adaptive learning rate.
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When the number of epochs increases the summation of the magnitude of the gradient becomes large.
This makes the learning rate decrease radically and leads the gradient to approach zero quickly. This

causes problems during training.

Later, RMSprop was proposed considering only the magnitude of the gradient of the immediately
previous iteration, which prevents the problems with Adagrad and offers improved performance in
some cases. Then the Adam optimization approach is proposed based on the momentum and the
magnitude of the gradient to calculate the adaptive learning rate as similar to RMSprop. However,
Adam enhances the overall accuracy and helps for efficient training with the better convergence of

deep learning algorithms (Vina Ayumi 2016).
Data and ground truth labels

Data and its preparation are the most important components in research applying deep learning or
other machine learning methods.

To obtain better results, careful collection of data and ground truth labels with which to train and test
a model is required for successful deep learning development, but obtaining high-quality labeled data
can be costly and time-consuming (Clark K 2017).

Available data are typically split into three sets: training, validation, and a test set.

A training set is used to train a network, where loss values are calculated by forwarding propagation
and learnable parameters are updated by backpropagation.

A validation set is used to assess the model during the training process, perfect hyperparameters, and
perform model selection.

A test set is ideally used only once at the very end of the thesis to evaluate the performance of the
final model that was perfected and selected on the training process with training and validation sets.
Separate validation and test sets are needed because training a model always involves adjusting its
hyperparameters and performing the model selection.

This process is done based on the performance on the validation set, some information about this
validation set losses into the model itself that is overfitting to the validation set, even though the
model is never directly trained on it for the learnable parameters. For that reason, it is guaranteed that
the model with perfected hyperparameters on the validation set will perform well on the same
validation set.

Therefore, a completely unseen dataset, that is a separate test set, is necessary for the appropriate
evaluation of the model performance, as what we care about is the model performance on never-

before-seen data which is generalizability.
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It 1s worthy to mention that the term ‘“validation” is used differently in the machine learning field

(Park SH 2018).
Overfitting

Overfitting refers to a situation where a model learns statistical consistencies specific to the training
set, which ends up learning the unrelated noise instead of learning the signal, and, therefore, performs
less well on a successive new dataset.

This is one of the main challenges in machine learning, as an overfitted model is not generalizable to
never-seen-before data. In that sense, a test set plays an essential role in the proper performance
evaluation of machine learning models, as discussed in the previous section. A tedious check for
recognizing overfitting to the training data is to monitor the loss and accuracy of the training and
validation sets. If the model performs well on the training set compared to the validation set, then the
model has likely been overfitting to the training data.

There have been several approaches proposed to minimize overfitting. The best solution for reducing
overfitting is to obtain large training data. A model trained on a larger dataset typically generalizes
better, however, that is not always possible in the audio data.

The other solutions include regularization with dropout or weight decay, batch normalization, and
data augmentation, as well as reducing architectural complexity.

Dropout is a recently introduced regularization technique where randomly selected activations are set
to 0 during the training so that the model becomes less sensitive to specific weights in the network
(Hinton GE 2012).

Weight decay also referred to as L2 regularization, reduces overfitting by punishing the model’s
weights so that the weights take only small values.

Batch normalization is a type of additional layer that adaptively normalizes the input values of the
following layer, justifying the risk of overfitting, as well as improving gradient flow through the
network, allowing higher learning rates, and reducing the dependence on initialization (Ioffe S 2015).
Data augmentation is also effective for the reduction of overfitting, which is a process of modifying
the training data through random transformations, such as reversing, translation, cropping, rotating,
and random erasing so that the model will not see the same inputs during the training iterations
(Zhong Z 2017).

Despite these efforts, there is still a concern of overfitting to the validation set rather than to the
training set because of information leakage during the hyperparameter adjustment and model
selection process. Therefore, reporting the performance of the final model on a separate test set, and
ideally on external validation datasets is vital for verifying the model's generalizability.
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Figure 19 A routine checks for recognizing overfitting

Dropout

Dropout is the simplest and efficient regularization technique to reduce overfitting to some extent. If
the training accuracy is significantly higher than validation accuracy or the training loss is
significantly less than validation losses, then that is overfitting. If training accuracy is significantly
less than validation accuracy or the training loss is significantly greater than validation loss, then that
is underfitting. Overfitting gives an insight that the network has memorized training data very well
but is not guaranteed for unseen data. So, to minimize this problem dropout turns off a randomly
selected fraction of neurons within a layer during the training process. In this case, all the neurons are
not active at the same time. Hence, the inactive neurons will not be able to learn anything. The
number of fractions of neurons you want to turn off is decided by a hyperparameter. In most cases,
the dropout turns off parameter value is between the ranges

2.6 Evaluation technique

Different performance metrics are used to evaluate the performance of the proposed model. Among
these, accuracy, precision, recall, and f1-score are used extensively for measuring the performance of

the proposed model (Anderson 2020).

37



Accuracy: is the ratio of true positives (true negatives and true positives) against the whole
population. However, accuracy may mislead the value of the model if the class is not balanced.
Mathematically it is expressed as: Accuracy = (TP + TN) / (P +N)
Precision: is the ratio of true positives against the whole positives. Mathematically, it is expressed as
Precision=TP /P
Recall or sensitivity: is the ratio of true positives against the whole true or correct prediction. It
computes how well the model avoids false negatives. It is also known as true positive rate or hit rate.
Recall = TP / (TP +FN)
F1-score is the weighted average precision and recall. The relative contribution of precision and recall
to the F1-score are equal.
F1-score =2 * (precision * recall) / (precision + recall)

