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ABSTRACT

Automatic Speaker Recognition is a process of recognizing a speaker using his/her voice.
Speaker / voice recognition is a biometric sensory system which uses human voice for
recognition process. It is different from speech recognition. In speech recognition words
are recognized as they are articulated. In other words, speech recognition identifies what
you are saying and speaker recognition identifies who is speaking. There are many
studies about the speaker recognition technology in early 1960s; it was Lawrence Kersta
of bell lab who developed the first speaker recognition system which was based on
spectrographic voice verification. The shape and size of vocal tract varies from one
speaker to another; showing the differences in resonance frequencies. Now days most of
the speaker recognition systems are based on spectral information i.e. these system use
spectral information extracted from the speech signal segments of size 10-30ms. But
cepstral based system performance degrades if the received speech signal have any noise.
Though many technologies have been developed but still several research issues remain,

which are still as a challenge.

Till date a lot of work has been done in automatic speaker recognition field, but
still many realistic problems need to be solved. In the research, the researcher has focused
on Speaker Identification System (SIS) and has tried to examine areas of possible
improvements in the field of speaker recognition. In addition, research work has
formulated general view of the techniques used in practice to design a speaker
recognition system. As this is evident from the literature that the prosodic features are
more robust to noise, the primary goal of the research is to improve the performance of
speaker recognition system by modeling prosodic features. In addition, the researcher has
focused on text-independent speaker identification system using Gaussian Mixture Model
(GMM) in the presence of environmental noise.

In order to achieve the goal, the researcher has proposed a speaker recognition
framework for the development of speaker recognition system. Proposed framework has
mainly six phases named as speech acquisition phase, features extraction phase, speaker
modeling phase, pattern matching phase, decision phase and performance evaluation

phase. The proposed framework is implemented by using prosodic features. The major



reason behind using prosodic features for speaker identification is that these features
improve system performance and consistency. The prosodic features are robust against
noise and channel effect. Training and testing databases have been created using enrolled
speaker’s voice. Experiments are performed on the created voice databases of male and
female utterances.

To keep in mind session variability in a particular duration, same speaker’s voice
IS acquired again. 57 speakers were enrolled (both male and female) for carrying out
experiment. The range of speaker’s age lies between 22 to 45 years. Each speaker was
given to read different content for 2 to 3 minutes. Speakers were allowed to speak in their
own reading style. Reading material included articles from newspaper and books. Every
speaker was allowed to read the randomly selected articles in Hindi & English both. The
voice has been recorded in a normal lab environment with a sampling frequency of 8000
using a mono channel. At the time of voice recording in the lab, electric equipment were
switched on.

Each and every phase of the proposed framework has been implemented and
tested using MATLAB as well as Praat software. Speaker models are created by using
Gaussian mixture modeling technique, and stored for training and testing purpose. After
creation of speaker models matching is performed and on the basis of match score
decision is made that either speaker is accepted or rejected. In addition, system
performance is evaluated on the basis of equal error rate metric.

Recognition results are evaluated by MATLAB as well as by Praat software. For
testing the proposed system, 1561 utterances of 57 speakers are used. As the system
performance improves by maintaining session variability, hence for maintain the same
the voice of the speakers has been recorded twice throughout the experiment. In the
research, prosodic (49 dimensional) features has been extracted from the speakers
database. During experiment extracted pitch, duration and energy related features are
broken into segments of 30-45 seconds. 128 -512 Gaussians components have been
created for these training segments for each speaker. By using Legendre polynomial
expansions we have estimated pitch and energy contours for each segment. One feature

vector for each segment has been calculated then it has been modeled by using GMM.



The proposed approach is compared with another recognition system using
MFCC and it is found that the recognition rate of the proposed speech recognition system
is noticeably higher. Since, no approach can be accepted unless it passes the validation
test. Hence, in order to prove the acceptability of the proposed system, it has been also
validated. For validation of the proposed approach an experimental tryout has been
carried out. In the research Student's t- Test is used for validating the system. For the
purpose, null as well as alternate hypothesis have been formulated. Since the rejection or
acceptance of a null hypothesis is based upon either (0.05) alpha (o) or (0.01) alpha (o)
level of significance for one tailed or two tailed test; (0.05) alpha (a) level of significance
for a two tailed test is taken for rejection of the null hypothesis. The results of statistical
analysis show that there is significance difference between the previous recognition
system (MFCC) and the proposed approach. Now, t- value is calculated to determine for
rejecting the null hypothesis and accepting the alternate hypothesis. The t value comes
out to be -7.2218 from Student t- Test. As the value exceeds the t critical value of 0.0019
for a two tail test at the 0.01 level for 4 degree of freedom, the null hypothesis Ho; is
strongly rejected and the alternate hypothesis Hj; is accepted. Hence it is validated that

performance of speaker recognition system can be improved by using Prosodic features.
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CHAPTER-1: INTRODUCTION

Men think, they can copy Nature as Correctly as I copy Imagination; this they will find
I'mpossible, e all the Copies or Pretended Copies of Nature, from Rembrandt to Reynolds, Prove
that Nature becomes to its Victim nothing but Blots and Blurs... Copiers of Nature are Incorrect,
while Copiers of Imagination are Correct.

- William Blake

1.1 Introduction

Speech is a natural way to convey information by humans. Speech signal is enriched
with information of the individual. Recognizing a person’s individuality by his/her
voice is known as Automatic Speaker Recognition (ASR). Speaker recognition falls
in the category of biometric security systems. Biometric is related to human
characteristics or individuality. Biometric verification or realistic authentication is
used to recognize an individual through his/her voice’s individual characteristic.
Voice biometric includes behavioral or physiological measurements of individual.
Behavioral biometric is performed by Voice, Signature, Keystrokes, and Typing etc.
whereas physiological biometric includes iris, face, retina, fingerprints, ear, DNA etc.
Now a days voice biometric is an emerging research area [1-2].

Human speech is a medium for expressing their thoughts during
communication. Spoken language is the most natural way for human to transfer
information. A speech signal is a complex signal which is packed with several
knowledge resources such as acoustic, articulatory, semantics, linguistic and many
more [3-4]. During communication, human easily understand information such as
emotion, language, and mental status etc. This ability of human to decode information
motivated many researchers to understand speech signal production and perception.
This idea helps to developing a system which automatically extract and process the
built in information in a speech signal. A person’s voice is different from another due
to the acoustic properties of speech signal. Speaker’s voice is unique to an individual
due to differences which occur as anatomical differences inherent in the vocal tract

and the cultured speaking behaviors of different individuals [3-5].



Speaker recognition is a process of recognizing who is speaking on the basis
of information included his/her speech signal/waves. In this digital era speaker
recognition is the most useful biometric recognition technique [5]. Now days many
organizations like bank, industries, access control systems etc. are using this
technology for providing greater security to their vast databases [5-6]. Speaker
recognition is broadly classified into speaker identification (1: N matching) and
speaker verification (1:1 matching). Identification is considered as more difficult than
verification [7]. This is intuitive that performance of speaker identification system
affected by the number of registered speakers increases (the probability of incorrect
decision increases). While the performance of speaker verification system is not

affected by increase in voice database size since only two speakers are compared.

In last few years, requirement for authentication has been increased with the
increasing digital world of information. It has already been proved that a biometrics
authentication technique increases security levels. Speaker identification is the
process of identifying an utterance from the known set of speakers while speaker
verification is the process of accepting or rejecting the claimed identity. Speaker
verification systems are the real example of biometric authentication systems. Further,
it can be classified as text-dependent and text-independent [8]. The text-dependent
systems are based on same utterance spoken by speaker in both cases i.e. training and
testing while in text-independent systems it is not required to utter the same
sentence/words during training and testing [7]. It is accepted that text-dependent
systems provide more accurate results as both the content and voice can be compared
that is speaker utters exact the sentence which he/she uttered during training. While
text-independent recognition systems, may use either the same utterance or different

for every verification/identification session.

Gaussian mixture model (GMM) is one of the popular approaches used to
speaker modeling for speaker identification. GMM is used as two distinct ways for
identification system; firstly, when training database principle is the maximum
likelihood (ML) and parameter estimation is performed by using expectation
maximization (EM) algorithm; and secondly when the training database principle is

maximum a posteriori (MAP). In this case, GMM as a universal background model



(UBM), is created for training database of speakers and these models are trained by

the UBM (using registered speakers specific data) [9-11].

Speaker recognition basically has two categories; speaker identification and
speaker verification. Speaker verification is used for those applications where speech
is used as the key to authorize the identity claim of a speaker. Speaker identification
is used to decide that a given utterance comes from a certain registered speaker.
Speaker verification has larger usability than speaker identification. The basic purpose
of speaker identification is crime investigation. It is used to decide which of the
suspected speaker’s voice match with the registered speakers. With the increase in
voice database, difficulty of speaker identification increases. Speaker verification is
independent of voice database population since it works only on binary decision that
is acceptance or rejection. Speaker recognition system performance (recognition
accuracy) is most affected by intersession variability (variability over time) and

spectra of a speakers speech signal [1] [12].
1.2 Speaker Recognition

It is well accepted that in this electronic era people interact using voice with the help
of electronic devices. Human voice is a signal which contains several information
related to human characteristics, such as emotion, words, language, speaker identity
etc.. To identify a human being by their voice, required speech features are selected
from speech signal with available feature extraction techniques [13]. It is the process
of recognizing a person on the basis of his/her voice. Automatic speaker recognition
system is categorized as speaker identification and speaker verification. Speaker
verification system decision is binary i.e. 0 or 1 (accept or reject) as this justifies an
identity claimed by the speaker. Speaker identification decision requires N matching
and then the decision is made about acceptance or rejection [14]. Further it is
distinguished as text-dependent and text-independent speaker recognition. In the text-
dependent system, the recognition of speaker’s identity is based on the specific words
or phrases. In the case of text-independent recognition, speaker’s have no restriction
to speak sentence or phrases [5] [15-19]. Figure-1.2(a) presents an overview of
speaker recognition system and figure-1.2(b) shows the basic concept of speaker
identification and speaker verification methodology.
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The popularity of speaker recognition system is due to its low cost of
implementation. This is because of the easily availability of microphones and the
universal telephone network. As in this digital era it is very easy to capture
someone’s voice and authenticate it by using speaker recognition system. The only
cost is due to the software which is used for speaker recognition system. The
problem with speaker recognition system is the analysis of speech signal because
speaker recognition is embedded in the study of the speech signal. The study of
speech signal is about its characteristics which distinguish one speech signal with
another [5] [15] [17].



1.2.1 Speaker Identification

Speaker identification system is 1. n matching system. In this, user need not to
provide his/her identity to the system. During identification user has to input his/her
speech to the ASR system and the system now decides the identity of user on the basis
of the match score. In this case system has to perform N comparison (N is the number
of stored speaker/user model of voice database). During identification, comparison
with each registered model will produce a likelihood score, on the basis of this score
higher likely model is identified for the speaker [1] [20].

From the study it is clear that speaker identification is complex than speaker
verification. Hence in case of speaker identification, system performance degrades as
compared to speaker verification [21]. Figure-1.2.1 shows the process of speaker

identification system.
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Figure-1.2.1: Process of Speaker Identification system

1.2.2 Speaker Verification

Speaker verification system is 1:1 that is the system either accepts or rejects. In
verification process, firstly user need to provide his/her identity and then it is checked
by the system and decisions are made accordingly that whether the claimed identity is
true (accept) or false (reject) [22]. Speaker verification can be explained easily with

the help of an example of Automated Teller Machine (ATM). Before any transaction,



users are first needed to insert the ATM card in the machine. This credit/debit card
contains the information about user such as name, signature etc. Now, if the ATM is
working on ASR technology then it will check that the card is used by its genuine
holder by asking to produce his/her voice. Since the user has already provided his/her
identity to the system, only ‘yes or no’ decision has to be made by the ATM machine
i.e. either the card holder is accepted or rejected. This decision is made on the basis of
comparing the voice input to the previous voice input provided by the user [4] [7].
Figure-1.2.2 shows the process of speaker verification system.

Claim ed identity
ID card model

Database

Matching

Accept/
Reject

Decision Model
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B s L Feature
i Extraction

Figure-1.2.2: Process of Speaker Verification System
1.2.3 Open-Set vs. Closed-Set

Speaker identification can be divided into closed-set and open-set speaker
identification. Open-set speaker identification for a test utterance or a set of enrolled
speakers is a twofold problem. Firstly, it is necessary to find speaker model which
have best matches in the given set; Secondly, it must be determined that the best
match test utterance is actually produced by the best matched model speaker or some
unknown speaker [4] [21] [23] [28]. Figure-1.2.3 shows the classification of speaker

recognition system.

The possible error and problems in open set speaker identification can be
examined as follows. Suppose that N speakers are enrolled in the system for voice
database and Mi, My...... Mi, are their statistical models [60]. If O represents the
feature vector sequence extracted from the given utterance, then the open-set

identification is given as follows:



Max {p (O/ Mi)} = 0 Mk, k= arg max {p (O/ Mi)}

—> OCE J 1<izM
1=i=h
NIk, k= arg max {p (O/ Mi)} Unknown speaker model
1<isM -

Unknown speaker model

Where 6 is a pre-defined threshold and O is assigned to speaker model that yields the
maximum likelihood over all other speaker models in the system. If the maximum
likelihood score is greater than the threshold 6, it is stated that the voice is originated

from a known speaker. For a given O three types of error are possible [4] [23-26].

> False Acceptance (FA): The system accepts an impostor as one of the
registered speaker [4].

> False Rejection (FR): The system rejects a true speaker [4].

» Speaker Confusion (SC): The system correctly accepts a true speaker but

confuses him/her with another enrolled speaker [4].

Speaker Recognition

Speaker Venfication Speaker [dentification

Closed-set Open-set

Text-independent Text-dependent

Figure- 1.2.3: Classification of Speaker Recognition
1.3 Current Approaches in Speaker Recognition

Research in speech and speaker recognition by machine has been conducted for more

than five decades. Speech and speaker recognition is different in such a manner that



speech recognition is the process of recognizing the linguistic content in spoken
utterance while speaker recognition is the process of determining who is speaking
based on features of his/her voice [29]. Currently, various commercial text-
independent speaker recognition systems exist. These commercial systems are used in
many areas due to their low enough error rates. In addition, many researches are

making an effort to minimize the equal error rate [30].

Speaker recognition comes from its larger field of pattern recognition. In the
last several years, pattern recognition techniques make lots of contribution to speaker
recognition research. Recently, many high performance speaker recognition systems
build by using joint factor analysis [30] [31-32]. Continuous research is going on to
improve error rates. Among all, a major application which needs more improvement
and accuracy is speaker identification in forensic applications. Use of speaker
recognition in forensics has opened many new fascinating research areas. For
example, which voice features are mutual between speakers, which voice features

vary by language, health, emotion, age, dialect and some other factors [33-35].

A major area of research in speaker recognition is reducing the impact of noise
such as background noise, environmental noise, handset variability etc. This is a big
challenge where unknown conditions as security applications are accessed over
internet. Therefore noise (environmental conditions) still continues to be a big
research area [36-37]. In NIST 2010, SRE, it is found that a system having equal
error rates below 2% is best system. For many applications, 2% EER is acceptable
and the others require stringent requirements. Recently many researches have been

made to minimizing EER [38].
1.4  Extraction of Speech Features

A speech signal has several features such as phonetic, prosodic and acoustic etc.
Selection of the required speech features among several features is the important task.
By selecting more informative speech features will help to improve system
performance. Selection of less useful or not useful features for a particular task is
unfavorable to the system performance. Hence, examining the new speech features for
a specific task has been always an important and difficult task [48]. The process of

extracting speech features from speech signal is not straightforward. Speech signals



do not only carry linguistic messages but it also includes major paralinguistic
components, prosody. Speech features stated as prosodic features define prosody of a
speech while the features which are not used to describe prosody are called acoustic
features of speech. Fundamental frequency is the main component of a speech signal

which is further explained as:

» Fundamental Frequency features: Fundamental frequency (Fo) features are useful
for tonal languages. Tones are related with dynamics of the fundamental frequency.
To extract Fo there are many methods used. One common method is through
autocorrelation i.e. autocorrelation of the signal within a frame. In this computation,
second highest peak of autocorrelation is represented as fundamental frequency of
speech signal. For better accuracy or to make system more robust against noise
another technique is required. It is based on observation such as tracking the peak of
the autocorrelation across frames or normalizing the autocorrelation according to the
analysis window [15] [49-50] [44].

Measurement unit of Fo is Hertz (Hz) i.e. number of periods within one second.

Fundamental frequency period can be further divided as jitter and shimmer.

> Jitter: It is frequency stability in terms of equality of period’s duration. It is
computed as average absolute difference between consecutive periods (divided
by the average period) [40] [46].

» Shimmer: It is the measurement for amplitude stability of Fq periods. It is
computed as Average absolute difference between the amplitudes of

sequential periods (divided by the average amplitude) [40] [46].

Both jitter and shimmer have their observation based thresholds and basically used in
speech pathology research. From the fundamental frequency and glottal cycle point of

view, there are many phonation types voice such as the following [15]:

e Normal Voice: Vocal cords are in their natural mode [15] [16].

e Creaky Voice, Vocal Fry: Creaky phonation is characteristically related with
aperiodic glottal pulses. In such type of voice, degree of aperiodicity in the
glottal source is quantified by measurement of the jitter. During creaky

phonation, jitter values are higher than other phonation types [14-16].



e Falsetto voice: in such type of voice production vocal folds are stretched
longitudinally (thin). Therefore vibrating mass is smaller hence tone is higher
[15].

e Breathy voice: It is noticeable as compound phonation type. Such type of
voice production has vocal fold vibration which is inefficient due to

incomplete closure of the glottis [15].

Fo rises when the vowel follows an unvoiced volatile and decrease when it follows a

voiced explosive.
1.5 Application of Speaker Recognition

In the last few years use of biometric system has become a reality. There are lots of
commercial as well as personal applications where biometric is used for security
purpose. Speaker verification has gained a huge acceptance in both government and
financial sectors for secure authentication [7] [51-52]. Australian Government
organization Centrelink, use speaker verification for authentication of recipients using
telephone transactions [53]. Possible applications of speaker recognition are forensic

investigation, telephone banking, access control, user authentication etc. [176].

Speaker recognition has more potential to other biometric such as face recognition,
finger prints, and retina scans. The main advantage of speaker recognition over other
biometric is low cost, high acceptance and non-invasive character of speech
acquisition. To develop a speaker recognition system, expensive equipment as well as
direct participation of speakers is not required. Speaker recognition have potential to
eliminate the need of carrying debit card, credit card, remembering password for bank
account or any other security locks and many other online services [8] [29] [61].
With the continuous improvement in reliability of speaker recognition technology, its
usability has increased. Now days, use of speaker recognition has become a

commercial reality and part of consumer’s everyday life [52] [230].

The performance of speaker recognition system is vulnerable to change in speaker
characteristics such as age, health problems, speaking environment etc. Another

disadvantage is that it is possible to play a recorded voice instead of the actual voice
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of a speaker [52-55]. The use of speaker recognition are continuously increasing,

there are many areas where speaker recognition can be used [23] [198].

» Access Control: Controlling access to computer networks

» Transaction Authentication: For telephone banking and account access
control

» Law Enforcement: Used in home parole monitoring and prison call
monitoring

» Speech Data Management: Used for voice mail or intelligent answering
machines. E.g. speech skimming or audio mining applications.

» Personalization: Device customization, store and fetch personal setting based

on user verification for multi user site or device [51].

