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Abstract

ABSTRACT

In this research the Support Vector Machine classifier is applied to a text independent
speaker verification task using conversational telephone speech from the NIST 2000
Speaker Recognition Evaluation. The SVM is a discriminative classifier with good
generalization characteristics. It has been shown to perform as well as, and sometimes
outperform the more widely used Gaussian Mixture Model. The SVM, like other
classifiers is vulnerable to environmental noise, distortions from transmission over

communication channels such as the telephone channel, and intersession variability.

Feature normalization is applied to compensate for the distortions that occur to the signal
due to transmission over the telephone channel and mismatch between training and
testing conditions. The performance achieved by applying Histogram Equalization is
compared to that of common linear feature normalization techniques Cepstral Mean
Subtraction and Mean Variance Normalization. The results show an improvement in
SVM classification performance when feature compensation is applied, with HEQ
achieving the best performance.

Although it has good generalization and classification performance, the SVM suffers the
distinct disadvantage of very long computation time, especially in the training phase. Part
of this thesis is thus dedicated to the application of feature extraction and dimensionality
reduction techniques to reduce the training time of the SVM. The application two linear
independent techniques, namely of Independent Component Analysis and Principal
Component Analysis, is considered.

ICA often has difficulty reaching convergence and is unable to match the reduction to
training time achieved by PCA. With the data dimensionality reduced to 30% of the
original, PCA feature extraction is able to match the baseline performance while reducing
the average training time by almost 80%. HEQ feature normalization however results in a
greater reduction of the average SVM training time as well as better accuracy. When
HEQ is applied a 90% reduction in average SVM training time is achieved as well as a
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Abstract

47% decrease in testing time. Applying HEQ also results in n improvement to the
baseline EER where there is a mismatch in training and testing handset times.

The results show that SVM classification is sensitive to the data representation and the
pre-processing that is applied to the feature prior to training or testing the SVM affects
not only the accuracy of the classifier but also the computation time as well as the storage

resources required by the SVM models.

Key words: speaker verification, support vector machine, feature extraction, feature

normalization
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CHAPTER ONE

1. INTRODUCTION

Speech is arguably the most natural mode of communication amongst the majority of the
world’s population. The fact that no special skill (e.g. the ability to write or type) or
specialised equipment (e.g. a typewriter or personal computer) is required to participate
in speech communication makes it easy and non-threatening. The development of the
telephone network has meant that speech based communication is not restricted to
communication with people who are within earshot. This has lead to a growth in the

development of technological solutions which encompass human speech.

A large part of Human Language Technology (HLT) is concerned with the creation and
development of Spoken Language Interfaces (SLI) to computers that allow humans to
communicate with machines using speech. The technologies embodied in these interfaces
include Speech Recognition, Speech Synthesis, Speaker Recognition, and Language
Recognition [1]. The main focus of this thesis is Speaker Verification which is a
component of Speaker Recognition. Figure 1.1 provides a graphical representation of the
technologies which are included in HLT and gives a simplistic representation of how
speaker verification relates to other technologies in this grouping.
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Human Language Technology

IAnaIysls/ Synthesis ] E_-é;dl-r;g- -E
| Spoech Recognition | [ Speaker Recogniton | | Language Recogniton
ISpeaker Identification I ISpeaker Verification I

Figure 1.1: Human Language Technology

Speaker Recognition refers to the use of a machine to recognize a person from a spoken
phrase [2]. There are two categories of speaker recognition, namely speaker identification
(SID) and speaker verification (SV). The speaker identification task requires that, given
an utterance, a decision is made regarding who is talking from-a set of known speakers.
Open-set SID considers the possibility of the speaker not belonging to the known set of
speakers while closed-set SID does not consider that possibility. In Speaker Verification
the task is, given an utterance as well as an identity claim, to decide whether or not the
claimed identity matches the speech input, thus verifying the claim. That is, whether or
not the speaker is who they claim to be. Both SID and SV can be text-dependent or text

independent.