2.7 Related works
In speaker recognition, several studies and researches have been conducted by different researchers
on different languages. In this topic, related works that are done in speaker recognition for different
foreign and local languages are reviewed as follows.
Supaporn B.T.1.(2019) Presented “Text-independent speaker identification using deep learning model
of convolution neural network”. Their motivational intention was to solve the two difficult challenges
in speaker recognition. These challenges were using a text-independent utterance and using short
utterances of speech to develop a speech recognition model. As a pre-processing phase, first, they
were trying to transform each sample short utterances of the speech signal to a gray-scale spectrogram
image. To collect their dataset, they were used a dataset of 5 Thai language speakers from social
media (YouTube). Each speaker sample utterances were segmented into 100 samples of 2 seconds
through MATLAB. Then, to conduct their experiments they used 80 samples for training and 20
samples for testing from each speaker. They try to conduct three experiments. The first one is by
using MFCC as feature extraction and by using SVM as a speaker modeling technique. The second
one is by using the raw waveform signal image as input to CNN. The third one is by using a
spectrogram as input to end-to-end CNN. Then, they got an average accuracy of 91.26 %, 49.77%,
and 95.83% is obtained for experiment numbers 1, 2, and 3 respectively. Finally, they concluded that
CNN with spectrogram image input is very capable for the text-independent approach. However, the
used dataset is limited and their dataset is not public since they didn’t describe the detailed
information about the used audio samples. On the other hand, SVM has good generalization ability
and can solve the small sample problem. Therefore, we proposed a CNN-SVM combined model to

make use of their advantages.
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Ankur Mauryaa (2017) in their work entitled “Speaker Recognition for Hindi Speech Signal using
MFCC-GMM Approach” presented text-dependent and text-independent speaker identification for
the Hindi language. They were used Mel frequency cepstral coefficient (MFCC) as a feature
extraction technique for both text-dependent and text-independent applications. As speaker modeling
technique they were used vector quantization (VQ) and Gaussian mixture model (GMM) for text-
dependent and text-independent tasks respectively. To train their model they used a dataset of 15
speakers (10 male and 5 female). From each speaker, 17 speech samples were collected. Finally, they
found an accuracy of 77.64% and 86.27% for text-independent MFCC-VQ and MFCC- GMM
respectively. However, for text-dependent, they found an accuracy of 85.49 % and 94.12 % for
MFCC-VQ and MFCC-GMM models respectively. However, GMM fails to work if the
dimensionality of the problem is too high.

Radoslaw Weychan (2010) in their work carried out experiments base on a database of short polish
language utterances. The scope of their study was to develop a fast speaker recognition using a
Iseconds record of polish language utterances. However, characteristically automated speaker
recognition systems may need up to 7seconds. To achieve the scope of their study they were used
Mel Frequency Cepstral Coefficients (MFCC) as features, Gaussian mixture model (GMM), and
vector quantization (VQ) as feature matching techniques. To train their model they used a dataset of
25 speakers. Finally, they found an accuracy of 90% and 84% results for GMM and VQ respectively.
However, GMM and VQ are Template matching algorithms. This is ineffective in terms of both
required storage and processing power needed to perform the matching.

Aykefam (2015) presents the implementation of a text-independent speaker identification system for
the Ambharic language. As a feature extraction method, they have used MFCC, AMFCC, and
AAMEFCC and as a speaker modeling, they have used VQ and GMM. To implement his work, they
have used a dataset of 50 speakers (25 male and 25 female). And each speech signal was taken with a
sampling frequency of 16 kHz and 16 bits. They were trying to conduct the first experiment on a total
of 50 speakers using MFCC features and they got 74.2% accuracy for VQ and 84.3% for GMM.
However, they were got improved results when they were used an increased number of features
AMFCC and AAMFCC. After the first experiment, they have conducted the second experiment based
on gender groups using 25 males and 25 females. Then, the accuracy will be achieved at 86.2% and
85.9% for males and females respectively. Finally, they have conducted the last experiment based on
age groups by considering 20 speakers whose age is less than or equal to 40 years and 20 speakers
whose age is greater than 40 years. And they were got 86.8% accuracy for the age group that is less
than or equal to 40 years and 86.3% accuracy for the age group is greater than or equal to 40 years.
Finally, it was concluded that speaker identification is age and gender-dependent. However, MFCC is
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disposed to background noise and it considers only the power spectrum of a signal. To handle this
problem we used a convolutional neural network since CNN can hand the noise by itself.
Abrham(2017), has implemented text-independent speaker identification for the Amharic language in
a noisy environment.

As a feature extraction technique, they used hybrid MFCC and GFCC feature vectors and for speaker
modeling, they were used VQ, BPNN, and GMM models. The study aimed to analyze the
performance of different algorithms for speaker identification. First, they were used Principal
component Analysis for feature reduction from 39 feature vector dimensions of MFCC and GFCC to
24 feature vectors. Then, they used a Genetic algorithm for feature reduction from 24 feature vector
dimensions to 14 feature vectors. For them, this enables to reduce the training time of the system.

To implement their work, they used a dataset of 90 speakers. Three utterance samples were gathered
from each speaker with a time of 10 seconds long. 270 speech records were recorded at each sampling
rate of 16 kHz and 16-bit using an audio recorder. Based on their experiment, as a result, they were
got an accuracy of 59.2%, 70.9%, and 84.7% for VQ, GMM, and BPNN respectively. Using hybrid
features and a sufficient amount of dataset for speaker recognition enhances the accuracy of the
system as compared with the previously reviewed literature. However, these classical pattern
recognition models use handcrafted features and a comparatively simple trainable classifier. In
addition to this, BPNN may not converge quickly during the training and it is too slow for real
applications. Handcrafted features require domain knowledge for researchers to be designed and take

a long time to be tested and selected for high classification performance.
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Authors and | Features Recognition | Dataset Best result in % Limitations
year technique technique
(Aykefam MFCC, VQ, 50 74.2 and 84.3 In background noise,
Azene, 2015) iyﬁggcand GMM speakers | for VQ, GMM | MFCC doesn’t
respectively for | perform precise
a total of 50 results and its
speakers 86.2 efficiency could be
for 25 males, influenced by the
85.9 for 25 number of filters
females
(Abrham MFCC, VQ, BPNN, | 90 59.2 for VQ, BPNN may not
Debasu, GFCC &GMM speakers 70.9 for GMM, | converge quickly
Dagnachew 10-second | 84.7 for BPNN | during the training
Melese,2017) duration and it is too slow for
270 real applications b/c
samples it can be quite
sensitive to noisy data

Table 5 comparisons of various feature extraction and recognition techniques for speaker

identification in Amharic languages
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CHAPTER THREE
3 DESIGN OF AUTOMATIC SPEAKER IDENTIFICATION

3.1 Introduction
A speaker recognition system is molded by various massive systems each of which response to

different tasks. As already mentioned, a speaker recognition system can perform in training and
testing models. The speech input signal is initially digitalized, pre-emphasized, and segmented into
short quasi-stationary frames, windowing, silence removals, change into a spectrogram, resize, and
change RGB to grayscale. Because, RGB has a 24-pixel value in the three colors but in grayscale, it
is 8-pixel values. After that, a feature vector is extracted from each frame.