All the above mentioned applications require robust speaker recognition
techniques. The requirement of robustness in case of speaker recognition system can
be explained with the help of an example. In telephone based services a user speaks in
many circumstances (in noisy environment or street), use different communication
medium (telephone or mobile), differs the distance of microphone etc. Therefore
robustness is the key factor for deciding the success of speaker recognition system. In
the area, the first international patent was filed in 1983 by Michele Cavazza, Alberto
Ciaramella. This invention relates to analysis of speech characteristics of speakers, in

particular, to a device for a speaker's verification [56].

Barclays Wealth and Investment Management was the first organization in the
world to deploy passive voice security services. The basic aim behind using voice
based security was transforming the customer service experience. By using this
technique customers are automatically verified as they speak with a service center

executive [57]

In August 2014 GoVivace, developed speaker identification system by using
voice biometric technology. This technology can be used for rapid voice sample
matching with thousands or millions of voice recordings. The purpose of
implementing this technology is to identify callers in enterprise contact canter settings
where security is a major concern. GoVivace's Sl technology is also available as an

engine. They provide software developer kit (SDK), library as well as the Simple
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Object Access Protocol (SOAP) and representational state transfer (REST)
Application Programming Interfaces (APIs) to use the software as a service [58].
HSBC is rolling out voice recognition and touch ID services for 15 million customers
by the summer in a big step towards biometric banking in the UK [59].

The popularity of voice biometric has risen more in past few years. According to
Opus research, more than a half billion voiceprint will be in record, alone by 2020.

People found more comfortable with biometric authentication [5].
1.6  Strengths and Weaknesses of Speaker Recognition System

With rapid advancements in the area of speaker recognition system, it is ready for use.
But it is not a universal solution for security. The main strength of speaker recognition
technology is that it depends on speech signal which can be acquired very easily in
this digital era [7] [23]. The weakness of speaker recognition is that it is easily
affected by speaker’s health. The variability in channel and microphones affects
system performance. Robustness against channel variability is the biggest challenge
for the current system. There are efforts made to overcome from such type of
weaknesses. For example voice biometric combined with face recognition is one of
the solutions to overcome from such weaknesses i.e. increase security levels to make

more robust systems [23] [61].
1.7  Identified Issues in the Speaker Recognition System

During the implementation of the speaker recognition system, many problems occur.

Some specific one is discussed here such as:
» Scalability

Time of identification in speaker recognition system increases with the increase in the
number of speakers in the voice database. Hence performance of recognition

decreases with respect to increase in speaker models [7] [27].
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» Channel divergence problem

Channel mismatch problem arises due to differences occur during acquisition of
training and testing data [4] [7].

» Time complexity:

The efficiency of automatic speaker recognition system is decided by the time taken
by the system during testing process. To achieve better accuracy, higher dimensional
feature vectors are needed which again add higher computational complexity and
increase computation time. Therefore there is a trade-off between computational time
complexity and speaker identification rate [4] [12] [62].

» Performance against noisy speech signal

Practically it is next to impossible to capture a noise less speech, so a system which is

robust against noise is required to develop.

1.8 Motivation for the Research

Research in speaker recognition systems have been continued for many years. This
technology nowadays widely used for secure authentication. Speaker recognition is
defined as the process of recognizing a person by his/her voice. This methodology
allows user identity by their voice. The goal of speaker recognition system is to
provide secure authentication in daily life such as telephone banking, access control,
information services, security check for confidential areas etc. In the current scenario,
it becomes a strong security feature for many confidential areas [4]. The performance
of speaker identification system is affected by many factors. Figure- 1.8 shows the

characteristics of different types of speech features.
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Figure- 1.8: Characteristics of Different Types of Speech Features

Research in speaker recognition is mainly concerned on the development of
fast and robust system, which can work in noisy environment as well as channel
mismatch. The time required by the traditional classifier system has to be reduced to
make the identification system more useful. If classifier GMM is used, then
computational complexity can be reduced by two ways; by reducing the number of
mixtures or by reducing the dimension of feature vectors. But in case of reducing the
dimension of feature vectors speaker identification rate decreases and this results in
making the identification system impractical for using. Therefore, another option is to
reduce dimension of feature vector, without losing important information contained in

the speech features.

System performance depends on feature extraction technique such as MFCC,
LPCC, LPC, Prosodic etc. Commonly used feature extraction technique is MFCC but
it is not suitable in the case of noisy data while prosodic features are robust against the
noisy data [7] [12] [25]. Many researchers have come up with different prosodic
features for improving system performance. Hence, the main motivation behind the
proposed research is to analyse the different prosodic features available and to find

out the way of improving system performance.
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1.9 Research Problem

From the foregoing discussion, it is pertinent that security is a big challenge in the
current digital era where insecurity is everywhere. The potential of speaker
recognition technology is that it relies on a signal (voice) which is natural and
available unobtrusively to acquire without any special equipment or training. The
primary use of this technology is for remote system accessibility and forensics. Also it
is easy to use and portable (portable as handhelds device) and the leading factor is
high accuracy. Keeping this in mind, the researcher has formulated a problem as
under in order to improve the accuracy of speaker recognition system;

Improving Performance of Speaker Recognition Using
Prosodic Features

1.10 Objective of the Research

In order to achieve the most general goal to improve the performance of speaker
recognition system using Prosodic features and Gaussian Mixture Model (GMM), the

following objectives have been set fourth:

e To review and critically examine the speaker recognition technology and to
identify key issues that needs to be addressed in the real-world deployment of
this technology.

e To study about the ways for improving speaker recognition performance and
noise robustness for real-world operational conditions,

e To study about the alternatives to the present state-of-the-art approaches for
speaker recognition, and to identify the ones that offer practical advantages,

e To demonstrate the operation of the speaker recognition technology in real-life
or close to real-life scenarios.

¢ To find out the better modeling technique and pattern matching technique.

e To conduct a detailed study on Prosodic features extraction technique.

e To design an algorithm to extract the features of speaker’s voice and to create a
database for the same.

e To design and develop a speaker recognition system with better performance.
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1.11

To test the proposed system by analyzing the words spoken by a speaker to
verify whether the speaker is a true speaker or not (i.e. speaker verification) and
to identify a particular speaker among a group of persons by accepting or
rejecting.

To evaluate the performance of the proposed system.

To compare the performance of the proposed speaker recognition system with
the other recognition system in the area.

To validate the proposed system.

Methodology Followed

The basic methodology is tantamount to a list of things that we might try in order to

reach out to the ultimate goal.

1.12

Conceptualization and Review of the available literature;

Development of the Conceptual Speaker Recognition Framework;
Expert-Review and Revision of the proposed Speaker Recognition
Framework;

Implementation of the proposed Framework in order to improve system
performance;

Experimentation;

Preview and Pre-Tryout;

Tryout;

Assessment of Effectiveness;

Documentation and Finalization
Expected Deliverables
The following are the expected outcomes of the research:

e The list of speech features which are responsible to enhance the system
performance.
e The List of prosodic features which are more robust against noise.

o A framework for developing speaker recognition system.
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1.13

e Design and development of an improved speaker recognition system
with better performance.

e Design and development of an algorithm to identify a registered
speaker.

e Design and development of speaker’s voice database.

e An experimental study showing the usefulness of the proposed speaker
recognition system.

e A comparative study to prove that the proposed speaker recognition

system is better one.

Limitation

In order to keep the research precise and within the time boundary, the thesis has few

limitations. These are as follows:

1.14

The proposed work focuses only on speaker Identification and not on speaker
verification.

Voice database is limited and it also contains some background noise.

The performance of proposed system is tested only within laboratory setup.
Implementation of the same has not been done in real scenario.

Training and testing is performed only on English and Hindi voice database.

During testing, channel mismatch has not been considered.

Thesis Outline

It is expected that the proposed research will make the speaker identification task

more accurate. The thesis presents detailed study about the same. Apart from

annexure, references and other components, this study includes seven chapters. A

summary of each chapter is presented below.

Chapter- 2: Literature Review

This chapter provides concise definition and discussion about speaker recognition

technology. It presents the literature review, basic terminology of speaker recognition

and speaker recognition methodology in details. It also presents the general overview
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of human speech production, and consequently introduces the review literature of

speaker modeling technology and the estimated model.

Chapter- 3: Framework for Speaker Recognition

In this chapter, a framework for development of speaker recognition system is
proposed along with the premises of framework. A guideline is given for the proposed
framework. The proposed framework has the six phases including acquiring speech
signal, feature extraction, modeling, pattern matching and decision phase and
performance evaluation phase. In addition, limitation of the proposed framework has
also been discussed.

Chapter- 4: Implementation of the Proposed Framework Using Prosodic

Features

In this chapter, a detailed description is presented on how the proposed framework for
speaker identification system is implemented. A detailed study of prosodic features
with their extraction procedure is also presented. Most of the components of this
system are implemented individually by MATLAB as well as Praat software as per
the suitability of framework component. Database creation process is also given in
detail. VVoice database is created for training and testing of speaker recognition. At the
time of voice recording some background noise exists. In addition, discussions about
prosodic features which are used in this research along with an algorithm for speaker

identification are presented.

Chapter- 5: Experiments and Result

In this chapter, the experimental results are presented. During experiment training
condition, enrollment condition and test conditions are discussed. Results obtained
from the individual feature extraction techniques have also been discussed. This
chapter deals with the results obtained in the study and its data analysis. Calculated
results are presented graphically. Comparison of accuracy results of speaker
recognition systems using different feature extraction methods are calculated and

compared. It has also shown that accuracy of automatic speaker recognition system

18



depends on various factors including which feature extraction technique is used, what

speaker modeling technique is used, recording conditions of speech etc.

Chapter- 6: Validation of the Framework

In this chapter, concept of validation has been discussed and methodology for
validation has been designed. During validation, hypothesis have been formulated and
tested on the basis of statistical analysis. Student t-test has been used for testing the
hypothesis. Additionally, some issues have been discussed which occur at the time of
development of speaker recognition system. The main issues including noise, headset
mismatch, sampling rate of speech signal etc. are discussed here. In addition, the ways

to improve speaker recognition system performance have been described.

Chapter- 7: Conclusion and Future Work

This chapter describes the findings of this research. It presents an overview of the
research and outlines in terms of its major findings. In addition, it demonstrates the
significant contribution of this research in reference to speaker recognition
technology. It also discusses probable limitations of the research and proposes

directions for future research.
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CHAPTER-2: LITERATURE REVIEW

The speech of man is [ike embroidered tapestries, since like them this has to be extended in order to
display its patterns, but when it is rolled up it conceals and distorts them.

—Themistocles

2.1 Introduction

Biometric can be considered as a tool used to measure human characteristics or
individuality. Biometric includes behavioral or physiological measurements of the
individual. Behavior biometric is performed by \oice, Signature, Keystrokes, and
Typing etc., whereas physiological biometric includes iris, face, retina, fingerprints,
ear, DNA etc. Now a days voice biometrics is emerging research area. From the
literature survey, it has been identified that biometric verification or realistic
authentication is used to recognize an individual through his/her voice individual
characteristic. Recognizing a person’s individuality by his/her voice is known as
Automatic Speaker Recognition (ASR). Speaker recognition falls in the category of
biometric security systems. This chapter provides a review of the relevant literature

and terminology related to the research [55] [90].

Technology improvements are required in many fields such as online
transactions, communications in the field of banking and networking. Now a day’s
biometric techniques are used in many fields for security purpose, each voice has their
individual characteristic that’s made it impossible to clone it. Such type of systems
uses some human characteristics which are unique in each person, e.g. fingerprints,
voice, retina and DNA, etc. Automatic speaker recognition can be defined as; it is an

automatic recognition system that uses a person’s individuality for their identification
[57] [97].

In this technological era, it is very common that when you receive a phone call
and the moment caller saying ‘Hello, it is me’ and you answer immediately ‘Ya- Ya ,
I recognize your voice’. This is an example of speaker recognition, which occurs in
our daily life, this shows that a human easily recognize the caller from his/her voice
only. There is a growing demand for person authentication for accessing different

services including transaction, access control and forensics, etc. In order to consider

20



security perspective speaker recognition system is highly recommended. The reason

behind its popularity that it is very user friendly, cost effective and robustness etc.
22 Background

Voice is the most natural way to express their thoughts for humans; therefore it is the
most common medium used for communication. With the developments are made in
technologies the way of communication medium also changes. Therefore to act
together with machine and computers people needs to interact with computer
programmed devices. To make human interaction as easy and appropriate as possible,
there has been a great effort made in human-computer research oriented technologies
during last few decades and still continues [15]. Automatic speaker recognition
systems have many advanced developments in last 6 decades. Today’s such type of
systems are used in many areas such as access control, authentication, online banking
and some forensic applications. The first speaker recognition system comes in to the
existence at 1962. In 1962 Lawrence G. Kersta, a Bell Laboratories Physicist
published an article entitled, “Voiceprint Identification” published by Nature [30]
[65].
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Figure-2.2: Lindbergh Wanted Poster [30]

It was 1932 when baby boy Charles and Anne Lindbergh’s kidnapped and
killed. During the cycle Charles Lindbergh who sat in nearby car, listen an unknown
person voice who says “Hey Doctor, over here, over here” but he not able to see him.

After Two and a half years later during the trial of the suspect kidnapper, Charles
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Lindbergh had heard the same voice (Bruno Hauptmann voice) without seeing his
face and he claimed that this person voice is same as the voice heard during
graveyard. This case inspires ‘Frances McGehee’ to research on the reliability of ear
witnesses and it is first academic research. Later she published two articles entitled as
“Reliability of the Identification of the Human Voice” and “An Experimental Study
Voice Recognition”. Due to McGehee research in speaker recognition give another
research topic in forensics and psychology [30] [65-66]. In the 1960’s to make

autonomous speaker recognition system many developments have been done.

A physiological model of human speech developed in 1960 by Gunnar Fant.
The Fant model and other parallel research become the base to speech analysis for
speaker recognition as well as speech recognition. In 1960°s Leonard E. Baum and
others established a stochastic model for Markov processes, to determine hidden
parameters of a statistical model. Due to observe these features the model is called
Hidden Markov Model (HMM). This statistical model broadly used in speech
recognition but limited in speaker recognition [30]. The use of voice as a biometric
authentication has very long period. The studies have been made in early of twentieth
century, on vocal recognition as an academic venture. As the use of computer rises it
is led to the development of speaker recognition system. In early days of computing
idea of speech recognition was proposed. The first step in the direction of machine
based recognition system initiated with the invention of spectrogram during Second
World War. It was Kersta who contributed research in 1960’s on voiceprint and this
contribution opens new way in the field of speaker recognition technology [30] [62]
[65-66].

In the early of 1970’s the first speaker recognition system was developed. The
developed system is text-dependent and multi-model speaker authentication system
which is used for access control at Texas Instruments. Later many improvements were
made to developing text-independent system. And now more work performs to
developing more robust and accurate text-independent speaker recognition system.
Many researchers used NIST SRE speech database for evaluation of
accuracy/robustness to text-independent speaker recognition system. Now day’s

speaker recognition is a worldwide activity and a burning area of research. As
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compared to other biometrics “speaker recognition” is commercial venture across the

world [4] [30] [51] [62].
2.3 Related Study

Even though a majority of speaker recognition system approach are based on cepstral
coefficient such as MFCC. Several systems have been proposed by using cepstral
features [67- 69]. But in last one decade it is observed that researcher make interest in
prosodic features to develop speaker recognition system. Prosodic features produce
best result as compared to MFCC’s and more robust against noise [70-73]. The
generally used prosodic features are pitch and energy contours [74]. As it is a fact that
prosodic features are related to phonemes and syllables (such as pitch and duration)
are less sensitive to channel distortion than cepstral features [71] [75]. As result
obtained in [102] author said that to obtain best result the prosodic feature (duration,
pitch and energy) are more suitable. Prosodic features are based on speakers speaking
style and speaker’s intonation. Prosodic systems are required large amount of voice

data to train speaker models [71-75].

The work presented in [70] by K. Sonmez et al. propose a system based on
distances among pitch histogram values and demonstrate that pitch has a log normal
distribution. Also a study made by the same author in [76] proposed a stylization
method which is based on segmentation of pitch contour [217]. Here extract a specific
set of parameters for each segment such as median, segment feature duration and

slope of pitch contour. Model created for each feature by using GMM.

In [77] Licia Sbattella et al. proposed a speaker recognition system based on
prosodic features which is able to recognize speaking style and emotions of a speaker.
In this study authors used two LDA-based classifiers. These classifiers depend on two
sets of prosodic features. The result shows that obtained Ac= 71% for emotions and
86% for speaking style. The PrEmA tool used for extract prosodic characteristics
such as speaking style and emotions of a speaker. For experiment and validation
taken 18 segments randomly to evaluate each emotion, from total available 90

segments.
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As author Luciana Ferrer et al. says in [78] that prosodic features used
successfully in speaker recognition from more than last one decade. Best performing
prosodic based speaker recognition system to till date has been based on syllable
features extracted from speech signal. In this study author used two different
modeling techniques to create speaker models. The one is joint factor analysis (JFA)
of GMM means and support vector machine (SVM) modeling of GMM weights. The
result shows the improvement of 30% in detection cost function (DCF). The
experiment conducted for text-independent verification system, where recognized

claimed identity of a speaker that is whether claimed identity is true or false.

As authors introduces continuous prosodic features in [17] for speaker
recognition and model with JFA. These features also used for language identification.
In this study the used prosodic features are syllable like features, pitch and energy
based features. Since used prosodic features are continuous hence GMM s used for
modeling technique. Author used pseudo syllable as the main unit for extracting
prosodic features. The experiment is performed on NIST-2006 database (core
condition, English-only trials) and evaluated EER is 16.6% and 14.6% for speaker
recognition. As author says about the achieved system performance, that for better

performance we need large amount of training data [154].

In [135] authors used prosodic features for speech feature extraction. Prosodic
features generally based on syllable level of speech such as contextual, positional and
phonological features are extracting from syllable. In this study used prosodic features
are duration and pitch (FO) values of the syllable. Neural network used for modeling
prosodic features, and also use to extract speaker specific prosodic information and
this methodology also useful to enhancing the system performance of speaker, speech
and language identification systems. Experiments were done for identification of
Hindi dialects.

2.4  First Speaker Recognition System

It was 1962; Lawrence G. Kersta physicist Bell Laboratories published an article
entitled “Voiceprint Identification” published by Nature. In 1960 law enforcement
agencies approached Bell Laboratories to identifying those callers who had made

several bomb threats over telephone. This task was given to Lawrence G. Kersta.
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After some time he claimed on the basis of his research that he had a method to
recognize individuals with very high success rates. Three other scientists of Bell
Laboratories named Potter, Kopp and Green earlier used his method for speaker
recognition for military applications during World War 1I. They have developed a
spectrogram for speech signal. Spectrogram contains frequency and intensity of
speech signal with respect to time [30] [80-83]. Figure-2.4 shows the sample of

spectrogram of a speech signal.
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Figure-2.4: Sample of Spectrogram of a Speech Signal [173]

Identification method given by Kersta is based on the aural-visual method.
Spectrogram produced by a sample speech signal and this is examined visually for
pattern matching. Result achieved by this method can be very high, assumed an expert
interpreter and good environmental circumstances. Even with good results achieved,
machine required human interaction due to this its use in security applications is
limited [30] [65] [84]. Kersta’s method is still utilized in some forensic applications
such as in FBI but not into real-world speaker recognition system. For automatic
authentication of a person, independent recognition system would be needed and also

have low error rate [80].

To develop a robust and accurate speaker recognition system feature
extraction/selection, modeling and decision making algorithms have important role.
This field has made many significant improvements to till date. The hidden Markov
Model (stochastic model) developed by Leonard E. Baum and others in 1960°s [85].
This method used to determine hidden parameters of a statistical model. Later it was
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extensively used in speech as well as speaker recognition system during 1980’s.
Matsui and Furui said that HMM and Vector quantization (VQ) with enough training
data was effective and less computationally demanding as Gaussian mixture model.
VQ use for speaker feature vector but it is not consider as a serious approach to
speaker recognition. As it is studied that HMM is a standard method for speech
recognition and text-dependent speaker recognition systems but it is found not more
suitable for text-independent speaker recognition system [86-88] [117][120][237].

