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ABSTRACT

Speech contains many features that can be used to determine gender and speaker
identity; it is a natural form of communication between humans. One of the most
exciting areas of signal processing is speech processing. Speech contains many
features or characteristics that can discriminate the identity of a person. The human
voice is considered one of the important biometric characteristic that can be used for
person identification. The proposed speaker identification system (SIS) consists of
four phases, namely, pre-processing phase (involves sample resizing to 40000 samples
and normalization to ensure that the sound volume will modifying as a standard level),
feature extraction phase (involves extracting a set of fundamental voice features that
can represent or identify the entire signal of speech), feature selection phase (involves
selecting the best features that describe the speaker, where dealing with hundreds
number of features leads to increase the workload of recognition) and recognition
phase (involves Backpropagation (BP) neural network in this research). In this work
the effects of appropriate extracted voice features from various levels of discrete
wavelet transformation (DWT) and the concatenation of DWT and curvelet
transformation (DWT+Curvelet hereinafter) are studied. The effects of reducing the
number of features via Principal component analysis (PCA) on speaker identification
is also investigated, and the (BP) neural network was introduced as a classifier. The
classifier is trained with a different set of features extracted from three different levels
of DWT; these features are extracted one level at a time. The recognition capabilities
of the classifier for all levels are compared to determine the best level. This research
explores any positive or negative effects of DWT+Curvelet on the classification
capability of the proposed system. in addition, this work investigates the effects of
reducing the number of features via PCA with DWT and DWT+Curvelet In this
research, different three datasets were used for speaker identification system, where
these dataset used for train and testing the Feed-Forward Backpropagation (BP). In
this approach it is clear that introducing PCA with BP networks improved the
accuracy and is an effective method for speaker identification system, where it keeps
the effective information and reduces the redundancy of characteristic parameters
Four experiments are performed as follows using the three datasets: Experiment 1:
only DWT features that extracted from each level of discrete wavelet transformation
independently are used to train and test the Neural Network; Experiment 2: the
features extracted from each level of (DWT+Curvelet) used to train and test the
Neural Network; Experiment 3: With DWT features after utilized principal component
analysis used to train and test the neural network; Experiment 4: With
(DWT+Curvelet) features after utilized principal component analysis used to train and
test the Neural Network. Practical results showed that, the accuracy is improved in
level 1 and 2 with database 1 and increased by approximately 5% and 4%,
respectively; whereas the accuracy was improved in all levels 1, 2 and 3 with
Database 2 and 3 and increased by approximately 11%, 4% and 2% for database 2 and
9%, 11%, 5% for database 3 respectively, when applying (DWT+Curvelet). The
system was trained and tested using (Cross-validation).
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CHAPTER ONE
INTRODUCTION

1.1 BACKGROUND OF THE STUDY

Speech processing is one of the most exciting areas of signal processing given

that speech is the most natural form of human communication. The human voice is
considered as one of the main biometrics that could be used to identify a person since
person voice contains information that could help in specifying his identity (Al-
Hassani & Kadhim, 2012a).
A pattern is a structural characterization of objects or other some entity of interest
such as data system, therefore; when talking about data we not just refer to the visible
objects. Pattern recognition is a task of categorize measured sample or observed data
as a member of one of various category (Bow, 2002).

Authentication of personal identity through biometrics is one of the most
important applications that fall under pattern recognition. Biological characteristics
used by biometric technology should be unique for each person. Other individuals
cannot easily replace, steal or forge these features. Human voice is one of the
biometrics where an individual can be distinguished by his/her voice, thus we refer to
speaker recognition systems as those technologies which utilize human speech to
recognize each individual from others (Togneri & Pullella, 2011b). The method of
biometric identification is preferred over traditional identification methods involving
passwords for various reasons. For example, biometric identification requires the
person being identified to be physically present at the point of identification and is

thus more secure relative to other methods. Moreover, the identification based on



biometric techniques does not require passwords, tokens or smartcards (von
Graevenitz, 2000).

Automatic speaker recognition (ASR) mention as voice biometric or voice
recognition in some studies, when the identity of speakers analysis via machine
without any help from human, it is named automatic speaker recognition, where the
machine should extract particular information (features) from speaker voice
(Kinnunen & Li, 2010). Speaker recognition system, identification and verification,
should never be confused with speech recognition technologies. The purpose of
Speaker recognition, where it is various from speech recognition is to identify or
verify the speakers, on other hand speech recognition is the process that concerned in
recognize the word or understand what is being said. Many applications used in
automatic speech recognition such as correction/detection of specific pronunciation
errors (Kalaivani & Thakur, 2017; Yousfi & Zeki, 2016).

Automatic speaker recognition can be divided in two different types, namely
speaker identification and speaker verification. ASR is used in extensive application
areas such as authentication and surveillance (N. Singh, Khan, & Shree, 2012). Some
examples of the applications of speaker recognition systems are as follows:

1. Authentication: Different characteristics are used to identify person, such as voice,
fingerprint, facial feature and signature. This method of authentication is classified as
biometric authentication and involves fewer problems than the traditional method that
uses passwords, PINs and credit cards that can be stolen or forgotten.

2. Surveillance: the technology of speaker recognition has an ability to use in detect,

tract the persons by security agencies over radio/telephone conversation.



3. Forensics: It is significant application of speaker recognition, where this
application can verify the suspect's during the crime if there is a sample of speech for
comparison between the voice of suspect's and the sample of speech.