This feature vector represents a speech properly just by taking the speech parameters which are
significant for the speaker recognition duty.

Training model: - The speaker's identity is recognized as a priori. The speaker produces a given
length voice signal that is similar to all the speakers. The feature vectors are got in a similar way as
in the earlier model and also, each frame is classified using the voice classification algorithm.

The speaker models are initialized so that they get some values that are supposed to be a good start.
Each speaker is harmonized with N models, being N the number of classes into which voice is
classified. Then, the pattern matching algorithm re-estimates the values using the order of feature
vectors and the voice class category information.

Testing mode: - In this case, is a single random word or phrase speech input that is produced by a
priority unknown speaker. In the feature extraction procedure, an arrangement of feature vectors is
found. This sequence is compared with a given set of speaker models using a pattern-matching
algorithm (SVM). This algorithm produces a probability score for each frame and speaker. With this
information, a decision-making algorithm gives an estimation of which was the speaker that

produced the speech signal.
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Figure 20 detail a diagrammatic representation of the Speaker identification system

The detail of the diagram is to be discussed as follows. Generally, all these procedures can be divided
into four main subsystems.
Signal pre-processing: separating the voiced and silence/unvoiced portion of the captured signal is
usually supported as a crucial step in the advance of a reliable speech or speaker recognition system.
Because most of the speaker-specific characters are present in the voiced part of the speech signals.
Similarly, the extraction of the voiced part of the speech signal by marking and removing the silence
and unvoiced part leads to a large reduction in computational complexity at future stages. Mainly, it
includes the A/D conversion, basic filtering, and segmentation into frames, etc. (Kasymbek. A
2017).
Feature extraction: The human voice contains numerous discriminative features that can be used
to identify speakers. Feature extraction is one of the most important aspects of speaker recognition

and generates a vector that represents the speech signal (M. M. Thipe Modipa 2019).
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3.

Modeling: this subsystem has the voice classification algorithm and the right pattern matching
algorithm. It also holds a database of speaker models and an algorithm to initialize a model
prototype when a new user has to be added to the system. Its functions are to initialize and re-
estimate speaker models in the training phase and to output a likelihood score for each speaker in
the testing phase (Ruili Wang 2017).

Decision: this subsystem gives the final result taken about the estimated speaker who produced the
test utterance in the testing phase. This decision is based on the likelihood scores given by the
pattern matching system.

3.2 Signal Preprocessing

Before the feature extraction phase, the speech signal that is used either as training or as test input
data to the speaker identification system has to be preprocessed.

The purpose of preprocessing is to derive a set of parameters to represent speech signals in a form
that is suitable for successive processing and to process the sampled speech signal and produce a
representation that is independent of amplitude variations, speaker stress, and noise introduced from
the transmission medium (B. Singh 2012).

Speaker identification is worked using the two different modes called training, and testing. For all
training and testing modes, the following common procedures are performed. The gathered speech
signal is sent to the preprocessing step. After receiving the speech signal the preprocessing stage of
the speech is started. The preprocessing includes file format conversion, Pre-emphasis, framing, and
windowing operations then remove silence. After preprocessing the signal is converted to
spectrogram images by applying a fast Fourier transform digital signal processing technique. Then
the generated RGB spectrogram images are changed to grayscale then it is given to the feature
extraction block. Then, feature vectors are extracted by a convolutional neural network from each
spectrogram image of a signal and are used for model training and testing. Finally, the trained model

prints out the speaker’s identity in the last block of the model.

3.2.1 A/D Conversion

The voice signal is by default a continuous air-pressure signal that can be taken by a microphone.
The recorder converts this pressure-signal into a continuous electrical signal. The A/D converter
goal is to convert this continuous representation into the discrete domain so that it can be processed
in the digital domain (I. Y. Kelbesa 2014). To do this operation, the A/D module takes a sample of
the original signal with frequency (fs) called sampling frequency.

According to the Nyquist theorem, this sampling frequency must be at least double the input signal’s
bandwidth to avoid spectral aliasing. In speech signal this bandwidth can be approached to 8 kHz
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since above this boundary there is no relevant information, so a sampling frequency is 16 kHz. Also,
most of the information in the speech is located below 4 kHz. This is abused by the telephone lines
which apply a 4 kHz low pass filtering to the voice signals. Thus telephone lines decrease
significantly the speech signal bandwidth without an important loss in the quality of speech.

The A/D converter also quantizes the amplitudes of the samples obtained into symbols or sequences
of bits. This is called PCM (pulse code modulation). Normally 8 to 16 bits provide sufficient
resolution in the voice signal quantization then coding it.

3.2.2 Pre-emphasis

Usually, speech is pre-emphasized before any further processing. Pre-emphasis is a process of
passing the signal through a filter, which emphasizes higher frequencies. In the speech signal, most
of the energy is carried by the low frequencies. When the frequency increases pre-emphasis also
increases the energy of the signal. It also serves to emphasize the formant peaks, to make them more
“visible” in the spectrum. Pre-emphasis makes the spectrum flatter by raising the energy in the high-
frequency region.

The pre-emphasis filter is designed to compensate for the effect of the glottal-source and energy
radiation from the lips (Kushagra 2016). When the spectrum of the recorded speech signal is 6
dB/octave lower than the original, i.e. vocal tract and spectrum. In a digital signal processing
system, pre-emphasis is a digital high pass filter that processes the digitized speech signal. The high-
pass filtering action may be achieved digitally using the first-order difference equation. Such filter is
implemented by the formula:

Y (n) =s (n)-as (n-1) 3.1)

Where y(n) denotes the current output sample (n is the sample index) of the pre-emphasis filter, s(n)
is the current input sample, s(n-1) is the previous input sample and ‘a’ is a pre-emphasis constant
and its transfer function is given by:

Y (z) =1-az-1 (3.2)

Where a > 0 controls the slope of the filter, in speech recognition experiments, ‘a’ varies from 0.94
to 0.97 with 0.95 as the most commonly used value.