2.5 Speech Production Method

Figure- 2.5 shows the human voice/speech production system. Human speech
production system is capable to produce several numbers of distinct sounds. The
voice production system can be divided into subsystems such as respiratory
subsystem, laryngeal subsystem, and articulatory subsystem. These subsystems
contains the different kind of information related to human’s voice features for
example respiratory subsystem (diaphragm, lungs), laryngeal subsystem (larynx) and
articulatory subsystem (oral/nasal cavities, soft/hard palate, tongue, jaw, lips and
teeth) [39-40]. It is known that the respiratory and laryngeal subsystems be
responsible for source signal of speech. Hence Fy (fundamental frequency i.e. the
quasi-periodic cycle frequency of voiced speech) and the glottal waveform differs in a

little way in terms of vowels [41- 42].
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Figure-2.5: Respiratory system involved in speech production [40]
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A speaker is recognized by both physiological and behavioral characteristic of

their voice. These characteristics are known as vocal tract (spectral envelop)

characteristics and voice source (supra-segmental features) characteristics [43].

Speech is unique for individual due to differences in size of vocal tracts of each

person. The length of vocal tract is related to resonance frequencies such as formant

frequencies [44].

>

2.6

Sources of variability in the speech signal: A speech signal contains many
different types of information, and this information intermingled in a way that
it is very difficult to decompose and sometimes impossible. The variation in
speech can be categorized in general as [45-46]:

Speaker Identity: Information that carry speaker’s voice permanent
characteristics.

Linguistic: Information that express speaker’s purpose to the listener.

State: Information that takes passing states of the speaker that is not relevant
to speech signal.

Lungs: During voice production lungs are used for inhalation and exhalation
of air. They are also supplies energy to the rest of the blocks in the voice
production systems. Exhalation and inhalation are differing to each other in
working. By reducing the lung air pressure Inhalation is occur while
exhalation initiated by an air pressure increase in the lungs [47].

Larynx: Larynx is a complex system of cartilages, muscles and ligaments. It

1s also known as ‘voice box’ [47].

Biometric and Speaker Recognition

In today’s environment, where insecurity is everywhere security has been one of the

important issues. For providing security voice biometric is an emerging area

especially for the purpose of authentication [89-90]. In voice biometric speaker

recognition is performed with the help of the unique characteristics of human voice

including physiological and behavioral characteristics [55] [57].
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Figure-2.6: Types of Biometric

These characteristics have specific and appropriate features of voice and have
potential to recognizing a person [55] [91]. With this approach it is also possible to
authenticate a person irrespective of changes of environment or channel. This
approach is very useful and cost effective as it is voice based biometric technique
which is easily available in this digital era [92-93]. There exist many areas where this
technique can be successfully implemented for security and investigation perspective.
Few of the application areas of speaker recognition system includes forensics, remote
access control security, web services, online calling, personalization of services and
customer relationship management, voice based biometric system, voice based
banking, surveillance/criminal investigation etc.[92-94] [97]. Figure-2.6 show that

how biometric related to human characteristics.

Forensic science is a method of crime investigation by gathering and
examining criminal’s information [95]. Computer forensics or computer forensic
science is an area of digital forensic science. It is used in legal verification through
computers (for digital storage media). The aim of digital forensic is to identifying,
analyzing, preserving, recovering and presenting specific information and judgment
concerning digital information [96]. Digital forensic is mainly associated with
investigation related forensic crimes through computers and the results are used in
civil legal proceedings. Digital forensic uses various techniques to distinguish identity
of individuals. Digital forensic is a very young area for crime investigation [97].
Forensic linguistic is used for voice identification which is also called forensic
phonetics. It is performed on the basis of voice acoustic qualities (if the voice is
recorded anywhere e.g. on a tape, mobile phone or any other device) [57] [98].
Identifying a speaker with the help of forensic linguistic is called forensic speaker
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recognition. It is important and challenging task. Forensic speaker recognition is an

application of speaker recognition [99].

The term speaker recognition refers to speaker verification as well as speaker
identification. Speaker recognition/Voice recognition is the process of a person’s
authentication by his/her voice [93]. It is also known as Biometric Identification
Technique (BIT) [91]. In this technique human traits are used for identification and
verification for the purpose of access control. Speaker recognition technology is
mainly used for three purposes. In authentication purpose, forensic scenario,
screening and indexing applications. Authentication refers to verify the identity of a
user who needs physical or logical access. Voice forensic refers to comparing two
voice samples to determine the source of the same. Screening and indexing is refers to

search of specific speaker speech from large voice database [94] [96] [100].
2.7 Characteristics and Categorization of Biometric

Biometric is a feature of human being by using which a person can be recognized.
The following properties have been considered as guiding light to understand about

what biological features are best suited for biometric [101-102]:

e Uniqueness: Something that differentiate individuals.

e Universality: Something that everybody has.

e Stability: Something which is constant over time for each & every person.
e Measurability: Something which is easy to measure.

e Acceptability: Something which is well accepted by people.

e Performance: Something which has speed, accuracy and robustness

¢ Non Confront: Something which cannot be easily fooled.

The above properties forms the basis to decide what features should be used as
biometric. Every biometric has individual purpose for its use such as security system,
crime investigation, voting system, Time accounting etc. The selection of biometric
depends on the requirement for authentication [99-102]. The available biometric
examples include DNA matching, eyes, ear, voice, face, fingerprint, hand geometry,
signature/writing etc. The Figure- 2.7 (a) and Figure- 2.7 (b), shows about

physiological and behavioral characteristics of any person.
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Figure-2.7 (a): Types of Physiological Characteristics of Human

Behavioral
Voice Gait Typing Rhythm

Figure-2.7 (B): Types of Behavioral Characteristics of Human

o DNA: Identification of an individual using the analysis of DNA segments

e Eyes (Eris and Retina): Use of the features found in the eyes to identify an
individual.

e Ear: Identification of someone by using the shape of the ear.

e Face: The analysis of facial features for the authentication of an individual.

e Fingerprint: Use of the ridges and valleys found on the surface tips on human
fingers.

e Hand geometry: use of the geometric features of the hand

e Signature/writing: The authentication of an individual by the analysis of
handwriting style

e \oice (Speaker Recognition): The use of the voice/speech as a method of

determining the identity of a speaker

The above mentioned are some biometrics which are used for person authentication.

Biometric is considered for Security and accuracy, but the disadvantages are being
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offensive of privacy and cost of implementation [99-102]. Following are some

advantages of biometrics:

e Convenience

e Increased security
e Accuracy

e Non imitative

e Non sharable

e Cannot be lost

e Reduced paper work

e Easy to access

The above advantage makes biometric systems more secure and accurate.
Biometric recognition is the continuously developing branch of science. It is
convenient and reliable technology this allows using biometrics in common life by
making this technology easier and interesting. Almost every country in the world is
using at least one biometric to recognize its nationals. Use of biometric is increasing
day to day for security. For example, In India ‘Aadhaar’ is the largest biometric
database in the world, about 480 million ‘Aadhaar’ numbers have been assigned to

the Indian nationals up to 2013 [90] [92].
2.8 Phases of Speaker Recognition System

Speaker recognition is a pattern recognition problem which is a branch of machine
learning. Speaker recognition and speech recognition both come under voice
recognition, which is also known as voice biometric. Speech and speaker recognition
can be distinguished as ‘speaker recognition’ i.e. ‘who is speaking’ and ‘speech
recognition’ i.e. ‘what is being said’ [104-105]. Extraction of speech signal is the
main task in the development of speaker recognition system. To extract speech
features from speech/voice signal there are many techniques available such as MFCC,
LPCC, LPC, Prosodic etc. One of the speech features is spectral features of speech
signal which is used to representing speaker’s voice characteristics [106-107]. After
feature extraction speaker models are created for individual and stored as voice

database. To create models for speakers, various modeling techniques including
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GMM, HMM, pattern matching, frequency estimation, vector quantization, decision

tree and neural networks etc. are used mainly[104].

Automatic speaker recognition system has two phases enrollment phase and
verification phase. In enrollment phase speaker’s voice is recorded and specific
features are extracted from speech signal/voice print. In verification phase a voice
sample/utterance is compared to stored template or voice print [91] [106]. Speaker
recognition can be classified into speaker verification and speaker identification.
Identification and verification can be explained as: In case of speaker identification,
the voice sample is compared with multiple templates from stored voice database and
the best match is selected e.g. comparing a voice sample of an assaulter from
previously predictable voice database of criminals and trying to find best match in this
case one speaker’s voice is matched against ‘n” templates so it is also called 1: n
match. While in case of verification speech sample is compared with the claimed
voice print e.g. presenting your identity card to security officer, the security agent
compare your face to the photo attached in the identity card and verify that either
claimed identity is accepted or rejected so it is 1:1 match [91] [105-106] [108].
Figure- 2.8 shows the common steps involved in development of Automatic speaker

recognition system.
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Figure-2.8: Phases of Automatic Speaker Recognition System
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On the basis of process involved in verification and identification it can be
easily inferred that verification is faster than identification. During the study in this
area, it has found that in most of the cases identification is performed first to find the
best match then only verification is done to reach out a conclusive result. It can be
justified by taking an example suppose that “if a voice sample of a suspected assaulter
is captured then this voice sample is matched with the previous formed voice database
and tried to find out best match of this sample (that is identification) after that
verification is performed then gives conclusive result declaring true or false and the
best match voice is belong to that assaulter or not [76] [78] [118].

2.9 Development of Speaker Recognition System

In 1960°s various developments has been made to make it possible autonomous
speaker recognition system. The development made in this time covered a wide-
ranging discipline in the field of speaker recognition system. For example, Gunnar
Fant in 1960 developed a physiological model of human voice production system.
This model sets a basis for understanding speech analysis for speaker recognition and
speech recognition both. Fant idea of physiological model of voice directed future
researchers to characterize speech signal as a linear source filter model. Through Fant
model it is possible to make many advances to discovering human voice
characteristics which is individual recognizable [30] [80] [109]. Figure-2.9 shows the
timeline of crucial development in the field of automatic speaker recognition system.

In 1963, Bogert, Healy and Tukey published a research article titled “The
Quefrency Alanysis of the Time Series for Echos: Cepstrum, Pseudo-Auto-
Covariance, Cross-Cepstrum, and Saphe Cracking” [110]. This article (oddly titled)
makes a study about echo detection. In 1965, Cooley and Tukey published their
research on digital implementation for the Fourier Transform and later it is known as
Cooley-Tukey Fast Fourier Transform (FFT) [111]. Cooley and Tukey method,
contributed as efficient method of frequency analysis of digital signal. In 1969
Michael Noll who inspired by the echo detection cepstrum (Bogert, Healy and Tukey
article) gave idea for pitch detection of a human voice by using cepstrum [112].
Ronald Schafer who joined Oppenheim research makes contribution to build on

Noll’s pitch detection which used for cepstral analysis to model speech signal. Later
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the developed cepstral speech model was used as an important tool for speaker
recognition [113-114].
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Figure- 2.9: Timeline of Major Speaker Recognition development system

Advancement in the area of ASR 1974 to 2017 has been shown on the basis of
different parameters. The summary is presented in table-2.9 the terms defined in
columns in table-2.9 are: “Developer/Author/year” refers to who developed and used
the particular techniques, “Organization” is the lab or company or institution where
the work has been done, “Database (Population)” is the number of speakers in which
test has been conducted for speaker verification or identification, “Features extraction
techniques” that is refers to the technique used to measure speech signal features,
“Modeling” refers to the method is used for the matching of signal, “Voice type”
shows how the voice is acquired such as telephone, lab, noisy place etc., “text-type”
means the system is text-dependent or text-independent, “accuracy” sows that how
much the system is accurate for recognition. The complete information in the table
gives a general overview of speaker recognition research from 1974 to 2016. To be
focused here have taken some selected & significant studies [63-64].

Speaker recognition system can be used in access control, telephone banking,
biometric investigation, crime investigation etc. There is a number of
commercial/organizational/personal automatic speaker recognition system including
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T-NETIX, ITT, Lernout & Hauspie, Veritel and voice control system. Studies say that
‘sprint’s voice FONCARD’ is the largest scale deployment of any biometric system
till date [140-142]. It is very difficult to make a meaningful comparison between text-
dependent and text-independent speaker recognition system in absence of standard
comparison criteria. As there are different techniques dealing with different
recognition problems so it is not easy to decide which one is better. For instance
Gish’s segmental ‘Gaussian model’ and Reynolds’ ‘Gaussian Mixture Model’ for
text-independent approaches are used to deal with unique problems e.g. sounds or
articulations present in the test signal, but not in training voice signal [142] [155].

During the literature survey, it was found that the following areas of speaker
recognition have been gaining great attention in terms of research:

e Accuracy of speaker recognition system [141] [143-144].

e Development of more robust system for speaker recognition [145]

e Development of feature extraction techniques for voice feature extraction[146]

o Different speaker modeling techniques for speaker identification and
verification etc.[147-148]

Table-2.9 summarizes few relevant research works in the area. Of course, these
works have their own worth. Nobody can deny the importance of these works. But still
there exist many questions which are still unanswered:

e Is there any standard way available to decide about the number of voice
parameters?

e  Which voice parameters are essential to include during the development of
speaker recognition system?

e  What is the maximum time limit for voice recording to achieve maximum
accuracy?

e ltis possible to make a robust speaker recognition system in real which is not
affected by background noise, session variability, recoding environment etc.?

e  What and how many speech parameters should be included to develop a
robust speaker recognition system?

e  What factors are more responsible for enhancing the system performance as
well as degradation?
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The main objective of the work is to focus on the recent advances and development in the area of speaker recognition and the problems still

remains unanswered.

Developer/Author/year Organization Database(population) | FeaturesExtraction/ | Features Voice type Text type/system type Accuracy (%)
Modeling/Matching
Method
Moataz El Ayadi Dept. of EM & P, NIST 20 0 0(100 male) | GMM-UBM/robust i- | MFCC Lab Independent 16% relative
et.al./2017 [9] Faculty of Engineering, | & COSINE database vector improvement
Cairo University, Giza,
Egypt/ NIST 2000
Ye Tian, Zhe Chen, Fuliang | SICS, Dalian | 100 experiment DIEKF/IMAGE Acoustic Microphone Independent/Speaker DIEKF-3is
Yin/ 2017 [161] University of Method array network Tracking better than DKF
Technology,  Dalian, (room & DIEKF-1
China reverberations)
B. S. Atal/ 1974 [28] Bell laboratories 10 speakers LPC Cepstr-um Lab Independent 93%
Alfredo Maesa/2012[171] Voxforge.org 450 speakers MFCC spectral Audio data- Independent/Identification
subtraction base >96%
Douglas A. Lincoln Laboratory 49 GMM Short Telephone Independent/Identification | 96.8%
Reynolds/1995[149] Utterance
Rabah W et.al./2004[172] King Abdulaziz 20 SVD-based algorithm | LPC/Cepstral | office Independent/Identification | 94%
University
Najim Dehak et.al./2007 NIST-2006 NA GMM-JFA prosodic Lab language identification Improvement
[17] features 8% (all trials)
and 12%
(English only
P. TIMIT 100 GMM-UBM MFCC Lab Independent/Identification | 80%
Krishnamoorthy/2011[148]
Sriram SRE database (NIST- random AR model FDLP Lab Dependent/Recognition relative
Ganapathy/2014[178] 2010) improvements
of up to 25%
Hesham Tolba/2011[179] Arabic speakers 10 HMM/GHMM MFCC Lab Dependent/Independent 80%
Chih-Hung Chou et. ALTERA DE2-70, 16 VQ/GMM-PQ 00s Lab Dependent Recognition
Al./2015 [180] Rate 88.3%
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Emmanual Perrin et. E-HERRIOT 60 Acoustical Signature | Vocalic Standard Dependent >90%
Al./1994 [181] Space Protocol
Ergun Yucesoy et al. E Gender database 299 speakers GMM-SV prosodic Lab Dependent 90.4%, 54.1%
/2016[125] INTERSPEECH 2010 features and 53.5% in
gender, age, and
age & gender
categories
Xuanjing Shen et al. TIMIT speech 38(19 Female, 19 LFA-SVM 12-order Lab NA 81.52%
/2014[183] database Male) Gaussian kernel MFCC,
Anzar S.M et al./ 2016[184] | English language 50(Male/Female) GMM/MFCC MFCC super- | Lab with intra- | NA Improved (%
database for adaptive template class-variations NA)
speaker
recognition(ELDASR)
Isaias Sanchez-Cortina et videoLectures.net, poli | NA logistic regression NB model Online Dependent Relative
al./2016 [185] Media model educational improvement
lectures between 2% and

7%.

Table- 2.9: Progress in Speaker Recognition in Last Six Decades (Some Selected)

* RMA: Royal Military Academy
* NDSF: Normalized Dynamic Spectral Feature
* VER: Verification error rate
* RER: Rejection error rate

* FDLP: frequency domain linear prediction

* SRE: NIST-2010 speaker recognition evaluation database

* AR Model: Auto Regressive Model
* NB Model: word-dependent naive Bayes (NB)
* JFA: joint factor analysis
* DIEKF: Distributed iterated extended Kalman filter
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Speaker recognition is one of the emerging research domain for persons
authentication and enhances the security in the areas including access control, voice
authentication, banking by telephone and many more [122][145]. It is very difficult to
find the fix voice parameters by which a good speaker recognition system with
maximum accuracy can be developed. Therefore to design and develop robust speaker
recognition system, continuous effort is needed. Speaker recognition technology has
many advancement and development till date but technology development and
evaluation are two sides of the same coin. So keeping this point in mind it can be
concluded that without having a good measure of progress nobody can make valuable
progress [122]. Till date various investigations have been proposed for evaluation of

speaker recognition but in real a complete tool has not yet been developed [12] [62].
2.10 Principles of Speaker Recognition

On the basis of speaker recognition application, it can be divided into three specific
tasks named as speaker identification, verification, segmentation and clustering [116-
119]. Speaker identification is defined as which speaker’s belong the voice sample,
from a group of known speakers. Speaker verification is defined as, whether a speaker
is who s/he claims to be according s/he voice sample. This task also known as voice
authentication and speaker detection [4].

Speaker segmentation and clustering is defined as, it is a way to index audio
records to make retrieval easy. Generally it is consider that the speech of a particular
speaker is available for processing. But suppose this is not the case and the speech is
mixed with other speakers then it is required to segregate the speech sample into
segments to perform recognition process. So the aim of this task is to divide the given
speech sample into identical segments and then find them via speaker identity [20]
[62] [217].

A speaker recognition system has two phases named as training phase and
testing phase. In training phase a speaker register by providing a speech sample to the
system. The system extracts speech features from the speech sample to create a
speaker voice model of the enrolled speaker. While in testing phase a speaker provide

a speech sample (test sample) that is use to make a decision on the basis of speaker’s
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voice models which already register in the system. In speaker identification test voice
sample compare with all the voice sample models. In speaker verification test sample

compare with only to the speaker model for which identity claimed [4] [12] [62].