In text-dependent tasks the speaker is required to say a prescribed piece of text. Text-
dependent systems generally give very good results but have the disadvantage of relying
on the speaker’s co-operation and require the user to remember the required phrase [2].
There is also the risk of an impostor using a recording of the authorised speaker to fool
the system. Although this can be circumvented by random-phrase prompting, the
flexibility of the system is still limited.
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The text independent task is more flexible than the text dependent task since the user is
not required to remember any predetermined text, but it is also the more challenging of
the two tasks.

The focus of this thesis will be text-independent speaker verification. The next section
discusses some of the issues concerning the reliability of speaker recognition systems. A
discussion of a generic design of a speaker verification system is included and is followed
by a review of some of the factors which affect the performance of speaker verification.
The research objectives and the contributions to knowledge made by this research are
then presented.

1.1. The Reliability of Speaker Recognition

A general misconception that exists is that speech is an unreliable biometric. This is
largely because, to the human ear, people sometimes ‘sound the same’ and voices are
easily imitated. However, as pointed out by Kinnunen in [3], this perception is based on
subjective views of what other people sound like. In fact, speaker verification systems
have been shown to perform competitively against human listeners in certain conditions
(4, 51.

Voice is a combination of physiological and behavioural characteristics [6]. The
physiological characteristics of human speech are determined by the shape and size of the
vocal tract, mouth, nasal cavities and lips. These characteristics are largely invariant for
each individual. The behavioural or leant aspects of speech can, however, change
frequently due to illness, emotional state, age etc. Voice is thus a different biometric to
other biometrics such as the fingerprint or the retina in the sense that while the latter
remain the same, the speech signal varies from time to time {3].

Reynolds [7] identifies two main factors that make speech a compelling biometric:
e Speech is a natural signal to produce and is not considered intrusive or

inconvenient for users to provide.
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e The use of the telephone network makes it easy to obtain and deliver speech
signal for different applications.

The collection of speech is easy from the system viewpoint, and not threatening to the
user. The comparison of speaker recognition to other biometric systems can be
misleading simply because other biometric features have been the topics of research for
much longer than the speech features. Fingerprint features have, for instance, been
studied for almost 300 years longer than speech features [3]. Thus in comparing the
results achieved by other biometrics, which might seem more impressive, to the
performance of speech as a biometric, it is important to take into the account that the
development of speech-based biometric systems is a young and on-going field of

research.
1.2. Design of a Generic Speaker Verification System

Speaker verification systems generally operate in two modes; training/learning and
testing/recognition [2]. Typically, the training mode comprises of: data acquisition,
feature analysis and speaker modelling while the testing mode replaces the speaker
modelling component with a decision-making/classification component. A graphical
representation of this is shown in Figure 1.2.

Basically, the data acquired in the testing mode is compared to the speaker model
generated during training and, based on the scoring function of the decision-making
module; the user is either accepted by the system as matching the claimed identity or

rejected as an impostor.

The data-acquisition and feature analysis modules are together referred to as the front-end
of the system while the speaker modelling and decision-making components are
collectively the system back-end.
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Frant-end back-end
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Figurel.2: A genenc spcaker verification system design

Inpaut data to any recognizer or feature analysis module consist of a mix of relevant and
irrelevant information [8]. The purposc of the feature analysis module is to remove the
irrelevancies from the data and retim 4 representation of the data which makes it easier to
tdiscriminate between differcnt speakers. For instance, in the text-independent speaker
verification paradigm, information regarding the language or content of the speech input
might be deemed irrelevant while information regarding the gender of the speaker might
be deemed vital to the task.

1.3.  Problem Statement

The Suppert Vector Machine (SYM} [9] is a relatively new and powerful discriminative
classification algoritlun which has been successfully employed in HLT applications [10-
13]. It has been shown to perform as well, and sometimes better than, the popular
Gaussian Mixture Model (GMM) in speaker recognition and to improve the petformance

of generative models in hybrid systems [13, 14].
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The work presented in this research focuses primarily on the application of the SVM
classifier to the text-independent speaker verification task using telephone speech data.