The magnitude response and phase response of the first order FIR filter with 0.97 pre-emphasis
factors are shown in the figure 21. Consequently, the output is formed as follow:

The goal of pre-emphasis is to reward for the high-frequency part that was suppressed during the
sound production mechanism of humans. Moreover, it can also amplify the importance of high-

frequency formants. The next example demonstrates the effect of pre-emphasis.
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Figure 21: Magnitude responses and Phase response of a first order

FIR filter the first-order FIR filter with a 0.97 pre-emphasis factor works as a high pass filter.

3.2.3 Framing

Speech is a non-stationery signal and its characteristics may change in a very short time instances.
To capture the variability in the waveform, every state-of-the-art system firstly segments the signal
into frames. At a given, very short time frame (10-30ms), the speech segment is close to stationary.
In this interval, the speech signal remains unchanged. The features are extracted from these frames.
The original Fourier transform operates on a signal of theoretically infinite length, so the Short-time
Fourier transform (STFT) requires that each frame be somehow explained to infinite length. For
extracting the spectral features of a speech signal a short-time analysis is applied (A. Ahmad 2015).
When the signal is blocked into frames of N samples, between two adjacent frames; there is an
overlap of M samples (hope size). The usefulness of overlapping is given by the fact that a single
frame in uniform segmentation can contain a non-stationary transition between two frames. Usually,
the overlapping region ranges from 0 to 75% of the frame size. But, an overlap of half the window
size (or less) is representative.

In this thesis, we used 0.025-sec frame duration and 16000 sampling frequency with 50 % overlap.

Figure 9(a) illustrates the blocking into frames for the case in which M = (1/2) N.
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3.24 Windowing
Once the frame blocking procedure is completed, to every frame a windowing function is applied to

suppress the effect of discontinuities at frame edges. The purpose of the windowing is to reduce the
effect of the spectral artifacts that result from the framing process. The DFT computation assumes that
the input signal repeats over and over. If there is a gap between the first point and the last point of the
signal, artifacts occur in the DFT spectrum. By multiplying a window function to easily reduce both
ends of the signal near zero; these unwanted artifacts can be avoided. Windowing in the time domain is
a point-wise multiplication of the frame and the window function.
According to the convolution theorem (Blackledge 2005), this corresponds to the convolution of the
short-term spectrum with the window function magnitude response. Hence each frame is multiplied
with a window function w (n) with length N+1, where N is the length of the frame. The most popular
window is the Hamming window (A. Ahmad 2015).
The hamming window, as shown in figure 23, is usually used in speech signal spectral analysis,
because its spectrum falls off rather rapidly so the resulting frequency resolution is improved, which is
suitable for detecting formants. The mathematical expression of the Hamming window is shown in
Equation 3.3.

W (n) =0.54 — 0.46cos (2nn/N-1) n=0, 1, 2....N-1 (3.3)

hamming and hanning windows
1 ——— L

h hamming
// \ hanning

0 10 20 30 40 50 60 70
sample number

Figure 23: Comparison of Hanning and Hamming window

3.3 Silence Removal of Speech Signal
Silence removal and filtering is the process of extracting out the silence part from the speech signal;

otherwise, the training might be seriously biased. Speech is not produced in the silent region, but in
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unvoiced regions, the vocal cords do not vibrate, which makes the resulting speech waveform periodic
or random.
In the voiced region, the vocal cords are tensed and therefore vibrate periodically when air flows from
the lungs, so the resulting waveform is quasi-periodic.
It should be clear that the segmentation of the waveform into the defined regions of silence unvoiced
and voiced is not exact; it is often difficult to distinguish a weak, unvoiced sound from silence or
weak voiced sound from unvoiced sounds or even silence. But, it is not always serious to segment the
signal to that much less than several milliseconds; therefore, minor errors in boundary locations
usually have no consequence for most applications. Meanwhile, for many of the sensible cases, the
unvoiced parts have low energy content and thus silence (background noise) and unvoiced part is
assessed together as silence/unvoiced and are categorized from the voiced part (D. A. Reynolds 1997).
To remove those silence parts we used frame by frame methods.

3.3.1 speech silence removal using frame by frame
The method used in this work is simple and may overcome the problem of removing silence from the
speech.
To remove silence from the speech using frame by frame methods first, the audio is loaded and the
original signal is plotted. To remove silences, the signal is first split into frames of 10s. The speech
signal is then divided into intervals within each frame without any overlapping. The timing used for
splitting the framing is energetic as it determines the frame length and also the number of frames.
Through the use of looping, each frame is next extracted and the non-silent frames with the maximum
amplitude of less than 0.03 are identified.
This task is repeated until it reached the end of the signal. Once no more frames can be extracted in the
process, the new signal is then plotted without the silence signal.
Initially, K is assigned as 1 to start the looping and its value will increase after each loop as we can see

in the flow chart.
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Figure 24 frame by frame silence removal technique flow chart.
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3.4 Spectrogram
The speech signal is one-dimensional and non-stationary. This means that the frequency domain of

the signals does not remain constant to the time variable. In terms of data exist speech signal exists
only in one dimension while image exists in 2D space. To implement deep learning convolutional
neural networks for the speaker recognition task, first our wave file audio dataset signals are
converted from one -dimension signal to a two-dimensional spectrogram image and save as an image
file in PNG format. A spectrogram is a visual representation of the spectrum of frequencies in a

sound.

The Time-frequency (spectrogram) representation of a signal describes how a spectral component in
a signal evolved in the function of time. This approach enhances the patterns that may not be visible
in the original signal and directly show relevant information in the audio signal. Where the horizontal
dimension represents time (reading from left to right), and the vertical dimension represents

frequency.

To convert the speech signals into a spectrogram image the Short-Time Fourier Transform (STFT) is
used. The Short-Time Fourier Transform (STFT) is preferred as it represents the spectrum changing
over time. STFT uses a sliding FFT window to obtain spectra for each segment in time of the
original signal.

To generate the spectrogram image, we used the spectrogram function with its input parameters like
speech signal, sampling frequency, windowing, noverlap, and nfft as shown below:

S = spectrogram (Signal, w, noverlap, nfft, fs);
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Where Signal is the input speech signal, w is the frame size or window length which divides the
speech signal into several segments and performs the windowing function. It is calculated by

multiplying the fs with its frame duration.