In the modern digital era where insecurity is prevailing everywhere maintaining
security is a big challenge. Lots of cases are being reported in daily life related to edit
audio clips and wrong claim for identity. Speaker recognition is a technique to
automatically recognizing a speaker on the basis of information extracted by his/her
speech. It can be divided into two categories; speaker identification and speaker
verification. This method provides security in confidential areas. For example, to
prove the claimed identity of a person, his/her voice is treated through forensic test
[120]. This technique is very useful to authenticate a person’s identity. The aim of
automatic speaker recognition is to acquire the voice of speakers and to create voice
model for each speaker and finally to compares these models with an utterance of the
speaker to prove his/her identity. Different individuals have different voice. Even
voice of a person may differ time to time. The variation in different people’s voices is
termed as inter-speaker variability and the variation in the same person’s voice is
termed as intra-speaker variability [121-123]. The speaker recognition relies on the
ability of human being to identify other person’s voice with the following

observations:

e Human being is able to recognize the voice of any person (whom he/she
knows and communicated to each other frequently).

e A person is able to identify other person’s voice to whom he/she communicate
frequently irrespective of the communication medium or background noise.

e A person is able to recognize other person even if communication happens
after a long gap (even years).

e A human is able to identify the ‘state of mind’ person is also able to recognize
the ‘state of mind’ (emotions level that is speaker is happy, sad, neutral, cold,

some health issue etc.) of the speaker by listening his/her voice.
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Figure-2.10: Characteristics of a Robust Speaker Recognition System

A strong speaker recognition mechanism must focuses on the factors on the
basis of which a person recognizes the voice of other persons. If it can be known that
how human recognizes the voice of any person (whom he/she communicate
frequently) then this will help to make a robust speaker recognition system which is
more and more accurate. Figure-2.10: shows the characteristics of speaker recognition
system. A speaker recognition system should be robust, accurate, resistant, easy to
extract and measure, not affected by voice, low intra-speaker variability and not

affected by emotional states etc. [210].
2.11 Challenges of Speaker Recognition

In speaker recognition several sources of errors occur. These errors may be related to
speaker or it may be technical errors [7] [238]. There are some challenges/errors such
as: Intra-variation and Inter-variation, Voice disguise and mimicry, Mismatch
condition (Channel, Recording, and Environment etc.), Background noise etc. are

discussed here.
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2.11.1 Intra-Variation and Inter-Variation

Variation in voice is the main factor which affecting the speaker recognition system
performance, it is also known as session variability. It can be session variability or it
is occurred due to health issue e.g. cold, depression, aging or some other
physiological changes etc. [162-163]. Intra-variation problem occur individual such as
pitch mismatch.

2.11.2 Channel Mismatch Condition

In the recognition mismatch condition is the more severe problem. Such type of errors
comes into the category of technical errors for example recording device mismatch,
recording quality mismatch background noise etc. it is happens naturally that a
speaker speaks training utterances in clean environment while for testing it may be

speaks in noisy condition e.g. street, market, office etc.[163-166]
2.11.3 Voice Disguise and Mimicry

Mimicry (imitation) is a kind of voice disguise, where people produce voice like
another one. Whereas voice disguise is the case where one’s voice changing
intentionally. Generally voice disguise is used by fraudster or criminals. For example
when a fraudster/criminal make a blackmail call may keep a cloth in his/her mouth or

during investigation he/she changes their voice [167-169].
2.12 Suitability of Speaker Recognition System

How much speaker recognition useful and suitable as a biometric authentication
purpose, is judge on the following criteria to evaluate the system suitability?

» Uniqueness: As it is discussed that voice is the combination of behavioural
and physiological factors. Voice is unique for individual due to their glottal
structure, so the voice has more unique feature than other biometric such as
finger print [124] [174].

» Universality: It is not a universal solution for authentication, since for that
people who are having problem with their voice or have severe illness this

biometric solution is not useful [124].
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Acceptability: speaking is a natural process for communication of human so
speaker recognition is well accepted in an unobtrusive manner, there is no
need for any unusual task. So it is well accepted as compared to other
biometric such as retina scans required direct contact and it is demonstrate
pregnancy and other medical conditions such as high blood pressure [124]
[186] [200].

Stability: since speech is time varying, it changes with aging and is also
determine by some factors such as stress, sickness, emotion, etc. [124] [186].
Performance: Generally performance is measured by speed, accuracy and
robustness. Robustness should be maintained by the authentication system.
The speaker recognition system robust against channel mismatch and noise
also since it is behavioural biometric, robust against misreading and
mispronunciation [174] [186] [200].

Availability: In this digital era where lots of electronic devices are available
for communication, acquiring voice is a very easy task. The advantage of
speaker recognition that it is cost effective that means it is not required any
expensive hardware. It can be perform on the telephone or using other
communication medium by recording someone’s voice [124].

Circumvention: spoofing is a major issue with speaker recognition. Since
voice is recorded for training and testing phases, also voice recording for
identification process. So it is ensure that risk of spoofing with voice recording
can be mitigated. So an imitator cannot anticipate the random phrase that will
be required for identification. System must be not attempt a playback
spoofing attack [40] [57] [124].

2.13 Speech Feature Extraction

Speaker recognition is speech dependent system. Speech signal analyzed to obtain

less variability and more discriminative features by converting speech signal to

parametric values. To extract these parametric values different methods are used

called features of speech signal. Features obtained from speech signal are used to

create speaker models which contained different information of speech. There are

different techniques are available for feature extraction such as LPC, LPCC, MFCC,

Prosodic features of speech etc. Every method used for specific feature extraction
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from speech signal such as MFCC and PLP methods used to extract spectral features
of speech signal, and formant, intensity, pitch and harmonicity are represent to
prosodic features of speech [126]. Feature extraction is the process of finding suitable
voice features for speaker identification. A feature extraction technique has the

following properties [127]:

e [Easy to measure

¢ Robust against noise and channel distortion
e Robust against mimicry and disguise

e Low intra-speaker variation

e High inter-speaker variable

To convert raw speech into a categorization of acoustic features, an audio
processing technique is used. Acoustic features are contains characteristics
information about the speech signal. This process is called preprocessing (feature
extraction) also called front-end in the literature. Commonly used acoustic features

are Mel Frequency Cepstral Coefficients (MFCC), Linear

Prediction Cepstral Coefficients (LPCC), and Perceptual Linear Prediction Cepstral
Coefficients (PLPC) etc. these acoustic features are founded by the spectral
information of a speech signal which is a short windowed segment of a speech.
MFCC features are more commonly used to develop many speaker recognition
systems such as most of the NIST (in 1998) used MFCC speech features while some
use LPCC speech features [5] [159]. However from last one decade researcher gave
attention to prosodic information for developing speaker recognition systems. There
are many reasons to using prosodic features such as it carrying speaker’s speaking
style and intonation related information. In addition prosodic features such as pitch
and duration (phoneme and syllable) are more robust against channel effects as
compared to cepstral features [89] [145]. Following are some feature extraction

techniques:

e Linear Predictive Coding (LPC)

LPC is an encoding method for speech processing, based on the linear predictive

model. Linear predictive model are estimated as a linear function. LPC is used to
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evaluate specific components of a frequency spectrum of speech signal, called
formants [28].

e Mel-frequency Cepstrum Coefficient (MFCC)

MFCC features are most commonly used speech features in speech and speaker
recognition both. Drawback of such type of features that it is highly affected by noise
and not able to capture some information of speech e.g. tones. So that such type of
speech features is not suitable for recognition when data is noisy [7] [126].

e Prosodic

ASR has three common steps. These steps include data acquisition, feature extraction
and modeling techniques. To extract features from speech signal, many feature
extraction techniques are available such as MFCC, LPC, LPCC, Prosodic etc. and for
modeling HMM, GMM, UBM etc. techniques are available [17-18] [35].

Automatic Speaker Recognition (ASR) is a procedure to recognize a person
using a machine by his/her spoken words/sentence. This technology is useful to
maintain security in various fields such as crime investigation, access control, and
voice based banking and authenticity etc. To develop ASR system, extraction of
characteristic of speech signal is one of the core tasks. The primary work of feature
extraction technique is to extract voice characteristics from the speech signal. These
voice characteristics are unique to each and every person to be used to distinguish
them [129,130]. Prosodic features for speech signal are expressed in terms of stress
(the relative prominence of a syllable or musical note (especially with regard to stress
or pitch), rhythm (recurring at regular intervals) and intonation (rise and fall of the
voice pitch). These convey required information to identify the spoken language.
Figure- 2.13 shows the proposed system for speaker recognition using prosodic

features.
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Figure- 2.13: Proposed System for Speaker Recognition

Speech features used for speaker recognition may be spectral (cepstral)
features, phonetic features and prosodic features [131-133].Traditional speaker
recognition systems depend on ‘spectral features’ which are extracted from very short
segment of speech signal. This technique is adequate for clean data but the system
performance degrades if the data is noisy or there is handset variability [134].
Unfortunately this technique is not suitable to extract long-range speech features
related to person’s speaking behaviour such as prosodic, lexical and discourse related
habits. The purpose for using such long-range features in speaker recognition system
is to increase system performance as compared to system using cepstral/spectral
features [135].

As authors said in [136-137] that it has been found that by using long-range
speech features, the system performance has been improved. Another advantage of
such type of technique is to use long-range speech features which replicate person’s
behavioral characteristics of speech features. Such type of features could have
potential for recognizing speakers as well as recognizing characteristics of the speech,
for example speaking rate, speaking style, pitch etc. The main purpose of research on
long-range speech features is to understand speaking behaviour [138]. It is assumed
that prosody is associated to linguistic component of voice such as syllables and it is
noticeable that changes occur in measurable parameters for example fundamental

frequency Fo, energy and duration of speech [139].
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2.14 Available Approaches for Modeling and Classification

Speaker modeling is one of the important components of speaker recognition. For

every registered speaker, speaker models are created during training and testing phases

after the computation of speech feature vectors. Training phase involves creating voice

database for registered speakers whereas in testing phase, claimed voice input is

matched with the training database [202]. During matching (classification), received

speech (either known or unknown) is compared with the speaker model to evaluate a

score value (match score). By using this score value, it is decided whether the speaker

is accepted or rejected [124] [165]. Table- 2.14 shows the comparative study of

different modeling techniques on the basis of different parameters.

Speaker
Modeling
Methods

GMM

HMM

SVM

VQ

Text-
independent/
Text-
dependent

Text-
independent
and text-
dependent

Text-
independent
and text-
dependent
both

Text-
independent
and text-
dependent

Text-
independent
and text-
dependent

Comparison Based on Characteristics

Robustness

e Not affected
with time
variability.

¢ Robust against
Noise [25]
[62] [67].

Robustness
against utterance
variations  [25]
[62] [67].

Most robust
classifiers in
Speaker
Verification.

[25] [62] [67].

Affected by
Time variability
[25] [62] [67].

Purpose/Used For

o Useful for

classification

¢ Reduced computing

(posterior
probability)
complexity.

e Speaker

Recognition.
o Gives
recognition
accuracy [25] [62]
[67].

e Acoustic
space.

o Multiple-state
ergodic HMM
[25] [62] [67].

e Not useful
classification

e Try to minimize the

classification error
on a set of training
data.

o Speaker recognition

high

feature

for

and pattern
classification  [25]
[62] [67].

e Reduces  storage
requirements.

e Speaker
Verification  [25]
[62] [67].
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Model
Type

Stochastic
models [25]

Stochastic
models
[25].

Classifier
Method
[25]
[67].

[62]

Template
models
[25].

Approach
used

Generative
classifiers
[25].

Generative
classifiers
[25].

Discriminative
approach [25].

Clustering
methods [25].



ANN Text- Less robust | e Used for | Classical Discriminative

independent classifiers  [25] classification pattern [25] | approach [25].
and text- | [62] [67]. methods. [62] [67].
dependent. e Speaker recognition
[25] [62] [67].
DTW Text- Use for non- | Resolve the matching | Template Dynamic
independent | uniformity problem [25] [62] | Model [62]. | programming
and text- | problem [25] | [67]. [25] [62] [67].

dependent [62] [67].

Table- 2.14: Comparative Study of Different Modeling Techniques on the Basis of
Different Parameters.

Speaker models can be categorized as stochastic and template models also
known as generative models and discriminative models respectively. In stochastic
modeling, speaker models are created by using probability density function. During
training phase, probability density function parameters are estimated from the given
speech. And for matching a likelihood of the utterance is evaluated. Whereas in
template modeling, training and testing models are directly compared with each other
and the quantity of falsification between these two is the degree of similarity [25] [62]
[67] [170]. A short description of selected modeling techniques is given in the

following subsections.

» Support Vector Machine (SVM): It is a binary discriminative classifier. SVM
uses boundary between two classes for creation of speaker models. One class
contains training data vectors for target speaker’s which are labeled +1 while the
other class contains imposters training data vectors from a large data set and
labeled as -1 [25] [69].

» Hidden Markov Model (HMM): It is the most popular modeling methodology for
text-independent and text-dependent speaker recognition. HMM, a doubly
stochastic process was developed in 1980s. The term hidden is use because it has
an underlying stochastic process that is not observable. To observe the hidden
process another stochastic process are used [88] [62] [171].

» Gaussian Mixture Model (GMM): It is comparatively more suitable method for
speaker modeling. For creation of speaker model it uses speech features as a linear
combination of finite mixture of multivariate Gaussian components. It uses
Expectation-Maximization (EM) algorithm and maximum likelihood (ML)
estimation for estimation of GMM parameters [25] [156-157].

47



» Vector quantization (VQ): It is a classification method for speaker verification. It
uses clustering methods e.g. K-means use to reduce training vector. Each cluster is
represented by code vector and this code vector is the centroid of that cluster.
Collection of centroid vectors is called codebook. During verification process the
training data of a registered speaker is used to create a codebook which is the
model for specific speaker. If the provided speech is of an unknown speaker then
the matching is determined by evaluating distance between the testing data feature
vector and the target speaker nearest vector codebook. The evaluated distance is
called score value of a verified speaker [237] [257-258].

> Artificial Neural Networks (ANNS): It is a discriminative methodology used for
speaker classification. There are several types of neural networks, for speaker
recognition generally Multi-Layers Perception (MLP) is used. MLP is a feed-
forward network. In this network, multiple layers of nodes are achieved and
collectively these are used for complex machine learning task. For each node,
weighted sum are calculated for the inputs. Here, weights are adjustable
parameters. After that transfer function is applied for calculating output of that
node. Back propagation algorithm is use for determining the weight parameters
[79] [151].

2.14.1 Characteristics of GMM

The Gaussian mixture speaker model was introduced in 1990 by Rose and Reynolds
[132]. Then Gaussian Mixture Modeling (GMM) technique for text-independent
speaker recognition introduced by Reynolds in 1992 came into picture [26]. The
specialty of GMM is that any distribution can be modeled by using Gaussian mixture
modeling technique. The reason behind is that it is able to provide large number of
mixture components of voice. This modeling method is useful in text-independent
speaker identification as well as speaker verification [67]. The GMM provides high
recognition accuracy and effective speaker representations which is also

computationally inexpensive [149].

GMM has widely used for speaker modeling in text-independent speaker
recognition system. It has the following characteristics which make it more useful for
modeling [4] [26] [149], such as:
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e GMM has the ability to form smooth approximations to arbitrarily shaped
density. It is based on a linear combination of Gaussian basis functions which
are capable of representing a large class of arbitrary densities.

e In GMM, for each Gaussian component, an implicit realization of probabilistic
modeling of speaker dependent acoustic classes to a broad acoustic class such
as vowels, nasals and fricatives etc. is used.

e GMM is not susceptible to natural changes such as aging or cold.
2.14.2 Gaussian Components

The task of speaker recognition is done by using individual mixture components i.e.
Gaussian components [26] [149]. For speaker recognition, features are obtained from
the speech signal. The fundamental information of speaker discrimination can be
characterized by Gaussians. For the expected GMM parameters i.e. covariance and
Gaussian component, weight is associated to the location of formant, magnitude of
speech signal and bandwidth of speech signal [132]. As discussed in [132], for good
quality system performance at least 8 to 16 Gaussian components are mandatory where
voice/speech is considered as noiseless. The GMM is created by using these
components through diagonal covariance matrix. To build multi conditional robust
systems, the minimum number of essential Gaussian components involving 64 and 128
are required. The main advantage of GMM involves its likelihood function being
computationally inexpensive. GMM is collected from a finite mixture of Gaussian
components. Since Gaussian components have potential to characterize discriminative

information of speaker, it is widely used for speaker recognition [26] [149].
2.14.3 Gaussian Mixture Model and Speaker Recognition

GMM takes sequence of vectors provided by feature extraction technique and use it to
create speaker model. These models are called Gaussian Mixture Models. The
Gaussian mixture model is ‘mixture density’, categorized as a sum of M Gaussian
component densities. Component density is a product of ‘mixture weight’ with a
‘Gaussian component’. Individual ‘Gaussian component’ represent acoustic classes
and these classes reflect speaker specific vocal tract information therefore is useful for
modeling speaker identity [4] [26] [149].
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The GMM is used to represent speaker’s model in the speaker recognition
systems. The distribution of feature vectors extracted from a speaker’s speech signals
IS modeled by Gaussian mixture density function [149] [132]. Equation
2.13.3 (a) for a D-dimensional feature vector denoted as X, the mixture density

function P for speaker s is:

P (xds) = = pibf (%) 2.13.3 (3)

In equation 2.13.3 (b) the density is a weighted linear combination of M

component Gaussian densities, b7 (x) each parameterized by a mean vector, 1 and

covariance matrix, .

2.13.3 (b)

The mixture weights are »; and is represented as

And A5={p:,ﬂ§,£f}, [ = ]1--.,M-

For an input data X and a number of mixtures M (assume a priori), data can be
fit using M Gaussian distributions. The figure- 2.14.3 (a) shows the Gaussian
component of a speech signal and figure- 2.14.3 (b) represents the process of

computing the probability of a feature vector given a GMM model [132].

50



- _._Z_.._-
TR

Figure- 2.14.3(a): One Component of a GMM Speaker Model [7]

} e

[ » [ » >
by LI} Byt 5 “":} - - - bb(l"u.\[' T

Figure- 2.14.3 (b): Process of Computing the Probability of a Feature Vector
given a GMM Model

2.15 Performance Measurements of Biometric Systems

The performance of speaker recognition system or biometric systems depends on the
following factors [158] [186]:

e False Acceptance Rate (FAR)

e False Rejection Rate (FRR)

¢ Relative operating characteristic (ROC)
e Equal Error Rate

e Template Capacity
» False Acceptance Rate (FAR)

It is the probability that the recognition system matches incorrectly (input pattern)
with the non-matching template in the speaker database, i.e. it measures the percent of
imposter recognition acceptance [172-174].
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> False Rejection Rate (FRR)

It is the probability that the recognition system misses the correct input pattern
template which exists in the speaker database, i.e. it measures the percent of true

speaker which are falsely rejected [172-174].
> Relative Operating Characteristic (ROC)

It is a graphical classification between the FAR and FRR. Speaker recognition system
performs on the basis of the result (accepted/rejected) of matching algorithm.
Matching algorithm gives results on a threshold; threshold determines the recognition
value close to a template stored in the database. Higher threshold reduces the FAR
but increases the FRR, while when threshold is reduced then lower false non-match

are found and more imposters are accepted [172-174].
» Equal Error Rate

It is the rate where FAR and FRR both are equal. EER is a prompt method to compare
the accuracy of any system with the help of different ROC curve. The lowest EER

shows more accurate system [4] [131].
» Template capacity

Template capacity of any system is defined as the maximum number of sets of data
which can be stored in the system [184]. Speaker recognition performance is usually
calculated by detection error trade-off (DET) curves, equal error rate, and a weighted
cost value. To be more accurate, a speaker recognition system should have lowest
EER. It also has high storage capacity [176-178] [184].

2.16 Performance Dependent Task

Performance of speaker recognition system is highly affected by the following factor
[58]:

e Background and environmental noise

e Session gap between training and testing data
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e Channel mismatch between training and test set
e Speaker variability (speaking rate, cold, speaking level etc.)

e Short time changes (speaking style)

2.17 Conclusion

In this chapter, basic concepts of automatic speaker recognition systems, modeling
technique etc. has been discussed. Speaker recognition is method of designing a
system for identity of an individual based on his/her voice. Speaker recognition has a
significant potential as it is convenient biometric method for security. The Speaker
Recognition task is normally achieved by acquiring speech signal, feature extraction,

modeling speech features for speaker, pattern matching and obtaining match score.