The emphasis of this thesis is on two specific problems that arise in SVM-based speaker
verification in the telqphonic environment. The first of these is a general issue in speaker
verification. Speaker qecognition systems have generally been found to work very well in
controlled, laboratory environments but suffer significant degradation in performance
when applied in less[-than-ideal conditions. Transmission of the speech signal over a
telephone network is Pne such less-than-ideal scenario, as the channel distorts the signal,
which often leads to idegradation in system performance. Research has also shown that
any mismatch betWﬁen training and testing conditions has an adverse effect on the
accuracy of speech pfocessing systems [15]. This mismatch could be a consequence of
factors such as the usr. of different telephone networks to transmit the training and testing
data or the use of mismatched handsets or microphones to collect the data. Feature based
compensation aims to reduce the negative effect of mismatched conditions by

normalizing the feamLe vectors.

Cepstral Mean No. mals tion (CMN) [16], Mean Variance Normalization (MVN),
RASTA Speech Processing [17] and, most recently, Histogram Equalization (HEQ) [18]
are feature-based compensation techniques which have been successfully applied to
improve the robustness of speaker verification systems based on generative speaker
modelling techniques. These feature normalization techniques have different effects on
the speech data and affect the system performance differently. The work presented in this
thesis compares the effects of some of these compensation methods on the performance
of an SVM classifier.

The second issue related to SVM speaker verification that is broached in this research is
that of the speed of the SVM classifier. Although the SVM has good generalization
characteristics and has been shown to have good performance in pattern recognition
tasks, the long training time which is associated with the SVM classifier is a major
drawback to its use and acts as a limiting factor to its application. This is particularly the

6
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case for applications which might require real-time processing. Although the problem of
SVM speed in the test phase has largely been solved [19] , the speed (or lack thereof) of

the SVM in the training phase remains an issue for research.

In [20] Wang proposed a possible solution to the problem of the SVM speed which he
referred to as the Reduced Dimensional SVM (RDSVM). The RDSVM consists of
applying feature extraction techniques to reduce the dimension of the data before
proceeding with an SVM-based speech recognition task. The idea behind RDSVM is that
by reducing the data dimension, the amount of computation required for the SVM model
generation will be reduced thereby reducing the total training time required. Feature
extraction techniques attempt to remove irrelevancies in the data. The feature extraction
methods applied in [20] were Principal Component Analysis (PCA) and Linear
Discriminant Analysis (LDA). In this thesis, this idea will be explored further by
considering the application of PCA and ICA to feature extraction in a speaker verification
task.

The SVM, feature compensation and feature transformation techniques will be discussed
in detail in later chapters.

1.4. Research Objectives
The main objectives of this thesis are:
1. Evaluate the effect of contemporary feature-based compensation
techniques on the performance of the SVM classifier in the speaker

verification task.

2. Evaluate the application of linear feature extraction when applied in an
SVM-based speaker verification system.
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1.5. Research Contribution

The primary aim of this project is the eﬁploration of the application of the SVM to a text-
independent speaker verification task. SVMs have successfully been applied to pattern
recognition tasks, including speaker verification. However, the algorithm suffers the
drawback of extremely long training times. An important contribution of this work is the
evaluation of the effect of linear independent feature extraction on SVM processing time
and accuracy. The feature transformation is applied for dimensionality reduction, based
on the hypothesis that reducing the data dimensionality will reduce the SVM training
time by reducing the overall number of calculations that are required to be performed
within the SVM

Another important contribution made in this work is the determination of the effect of
HEQ on the accuracy of the SVM speaker verification system. HEQ, traditionally an
image processing technique, has been successfully applied in speaker verification systems
employing the GMM.