Noverlap or hop size is the number of overlap samples between each adjacent segment. Its value is
found by multiplying the frame size with 50 % overlap. NFFT is the number of discrete Fourier
transform (DFT) points. Its value is taken as the maximum value between the range (256,
2”nextpow?2 (Frame size)). Finally, fs are the sampling frequency of a signal which is 16 kHz. The

number of frames is calculated by dividing the length of a signal (fs*10sec) by frame size.
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Figure 28 spectrograms of the speech signal
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3.5 Resizing

The original generated spectrogram images have 560 by 420 dimensions and scale. Training our
model CNN using this large image size using a local machine is impossible. So, to simplify this
challenge we used the image resize MATLAB function.

To reduce the visual distortion or the information loss caused by the image resizing process we used
the bicubic interpolation technique (Han 2013). The original RGB image is resized to 224 by 224-
pixel images. To do this we used the following pseudo-code algorithm: a distortion or rotating an

image.

Step1: Input: Accept the input image.img

Step2: Output: an array of resized image (to [output Size])

Step3: im = imread(filename.png)

Step4: Image = imresize (im, [output Size], 'cubic')

Step5: Image = image to array (Image)

Step6: Return Image
Step7: End

Table 6 Spectrogram Image resizing algorithm

3.6 Grayscale
A grayscale level is a range of monochromatic (gray) shades from black to white therefore a

grayscale image contains only shades of gray and no color. Grayscale images are those images
where color information is missing and all color information is converted into the grayscale format.
Gray-scaling is the process of converting a continuous tone image to an image that a computer can
manipulate while gray scaling is an improvement that requires larger amounts of memory because
each dot is represented by from 4 to 8 bits.

A digital image is composed of groups of three pixels with colors (RGB) called channels in digital
imaging each channel also contains a luminance value to determine the color to get a grayscale
image, the color information from each channel is removed leaving only the luminance values and
that is why the image becomes a pattern of light and dark areas empty of color essentially a black

and white image (Kriti 2019).
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Figure 29 grayscale image.
3.7 Feature extraction
3.7.1 Introduction
In the literature review, we discussed how the human speech was produced to find the speaker-
specific characteristics of the speaker recognition task. To make the human speaking production
processable from the signal processing point of view, discrete-time modeling was discussed to model
the procedure as a source-filter model, where the vocal tract is viewed as a numerical filter to shape
the sound sources from vocal cords. The speaker-specific characteristics include two main sources:
physical (low-level cues) and learned (high-level cues). Although high-level features are recently
exploited successfully in speaker recognition, especially in noise environments and channel
mismatched cases, our attention is on the low-level spectral features because they are widely spread,
easy to compute and model, and are plentiful more related to the speaking production mechanism and
source-filter modeling. With an overview of the mechanism of speech production, the aim of the

front-end processing becomes clear, which is to extract the speaker's discriminative features.

3.7.2 Review of Feature Representations
The function of the measurement phase of a speaker recognition system is to perform several
characterizing measurements on the voice pattern under test. The speaker's exact characteristics of
speech can be considered physical and learned. The physical characteristics are the inherent part
shapes and sizes of the speech production organs, like vocal folds and vocal tract. Since the
resonances of the vocal tract and the characteristics of the sound energy sources depend upon just

these anatomical factors, physical/organic differences lead to differences in fundamental frequency,
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laryngeal source spectrum, and formant frequencies and bandwidths. The learned characteristic
rhythm, intonation style, accent, choice of vocabulary, and so on.
They are the result of differences in the patterns of coordinated neural commands to the separate
articulators learned by each individual. Such differences give rise to variations in the dynamics of the
vocal tract such as the rate of formant transitions and co-articulation effects. Naturally, many speaker-
dependent characteristics are affected by both of these factors. Ideal speaker-discriminative feature
representation is expected to be (P. Rose 2002.):
e Require large inter-speaker variability and small intra-speaker variability,
e [t is reasonably robust to background noise and distortions,
e [t Occurs naturally and frequently in normal speech,
e Be easily measurable,
e Be stable over time or not be affected by the speaker’s health/mood,
e Be difficult to mimic.
Also, the dimension of features should have to be low because otherwise, the computation cost would
be high, and discriminative models such as the support vector machine (SVM) cannot handle high-
dimensional data (Sunil Kumar Singla 2017).
The features for speaker recognition can be classified into:
I. Short-term spectral features
¢ Describing the short-term spectral envelope that is an acoustic related to timbre, as well as the
resonance properties of the vocal tract.
% Auditory frequency warping, bank-of-filters model, dynamic coefficients appending, etc.
I1. Voice source features
* Characterizing the glottal flow.
« Pitch determination, pitch-synchronous analysis, pitch-epoch localization,
I1I. Spectral-temporal features
% Interpreting speaker properties in flexible time-frequency resolutions.
% Sub-band energy separation, multiple frequency band demodulation, etc.
IV. Prosodic features
¢ Including pitch, intonation, duration, and rhythm, usually span over tens or hundreds of

milliseconds.
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¢ FO tracking, dynamic coefficients appending, etc.

V. High-level features

% Attempting to capture the conversation-level characteristics of speakers.

% Speech recognizer, statistical language modeling, etc.
Generally speaking, short-term spectral and voice source features are relatively easy to extract, and
there is no need for a huge amount of data. Up until now, the short-term spectral features have always
dominated the front-end of the leading speech, speaker, even language recognition systems. Besides
the stable performance provided, their low demand on computational cost makes the real-time
application feasible. However, the biggest challenge they are faced with is parameter degradation in
the presence of background noise and channel mismatch circumstances.
Prosodic and high-level features are supposed to be more robust, but less discriminative and easier to
mimic. High-level features, since connecting with the personalized lexicon and recording the dialectal
pattern of individual speakers, are less affected by the variation in noise or channel conditions. The
high-level speaker-related characteristics are whereas difficult to extract, and there will be a lot of
training data needed in the feature extraction process (C. D. Acken 2016).
Thus, it is hard to apply this type of feature to real-time recognition tasks considering their delay in
making the decisions. In general, there are not existing globally “best” features yet but the choice is a
trade-off between speaker discrimination, robustness, and practicality.
The state-of-the-art speaker recognition system often combines these features, attempting to achieve
more accurate recognition results (Nakasone 2003).
In this thesis, we used the short-term spectral features since it is relatively easy to extract, having low
demand on computational cost, and having the stable performance it provided Specifically using CNN
as feature extraction has become increasingly popular.