Till date a lot of work has been done in automatic speaker recognition field,
but still many realistic problems need to be solved. Researcher has tried to examine
areas of possible improvements in the field of speaker recognition. As it is clear from
the literature, that the prosodic features are more robust against noise. Therefore main
goal of the research is to improve the performance of speaker recognition system by
modeling prosodic features. In addition, the researcher has proposed a framework for

speaker recognition system.
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CHAPTER-3: FRAMEWORK FOR SPEAKER
RECOGNITION

The choice of a point of view is the initial act of culture.
—José Ortega y Gasset

3.1 Introduction

Human voice or speech signal encloses with rich information about the individual
such as speaker emotion, speaker identity, language, message content, speaker
temperament etc. speech processing has the following task for example speech
analysis, synthesis, coding and recognition etc. further it is classified as speech
recognition, language recognition and speaker recognition etc. [19] [160]. Speaker
recognition is the process of extracting voice features for personal identity by the
analysis of speech utterances. It is a biometric technology which is used in many
security areas for secure access control and forensic investigation. In today’s digital
era where insecurity is everywhere, speaker recognition technologies provide a secure
solution in our daily life. ASR systems provides many services e.g. voice based
banking, voice database access, voicemail, remote access to personal computers,

voice based access control devices, and many other authentication areas [19][186].

In past few years, speaker recognition technology has many significant
developments which is now used in several authentication applications such as
physical and logical access control systems [188]. Also Current scenario shows that
speaker recognition is a growing research area in speech signal processing [19].
Speaker recognition/voice recognition is a process of identifying of an individual on
the basis of his/her voice. Voice has the characteristics of both physiological and a
behavioral biometric features. There is a difference between speaker recognition and
speech recognition. Speaker recognition, recognizing who is speaking while speech
recognition recognizing what is being said [177].The current speaker recognition
(text-independent system) is language independent but their performance affected in
multilingual trial condition [189]. Prosodic features are robust against technical

mismatch hence system performance improved by using prosodic features [190].
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Speaker recognition has the main task are speech feature extraction or front-end
processing and modeling. Feature extraction is the process of selecting required
speech features that is further used for speaker modeling. Several speech features has
been proposed to till date, each feature have their advantages and disadvantages.
These speech features are used for different type of speech processing e.g. speech
recognition, language identification and speaker recognition. Process of developing
speaker recognition system has two phase, the training i.e. enrollment phase and the
testing phase [182]. During training phase, speech samples are collected and system is
trained by the collected speech samples. Whereas in the testing phase, provided
speech sample is matched by system for identification or verification of speaker.
Speaker recognition categorize in two main task speaker identification and speaker
verification. Further it is divided into text-dependent and text-independent speaker
recognition system. The recognition is said to be text-dependent when the speaker use
same linguistic for both i.e. training and testing else recognition is text-independent.
Furthermore system is either open-set or closed set, if the system has the chances to
reject the speaker who is not enrolled in the speaker database else it is closed-set
database system [176] [191].

3.2 Background

Human speech is a natural way of communication with each other. It is a medium by
which human express their emotions, thoughts and share messages. Speech is a
complex signal and it contains several information of the speaker’s and language. For
example excitation source information, vocal tract system (while producing voice),
linguistic information, emotional states of speaker, supra-segmental information
(prosodic features e.g. pitch and energy). Human speech is unique for individual due
to differences in shape of vocal cord, size of larynx and other voice production organs
[171]. Now a days voice based authentication technology has grown up quickly and it
is used for authenticating of individuals. This technology can be used but not limited
to crime investigation, forensic, personal authentication, voice based system etc. [9]
[74] [44] [192].

In recent digital era where everything is going to be digitalized, human
authentication is also done by machines. It is fact that human being is able to easily

55



distinguish among voices of different persons. To become a recognizer like human the
machine should be robust and reliable. Speaker recognition, speech recognition and
language identification are the most commonly used authentication processes.
Speaker recognition is emergent area in speech signal processing. It is concerned to
the identity of a person, based on his/her voice characteristics. Speaker recognition
has many applications in distinguished areas such as personal authentication, forensic,
security check in military etc. [77] [194]. For example, in digital forensic through
voice, a suspected person can be recognized by tapped telephone conversation of

criminals/terrorists.

One of the popular areas of speaker recognition is authentication.Process of
automatic speaker recognition is based on acquiring speech signal; creating speaker
models which are used to compare with available models [195]. In general, speaker
recognition is sub divided into speaker verification and speaker identification.
Speaker verification is used to confirm (accept/reject) to an identity claimed by a
speaker. For example it is useful in case of access control where voice is used as
biometric feature. In speaker identification, a speaker is selected from known
speaker’s set for which speech sample (speaker model) is previously available. This
system may also be able to take decision whether the acquired new speech signal
matches with the existing stored speech models or this is an unknown speaker [196].

Though, there are numerous researches going on in the area. To development
of a robust and accurate speaker identification system is still a big challenge. Lots of
efforts have been made to improve the recognition system performance [7] [197-200]
but the progress still needs improvement. The framework propose by the researcher is
a generic framework for speaker recognition system. It includes complete procedure
to design a speaker recognition system. It provides with several choices for its
implementation it is implementer’s choice to select medium through which speakers
signal acquired, to decide on the size of segment of speech signal; to choose the
suitable feature extraction technique; to select modeling technique and to select
technique for matching score. The framework is applicable for both recognition
system i.e. text-dependent/text-independent automatic speaker recognition system.

The framework provides a methodology for speaker recognition. During
enrolment speech signal is acquired for each speaker to extract speech features. From

56



speech features equal number of speaker models is created for every registered
candidate to create voice training database. Recognition process is done by matching
the utterance with each registered speaker’s models/template. Speaker recognition
system selects the template whose match score matches most closely to the model
available in training database. The framework integrates the whole process involved
in the speaker recognition system. The purpose of the proposed framework is to
identify individual’s long utterance of the speech with the help of prosodic statistics.
The framework provides both static and dynamic characteristics for creating speaker

model.

3.3  The Framework

A framework can be defined as, the structure (real or theoretical) supposed to help as
a guide for developing software or hardware or anything that uses it to produce
something valuable [194].The proposed framework for speaker recognition system is

universal in nature i.e. it can be used by anyone to design a recognition system.
3.3.1 Premises

A framework is a structured or a logical way to organize a process to achieve
anything [194]. It is reusable set of component which is used to manage system. As
every proposal may possess its own premises the framework for improving the

performance of speaker recognition system has the following assumptions:

e The framework is designed for text-dependent/text-independent speaker
recognition system.

e One can choose a subset of the available techniques and methodology for the
development of recognition system.

e To make a robust and accurate system one should keep into account certain
things like channel mismatch, background noise, recording conditions etc.

e The framework is not explicitly discussing about noise removal/addition. As it
is assumed that it is the part of feature extraction process.

In order to make system more robust one should try to select the speech

features which are more robust against noise and have useful information related to
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speaker. Also a modelling technique which is suitable according to a particular
application may be chosen to create speakers model for training and testing voice

database.
3.3.2 Guidelines

The aim of the framework is to identify as well as verify speakers. To fulfil the aim,
the proposed framework for speaker recognition system has the following phases.

These are namely:

e Sample collection and preparation
e Feature extraction

e Model creation

e Feature Matching

e Decision

e Performance evaluation

In the first phase i.e. during sample collection, speaker’s voice is collected
through the available communication mediums. In the next phase i.e. during sample
preparation collected voice samples are broken into small pieces for further process.
Further, selection of speech features, feature selection method, modeling technique
and matching method is performed. During model creation, speaker voice models for
training and testing purpose are created using modeling technique selected in previous
phase. Matching is performed by comparing a voice sample with the sample in the
database. On the basis of match score it is decided that identity is found or not.

3.3.3 Framework Development

The goal of developing the speaker recognition framework is to recognizing a speaker
either in closed-set or open-set. It is supposed that the speech segment is taken by
either known or unknown speaker. Proposed framework is shown in the figure-
3.3.3(a). All the phases in the speaker recognition have been discussed in detail in the

following subsections:
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Signal

Figure-3.3.3 (a): Framework for Development of Speaker Recognition System
(i) Acquiring Speech Signal

The first phase of the framework is acquiring speech signal for sample
preparation. The first step of design and development of speaker recognition
system is acquiring speaker’s voice. There is various ways for speech signal
acquisition. For example telephonic conversation, voice recording by using
headphones in lab, acquiring voice in noisy environment, old recorded voice (CD,
magnetic tape etc.). During acquisition of speech signal, sound wave is
transformed into a digital signal for processing. A  microphone,
headphone/telephone or any other voice recording device can be used for
converting acoustic wave into an analog signal. The recorded voice is used for
authentication of any speaker [203]. After acquiring speech signal, framing and

windowing is performed on the voice samples.
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e Framing/Windowing

After the acquisition of speech signal framing is performed. During frame blocking
the signal splits into equal frames of length N. After framing windowing is performed.
There are many types of windowing such as triangular windowing, rectangular
windowing Bartlett, Blackman, Hamming, Hanning, Kaiser, Lanczos and Tukey
window functions etc. The simplest is rectangular window (no windowing). This
window has no discontinuity at beginning and end of frame [7] [52]. Figure- 3.3.3(b)

shows the frames and window in a speech signal.

Selection of speech frame is an important task and deciding frame length is an
essential parameter for spectral analysis of a speech signal. Generally standard frame
length 10-30 milliseconds are used for MFCC [52] [204]. Size of the window is
related such that it should be large enough for adequate frequency resolution and short

enough to capture the spectral properties.

Windowing of a speech signal is done to find out effect of spectral artifacts in
the framing process [7] [205-206] [125]. For windowing several smoothing windows
are used such as Rectangular (none), Hanning, Hamming, Blackman-Harris, Exact
Blackman, Blackman, Flat Top etc. Hanning window is use for evaluating transients
and its shape like a shape of a half cycle of a cosine wave. Modified version of
hanning window is known as Hamming window. Shape of hamming window is like to
a cosine wave [207]. In general Hamming window (it gives better spectral
performance [208] is used for calculate window function of speech signal [201]. The
Hamming window is defined as [7] [52].

5AaA — 0,46 cos 2T O = 72 =— N — 1
e [re] — O s

otherwise
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Figure- 3.3.3 (b): Frame & Window of a Speech Signal [7]

(if) Speech Feature Extraction

Feature extraction is the process of converting a raw speech signal into a sequence of
acoustic feature vectors which contain the characteristic information about speaker.
The following suggestions must be taken into account while selecting speech features
[30] [247]:

e Speech features should be resistant against voice and channel distortion.

e Speech features should not be affected by variation in voice (e.g. by speaker’s
health or aging)

e [Feature extracted from speech signal should be easy to estimate.

e Speech features should be able to maintain high inter-speaker discrimination
and less of intra-speaker variability.

e [Feature extraction method should be difficult to mimic against speech of

imposters.

The above mentioned characteristics of a speech feature extraction methodology are
difficult to achieve in individual feature extraction technique. Since some features
such as fundamental frequency (FO) is robust against noise but required long speech
segments hence prosodic features are individually capable to build speaker

recognition system [225] [231].

> Selection of Speech Features

To select appropriate speech features and methods to extract selected speech features

is known as feature selection and feature extraction [203]. Feature extraction is the
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main task of speaker recognition or speech recognition. It is well known that speech
signal is a complex signal which contains several features of voice. To recognize a
speaker it is necessary to extract speech features of the speaker. These features are
categorized as physiological and behavioral speech features of the speaker [211].
Physiological features are such as hand geometry, finger print, iris, retina, and face,
DNA etc. and behavioral features such as voice, Gait and typing rhythm etc. The next

section discuss about the criteria of speech features selection [212].
» Criteria for Speech Feature Selection:

To develop a robust speaker recognition system there must be some specific criteria to
select properties of speech signal after framing/windowing. To create a good system,

the speech features selected should possess the following properties [213]:

¢ It should be robust against noise and distortion

e It should be occur naturally and frequently

¢ It should not be affected by speakers health or age
e It should be difficult to mimic

e It should be Not affected by speaker variability

e |t should not affected by channel mismatch

A single speech feature has not fulfilled the entire above mentioned prerequisite.
Therefore selection of speech features depends on the application of authentication
such as security level, environmental noise, size of database, type of speakers (co-
operative/non co-operative) etc. For example spectral features are extremely
discriminative, they calculated from very short segments of speech signal (1-5 sec)
but easily affected by noise. Fq statistics require large amount of speech data but

robust against channel and noise (technical) mismatches [213].
» Analysis and Categorization of Speech Features

A speaker recognition system can be designed by using one or more (combination) of
the speech features. The selection of features will depend on the requirement of the
system. For example short-term spectral features are highly discriminative and they

can be reliably measured from short segments (1-5 seconds) but these features are
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easily affected by noise (when transmitted over a noisy channel) [211] [214].
Fundamental frequency (Fo) measurements are robust against channel mismatch but
require long speech segments and are not discriminative. In addition, selection of
speech features basically depends on the environment where the system is to be
deployed such as co-operative/non co-operative speakers, security/convenience
balance, database size, amount of environmental noise etc. There are many speech
features available for speaker recognition. These features can be categorized as

follows:

e Spectral features

e High-level features

e Supra-segmental / Prosodic features
e Source features

e Dynamic features etc.

Feature Type Examples

Spectral features MFCC, LPCC, LSF
Long-term average spectrum (LTAS)
Formant frequencies and bandwidths

High-level features Idiosyncratic word usage

Pronunciation

Supra-segmental/Prosodic features FO contours
Intensity contours

Micro-prosody

Source features FO mean
Glottal pulse shape

Dynamic features Delta features
Modulation frequencies

Vector autoregressive coefficients

Table -3.3.3: List out the Categories of the Speech Features along with their Examples

The type of authentication system will decide ‘which’ and ‘how many’ features

are to be selected. Table- 3.3.3 shows the example of each feature type. Spectral
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feature are in the form of short-term speech spectrum and describe physical
characteristic of vocal tract. High-level features represent the symbolic information
e.g. characteristic of word usage. Supra-segmental or prosodic features represent
speaking rate, rhythm, intonation pattern and stress etc. Source features represent
glottal voice source features. Dynamic features are related with time evolution of

spectral features.
(iii) Speaker Modelling and Database Creation

Speaker modeling involves two phases training phase and testing phase. Speaker
models are created by using specific speech feature. There are two types of model
creation methods; stochastic models and template models. These modeling methods
are used for constructing speaker models using the features extracted from the speech
signal. In this phase, a speech model based on the extracted features of speech signal
is created and stored. During authentication of a speaker, matching algorithm
compares the models of the claimed user. In stochastic models, pattern matching is
probabilistic and the result is measurement of likelihood, or conditional probability of
the given observational model. The template method can be dependent or independent
of time. VQ modeling is an example of time-independent template model. Time-
dependent template model are more complicated because it must accommodate
human speaking rate variability [52] [203] [237]. Stochastic models are more flexible
and result is more reliable due to probabilistic likelihood score as compared to
template models.
» Characteristics of a Good Speaker Model

A good speaker model is one which can rapidly able to adapt voice differences.
During construction of speaker models, a number of design goals need to follow. It is
very difficult to achieve these goals. However, by choosing a good speaker model
these goals can be achieved. Following are the characteristics of a good speaker
model [191] [215]. Figure- 3.3.3 (c): shows the characteristic of good speaker model

e Consistent within speaker: speaker model for a particular speaker should

avoid speaker’s voice inrta-variability [215]. It should be able to neglect

differences occurred in the voice of same speaker over the time.
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Figure- 3.3.3 (c): Characteristic of Good Speaker Model

Q) Distinguish individual speakers: Individual speaker should be represented
distinctly.

(i) Perceptual significance: those speakers voice that are nearby the suspected
should be widely separated either similar or different while judged.

(ili)  Compactness: Compactness should be achieved only if the models have low
dimension. This allows the model and the application which is using it. bring
together new speaker models covered by training speaker models.

(iv)  Text-independent: It should be text-independent. There is no need to utter the
same phrase or sentence during training and testing phase.

(V) Rapidity of Formation: models should be generated as rapidly as possible by
using information from speech signal.

(vi)  Robust against noise: Modeling techniques should be robust against noise.
For a given speech signal the model should be free from noise.
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(vii)  Thoroughness: the model should contain all the required information about

speaker to make conscientious decision.

The above are the characteristics of a good speaker model which can enable to
achieve the goal of developing robust speaker recognition system. The aim is to
develop general models of speakers that can be used successfully to a wide variety of
applications in the area of speaker recognition [162] [215] [219].

After modelling, the speaker’s models are stored in a database which can be referred

while matching.
(iv) Feature Matching

Matching is the process of comparing the extracted speech features of a person with
stored speaker models/templates. The comparison quantifies the similarity between
the voice (record for identification) and a speaker model from voice database.
Selection of a matching technigue is an important task. There are many prevalent
classifications / matching technique such as Hidden Markov Models (HMM), Vector
Quantization (VQ) and Dynamic Time Warping (DTW) [4] [7] [216]. Speaker model
is used for comparing with a particular input signal. Speaker models are stored in a
database. Two kinds of database are there: training database and testing database.

Model comparison method involves the following:
v Matches training database of the target speaker with his/her testing database.

v Match score is calculated.
v If the match score is greater than or equal to the threshold then the target

speaker is accepted by the system otherwise rejected.

During matching created speaker models, may be speaker-dependent in case of
speaker recognition system and speaker-independent in case of forensic speaker
recognition system. There is predefined specific criterion for creating speaker models
[152] [195].

(V) Decision Phase
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The decision process depends on the kind of the system i.e. closed-set system or open-
set system. In case of closed-set identification system, the decision can be made by
selecting that model which is most similar to the test sample speech signal. In case of
open-set, system requires a threshold to verify that similarity is valid. As there may be
chances that a system rejects a registered speaker, hence cost of making an error is
considered in the decision process. For example, in case of a bank to allow an
imposter will prove to be more costly than to reject a true customer. The Decision is
determined by particular matching and modelling algorithms. For example, in case of
template matching decision is given by computed distance between speakers models
whereas in stochastic matching calculated result is based on the computed
probabilities [4] [19] [26] [253]. Figure- 3.3.3 (d) shows the decision process of a
speaker identification system.
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Figure-3.3.3 (d): Decision Process of Speaker Identification
3.3.4 Performance Evaluation Phase

The framework also provides the way to measure performance of the speaker
recognition system. For the purpose, various available metrics can be used. The

commonly used metrics are the False Acceptance Rate (FAR) and False Rejection
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Rate (FRR). For making speaker recognition system more accurate, FAR is should be
minimum [7] [220]. In addition, performance of speaker identification system is also
decided by Equal Error Rate (EER). It is the most common method used to evaluate
system performance. EER is a point where probability of False Acceptance (FA) and
probability of False Rejection (FR) both are equal [4].

3.4 Framework Significance

The proposed framework has the following significance:

1. The proposed framework will help to develop a speaker recognition system
using speech signal.

2. The proposed framework is applicable for both; text-dependent or text-
independent speaker recognition system.

3. It gives the flexibility to choose any type of speech features for developing
speaker recognition system.

4. The proposed framework is independent from the specific modelling
technique.

5. During pattern matching there is no compulsion for selecting a specific pattern
matching algorithm or technique.

6. The proposed framework is universal framework which includes all the
necessary steps which is required to develop a speaker identification/
recognition system.