1.6.  Scope and Limitations

This thesis presents an evaluation of the effect of featured-based compensation
techniques on the performance of an SVM-based spéa.ker verification system. The effect
of linear independent feature extraction on the performance of SVM is also evaluated. A
comparison of SVM-based speaker verification to other approaches, such as the state-of-
the-art GMM-based system, is beyond the scope of this thesis.
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1.7. Thesis Organization

The remainder of this thesis is organised as follows:

e Chapter Two presents an introduction to the fundamentals of speaker verification
including the speech production process and the signal processing required in
speaker verification.

e In Chapter Three a description of Support Vector Machine classification is given
as well as a review of some of the relevant literature. The limitations of the SVM
classifier are also discussed with reference to the effect that these limitations have
on the application of the SVM classifier to speaker verification tasks.

e Feature normalization techniques are applied in speech processing tasks as a
means of lessening the effect of contamination of the speech signal on the system
performance. This contamination could be due to environmental effects or the
results of transmission of the signal over the telephone networks. Chapter Four
provides a review of some of the normalization techniques, namely Cepstral Mean
Normalization, Mean Variance Normalization, RASTA Speech Processing and
Histogram Normalization.

e The SVM discriminative classifier has been shown to possess characteristics
which make it appealing to the speaker verification paradigm. It has been shown
to perform as well as, and sometimes better than, the state-of-the-art generative
techniques and is designed to have good generalization. However, the long
training time associated with the SVM is a major limitation. Evaluating the effect
of dimensionality reduction of the performance and speed of the classifier is a key
objective of this research. Chapter Five presents a review of Principal Component
Analysis and Independent Component Analysis which are the feature extraction
techniques that are applied to this task.

e Chapter Six consists of an outline of the experimental framework used in this
thesis as well as descriptions of some of the software tools which were used.

e The results of the experimental work and analysis thereof are presented in Chapter

Seven.
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e Chapter Eight provides a summary of the work done and achievements of this
research as well as a discussion of avenues for future research relating to the

concepts explored in this research,

1.8. Chapter Summary

This chapter provided an introduction to the speaker recognition field. The objectives and
aims of this research were discussed as well as the scope and limitations of the work
presented in the remainder of the document. The following chapter discusses the
fundamental concepts of speaker verification in order to allow the reader some basic

understanding of the processes involved in speaker verification.
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CHAPTER TWO

2. FUNDAMENTALS OF SPEAKER VERIFICATION

This chapter provides a review of some of the key concepts involved in speaker
verification. First, an introduction to human speech production is given followed by an

introduction to the speech signal processing techniques used in speaker verification.
2.1. Human Speech Production

In order to understand speaker verification an understanding of the process and
characteristics of human speech production which make it possible to differentiate
between speakers is necessary. The two main sources of speaker specific characteristics
in speech production are physiological and behavioural characteristics. These are roughly
categorised into low-level acoustic information such as the sound of the voice, which is
related to the physiology of the speech production apparatus, and high-level cues such as
accent and word usage which are behavioural or learned characteristics of speech [21].
Speaker individuality is a complex phenomenon which builds up from both the anatomy

of the speaker’s vocal organs as well as learned traits [3] .

11
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There are three commonly recognized physiological components involved in the
production of human speech [3, 8]:

o the lungs and trachea

o larynx

e vocal tract

In the speech production process the lungs and trachea control the loudness of the
resultant speech but make very little audible contribution to speech [8].

The larynx is a complex system of cartilages and muscles containing and controlling the
vocal chords. In the production of speech, the function of the vocal chords is to provide
the excitation source for speech [8]. The actions of the vocal folds produce different types

of speech i.e. voiced, unvoiced.

Voiced speech is produced by the quasi-periodic opening and closing of the vocal folds
which generates a glottal wave. The glottal wave passes through the vocal tract [22],
which can be modelled as an acoustic tube, and amplifies the energy around the resonant
frequencies while attenuating the energy around the anti-resonant frequencies. The
resonances are referred to as formants [22]. The formant frequencies are person
dependent and can thus be helpful in differentiating one speaker from another. In the
production of unvoiced sounds the vocal folds do not vibrate which results in a speech
signal that is non-periodic and random in nature [18].

The vocal tract generally refers to the speech production organs above the larynx [see
Figure 2.1]. In speech production, the function of the vocal tract is the colouring and

articulation of the voice [8].

The speech signal carries person dependent information due to the largely unique
configuration of the vocal tract and vocal folds of each person. As the acoustic wave
passes through the vocal tract, its spectrum is affected by the cavity resonances of the
vocal tract. These resonances depend on the shapes of the various regions of the vocal

12
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tract. The vocal tract shape can thus be estimated from the shape of the spectrum [2].
Typical text-independent speaker recognition systems use features derived from a
frequency analysis of the voice to infer the shape of the vocal tract and identify the
speaker [10], as both the length and the shape of the vocal tract are unique to each
individual [8].