3.9.1 Convolution Neural Network (CNN) As Feature Extraction

In this thesis, we use CNN as a feature extraction method for deep feature extraction. Because CNN has
great power in image processing as mentioned in the literature parts.

Images with size MxN are the inputs in CNN-based feature extraction. This image passed through
many layers the called hidden layers and by applying operations like convolution, pooling on the image

we get useful information for the recognition stage.
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We use the Relu activation function because it is powerful. And also use maximum pooling because it
reduces the dimension of the feature vector and it is also suitable for images that have noise.
As shown in the table 7 the first stage is providing the input image by specifying its height and width.
The height and width of the image are set to be 224 x 224. Bicubic interpolation image resampling
techniques are selected for image resizing because it is effective in all applications of image processing.
This size is selected randomly and it is within the range that CNN performs best in the literature which
is 64 up to 360.
The next stage in the network is convolution and pooling layers. The network contains three
convolution and two pooling layers.
The kernel size of the convolution and pooling layer is set to be three and two respectively. Finally, the
feature obtained from the last pooling layer is feed to flatten layer and this layer changes the feature
from multi-dimensional to one-dimensional vector.
Finally, for the layer before output, the softmax function is applied to transform the output values of the
network in terms of probability. The softmax function is defined by.

eZ

W ,] =1,2..K (3.17)

Softmax(zj) ==

Where zj 1s an output of each j, e% is the exponential value of, and k is the component

of vector Z.
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Layer Layer Name Detail

No.

1 Input 224x224x1

2 Convolution 3x3,8 filters, ‘Padding', 'same’
3 Batch Normalization

4 ReLU

5 Max Pooling 2x2, Stride 2

6 convolution 3x3,16 filters, 'Padding’, 'same’
7 Batch Normalization

8 RelLU

9 Max Pooling 2x2, Stride 2

10 convolution 3x3, 32 filters, ‘padding’, ‘same’
11 Batch Normalization

12 ReLU

13 dropout layer 0.5

14 Fully Connected 50 neurons

15 SoftMax

16 Classification Output 50 classes

Table 7 the structures of proposed CNN model

3.10 Classification

Pattern classification involves computing a match score in the speaker recognition system. The term

match score refers to the similarity of the input feature vectors to some model. Speaker models are

built from the features extracted from the speech signal. Based on the feature extraction a model of

the voice is generated and stored in the speaker recognition system. To validate a user the matching

algorithm compares the input voice signal with the model of the claimed user. In this paper, two

58



techniques in pattern classification have been compared. Those two major techniques are CNN and
SVM.

3.10.1 Support Vector Machine (SVM)
A Support vector machine (SVM) was developed by Vapinik (1998). Its model is closely related to
neural networks and the form of a supervised machine learning model of learning by providing
examples of the training data, the model finds a function that couples input data to the correct output.
The output for novel data can then be predicted by applying the saved function. SVM is often used for
classification problems for which the correct output is the class the data belongs to. The model works
by creating a hyperplane that separates data points from one class to the other class, with a margin as
high as possible.
The margin is the maximal width of the chunk parallel to the hyperplane that has no inner data points.
The support vectors which give the model its name are the data points closest to the hyperplane and
therefore determine the margin (Krishna Samdani 2019).
The SVM also main advantages are prediction accuracy is high, it is less sensitive and flexible even if
training example contains errors like neural networks the computational complexity of SVMs does not
depend on the dimensionality of the input space.
However, this classifier involves a long training time. It is also difficult to understand the learned
function (weights).
The large number of support vectors used from the training set to perform classification task which

can cause unbalanced result (ElI-Naga and Wernick 2003).
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CHAPTER FOUR
4  EXPERIMENTAL RESULT AND DISCUSSION

4.1 Introduction
In this chapter, an experimental evaluation of the proposed models for text-independent Ambharic

language speaker identification is described in detail.

Experimental evaluation approves the understanding of the proposed model or architecture. The
proposed end-to-end CNN and CNN+SVM feature extraction and classification models are assessed.
We conducted an experiment based on the different categories depending on the problems.

The dataset used and the implementation of the proposed model are described carefully. In this method,
we have found an accuracy of 82 % and 95 % for the end-to-end CNN and the CNN+SVM model

respectively.

4.2 Data Collection and Preparation
We collected spontaneous data set to collect the data set we used primary sources of data gathering

techniques using an audio recorder.

In our dataset collection, we considered the Bahir dar city area, which also consists of both males and
females. Having such a data set helps us to decide the potential use of speaker identification on
varieties of speech samples.

Speakers name are put it as the file name of the voice sample. The format that we follow is speaker
name_number of audio sample like Metadel 01. All the voice samples are collected according to this
format.

In this thesis, we considered a dataset of 50 speakers including 25 male and 25 female speakers. From
each 50 speaker class ten (10), 10 seconds duration speech samples are prepared. Totally 500 speech
samples are prepared. Then, we perform a sequence of preprocessing steps.

To build our model we used 75% of the total dataset (375 samples) for training data and 25 percent of
the total dataset (125 samples) is used for testing data. Out of 75 percent of the training dataset, 25
percent of datasets are used for validation dataset during training.

Each sample is taken at a sampling rate of 16 kHz and 16 bit. After that, all these data are properly

preprocessed and the necessary features are extracted.
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4.3 Development Environment

Experiments are done used the MATLAB 2019a 64 bit version for prototype development because it
is a powerful tool for signal processing.
Intel Core ™ 13-2350MCPU and 8 GB of RAM laptop computer also used to do it. The model is
trained based on different parameters for SVM and CNN classifiers; network search is implemented to
select the optimal parameter automatically for each classifier.
The overall end-to-end CNN model training is taking 1 hr: 39 min: 25 seconds for 25 epochs with a
batch size of 64 and a learning rate of (0.0001) for Adam optimizer.