7. Inevery step, the proposed framework facilitates the user with the option to go

back to the previous phase, if required.
3.5 Limitation of Developed Framework
The proposed framework, however, has been designed with the following limitations:

e Though it provides step by step solution to develop a speaker recognition
system but it may not include exhaustive steps to be performed at any phase.
¢ In order to improve performance, the proposed framework requires large voice

data is required and a broad training has to be performed in advance.
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3.6 Conclusion

In this chapter authors proposed a framework for development of a robust and more
accurate speaker recognition system. The proposed framework provides a method for
speaker recognition. Speaker enrollment is the first step towards creating speaker
recognition system, in this each registered candidate provides a set of utterances. For
training, equal number of speech templates is created for each speaker (for individual
speaker templates need not be of same duration) but for testing it may be vary.
Speaker’s template set is used as a model for the individual. During matching process,
system selects the template whose match score is more closed to the test template.
The proposed framework explains the overall process involve in the development of
speaker recognition system. The proposed framework has a credential for long-term
statistics. In the framework either static or dynamic speaker characteristics of speech
features are used for speaker recognition. The proposed framework has the potential

to additional embodiment and modification would be possible as per the requirement.
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Chapter- 4
Implementation of the Proposed
Framework, Using Prosodic
Features




CHAPTER-4: IMPLEMENTATION OF THE PROPOSED
FRAMEWORK USING PROSODIC FEATURES

"Emotion and feelings may not be intruders in the bastion of reason at all: they may be enmeshed
in its networks, for worse and for better."

- Antonio R, Damasio

4.1 Introduction

Implementation is the process of defining a method, model, design, standard steps for
doing something (that is how a specific system is build). It also states the basic tasks
those should be performed to happen something actually. The proposed framework
for speaker recognition has some prescriptive steps in each of the individual stage.
These steps are speech signal acquisition, feature extraction, speaker modeling,
matching, decision phase and performance evaluation phase. Implementation of the
framework is important to justify the usefulness and effectiveness of the proposed
framework. Implementation of the framework involves developing a systematic and
well planned method for recognizing a speaker through his voice by following the

guidelines given by the proposed framework.

Speaker’s voice features must be stored in a database for authentication
process of a particular speaker. Hence, a database of the speech of enrolled speakers is
created. Now, implementation of the proposed framework has been performed step by
step. Implementation of the first phase i.e. acquisition phase is done by acquiring
speech signal of a particular speaker. After acquiring speech signal, speech sample is
prepared. During sample preparation, speech signal are broken down in small speech
frames and windows for extracting speech features. In the second phase, prosodic
features are extracted from the acquired speech signal. The reason behind
implementation of this phase by extracting prosodic features is that these features

enhance system performance [7] [40].

After feature extraction of a speech signal, speaker’s models are created and
stored. Modeling phase of the framework is implemented by creating Gaussian

Mixture Model of the extracted speech features. During matching phase, the stored
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Models are compared with the voice models of the speaker in question. Match score
is calculated by using K-means algorithm for individual speaker. According to the
match score, the decision is made whether the speaker is accepted or rejected. Lastly,

system performance has been calculated by using Equal Error rate.
4.2  Implementation of the Proposed Framework

The framework for development of speaker recognition system proposed in chapter 3
is implemented in this chapter. It is divided into five phases namely speech signals
acquisition, feature extraction, speaker modeling, matching and decision process.
Each of the phases is reviewed and revised accordingly. In speech acquisition, speech
signal is acquired for training and testing purpose. After acquiring speech signal
features are extracted to create speaker models for training and testing. After creating
models, matching is performed by testing speech signal and calculating match score.
On the basis of match score result, decision is taken that whether the speaker is

accepted or rejected. The last phase includes the evaluation of system performance.

Various automatic speaker recognition systems are developed in different
input speech condition and by using different features extraction and modeling
techniques. But the major limitations of their work are that many of them are tested
for only specific language (e. g. native language). In almost all the approaches, voice
is recorded in lab condition to find out clean speech which makes them less useful in
real conditions as it is almost sure that the testing data cannot be noise less in real life
situations. In addition, various approaches have used many number of prosodic

speech features to devise the recognition system which makes these system complex.

The researcher has tried to overcome all the limitations of the approaches
discussed above. The framework for devising speaker recognition system is
implemented using comparative less number of prosodic features; testing data is
collected in normal conditions with background noise; the system can be easily used
to identify Hindi (mother tongue) as well as English. Following is the step by step
implementation of the proposed framework. Figure- 4.2 shows the phases involved in

the proposed framework for development of speaker recognition system.
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Figure-4.2: Implementation of the Proposed Framework for Development of Speaker

Recognition System
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4.2.1 Acquisition of Speech Signal

During implementation, experiments have been carried out for speaker recognition.
For experiment 57 speakers were involved (both male and female). The range of
speaker’s age lies between 22 to 45 years. Each speaker was given to read different
content for 2 to 3 minutes. Speakers were allowed to speak in their own reading style.
Reading material included articles from newspaper and books. Every speaker read the
randomly selected articles in Hindi & English both. The voice has been recorded in a
normal lab environment with a sampling frequency of 8000 using a mono channel. At
the time of voice recording in the lab, electric equipment was switched on. After
recording of each speaker’s voice, speech signal have been cut into smaller clips and
then randomly four pieces have been selected out of those. These four pieces of
speech signals are used for training and testing of speakers. Then preprocessing is
applied on the speech samples and speech features are extracted by using prosodic
feature extraction techniques. After feature extraction, these features are used to
create speaker models. Finally these models are stored in the database. The voice
database recording conditions have been given in table- 4.2.1(a) and description of the
database has been given in table- 4.2.1 (b).

S. No. | Device No. Device Category Sampling File Format
Rate
1 Device 1 Head phone/microphone 16 kHz wav
2 Device 2 Portable voice recorder 44.1 kHz Mp3
3 Device 3 Laptop Microphone 16 kHz wav
4 Device 4 Using MATLAB code 16 kHz wav

Table- 4.2.1(a): Recording of Voice and Device Specification

Language Hindi, English

Speakers 57 (19 Males and 38 Females)
Speech Type Read Articles Paragraphs
Recording Condition Lab, Microphone Relatively clean
Handset Mismatch No

Sampling Frequency 16 kHz

Quantization 16 bit

Training Speech Duration Approximately 2 to 3 minutes
Evaluation Speech Duration In between 5-12 seconds

Table- 4.2.1(b): Description of Developed Database
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4.2.2 Extraction of Speech Features

There are many Feature extraction methods available to extract the speech specific
features. For the purpose of analyzing a speech signal, it is converted into parametric
values in the speech based recognition systems. Parametric values mean those values
which have more discriminative and less variable speech features [126] [193]. During
the implementation of this phase, prosodic features have been extracted. The

following subsections are describing the extraction of prosodic features.

a) Analysis of Prosodic Features

Many researchers have investigated prosodic features of speech signal which are used
to characterizing human behaviors over speaking expressions [221-223]. Prosodic
features are rich in containing speech information about the speaker’s gender,
emotion, age, physical condition, attitude, intention etc. In this work researcher used
the prosodic features such as duration, intonation, pauses, loudness, rhythm and
timbre [77]. Prosodic features are also known as supra-segmental features. Prosodic
features such as intonation patterns, rhythm, syllable stress and speaking rate are the
non-segmental characteristics of speech [224]. Speech features that define prosody are
stated as prosodic features of speech [39]. Table-4.2.2(a) shows different types of
speech features and their example. On the basis of duration of the analyzed speech

segment, prosodic features can be categorized into the following [52]:

» High-level features — Long-time features, time duration of a word or utterance.
» Source features — Prosodic features within a single glottal period;

» Supra-segmental features — Prosodic features spanning a few glottal periods;

Type of speech features Examples

Spectral features MFCC, LPCC, LFCC
Prosodic features Pitch and energy contours
Dynamic features Velocity/acceleration features

Feature fusion

multivariate auto-regression (MAR)

Supra-segmental features Fo contours

Intensity contours
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Source features Glottal pulse shape

High level features High level features

Table- 4.2.2 (a): Types of Speech Features and Examples

Prosodic features are commonly represented by pitch, energy and duration of syllables
[189]. These are generally used to extract the information about speakers speaking
style. The most common prosodic features are formants, fundamental frequency and
energy of a speech signal. To improve performance of speaker recognition system a
set of statistical constraints should be estimated based on the temporal parameters
[52]. The authors proposed a feature extraction methodology in [225] and have made

a number of improvements to the calculation of fundamental frequency and accent.

Some of the prosodic features include intensity/loudness, duration/rhythm,
pitch/fundamental frequency etc. The table- 4.2.2 (b) shows some of the standard

prosodic features which are globally defined:

Feature Name Description
Mean Mean FO frequency (Hz)
Median Median FO frequency (Hz)
Max 99% value of FO frequency (Hz)
Min 1% value of FO frequency (Hz)
fracMax 95% value of FO frequency (Hz)
fracMin 5% value of FO frequency (Hz)
fracRange 5-95% FO frequency range (Hz)
Range 1-99% FO frequency range (Hz)
FOVar FO variance
Shimmer Mean proportional random intensity perturbation
Jitter Trend corrected mean proportional random FO perturbation
LFE1000 Proportion of Low Frequency Energy under 1000Hz
LFES500 Proportion of Low Frequency Energy under 500Hz
GDposav Average FO rise during cont. voiced segment (Hz)
GDnegav Average FO fall during cont. voiced segment (Hz)
GDriseav Average FO rise steepness (Hz/cycle)
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GDfallav

Average FO fall steepness (Hz/cycle)

GDrisemax Max rise of FO during continuous voiced segment (Hz)
GDfallmin Max fall of FO during continuous voiced segment (Hz)
GDmax Max steepness of FO rise (Hz/cycle)

GDmin Max steepness of FO fall (Hz/cycle)

Meanint Mean RMS intensity (abs., dB)

Medianint Median RMS intensity (abs., dB)

MaxInt Max RMS intensity (abs., dB)

Minint Min RMS intensity (abs., dB)

IntRange Intensity range (abs., dB)

fracMaxInt 95% value of intensity (abs., dB)

fracMinint 5% value of intensity (abs., dB)

fracIntRange

5-95% intensity range (abs., dB)

IntVar

Intensity variance (abs., dB)

Mavlingth Average length of voiced runs

Maningth Average length of unvoiced segments shorter than 300 ms
MaslIngth Average length of silence segments shorter than 250 ms
MiIningth Average length of unvoiced segments longer than 300 ms
MilslIngth Average length of silence segments longer than 250 ms
max_vingth Max length of voiced segments

max_ningth Max length of unvoiced segments

max_slngth Max length of silence segments

perc_short Percentage of pauses shorter than 50ms

perc_mid Percentage of 50-250 ms pauses

perc_long Percentage of 250-700 ms pauses

Spratio Ratio of speech against unvoiced segments >300ms
Vratio Ratio of voicing against unvoiced segments

Sratio Ratio of silence against speech

norm_intvar Normalized segment intensity distribution width

norm_freqvar

Normalized segment frequency distribution width

Table- 4.2.2 (b): Prosodic features and some related acoustic features [40]
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b) Pitch and Fundamental Frequency

Pitch contour is directly related to fundamental frequency (Fo). It is the most
important prosodic property of speech. In the proposed work, Fq is calculated from
human utterance by using some statistics such as autocorrelation method or by Praat
Software [218]. It was extracted randomly from 10ms to 30ms intervals or 30ms to
35ms intervals. The frequency range was set differently for male and female; for male
speakers range is 75Hz to 400 Hz and for female speaker’s frequency range is 100Hz
to 600 Hz [40][225-227] [254].

c) Speech and Emotion

To represent emotional states voice is a strong and reliable indicator. The relationship
between voice and emotion such as changes occur in articulation of sounds, breathing
and phonation represent noticeable changes in the acoustic parameters related to the
production of speech. Various theories have been established to find relation between
emotion and speech characteristics. For example, sadness is expressed as low tone
with long pauses and slow speech rate; fear is expressed as tight tone tense; joy is
expressed as sharp tone with acceleration in speech rate. The communication process
has been studied from many points of view. Speech is not only the medium to convey
information and emotions but it also characterized by a particular communication
style. Individuals have their communication style which changes over time and
depends on mental status (happy, angry, rejecting/welcoming, friendly etc.) [77][228-
229]. Table-4.2.2(c) represents the emotion on the basis of speaking style.

77



Happiness Moderate duration variations

Brilliant tone

Articulation predominantly detached

High average sound level

Tendency to tighten up the contrasts between long and short words

Slightly rising intonation

Quick attacks

Slight or missing vibrato

Anger/ Fear High noise level

Avrticulation mostly not linked

Distorted notes

Relatively sharp contrasts between long and short words

Very dry attacks

Sharply stamp

Sadness Relatively large variations in duration

Low noise level

Final delaying
Soft attacks

Tendency to attenuate the contrasts between long and short words

Articulation linked

Intonation (at times) slightly declining

Soft tone

Slow and wide vibrato

Table- 4.2.2(c): Prosodic Characterization of Emotions [77]
d) Feature Description
It is noticed that researchers are interested into make use of wide range of knowledge
sources to extract features of speech signal. These features are related to dialog and

sentence or word boundaries. The advantage of direct modeling approach is that no
intermediate labeling of the prosody is required. Using prosodic information several
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language processing task can be performed such as speaker recognition, sentence
segmentation and tagging, dialog act segmentation and tagging and disfluency
detection etc. A prosody model is created on the basis of these features of speech and
then is used to build an outcome detection system [230-232].

Prosodic features extraction differs from implementation methods. For
example pitch tracking is performed by SRI’s model. It is the piecewise linear
stylization algorithm. Implementation of the same is done by Praat’s software which
IS autocorrelation based. In this work, researcher has taken various types of slope
detection tasks so all the prosodic features are extracted around each word preceding a
boundary and each word following a boundary [70] [231]. Figure-4.2.2 shows the
procedure of extraction of prosodic features of speech signal. Some of the prosodic
features are as:
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Figure- 4.2.2: Procedures for Extraction of Prosodic Feature of Speech
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Duration Features: These features are affected by device alignment and word

of human transcriptions. Duration is the most important features of prosodic

[192]. It represents the length of phonetic segments. Duration features contains

a wide range characteristic of speech such as emotions (fear, anger, and
happiness) [70] [77].

Fo Features: Extensive F, features are extracted from the preprocessed Fo

data. These features contain range features, boundary tone or movement

features and slope features etc. [192] [77]

Range Features: These features basically are used to distinguish
between offset and baseline at the offset position and mean and the
baseline at the offset position. These features also contain the
maximum, minimum, mean and last Fy values of a word or window
related to each word boundary. These include pitch range of a single
word or a window with word boundary. Range features are normalized
by the topline Fo, the baseline Fy and pitch range by log difference and
linear difference [40] [77] [222-223].

Movement Features: These features are measured from the variation
of the Fo, for the voiced sections of speech or window following a
boundary. Fo values are calculated against the maximum, minimum,
mean, first and last stylized Fo. It is compared with particular word or
window through log ratio and log difference [77] [222-223].

Slope Features: Slope features are generally related to pitch slope.
These features are generated from the stylized pitch value. In this case,
features are computed as, the last slope value (word preceding a
boundary) and the first slope value (word following a boundary).
These features also include slope difference such as falling, rising and

unvoiced as slope features [222- 223].

Energy Features: These features are computed based on the intensity contour.

As FO features, several energy features also estimated. Energy features include

movement features and slope features using numerous normalization methods

[222].

Other Features: In this study researcher have also included other features

such as gender type [58].
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Prosodic also use some non-verbal information such as stress, intonation and rhythm.
This information is also known as prosody. Generally, for recognition purpose
acoustic features are used such as formant, pitch and intensity [126] [233-234]. In this
study prosodic properties of speaker’s voice are represented in 49 dimensional feature

vectors. The derived features are listed in table- 4.2.2(e).

Feature Sets Statistical Term Number of
Features (49)
Pitch Mean, median, standard deviation, maximum, 5
minimum

Energy Low, high, mean 3

Jitter, Jitter(local), Jitter(absolute), Jitter(rap), Jitter(db) 6

Shimmer Shimmer(local), Shimmer(local, dB)

Formants Mean value of first, second and third formant (e.g. 9

F1, F2, F3) Standard deviations of F1, F2 and F3
Band width of F1, F2 and F3

Intensity Mean, median, maximum, minimum, standard 5

deviation

Harmonicity | Mean autocorrelation Mean harmonic to noise ratio | 3

Mean noise to harmonic ratio

Long term Mean, maximum, minimum, slope, kurtosis, 18
average skewness Amplitude of the first and second
harmonic

Table- 4.2.2(e): Statistical Term used for Prosodic Features of Speech

To extract these speech features MATLAB as well as Praat software have been used.
In this analysis autocorrelation method is used for pitch estimation, with 12.5ms time
step, 60-350 Hz frequency interval. Burg algorithm is used for formant prediction
with 10ms; 25ms time step window width and 5500 Hz maximum formant frequency.

Table- 4.2.2 (f) shows some Prosodic and Acoustic features of speech.
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Feature Name | Short Description of Feature

Mean Mean FO frequency (Hz)

Median Median FO frequency (Hz)

Max 99% value of FO frequency (Hz)

Min 1% value of FO frequency (Hz)

fracMax 95% value of FO frequency (Hz)

fracMin 5% value of FO frequency (Hz)

fracRange 5-95% FO frequency range (Hz)

Range 1-99% FO frequency range (Hz)

FOVar FO variance

Shimmer Mean proportional random intensity perturbation
Jitter Trend corrected mean proportional random FO perturbation
Meanint Mean RMS intensity (abs., dB)

Medianint Median RMS intensity (abs., dB)

MaxInt Max RMS intensity (abs., dB)

Minint Min RMS intensity (abs., dB)

IntRange Intensity range (abs., dB)

Table- 4.2.2 (f): Prosodic Features and other Related Acoustic Features [40]

e) Implementation Details

We have implemented prosodic features extraction by MATLAB and Praat software.
The reason behind using Praat is that it provides an existing suite of high quality
speech analysis routines, such as pitch tracking [226] [231]. There are some additional

reasons for using Praat such as:

e It is widely used for speech analysis toolkit that is supported by many
platforms e.g. Windows, Macintosh, Linux, and Solaris etc.

e It provides different type of valuable data to represent various types of
information from speech signal e.g. TextGrid, PitchTier etc.

o Itis especially useful for extracting prosodic features of speech.

e It has built-in programming scripting language to extending its capability.

It is clear that Praat is a best platform for extracting speech features of speech signal.
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4.2.3 Creation of Speaker Models

To create speaker model Gaussian Mixture Model (GMM) is used. GMM modeling
technique is used for the development of speaker models. It was first introduced by
Reynolds in 1992. Initially it was not popular but shortly it became more popular to
develop a speaker recognition system. It has been revealed that Gaussian Mixture
Model is very much appropriate for voice modeling in speaker recognition system.
For Speaker recognition, Gaussian mixture model is an essential appliance of
statistical clustering [23] [149]. For every utterance we calculate likelihood of the
Gaussian mixture model for each parameter. Then the likelihoods are converted into
posterior probabilities using bayes rule and a set of prior probabilities [253].

To create speaker models by using Prosodic speech features different types of
segmental features of speech are used. For example pitch, energy, Jitter, Shimmer,
spectral tilt, log normalized duration etc. The features were then modeled with
Gaussian mixture model. This modeling was done for both i.e. training and testing.
After that the created models were adapted from each speech parameter. A ‘maximum
a posteriori’ (MAP) is commonly used for adaption in speaker recognition. This
approach is good because it permits regularization parameter and use significance
factors that restraint the quantity of covariance, global means and weight etc. It should

be adapted to data from each speech features parameter [192].