Nasal Cavity

Hard Plate

ey Soft Plase (Velum)

==

Pharynx
o Epiglodtis
Laryax

Vocal Cords
(Glottis)

Figure 2.1: The human speech production system. i

The learnt or behavioural characteristics of speech include rate of speech, dialect and
accent [10]. The bulk of speaker recognition research has focussed on modelling the
physiological characteristics of speech. There has however been interesting work on the
development of systems which employ the higher-level speech characteristics [21, 24-
26].

Although high-level cues have been used successfully in speaker recognition tasks, the

low-level spectral features have the advantage of easy computation and widespread use in
speaker and speech recognition [3].

13
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2.2. Speech Signal Pre-Processing

Rabiner and Juang [27] wrote about speech recognition: ..a good fundamental
understanding of the way signal processing techniques are used to implement the
parameter measurement phase of the recogniser is mandatory for understanding the
strengths and shortcomings of the various approaches...that have been proposed and
studied in literature. The same can be said for speaker recognition. This section provides

a review of the signal processing techniques employed in speaker verification.

The initial phase of the speaker recognition verification task is referred to as the front-
end. Front-end analysis is the process whereby the input acoustic signal is converted into

a sequence of acoustic feature vectors [28].

In order to be utilised in speaker verification systems, the analogue speech signal
captured by the recording device (e.g. microphone) must be converted to a digitised
format which can be used in computers and/or digital signal processors. This conversion
is performed by an analogue-to-digital (A/D) converter. During this process the analogue
signal x(z)is sampled at some frequency f'such that:

x[n]= x(nT ) 2.1)

where T = % is the sampling period.

The Nyquist theorem requires that the sampling frequency be at least twice the bandwidth
of the signal in question. That is, when sampling a signal with 4 kHz bandwidth, a
sampling frequency of at least 8 kHz is required.

The precision with which the signal is quantised is determined by the number of bits
used. The dynamic range of the signal is determined by the number of bits used per

sample [3].

14
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Speaker verification systems typically involve a signal pre-processing module. This
module generally consists of the following subcomponents [2]:

e pre-emphasis filtering

e framing

e windowing

e voice activity detection
These elements are discussed briefly in the sections that follow.
2.2.1. Pre-Emphasis Filtering
The main function of the pre-emphasis filter is to compensate for the spectral tilt that
occurs as a result of voiced sounds having a steep roll-off in the high frequency region of
the speech spectrum... this process results in a more balanced distribution of energy
across the frequency range and greater distinction of the harmonics present in the signal
[2). Pre-emphasis filtering thus aims to enhance the high frequencies of the spectrum,
which are generally reduced by the speech production process [29].
It has been found that the numerical stability of linear predictive analysis is inversely
proportional to the dynamic range of the signal being analyzed. Applying a filter such as
a pre-emphasis filter, which flattens the spectrum prior to linear predictive analysis,

therefore helps to avoid numerical problems where linear prediction is used [3].

A common transfer function for the pre-emphasis filter is [18]:

H(z)=1-cz" 22)
In the time domain the filter representation is given by [3]:

x,(t) = x(¢)- ax(t -1) 2.3)
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The value of & is typically taken in the interval [0.95, 0.98].

2.2.2. Specech Framing

The specch signal changes continuously due to the movement of the vocal production
organs [3], Tlowever it tends to be fairly constant over short intervals and as a result it is
common practise to process the signal in short segments referred to as frames [28]. This
is referred to as shorf-term spectral analysis. The frames are selected to be in order of
milliscconds. Typically the length of each frame is set to 20 or 30 milliseconds. The
icngth of the frame is chosen to be long enough to allow adequate frequency resolution
vet short enough to capture the local spectral properties [3]. The frames are overlapped as
depicted in figure 2.2, The length of the overlap is typically 10 milliseconds. Each frame
is represented by a feature vector which describes the average spectrum for a short time

interval [28].