4.4 Evaluation Techniques
To evaluate our proposed model, we used accuracy, confusion matrix, precision, and recall
performance metrics. Since confusion matrix demonstrates how much the model is confused when it
makes predictions. In the confusion matrix plot in figures 32, a row represents the predicted (output)
class and a column represents the true class. Here, the diagonal cells in the confusion plot represent the
observations that are correctly classified whereas the off-diagonal cells represent the observations that
are incorrectly classified. In each cell of the confusion matrix, both the number of observations and the
percentage of the entire number of observations are shown. The column at the far right of the plot
displays the precision that shows the false positive rate and the row at the bottom of the plot displays
the recall that shows the false-negative rate. The cell in the bottom right of the plot displays the overall
accuracy.
Below is the graph showing the Mini-Batch Accuracy, Mini-Batch Loss, Validation Accuracy,

Validation Loss, and confusion matrix result of the trained model.
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Training Progress (25-Feb-2021 15:02:41)
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Figure 30 Training Progress of our end-to-end CNN model.
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As we can see from the training progress graph in figure 30 above, the Mini-Batch Accuracy is higher

than Validation Accuracy in the arc. Associated with this, the gap between the Mini-Batch Accuracy

curve and the Validation Accuracy curve is slight. The Mini-Batch Accuracy after epoch number 12

becomes insistent until it stops the training progress. As we can see from the graph both the Mini-Batch
loss and Validation Loss primarily look higher starting from epoch number 1 to epoch number three but

starting from epoch number 3 to epoch number 10 both the Mini-Batch loss and Validation Loss is

decreased gradually. Then, particularly starting from epoch number 11 to epoch number 25 both the

Mini-Batch loss and Validation Loss become very close to zero. Also, the gap between the Mini-Batch

loss and the Validation Loss curve is slight. So, the graph shows that our model is free from overfitting

and underfitting.
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ANALYSIS RESULT

Name Type Activations Learnables

1 imageinput Image Input 224x224x]1 -
224x224x1 images with 'zerocenter' normalization

2 conv_1 Convolution 224x224x8 Weights 3x3x1x8
8 3x3x1 convolutions with stride [1 d ame' Bias 1x1x3
batchnorm_1 Batch Normalization | 224x224x8 Offset 1x1x8
Batch normalization with 8 channels Scale 1x1x8

4 maxpool_1 Max Pooling 112x112x8 -
relu_1 RelLU 112x112x8 -
conv_2 Convolution 112x112x16 Weights 3x3x8x16
16 3x3x8 convolutions with stride [1 1] and padding 'same Bias 1x1x16

7 batchnorm_2 Batch Normalization |112x112x16 Offset 1x1x16
Batch normalization with 18 channels Scale 1x1x16
maxpool_2 Max Pooling 56x56x16 -
relu_2 RelLU 56x56x16 -
conv_3 Convolution 56x56x32 Weights 3x3x16x32
32 3x3x16 convolutions with stride [1 1] and padding 'same’ Bias 1x1x32
batchnorm_3 Batch Normalization |56x56x32 Offset 1x1x32
Batch normalization with 32 channels Scale 1x1x32

12 |relu_3 RelU 56x56x32 -
fc Fully Connected 1x1x59 Weights 50x%108352
50 fully connected layer Bias 50x1

14 | softmax Softmax 1x1x59 -
softma;
classoutput Classification Output | - -

Figure 31 Proposed end-to-end CNN model Summary

4.5 Experiment on the proposed end to end CNN model
In this section, we answered research questions, conducted an experiment based on gender group,
learning rate, and activation functions using the proposed end-to-end CNN model.
4.5.1 Experiment based on Activation function using proposed end-to-end CNN
One of our research questions is “which activation function is suitable for an automatic text-
independent Amharic Language speaker identification”, to answer this research question, researchers
experimented with Relu and Tanh activation functions. Up to now, in all the experiments researchers
used the Relu activation function. In this experiment, the comparison of Tanh and Relu activation

functions shows in the table .
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Activation function Relu Tanh

Accuracy (%) 82 63

Training Elapsed time (minutes & seconds) 9:14 10:34

Table 8 CNN model on different activation functions

As shown in the table 8, the experiment was conducted for Tanh and Relu activation functions. As the
result shows that Tanh activation functions are relatively slow training speed and the least test accuracy
relative to Relu.
Based on experimental results, we can conclude that a Relu activation function provides improved test
accuracy and training time when compared with Tanh.
Because Tanh activation function standardizes the output of the neuron to the range between a positive
one and a negative one.
While the Relu activation function returns the output of the neuron to zero if the input value is less than
zero otherwise it returns the input value itself if it is greater than zero. Relu reduces vanishing gradient
problem relative to sigmoid and Tanh activation functions (Chigozie Enyinna 2018). The main
advantage of using the ReLU function over other activation functions is that it does not activate all the
neurons at the same time. This means that the neurons will only be deactivated if the output of the
linear transformation is less than 0.

4.5.2 Experiment based on distinct gender group using proposed end-to-end CNN
To examine the effect of gender in speaker identification for the Amharic language, researchers
conducted an experiment based on both gender groups. A can decide that speaker identification on
gender is discriminative or not.
For this experiment, we considered distinct 25 male and 25 female speakers. Up to now, in all
experiments, we experimented using one single model for both gender groups of speakers.
In this experiment, researchers compared the speaker identification rate for only male speakers and

female speakers. The table 9 shows the comparison result of male and female speakers.
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Gender Male Female

Accuracy 76 92

Training Elapsed time (minutes and seconds) | 5:29 5:22

Table 9 Gander based CNN model

Table 9 shows that the percentage of identification rate of both male and female speakers is far away,
which is 76 % for male speakers and 92 % for female speakers. But, the training time of the model for
each gender is almost similar.

This is happened due to the different pitch lengths between female speakers’ speech (120 - 200 Hz) and
male speakers’ speech (60 -120 Hz). Pitch is the loudness or lowness of a sound. And again, the intra-
subject variability is so large (100200 Hz for males and 120-350 Hz for females that gender
categorization cannot rely on the pitch alone (Belin 2012).

In addition to this, it occurred due to the short-term acoustic features (numerous ms) which define the
spectral components of the speech signal.

These speech signal spectral components have a great variability for the male and female speech during
extraction via Fast Fourier Transform. Because Fourier transform can capture the discriminating
phoneme-like features.