4.2.4 Pattern Matching

Matching (pattern matching) phase is responsible for comparing the estimated speech
features with the stored speaker models. In this phase, previously stored speaker
model are matched with the claimed or new acquired speech signal. In case of open-
set (SV & SI) estimated speech features are also compared with unknown speaker
models. In case of verification, resultant is the similarity score between claimed
identity and test sample. While in case of identification, resultant is the similarity
score for all the stored speaker models. Now, on the basis of similarity score
(statistical or deterministic) decision has been made. Suppose that M is the number of
stored speakers models and V is the test vector such as V = {v;.....v{}, extracted from

the unknown speakers speech sample. To define match score s(V, M)E M; specifying

the similarity between V and Mi. Matching with speaker model be determined by the
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type of model, dissimilarity value, likelihood ratio etc. Now the enrolled speaker
having best match is selected [4] [75] [144] [235].

425 Decision

The aim of this phase is to declare whether a speaker who is claiming to be present is
actually present or not. For decision, a threshold is set. If the resultant is greater than
or equal to threshold then the speaker is accepted by the system otherwise rejected. In
this research, likelihood is used for decision making. Generally likelihood-ratio test is
used to take a decision that claimed speaker is accepted or rejected [4] [149-150].
Suppose for an utterance V, claimed speaker recognition wm model is Vm and

remaining available non-claimed model are then the likelihood ratio Lr is:

Visthe Claimed Speaker _ Vm/Vv (425)

Visnot from the Claimed Speaker - ViV

After evaluation of likelihood ratio Lr, it is compared with a defined threshold (let

threshold is A). A speaker is accepted if Lr > A and rejected if Lr <.
4.2.6 Performance Evaluation

It is already discussed that by implementing the proposed framework using prosodic
features performance of the speaker recognition system can be improved. The
researcher has implemented proposed framework by using prosodic features. Now, in
this phase performance of the speaker recognition system which is developed by
implementing the proposed framework is evaluated. For evaluation of the proposed

speaker recognition system, the equation 4.2.6(a) has been used:

Number of Correctly Recognized Speaker
SRR = T =08 P=X 100

(4.2.6(a))

Number of Speaksr

Where SRR — Speaker Recognition Rate

For a closed-set identification system, accuracy of identification is used to
measure the system performance. As speaker verification systems have two types of

errors namely; false acceptance and false rejection, the performance measurement
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depends on these two factors. The metrics used for the purpose are the False
Acceptance Rate (FAR) and False Rejection Rate (FRR). FAR and FRR are key
metric used to make matches or rejections quickly. To make speaker recognition
system more accurate FAR is should be minimum [173].

Performance of speaker identification system is decided by Equal Error Rate
(EER). It is the most common method used to evaluate system performance. EER is a
point where probability of False Acceptance (FA) and probability of False Rejection
(FR) both are equal [4] [187]. FAR and FRR can be measure by using equation 4.2.6
(b) and 4.2.6 (c). The metrics are defined as:

(i) FAR is the probability that the system incorrectly match an imposter. It is
calculated in percentage. So it also defined as “the percentage of invalid

inputs which are incorrectly accepted” [173].

FAR= Number of False Acceptance (426(b))

~ Number of Identification Attempt

(if) FRR is the probability that system incorrectly rejects to a registered speaker or

“the percentage of valid inputs which are incorrectly rejected” [43].

FRR= Number of False Rejection (426(C))

~ Number of Identification Attempt

The speaker identification rate can be calculated by using the formula Equal
Error Rate [150]. Then the performance of speaker recognition system is measured
using the speaker identification rate metric given in 4.2.6(d). EER is defined as:

(iii) Equal Error Rate (ERR): Equal error rate is an algorithm for biometric
security system used to predetermine the threshold value. The reliability of
recognition system decision is main concern in speaker recognition
applications. The common method used in speaker recognition is adjustment
between false acceptances and false rejections. To evaluate a biometric
system performance EER unit is calculated. It estimates the error rate of a
system. This error rate is measured on the basis of threshold. The threshold is
adjusted to generate equality between false acceptances and false rejections

[236]. Table- 4.2.6 describes about the possibility of identity authentication.
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FAR(t1)+FRR(t1)
——7  .IfFAR@])-FRR(t])<=FRR(2)-FAR(®)

EER=
FAR(12) +FRR(12)
) : otherwise
Matches Value
Type of Access Measured data matches Measured data does not
expected value matches expected value
Authorized individual True Accept (TA)
access Access correctly granted

Unauthorized individual True Reject (TR)

Access correctly denied

access

Table-4.2.6: Possibilities of Identity Authentication (Matrix)

Generally, system performance is measured as a decision cost function for
example NIST SRE evaluates system performance on the basis of Decision Cost
Function (DCF). This function measures as the weighted probability of falsely
rejected user and weighted probability of falsely accepted imposter. The final result is
evaluated in Detection Error Tradeoff (DET) curves [80-81]. Today, majority of
recognition systems are text-independent speaker recognition systems. These systems
are used in many applications performing with low error rates. For example, forensic

applications require much improved error rates for identification purposes [80] [82].

Many researchers concentrate on reducing error rate. Decreasing error rates and hence
improving system performance is still a research area in the field. The identification

rate can be measure by using equation 4.2.6(d):

No. of Correctly Identified Speaker (4 2 6(d))

e . _ 1000
Po Speaker Identification Rate Total Number of Segments 100%
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The identification system performance is measured using identification error. The

identification error can be measure by using equation 4.2.6(e):

Incorrectly Identified Speaker
*

% Identification Error = 100 (4.2.6(e))

Total no.of Speaker

System performance also depends on the following parameters [7] [253]:

e The number of Gaussian mixture components

e Type of speech feature used

The system is tested using 32, 64, 128 and 512 Gaussian mixture component and

different types of feature extracted from speech signal (Prosodic and MFCC)

4.3 Summary of Steps for Speaker Identification

The overall process of recognizing a speaker has been summarized in the form of an
algorithm. Figure-4.3 represents the structure of GMM based speaker identification
system. In speaker identification system there are two phases training and recognition
(identification). In training phase, a mathematical model (GMM in our case) has been
constructed for each speaker through speaker’s voice and it is stored in the database.
On the other hand in recognition phase, speech data is examined for best match with
the speaker models available in the database [237]. The identification procedure is

stated as follows:

1. Extracts the features of speech signal
Compute the set of speech feature P = {p;}
3. For each speaker model M;, DO (Compute the distortion D; = d(P, M)
between P and M;)
4. Identify the value of the unknown speaker Id as the one with the
smallest distortion, i.e. Id =argmin {Di}
i=1....N

N

The distortion measured in the second step approximates the dissimilarity between the
feature vectors M; = {mj; , mjz ,..., mix } and the vector set P = {ps, p2 ,..., pn} . In this,
the most intuitive distortion measure has been used for mapping each vector in P to
the nearest code vector in Mi and for computing the average of these distances by

using the following formula:
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. K
%Z_; min dg (P;. Mix) (4.3a))

=1

Where dg is the Euclidean metric:

(4.3(b))

‘dml S
de(x.3)=_[> (x, —»,)°
V i=1

The distortion measure, known as the Mean Square Error (MSE) also gives a measure

for the quality of the codebook constructed from the training set P.
S
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Figure-4.3: Structure of Speaker Identification System

4.4  Conclusion

The term distinctiveness is the key of authentication techniques. VVoice biometric is
the branch of science and engineering. Authentication based on human biometric is
the procedure to analyze the legal problem of digital evidence. It is the combination of

science and law. Improvement in the speaker recognition system performance is
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needed as these systems are used in many important and secure fields including voice

based banking, access control, crime investigation purpose etc.

Automatic Speaker Recognition (ASR) is a technique for recognizing an individual by
his/her voice. Controlling access privileges and forensic is the major application areas
of speaker recognition systems. To develop a robust speaker recognition system it is
required that the system is able to provide acceptable performance with several
operating conditions. Though various developments have been done in the area but
there are still many improvements required. In this chapter researcher has
implemented the framework proposed in chapter-3 for developing a speaker
recognition system. The researcher has also claimed that by choosing prosodic

features for implementing the framework, system performance has been improved.
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CHAPTER-5: EXPERIMENTS AND RESULT

Once a decision was made, I did not worry about it afterward.

—Harry Truman

5.1 Introduction

In developing speaker recognition system performance is the main task. In addition,
system consistency is also a key factor. To make more consistent system longer voice
database is required. The purpose of this research is to study English vs. Hindi and
Hindi vs. English voiced samples using different recording mediums. During
recording different equipment are used. The environmental noise and the time delay
occurred when taking voice samples. In this chapter different testing results are shown
for proposed text-independent system. The purpose of this research is to investigate
the prosodic features which are more useful to improve speaker recognition system
performance.

Researcher has tried to found the main obstacle which degrades the system
performance and found solution to overcome from that. In speaker recognition noise
is the main reason to degrade the system performance. Hence in presence of noise,
identification is more difficult. In chapter 4, researcher investigated that prosodic
features are robust against the noise. Therefore this research focused on the prosodic
features of speech. A number of experiments are conducted for different prosodic
features and Gaussian mixture model as well as MFCC with Gaussian mixture model.
Modeling is also an important factor for speaker recognition. As studies shows that
Gaussian mixture model is most commonly used method for modeling [132] [142]
[153]. The results obtained by the experiments are used for the analysis purpose of
system performance. The main objective of this research is to find the speech features
which are more robust against noise and time variability. In addition system
performance is calculated in terms of identification rate.

5.2  Training Conditions

The training condition is defined as amount of data (voice) and resource of acquiring
speech signal to develop a speaker recognition system. It is evaluated as fixed or open

training condition [239].
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» Fixed-In this approach acquiring speech signal limits the system to specific
data set for training condition. For example; new voice database creation or
use of previous available voice database.

» Open- It removes the conditions exist in fixed training condition approach.

For training purpose other available data (publicly available data) can be used.

5.3 Enrollment Conditions

During enrolment of speaker’s speech, it is required to acquire at least that amount of

data which is sufficient to create speaker models.

5.4 Test Conditions

The test condition is the process of recognizing a speaker from enrolled data to a
given speech segment and automatically decide whether target speaker identified or
not. For testing, there must be created some rules which vary system to system for

recognition.

5.5 Performance Measurement

To calculate the performance of identification system, the following equation (5.5) is

applied:

| =9*100 (5.5)
N

Where | is the identification rate (total correctly identified speakers), Cl is the number

of correctly identified speakers, and N is the total number of speakers [239] [259].
5.6 Experiments with Prosodic Features

In the research the speaker identification system is developed by using prosodic and
Gaussian mixture model. Initially a speech signal is pre-emphasis before speech
segments are framed. The frame size of speech signal is 30-45ms with different
frequency for male and female. The research experiments are based on Hindi and

English language only for training and testing both. Testing sample length has been
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extracted from the speech sample recorded form enrolled speakers. The voice data

recorded by headphone is only considered for training and testing purpose.

In the research experiment is carried out in a training database developed in
lab condition. This experiment contains 57 speakers and 1561 utterances. For training
every speaker’s 2-3 minutes recording is available. During testing speech segment
length in between 30 second to 45 second. Speaker recognition system is GMM based
speaker recognition system. In our system we use prosodic (49 dimensional) features
extracted from the created database and 32, 64, 128, 512 Gaussians as speaker models
under the 30-45 second training condition. During experiment extracted pitch,
duration and energy related features and break the speech signal into segments. By
using Legendre polynomial expansions we estimated pitch and energy contours for
each segment. And calculate one feature vector for each segment after that model
these features by using GMM. Table- 5.6 experiment conditions of speaker

identification systems.

Task Text-independent Speaker Identification System
Language English, Hindi
Front-ends Prosodic
Back-end Gaussian Mixture Models (GMM) with 32, 64, 128,

512 Gaussian components

Number of coefficients in a 34(10static + 12delta + 10delta-delta+ 2 energy) for
feature vector MFCC

Window size 35-45ms

Step size 10ms

Sampling rate 16kHz

Pitch floor 75 Hz

Number of pitch (per Speaker) | 5

Pitch ceiling 350 Hz

Training set 57 Speaker

Testing 51 Speaker

Platform Laptop, PC, portable Recording Device
Programming Language MATLAB

Table- 5.6: Experiment Conditions of Speaker Identification Systems
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5.7 Result and Discussion

Figure- 5.7 (b) shows the speaker recognition (ldentification) performance for
different training data. The EER for matched case is varying approximately 5-15% as
reported in [67] [150] [115] [216] [206-208]. The result obtained in this thesis the
EER is 4.26 — 5.39 % is clearly better. The EER is represented for the testing
conversation, and it is the statistically significant for the work. Table- 5.7 (a) shows
the training and test condition for proposed speaker recognition system and table-
5.7(b): EER values of speaker recognition system using prosodic features.

Training Channel Test Channel No. of Utterances
Head phone/microphone | Head phone/microphone 584
Portable voice recorder 317
Head phone/microphone 437
Portable voice recorder
Portable voice recorder 223
Total 1561

Table- 5.7 (a): Training and Test Condition for Proposed Speaker Recognition System

Training Language | Testing Language | Recognition Rate (%) EER (%)

English English 95.74 4.26
Hindi 94.61 5.39

Hindi English 94.61 5.39
Hindi 95.74 4.26

Table- 5.7(b): EER Values of Speaker Recognition System using Prosodic Features
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Figure- 5.7(b): EER Values of Speaker Recognition System Using Prosodic Features

5.8 Comparison of Speaker Recognition Performance

The researcher has proposed a speaker recognition system using Prosodic features of
speech. It has been concluded from the literature that prosodic features could be used
to enhance the performance of speaker recognition system [223] [240] [259]. In the
research work, features have been extracted using MFCC and Prosodic; later speaker
modeling have been performed. These speaker models are used for pattern matching

and then match score is calculated of the individual speaker.

Almost all the implementation and experiment have been performed using MATLAB
and few with the help of Praat software. In the session, all data collection,
implementation results have been retrieved and comparative analysis has been
performed and discussed in subsequent section. The results shown in this chapter
prove that prosodic features produce better result than MFCC. In addition, it is also
noticed that prosodic is individually helpful to produce a robust speaker recognition

system.
58.1 Mel-Frequency Cepstrum Coefficients

Mel Frequency Cepstrum Coefficient (MFCC) is one of the most commonly used
methods to feature extraction for automatic speaker recognition system. MFCC are

coefficients that represent sound based on human perception. This is also one of the
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most popular methods used for speaker recognition in base speaker recognition
system [241]. But the drawback of MFCC is that it highly affected by noisy data.
MFCC are derived by taking the Fourier Transform of the signal, warping it to by
using a Mel-filter bank that closely mimic the Mel-scale, the final step is to perform
Discrete Cosine Transform on the logarithm power of the speech frame from the Mel-
scale output. Table- 5.8.1 shows the system performance using MFCC features
extraction method and figure- 5.8.1 is graphical representation of this. Performance of
a speaker recognition system can be calculated using the following formula:

no.of spaach samples identifiad

Performance (%) = X 100 (5.8.1)

total no. of speech seamples tested

Training Language Testing Language Recognition Rate (%) MFCC
English English 89.70

Hindi 86.50
Hindi English 86.50

Hindi 89.70

Table- 5.8.1: Performance of Automatic Speaker Recognition System using MFCC

Recognition Rate (%) MFCC

90 89.7 89.7
89
88
87 6.5 6.5 m Recognition Rate (%) MFCC
86
85
84 T T T

English Hindi English Hindi

Figure- 5.8.1: Performance of Automatic Speaker Recognition System using MFCC
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The result shows the recognition rate of MFCC for Hindi and English is
respectively ranging from 86.5 % and 89.7%. MFCC using different coefficients
(MFCC20, MFCC23, MFCC32 etc.) have the different recognition rate. Overall, the
MFCC recognition rate is less when compared to the Prosodic. It did not achieve a
100% for speaker recognition but the recognition rates are consistent for clear noise

but its performance degrades when the speech signal is noisy.

5.8.2 Prosodic

The common Prosodic features of a speech signal are duration, energy, pitch,
intensity, speaking rate. Pitch is helpful in extracting noise-robust features of speech
[18] [40]. Automatically recognizing the expressive state of speakers from their voice
is known as emotion recognition. Attributes of voice are variable due to different
moods of speaker and the affected attributes are pitch, speaking rate, intonation [240]
[242]. Prosodic features of a speech signal changes continuously throughout the
utterance. Hence, during analysis short time speech signal is frequently used and
generally the length of speech signal is 10-30ms [4] [7]. The performance
measurements revealed that the extracted basic prosodic parameters are quite robust
to noise environment [243]. The errors were found to be unbiased as result shown in
table- 5.8.2. Graphical representation of recognition accuracy with feature dimension
12, 16, 34 and 49 is shown in figure- 5.8.2.

no.of spaech samples identifiod 100
total no. of speech semples tested (582)

Performance (%) =

Training Language Testing Language Recognition Rate (%) Prosodic
English English 95.74

Hindi 94.61
Hindi English 94.61

Hindi 95.74

Table- 5.8.2: Performance of Automatic Speaker Recognition System using Prosodic
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Recognition Rate (%) Prosodic

100.00 95.74 95.74
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Figure- 5.8.2: Performance of Automatic Speaker Recognition System using Prosodic

The results show that the performance of the recognition rate of features
extracted using Prosodic ranging from 95.74% to 94.61%. Results show that by using
prosodic using the characteristics has the better recognition rate can be achieved. The
recognition rate peaks at the 49" order of the prosodic for all Gaussian components.
The findings are expected as prosodic alone is efficient when higher order coefficients
are used as superfluous information or noise will be included in the modeling of the
speaker model resulting in lower recognition rates. The results also show Prosodic to
be more robust and accurate than MFCC.

5.9 Speaker Recognition Lab

Figure- 5.9 (a), 5.9 (b), 5.9 (c) and 5.9 (d) shows the lab setup of speaker recognition
lab and experimentation with enrolled speakers.
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Figure-5.9 (a): Test Bed Setup of Speaker Recognition

Figure-5.9 (b): Voice Data Acquisition Screenshot
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Figure-5.9 (c): Test Bed Setup of Speaker Recognition

Figure-5.9 (d): Voice Data Acquisition Screenshot
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5.10 Screen Shots of Calculated Results

The screenshots during experimentation have been shown in the figure- 5.10 (a) to
figure- 5.10 (r).

o 1 1] e

Figure- 5.10 (a): Spectrogram of a Speech Signal

Figure- 5.10 (b): Formant of a Speech Figure- 5.10 (c): Extracting Different
Signal Features from Speech Signal
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Figure- 5.10 (g): Maximum and Minimum Pitch Voice

102



oo ][00 —aim)
ETRR | X
v

Figure- 5.10 (h): Frequency of the Voice

2 Sound praaau:ﬁwal (dE('HZ) -

Frequency (Hz)

Figure- 5.10(i): Frequency in Curve form

103



o Sound prassum!:laval (dﬁf Hz) L

Figure- 5.10(j): Frequency in Poles Form

T

olovel (dB/Hz)

1 Sound pressured evel

PO IRTAEA

1]
Frequency (Hz)
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Figure- 5.10 (I): Formant of a speech signal
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Figure- 5.10(m): Formant History
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Figure- 5.10 (p): Example of Pitch Value
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Figure- 5.10 (q): Spectrogram of a Speech Signal
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Figure- 5.10 (r): Noise Removal Process
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5.11 Conclusion

In this chapter researcher explained and verified the results. In addition, a proposed
system is tested for recognizing a speaker by using both Prosodic and Spectral
(MFCC) features. Speech features are extracted at the frame level for creating speaker
models. Results show that the proposed methodology gives better performance with
Gaussian mixture models. In addition, the research provides more detailed
information than many other proposed systems in the literature. Calculated results

have been shown here in tabular as well as in graphical representation.

Results confirmed that speaker recognition system performance is improved
by the proposed methodology. A significance improvement is achieved in system
performance when prosodic features are used. Experiments are performed on the
voice database created by the researcher in lab condition having background noise.