4. Security: Speaker recognition can be used in transactions such as credit card
purchases, the authentication of which is integrated with methods such as facial
recognition. The technology of speaker recognition can help authenticate access to
computers, banks transactions or telephone conversations.

Human speech is produced by different acoustical excitations of the vocal

tract. It comes in two forms: voiced and unvoiced; voiced speech is the result of the
vibration of the vocal fold, whereas unvoiced speech is the result of turbulence in the
vocal tract (Campbell & Tremain, 1986).
Three fundamental classes of voiced (female, male, child), according to the frequency
of vocal cords vibration. These measures called pitch or fundamental frequency,
where it is different for the three classes. the frequency of man speech ranges between
80 HZ to 150 HZ, that of female speech ranges between 150 HZ to 300 HZ and that of
child ranges between 200 HZ to 500 HZ (Djeraba & Saadane, 2001).

Voice is produced by humans by using the vocal folds in reading, singing,
talking, screaming, laughing and crying; the vocal folds are considered a basic sound
source. The methods for generating voice involve the vocal folds within the larynx,
the articulators and the lungs (Gbadamosi, 2013).

The vocal folds or vocal cords of males and females are different in size.
Those of adult males measure between 1.75 and 2.5 cm, whereas those of females
measure between 1.25 and 1.75 cm. As the vocal folds of males are thicker than those
of females, adult males have lower pitched voices than adult females. Children have

much shorter vocal folds than males and females (Dhoke, March 2016).



1.2 STATEMENT OF THE PROBLEM

Due to the rapid development in various fields of information technology, data have
become more vulnerable to theft and vandalism (Alarifi, Alkurtass, & Al-Salman,
2011). The level of security breaches and transaction fraud has increased recently, and
the need for highly secure personal identification technologies has become apparent
(Al-Hassani & Kadhim, 2012a). With the need to verify the identity and authority of
users and customers, individuals face issues in remembering several PIN codes and
carrying various cards and keys (Debnath, Soni, Baruah, & Sah, 2015). One of the
systems that used to verify the user identity is the speaker recognition system, where
each one of people have distinct vocal features, thus, it is beneficial to recognize
between people based on their voice. The human voice carries two types of
information, namely, low-level information and high-level information. In speaker
voice recognition, the computer deals with low-level information, such as frequencies,
tone, pitch period, spectral magnitude, bandwidths of the voice and rhythm. By
contrast, humans recognize voice using high-level information, such as accent, dialect
and style (El-Zaghmouri, 2015).

One of the most significant aspects of speaker identification is the feature
extraction technique, which affects speaker identification performance. The selection
of an appropriate approach for feature extraction is vital, and identification is carried
out by comparing the characteristics that are unique for a given input (Tirumala,
Shahamiri, Garhwal, & Wang, 2017). Another set of information attributes can be
taken as features and they including the Mel-frequency Cepstrum Coefficients
(MFCC) and Linear Predictive Cepstral Coefficient (LPCC) for voice recognition. For
a robust voice recognition system, continuous wavelet transform coefficients (CWT)

and discrete wavelet transform are used. Researchers used different techniques to



extract features (single or combining) lead to extract effective features (Oscar Rangel,
2017). The output of feature extraction has many features of which none is important
for speaker discrimination, and the number of features should be also relatively low
were dealing with hundreds of features that leads to increasing the workload of
recognition (Srinivasan, Ramalingam, & Sellam, 2012).

The current research is focused on combined two techniques for features
extraction and selecting an effective features in order to generate effective minimum
features for speaker identification approach where discrete wavelet transformation
(DWT) and curvelet transform were used singly or combined with principal
component analysis (PCA) to train the classifier. Two main factors, namely, number
of levels and the minimum set of coefficients extracted from the level(s), should be
selected to leads to better recognition. This topic still requires further research because
maintaining the best discrimination capability with a minimum set of features is
important to speed up the identification operation during the search for a large voice

dataset that does not affect system accuracy.

1.3 RESEARCH OBJECTIVES

The main objective of this research is to build a speaker identification system (SIS)
that automatically authenticates individuals on the basis of their voice by extracting
and selecting a minimum number of features from one or more levels (hereinafter
referred to as features). DWT and curvelet, along with PCA, are applied to speaker
identification, and the best classification accuracy is achieved in the following ways.
1- To study the features extracted from different levels of discrete wavelet

transformation.



2- To illustrate the effectiveness of using discrete wavelet transformation
concatenated with curvelet transform (hereinafter referred to as
DWT+Curvelet) for different levels.

3- To select the best features from each level by using a Principal Component
Analysis (PCA) and suggesting minimum number of features that would

not affect the system accuracy.

1.4 RESEARCH QUESTIONS

The problem of this study can be expressed by the following main question: How to
develop SIS by using minimum set of features with high accuracy. This main question
has the following sub-questions that must be answered in order to achieve the
objectives of study:
1. What are the effects of each level of DWT on the speaker identification
system?
2. What is the difference in the accuracy of the system by concatenation
discrete wavelet and curvelet?
3. What are the effects of selected set of feature of DWT and curvelet by

using Principal Component Analysis?

1.5 SIGNIFICANCE OF THE STUDY

This work concerned with studying the effect of appropriate extracted features from a
different levels of DWT and the concatenation of two techniques (DWT+Curvelet). It
also studies the effect of reducing the number of features by using principal
component analysis (PCA) on speaker identification. Backpropagation (BP) neural

network is also introduced as a classifier.