The phonemes are the fundamental building block of the human speech production process. In line with
this, researching speaker identification using speakers of the same sex would be a bigger challenge for
the model than doing the speaker identification using speakers of mixed female and male speakers. So,
we can conclude that text-independent Amharic language speaker identification is gender-dependent

and highly discriminative towards gender.
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Figure 32 confusion matrix for female modeling

As shown in the figure 32, we have achieved an overall accuracy of 92 % as true positive (correctly
classified) and 8 % as true negative (incorrectly classified) for the end-to-end CNN model. Where the
labels from Alex to tsehay represent the name of the speaker and each speaker in confusion matrix has
3 samples for testing. From the confusion matrix, all 3 samples of the speaker are correctly predicted

without any confusion except amele and eleni.
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We used precision and recall for measuring the matrix (true positive, true negative, false positive, and
false negative) rate of the proposed model. If a speaker is Alex and the model predicts Alex it is named
as true positive. If a speaker is not Alex and the model predicts as not Alex this is named as true
negative. If a speaker is not Alex and the model predicts as Alex this is named as false positive. If a
speaker is Alex and the model predicts as not Alex this is named as a false negative. Precision displays

a false positive rate while recall displays the false-negative rate.

4.5.3 Experiment based on learning rate using proposed end-to-end CNN
To answer the research question “which learning rate is suitable for Amharic Language speaker
identification”, we experimented using different learning rate functions. Up to now, in all the
experiments we used the 0.0001 learning rate function.
In this experiment, researchers compared with 0.001, 0.0001, and 0.00001 learning rate functions. The

table 10 shows a comparison result for the listed learning rates.

Learning rate 0.001 0.0001 0.00001
Accuracy (%) 59 82 61
Training elapsed time ( minutes and seconds) 9:24 9:14 8:49

Table 10 compares the learning rate

Learning rate determines the weights of the network and updates the weights during the training

process. It regulates the speed with which the model learns the weights in the network.

Large learning rate results in a fast learning model that requires fewer epochs but results in sub-optimal
weights. On the other hand, a small learning rate makes the model learn slower but requires more
epochs to train and results in optimal weights.

Learning rate is the most important parameter to be analyzed. Learning rate also impacts the training
speed because larger learning rates result in faster convergence. On the other hand, too large or too
small learning rates result in huge training time.

Finding a better value of learning rate for a particular model and a particular dataset is important for the
best accuracy of a Neural-Network. That is why we tried to compare it based on its range 0- 1.so the

result shows that 0.0001 obtained a better result. The reason it is not very large and also very small is
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based on its rage. Chamarty Anusha and P S Avadhani paper also proved that the 0.0001 learning rate
is better than others (Avadhani 2019).

4.6 Experiment on proposed CNN-SVM model
To see the effect of training time using CNN and SVM on text-independent Amharic language
speaker identification we proposed a combined model of CNN and a multiclass SVM classifier. Here,
in this thesis, 50 classes are equivalent to the number of speakers. But, most commonly SVM is state-
of-the-art for binary classification or linearly separable problems. In this experiment, we used CNN
for feature extraction and multiclass SVM via Error-Correcting Output Codes (ECOC) approach for
classification. As an experimental result, we got an accuracy of 82 % and 95 % for the proposed end-
to-end CNN model and multiclass classification SVM via ECOC approach respectively. As we can
see from the confusion matrix result of end-to-end CNN and CNN-SVM models is efficient SVM
enhances the performance of the end-to-end CNN model speaker identification rate by increasing 13
% accuracy. So, using a combined model of CNN and multiclass SVM as feature extraction and
classifier reduces the training time of the end-to-end CNN model with a greater number of layers and

parameters. SVM with ECOC works well in its default linear learner kernel function.

4.7 Comparison of the proposed model with the previous work

Feature Data set
Author extraction Classifier Ambharic Accuracy
algorithm speakers
oo
AYblrri)iches of VQ, GMM, and a
(Abrham 2017) PP combination of 90 93.7%
LPCC, MECC, GMM and BPNN
and GFCC
MFCC AMFCC o
(Aykefam 2015) and AAMFCC VQ& GMM 50 86.8%
Proposed system | CNN SVM 50 95%

Table 11 Comparison of the proposed model with previous works
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CHAPTER FIVE
5 CONCLUSION AND RECOMMENDATION
5.1 Conclusion

Many recent improvements and successes have been done with speech researchers, the challenges
of providing actual robust speaker identification on short utterances remain the main considerations
when installing automatic speaker recognition, as several real-world applications frequently have
access to only limited duration speech data recorded under uncontrolled conditions.

This paper has introduced and evaluated the small data set using an SVM with CNN system-based
feature vectors robust text-independent speaker identification.

The proposed system was precisely measured for speaker identification purposes using short-
duration utterances for both enrollment and testing tasks obtained from random unrestricted
speeches taken over the noise condition.

This proposed technique has focused on the design of a new approach looking for new information
able to simplify the identification of speakers with much-reduced speech information.

We prove that this method is appropriate for a realistic speaker recognition application. We do not
need to use a huge amount of training dataset as in out-of-date algorithms.

Besides, we don’t involve long test utterances to identify the speaker. Also, there is no need to
integrate long and complex calculations to handle the conditions having small amounts of speech
data.

This is an interesting benefit, especially for realistic applications that need to decrease the
computational and time complexity of the system and so the memory size of the system.

Compared with the previous study which implemented the classification using a conventional
technique classifier with hand-crafted features, the CNN-SVM combined model could not only
automatically extract features using the CNN, but also better improved the generalization ability of
CNN and the classification accuracy utilizing combining the SVM.

5.2 Recommendation

This thesis is relevant for different application areas such as for voice-based criminal investigations,
Forensics and surveillance, video conferencing, Authentication systems, and for any application

which requires the response to the question who said this.
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So, the future work that needs to perform is to design a speaker identification model that capable of
identifying the speaker with the speaker’s mood, high noisy utterances, mimicries, health condition,
and speaker’s session variability.

In the Amharic language, there is no prepared audio data set; collecting pure data set is the main
challenge in speaker recognition areas. So, the task that the researcher needs to perform in the
future is the preparation of large speech databases that are to be functional in this research area. So,
that those who have an interest in the field can do this to save the huge amount of time required to
collect those speech utterances.

In recent times, the interest in speech and speaker recognition applications over the mobile phone,
and handheld devices has been increased. These devices are almost used in adverse environments
such as city streets, airports, offices, and cars. The use of these different means is constantly
increasing among private users and business customers.

In addition to the environmental noise in which the speech was produced, telephone communication
channels introduce additional distortions to the speech. These different noise sources alter speech
production so that most speaker recognition systems are exposed to failure in noise corrupted
environments. Therefore in future work performing realistic applications is more valuable for
mobile phones.

This thesis will be used as a start point for researchers who are interested to do their work in the

area of speaker identification.
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