Spesch signal

freme n

F

L
fime

L J

Figure 2.2: Framing the speech signal for short-term ana]ysis.“
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2.2.3. VWindowing

The purpose of windowing 1s to remove the etfoct of the spectral artefacts that result from
the framing process and minimise the signal discontinuitics at the start and end of each
frame [3, 18]. These discontinuities introduce distortions to the signal frequency domain
spectrum, primarily because of the implicit rectangular window cmploved in the framing
process [18]. The most commonly vsed windowing function is the Hamming window [3,
27, 31, 32] and is defined as:

(0.54—046cosl(2nz)i N}, 0=n< N -1
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Figure 2.3 shows the characteristics of the rectangular and Hamming windows. The
frequency domain representation of the rectangular window shows significantly more
rippling in the stop-band [3].

2.2.4. Voice Activity Detection

Voice or Speech Activity Detection refers to the process of distinguishing the silent parts
of an utterance from the portions that contain speech. The goal of the Voice Activity
Detection (VAD) module is the removal of the irrelevant information that is carried in the

silent parts of the signal.

There are generally two types of speech activity detection algorithms. The first category
includes those algorithms that analyze the time variations of selected parameters (e.g.
energy). These algorithms use a threshold to determine whether a portion of the speech
signal is speech or non-speech [33]. The second category of VAD algorithms are based
on pattern matching techniques. During training, reference models for two classes;
speech and non-épeech; are created based on selected speech features [33];

2.3. Speech Parameterization

The speech parameterization process aims at describing the significant information
contained in the speech signal by an array of parameters referred to as speech features
[34]. For speaker verification, features with high inter-speaker variability, low intra-
speaker variability and high speaker discrimination powers are required [2]. Although
there are no exclusive features conveying speaker identity in speech, source-filter theory
of speech production says that the speech spectrum shape encodes information about the
speaker’s vocal tract shape via resonances or formants, and glottal source via pitch
harmonics. Most speaker verification systems therefore use some form of spectral based
features [7]. The two most common choices for the signal processing front-end are the
Filterbank model and the Linear Predictive Coding (LPC) model [27].

18
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The following sections discuss the speech parameterization methods based on LPC and
Filterbank analysis.

2.3.1. Linear Predictive Coding

In linear prediction the present speech sample is predicted as a linear combination of past
speech samples [35]. The LPC model analysis is performed on the speech frames with an
all-pole modelling constraint [27]. Thus the resultant spectral representation X, (e’" ) is
constrained to the formo'/ A(e”); where Ale”)is a p” order polynomial whose z-
transform is given by [27]:

A(z)=1+arlz‘l +arzz'2 +...+apz"’ (2.5)

The basis of linear prediction is the assumption that adjacent samples of the speech
waveform are highly correlated. Based on this, past samples can be used to make
predictions about the signal behaviour [3]. The LP model assumes that each sample can
be approximated by a linear combination of some past values [2, 3, 27]:

s(n)=~ ays(n-1)+a,s(n-2)+...+ a,s(n-k) (2.6)

slal=3 alklsln - k]+ Guln] @.7)

k=1

where p is the order of the predictor, {a[k}k =1,..., p}are the predictor coefficients and
Guln] is the excitation term (u[n] is the excitation sequence and G its gain) [3]. The goal
of LP analysis is to determine afk] such that the average prediction error is minimized.
This prediction error is also referred to as the residual and is given by [3]:

eln] = s[n]- ia,‘s[n -k} (2.8)

k=1
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where s[n] is the actual value of the n® sample. The residual is thus the difference

between the actual and predicted sample values. As the residual becomes arbitrarily

small, the predictor gives a very close approximation of the actual value [3].

The total squared prediction error is given by
E=Y énf 2.9

= ;(s["]-faks{n - k]) 2.10)

k=]

which is minimized by setting the partial derivatives (with respect to the parameters
afk]) to zero. The minimization is solved using either the covariance method or the

autocorrelation method in order to find the optimal predictor coefficients [3, 18].

So far, only a time-domain representation of LP analysis has been considered. A

frequency-domain representation of the problem is formulated next.