The database contains the voice of male and female members both.
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CHAPTER-6: VALIDATION OF THE FRAMEWORK

To be or not to be, that is the question
-Shakespeare

6.1 Introduction

Validation of the research work is required to provide certain definite assurance for
consistency, accuracy and robustness of an automated system. There are numerous
available methodologies by using them data validation can be defined, designed and
deploy in different context. Validation is the procedure to test the trustworthiness of
any model/methodology/approach. Validation process assures that a product, system
and service is fulfilling the required condition [244-246].There are some attributes

which mostly includes in the process of validation such as:

Accuracy

J System suitability
o Specificity

o Repeatability

. Reproducibility

. Quantification limit

. Detection limit (in case of trace element)

System suitability testing is an essential part of several analytical procedures.
Validation tests are depending on the concept of analytical operations, samples to be
analyzed, equipment and electronics. System suitability procedure test parameters to
be established for a particular method depend on the type of method being validated.
Model validation is not a decision however it is a necessity in a dynamic modeling
development [247] [248]. The definitions of validation as stated by different authors

are:

. Validation is the process of establishing confidence in the usefulness of a
model (Coyle 1977).
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. The process of determining the degree to which a model is an accurate
representation of the real-world from the perspective of the intended uses of
the model (DoD 2002).

. Substantiation that a computerized model within its domain of applicability
possesses a satisfactory range of accuracy consistent with the intended
application of the model (Sargent 2003).

6.2 Methodology for Validation

Validation is a procedure to estimate the comparison between computational results
from the simulation and the actual (hypothesis) data from the system. Primary goal of
validation is identification and quantification of the error, uncertainty in the
conceptual models, and calculation of the numerical error in the computational
solution, evaluation of the simulation uncertainty, and at last, comparison between the
computational results and the actual data. Therefore, accuracy is calculated in terms to
real/hypothetical data. But this approach does not believe that the real/hypothetical
data are more accurate than the computational results [249-250]. Some characteristics
of validation are discussed below:

. A model should be evaluated for its effectiveness rather than its complete
validity.

o No specific test by which the model validity can be checked

o A model cannot have complete validity however it should be fulfill the
requirement for which it is constructed

. For validation of model qualitative and quantitative criterion provide more
credence.

. For Validation to pass test does not assure that model is valid and failing a
test help to reject a negative hypothesis.

Validation is the most incomprehensible part of developing a model, no model
can be accepted without it has passed validation test. Validation is a process to
determine the trustworthiness of the model and generally it is framework based and
dynamic [251]. As author’s says in [252-253] that validation is applied on all
simulation models irrespective either corresponding system exists presently or would
be developed in future. Validation of models using statistical techniques and reasoned
that the technique applied for validation would depend on the availability of data in
the real system. While some author says [254] [251] that there is complete valid

110



model, reliability of a model can be justified only for the proposed use of the model

and the recommended conditions under which the model has been tested [254].

Tryout

For validation of the proposed approach an experimental tryout has been carried out.

For data collection first we created a voice database for speaker’s (male & female)

after that feature extracted from speech signal using different feature extraction

methods such as MFCC and Prosodic. Using feature extraction method accuracy of a

speaker recognition system was calculated. Procedure of calculation using MFCC has

been discussed in section 5.8.1 and using Prosodic has been discussed in section 5.8.2.

Calculated values of recognition rate using MFCC, Prosodic have been given in table-

6.2.
Training Testing Language | Recognition Rate | Recognition Rate
Language (%) MFCC (%) Prosodic
English English 89.70 95.74
Hindi 86.50 94.61
Hindi English 86.50 94.61
Hindi 89.70 95.74
Table- 6.2 Calculated values for MFCC and Prosodic
98

95.74

95.74

English

Hindi English

Hindi

B Recognition Rate (%) MFCC

B Recognition Rate (%) Prosodic

Figure- 6.2: Comparison Performance of Automatic Speaker Recognition System
using Prosodic and MFCC
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6.3 Statistical Analysis

Student's t- Test is one of the most commonly used techniques for testing a hypothesis
on the basis of a difference between sample means [255]. As the number of
observations is small, the student t-test is applied for finding out the level of
significance and rejection of the null hypothesis. Since the rejection or acceptance of a
null hypothesis is based upon either (0.05) alpha (a) or (0.01) alpha (a) level of
significance for one tailed or two tailed test, (0.01) alpha (o) level of significance for a
two tailed test is taken for rejection of the null hypothesis [256-257]. Statistical
analysis process includes some sequential steps. Initially, null hypothesis and alternate
hypothesis has been formulated and later statistical analysis has been performed.
During statistical analysis, performance of developed approach, Prosodic is compared
with MFCC. As a result of statistical analysis it has been concluded that whether there
is significance difference between the previous methodologies (MFCC) and the
developed Prosodic approach. The obtained t- value will determine whether to reject

the null hypothesis and accept the alternative hypothesis.
» Hypothesis Testing

A null hypothesis reflects that there is no significant relationship between two or more
parameters whereas alternate hypothesis affirms the relationship. Rejection of a null
hypothesis provides a stronger base to accept the relationship or to accept the alternate
hypothesis [258]. This study relates improvement of speaker recognition system
performance by using prosodic features. During the research work a framework has
been developed by using Prosodic features of speech and modeling by Gaussian

mixture model.

v Null Hypothesis (Ho1): Performance of speaker recognition system cannot be
improved by using Prosodic.
v Alternative Hypothesis (Hj;): Performance of speaker recognition system

can be improved by using Prosodic.
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> Interpretation

By observing calculated values in table 6.3 (a), it can be observed very easily that the
prosodic features equal error rate shows that system performance is improved. The
evaluated values for the recognition rate of Prosodic and MFCC are shown in table-
5.8.1 and table- 5.8.2. The result shows that table- 5.8.1 is comparatively improved
than in the table- 5.8.2. Experimental values show that methodology followed for
improving system performance is appropriate. Hence it has been conclude that
performance of recognition system could be improved. Hence the initial claim that
prosodic feature is able to improve speaker recognition system performance proved
true. Figure- 6.3 shows the EER of MFCC and Prosodic.

Training Language Testing Language | EER (MFCC) | EER (Prosodic)

English English 10.3 4.26
Hindi 135 5.39

Hindi English 13.5 5.39
Hindi 10.3 4.26

Table- 6.3 (a): Calculated values of EER for Speaker Recognition

16

14

12

10

B EER (MFCC)

W EER (Prosodic)

English Hindi English Hindi

Figure- 6.3: EER of MFCC and Prosodic
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> Level of Significance of the proposed Framework

To find out the significance difference between MFCC and Prosodic; the means of

MFCC and Prosodic are calculated as shown in table- 6.3 (b). Pearson coefficient of

correlation is 1. The degree of freedom is 4. For application of the t-test in the

scenario, homogeneity of variances i.e. F value must be tested. The homogeneity can

be obtained by dividing the larger variance by the lower. The large variance is 3.4134
for MFCC and the smaller one is 0.4256 for Prosodic.

The t value comes out to be -7.2218. As the value exceeds the t critical value

of 0.0019 for a two tail test at the 0.01 level for 4 degree of freedom, the null

hypothesis Ho; is strongly rejected and the alternate hypothesis Hi; is accepted. Hence

it is validated that performance of speaker recognition system can be improved by

using Prosodic features.

» T-Test: Two-Sample Assuming Unequal Variances

Statistical Observation Prosodic MFCC

Mean 4.825 11.9
Standard deviation 0.565 1.6
Variance 0.425633333 3.413333333
Observations 4 4
Pearson Coef. of Correlation(r) 1
Hypothesized Mean Difference 0

Degree of Freedom (df) 4
t Stat -7.221863395
P(T<=t) one-tail 0.000974887
t Critical one-tail 2.131846786
P(T<=t) two-tail 0.001949775
t Critical two-tail 2.776445105
Test for homogeneity of variances(F) 0.124697265624998

Table-6.3 (b): T-Test: Two-Sample Assuming Unequal Variances
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Acceptance of any new approach by society or industry depends upon validation of
that approach. It is the validation which proves the usefulness of the approach in
society or in industry. For testing the usefulness of the integrated approach for
recognition improvement rate of an Automatic Speaker Recognition System, a

systematic validation is carried out.

6.4 Conclusion

The research aimed to investigate the advantages and drawbacks of the existing
methodologies of the text-independent speaker verification system, and to propose
methods that could lead to an improved system performance. Validation of newly
developed method is the most essential phase of the research work. It is required to
validate methods to make it acceptable to the society. In this chapter framework has
been validated. Student t-test has been used to test hypothesis. Hypothesis testing is
based on the concept of system performance improvement and it has been analyzed
that performance of a recognition system can be improved by the proposed Prosodic

features of speech.
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CHAPTER-7: CONCLUSION AND FUTURE WORK

A conclusion is the place where you get tired of thinking."
- Arthur Bloch

7.1 Introduction

This chapter summarizes the key outcomes of the research and highlights the potential
future work for feature extraction in the area of speaker recognition. The key
challenges that have been noticed, and those remaining for the field has been
discussed in addition to limitations of the work. In this research, speaker recognition
from speech is studied using prosodic related speech features. It is assumed that
speaker recognition process have certain speaker-specific characteristics, have an
effect on the acoustic parameters of the source-filter model. In addition, it is well
known fact that the uses of prosodic features enhance speaker’s recognition system
performance. The research proposed in the thesis has utilized the same fact. In the
proposed research by using prosodic speech features statistical models have been
created to be used to derive speaker models for speaker recognition process.

It has been shown that systems using prosodic and higher level features out
performed standard systems, especially when the amount of available training data
was may be noisy. This confirms the assumption that short-term cepstrum systems
generally perform better is not always true since MFCC easily affected by noise
[212]. However, Prosodic features of speech easily not affected by noise [209]. In
addition, higher-level features also have the potential of increased robustness to
channel variation, since lexical usage or temporal patterns do not change with the

change of acoustic conditions.
7.2 Research Contribution

In the research, some basic but important factors which are a crucial part of the
Automatic Speaker recognition (ASR) System such as Voice fundamental, sampling
rate, pitch, equal error rate etc. have been discussed. These factors are used to design
and construct an Automatic Speaker Recognition System. ASR is a technology by
which a person can be recognized by his/ her voice using a recognition system where
different comparisons are made with training and testing data. This technology is

based on the voice features of a person which is most suitable to recognize a person or
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authenticating the person. ASR system can be designed for Speaker Verification &
Speaker Identification. Speaker Recognition/ voiceprint recognition is an example of
Biometrics i.e. it is a type of technology using which person’s physiological/

behavioral characteristics can be measured.

The main focus of the research has explained about the feature extraction
techniques. Speaker Recognition System makes use of a system based on comparison
method is use to recognize the people from his/her voice. Prosodic features analysis of
a speech signal has been elaborated in detail. In addition Gaussian mixture model
generally used modeling technique explained in detail. The research has provided an
elaborated Gaussian Mixture Model (GMM) and its component for speech signal. It
has been revealed that Gaussian Mixture Model is very much appropriate for creating
speech features model of a speaker. For speaker recognition, Gaussian mixture model
is an essential appliance of statistical clustering. The task effortlessly performed by
humans is not effortless for machine or computers such as voice recognition or face
recognition. Speaker recognition technology produces a solution, using which the
computers/machines out performs than humans. For achieving the research objective
of speaker recognition, the research has made the following contributions.

. Literature survey on speaker recognition: An exhaustive review has been
done on speaker recognition techniques during the initial phases of research
work. As the outcome of literature survey it has been concluded that speaker
recognition primary focused on the speaker identification, text-dependent, text
independent etc. based speaker recognition system. The contribution has been
published in [20] [46] [190]. In the last several decades research in speech and
speaker recognition has been going on worldwide. Since speech is the basic
and the most suitable form of communication to convey message among
people. The development of speaker recognition system shows the interest of
human in technology. It is as the first step towards natural human machine
communication. Some considerable advances in speech along with speaker
recognition are not likely to come solely from research in statistical pattern
recognition and signal processing. Number of practical limitations has been

encountered which hinder widespread deployment of application and services.
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Analysis of various tools/models/techniques used at various level of
Speaker Recognition System development: Speaker recognition using
prosodic and Gaussian mixture models as a technique to provide efficient and
accurate solutions to problems of speaker recognition. A review is about the
prosodic and about the GMM for speaker recognition technology has been
performed. The studies show that mixture model analysis yields a large
number of theorems, methods, applications and test procedures. There is much
related theoretical work as well as research is available on Gaussian mixture
applications. The research has explored the same only for automatic speaker

recognition technology. The Detailed description is presented in chapter 2.

Voice Database creation: Database of recorded male and female speakers
from different channel has been developed. To build a voice database there are
lots of medium available for recording the voice/speech. In the research, we
have recorded the speech by using head phone, MATLAB program and some
external/portable voice recording devices. To record voice a head phone or
any other medium of recording is needed using which voice of speaker is
recorded. In addition to Computer/Laptop, there is also some external
audio/video devices required to store voice database. At the time of recording
the speaker’s speech of 2-3 minutes length has been recorded sometimes it is
vary up to 5 minutes. Detailed description of the same is presented in chapter
4,

Development of framework for speaker recognition system: A new
approach is developed for speaker identification system. The developed
framework aims to extract speech features using Prosodic feature extraction
technique. Prosodic features achieve better recognition rate by considering
supplementary information sources. The aim is to design a speaker
identification system, and apply it to a speech of an unknown speaker (text-
independent). By investigating the extracted features of the unknown speech
and comparing them to the stored speaker models for each different speaker,
an effort is made to identify the unknown speaker. Prosodic showed a
significant improvement in automatic speaker recognition system

performance. The Detailed description is presented in chapter 3.
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7.3

Implementation of the Proposed Framework for Improving Speaker
Recognition System Performance: The proposed framework is implemented
in chapter 4 and all the phases of the framework are discussed in detail. Each
and every phase of the proposed framework has been implemented and tested
using MATLAB as well as Praat software. Speaker models are created by
using Gaussian mixture modeling technique, and stored for training and
testing purpose. After creation of speaker models matching is performed and
on the basis of match score decision is made that either speaker is accepted or
rejected. In addition system performance is evaluated on the basis of equal

error rate metric. The detailed description is shown in chapter 4.

Validation of Prosodic feature extraction technique: It was validated that
features based on Prosodic provided better performance compare to the
conventional MFCC. For validation of the proposed approach an experimental
tryout has been carried out. For voice sample collection first we created a
voice database for speaker’s (male & female) after that feature extracted from
speech signal using different feature extraction methods such as MFCC,
Prosodic .Using feature extraction method performance of a speaker
recognition system was calculated. The Detailed description is presented in

chapter 6.

Significance of the Work

Automatic speaker recognition is used for the purpose of authentication to improve

security of an automatic system. In today’s scenario it is more useful because of its

voice based biometric technique. The world-wide collaboration and free exchange of

ideas led to technology boost in the speaker recognition field as well. Applications of

speaker recognition system provide prominent alternatives to biometrics such as

finger prints, retina scans and face recognition. The key advantage of speaker

recognition over these techniques is being its low costs, not harmful to human body

and non-invasive etc. The proposed technique can be successfully implemented in the

following areas:

Forensics Department

Remote access control security
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. Web services, online Calling

o Personalization of services and customer relationship management
. Voice based biometric system

. Transactions authentication/\VVoice based banking

. Surveillance/criminal investigation etc.

7.4  Future Direction

In future work we wish to work with many more prosodic features with the fusion of
some other types of speech features. Also we will try to work with prosodic features
with another modelling technique. To till date many recent advances have been
achieved in the field of speaker recognition but there are still many problems remains
unsolved for which good solutions need to be found. These problems mainly arise
from speaker variability, channel variability, recording condition, background noise
etc. Also it is key point to find feature parameters that are more useful to improve
performance of speaker recognition system. The aim of finding such speech features
that are stable over time, unaffected to the variation of speaking manner (including
speaking rate and level) and robust against variation against voice quality such as
voice disguise or cold, is a very important task. There is also need to develop a
method to deal with the problem of distortion such as telephone sets and channel and
background noises. In addition, we will try to find out the reason behind rejected
voice (unmatched voice), i.e. it is occurs in due to testing database or training

database.
7.5 Conclusion

Today’s commercial applications of speaker recognition systems have become a
reality. ASR systems have been adopted in both government and financial sectors as a
method to facilitate quick and secure authentication of individuals. For example: the
Australian Government organization Centrelink uses speaker verification for the
authentication of Welfare recipients using telephone transactions. In India ICICI bank

provide voice based banking to their customer.

Now days when everything is going to digitalized, biometric techniques is one of the
latest technologies used for the security systems? There is no longer required to carry
debit card, credit card or remembering password or PIN. While physical traits of a
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person used instead of all. In this thesis, we have firstly investigated approaches to
improve robustness of systems. As the selection of appropriate speech feature and
feature extraction technique are still growing research areas, the proposed research
work has carried out these tasks. We have introduced extended prosodic features for
improving performance of automatic speaker recognition system. This approach will

bring surely significant improvement in system performance.
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GLOSSARY

Speaker Identification: Correctly identify the speaker, out of a certain set, of a
certain speech.

Speaker Modeling: Different techniques used to build a model to retain enough

information about the speaker identity.

Speaker Recognition SR: Any task related to automatically deal with the speaker

identity.

Speaker Segmentation: Automatically identify turn points of speakers in a large

stream.

Speaker Verification: Correctly verify that two segments are uttered by the same

speaker.
SRE: Speaker Recognition Evaluation

Text-Dependent SR: Any task of SR that the speakers are restricted to a certain

speech.
Text-Independent SR: Any task of SR that does not restrict the speech.

DNA Features: Speaker specific features extracted using the deep network
architecture.

EER: Equal Error Rate, a special point on the ROC curve, where the miss ratio is

equal to the false alarm ratio.

Filter Bank: A set of filters to cover the whole range of frequency found in the

signal.
Formants: The higher frequency boundaries for a voiced part of speech.

Fourier Transformation: A method to decompose a real life signal into a number of

sinusoids.
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Frequency: The number of times the signal repeats itself in a time unit.

Fundamental Frequency: The frequency at which the vocal cords vibrate.

Gaussian Mixture Model: A mixture of more than one normal distribution,

combined with different weights.

Klatt's formant synthesizer: A source/filter model based synthesizer proposed by
Klatt.

Liner Predictive Coding: Compression technique using linear combinations and

residual.

Mel-Scale: A non-linear scale based on human frequency perception.

NIST: National Institute for Science and Technology

Nyquist Frequency: The highest sampling frequency that can faithfully preserve the

original signal.

Period: The time a periodic signal needs to repeat itself.
Periodic Signal: A signal that repeat itself every period T.
Pitch: The human perception of the fundamental frequency.

ROC Curves: Receiver Operating Characteristic, a plot to show the effect of

different parameter values in a parameterized method.

Signal Filtering: Affecting certain frequency domains of the signal.

Signal Windowing: Extracting parts of the signal in the time domain.

Source/filter model: A simple method to model the human voice production by using

a source
(base frequency generator) and a filter (filter bank to shape the final voice).

Speaker Clustering: Group different speech segments according the speaker.
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Speaker Detection: Correctly flag the speeches, out of a set of speech, of a certain

speaker.

Speaker Diarization: Detect who is speaking when on a stream.

Average: A difference equation to approximate a low-pass filter.

Beam Forming: An algorithm to align of many streams of the same recording.
Butterworth Filter: A filter written in the different equation format.

Cepstrum domain: A sample domain which is obtained when applying frequency

analysis to the frequency domain.

Difference Equation: An approximate to a filter as a combination of previous

input/output samples.
Differentiator: A difference equation to approximate a high-pass filter
Dirac Impulse: A signal consisting of one infinitely high impulse.

Divergence: A measure of the distance between two statistical models.
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