Considering (2.7) as the recurrence function equation of an infinite impulse response

filter, with 3" a{kls[n— k] representing the feedback part and Guln] the input signal,

k=1
s[n] is then the result of the convolution of the scaled excitation signal with the filter [3].
The filter transfer function is

H(z)=.§(z_) (2.11)

2.12)

This is an all-pole filter. The poles of the transfer function model the envelope of the
short-term spectrum and each pole represents a local peak in the magnitude spectrum.
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This means that the model is restricted to only modelling the spectrum peaks, which are

the resonances of the vocal tract [3].

The basic problem of LP analysis is the determination of a set of predictor
coefficients, a[k] directly from the speech signal so that the spectral properties of the
digital filter match those of the speech waveform within the analysis window [27].

A set of coefficients is estimated then the window is moved and a new estimation
calculated [2]. The output of the LPC spectral analysis block is a vector of coefficients
(LPC parameters) that parametrically specify the spectrum of an all-pole model that best
matches the signal spectrum over the period of time over which the frame of speech

samples was accumulated [27].

Linear predictive analysis has the advantage that it produces an estimate of the smoothed
spectrum with most of the influence of the excitation removed [28]. The all-pole
assumption imposed of the filter H(z) means that the poles of H(z)of are expected to be
located at the formant frequencies, which suggests that the spectral envelope obtained
through LP analysis is useful in formant estimation [3].

The LPC analysis method is mathematically precise and simplé to implement. It provides
a good model of the speech signal although more effective in the voiced regions of
speech than the unvoiced and transient regions [3].

2.3.2. Filterbank Analysis

Filterbank analysis is a popular alternative to LPC. In this model the spectrum of the pre-
processed speech frame is obtained by applying the Fourier transform [18, 22]. The
spectrum is then filtered by passing it through a bank of bandpass filters whose coverage
spans the frequency range of interest in the signal [27]. Each bandpass filter processes the
speech signal independently to produce a spectral representation [27]. The aim of
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Filterbank analysis is to obtain the average value of energy in a given frequency band
[18, 27].

Typically in speaker recognition triangular filters are used and are arranged according to
the mel-scale. The Mel-scale is an auditory scale that relates the perceived frequency to
the actual frequency [29, 36]. Studies have found that the human ear is more sensitive to
lower frequencies than it is to higher frequencies [37], and the application of the Mel-
scale attempts to account for this in automatic speech processing. The filterbank is
therefore arranged to compensate for this sensitivity to the lower frequencies. Figure 2.4
is a graphical representation of the arrangement of the filters in the filterbank according
to the Mel-scale.

O 500 1000 1300 2000 2500 2000 3500 4000 4500
Freq, Hz

Figure 2.4: Mel-scaled filterbank.

A typical mathematical representation of the Mel-scale transformation is given by [18]:

St =2595-log(1+ £;,.... /700) (2.13)

where f,,is the Mel-scale frequency value and fiines is the frequency value on the linear
frequency scale. The value f,,, provides the location of the centre frequencies of each of

the filters in the filterbank on the Mel-scale [18].

22



(2.14)

23

1

Chapter Two: Speaker Verification Fundamentals

-+
]
S LR RN [N SR S I S _— - — ——
e [ | R WP AR P
VA gt L e e Sty e e e b Vot Pl o b e e L T e I
B T e e e Bt EREE
o L g e e e e e e e e R e e e e i
1 1 [ | | 1 ' | [
SR ] R S e WSS i s e s ST
= i ' | | ' i i |
et i e e e e
5 1 Ty | 1 | 1 1 i 1
| (2 ]| | | | ' | |
B = e e T
| | e | 1 | 1
| 1 | | | 1 | 1
i ' fﬁffr_ ' | i '
| ' | | & ' 1 | | o
HH”uﬁuuuHuHuHHHHHH”WWMMHHHHHHHUHHHuHHHH =
———— e L e L e
B e e e B i
R T TP G R e Grefearay R, T PO Etee ® St
i i [ [ [ I i |
Rl iU St el T i e
e e e T e e ey R D e
[ . [ [ ' | ] |
i e o e Loy Pl el i LW Wl | bl i e
| [ [ | | | 1 (. 1
| i P i i i | i |
B B o et EE B PR
i | 1 | | | | 1 bY]
| ! ' | " 1 | L
i i i | 1 i 1
| i | | | | 1Y ~
i o I 7 o L | o e e e gl 2l i L o, oot b
T e e [ I e o te = oo g o e it e [ e o S [
|||_IIII_I|I|_MI|._.III._.|II._.I|I_|III_IIH|_I..*I”
R e T Rl R R
e e (e s ks gt s P i pa B T
T S N e e e s R e e s e s e e o e
R (ST S P S Pl S e el e S Lo [P B
' i [ | | | | | i | |
Sl e e D R e e B IR T PRl [ B e i e n Rt B
L= I L ] T T T I i i |
i I i i i i i i I |
e, RS R | e e R P R | (A e L |
| V v i i
| | 1 i | _
1 : i
| P
|_1-|I|_. F

2000 - - - - -
EK]
DD -
1500 - - -

5000
4500 - - - -~
4000 -

2500 - - - -

[ew) Asuenbay

Fraguency {Hz}

Conversion scale for Hertz to Mel-scale’.

*
*

Figure 2.5

The Mel-scaled features have the advaniage of taking human pereeption of speech into

accouml,

2.4, Cepstral Analysis

In cepstral analysis the magnitude spectrumn is represented as a combination of cosine

g frequencies. The cepstral coefficients are the magnitudes of

hasis functions with varyvin

the basis functions [3].

The real cepstrum of a digital signal s[n| is defined as the inverse Fourier transform of

the fngarithm of the magnitude spectrum [3]:
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The coefficients c[n] are the Fourier series coefficients of the log-spectrum where the

lower cepstral coefficients represent the slow changes of the spectrum and the higher
coefficients are the rapidly varying components of the spectrum [3].

Practically, the real cepstrum is obtained by applying the inverse discrete Fourier
transform (IDFT) to the logarithm of the magnitude of the discrete Fourier transform
(DFT) [3, 18].

24.1. Linear Predictive Coding Cepstral Coefficients

The recursion used for the derivation of the LPC cepstral coefficients is [27]:

¢, =lno? (2.15)
m-1
¢, =a,+) (k/mka,, 1<Sm<p (2.16)
k=]
m-1
cn=2 (k/mea,,  m>p 2.17)

k.
1]
—

where ¢ is the gain term in the LPC model [27].

The cepstral coefficients are the coefficients of the Fourier transform representation of
the log magnitude spectrum. These have been shown to be more robust than the LPC
coefficients [27]. Although there are a finite number of LP coefficients, the LPC
cepstrum sequence is infinite [3]. However, the magnitudes |c,,| tend to zero quickly with
increasing m, therefore a relatively small number of coefficients are needed to model the

spectrum [3]. Generally, a cepstral representation with ¢ > p coefficients is used, with

=3
= 2p [27].

The LPCC coefficients are derived from the predictor coefficients and as a result are
subject to the all-pole assumption of the LPC model. The LPC cepstral coefficients are
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therefore generally not the same as the cepstral coefficients derived directly from the
magnitude spectrum [3].

2.4.2. Mel-Frequency Cepstral Features

The cepstral coefficients derived from filterbank analysis are referred to as Mel-
Frequency Cepstral Coefficients (MFCC). In computing the Mel-cepstrum, the Mel-
scaled filterbank is applied to the spectrum, then the inverse Fourier transform of the
logarithm of the magnitude spectrum is computed {3]. The logarithm of the filterbank
energies is then computed, and the discrete cosine transform (DCT) applied to these

values to produce the cepstral coefficients [3, 18]:

l..,N (2.18)
= 2

K
n)= Zlog(Ek)cos%(k—l) n
where £ is the number of filterbank outputs and N is the number of coefficients computed.
The zero-th coefficient c/0] represents the log magnitude and thus depends on the
intensity of the signal. It is therefore typically excluded from the feature set as a form of
energy normalization [3, 18].

2.4.3. Dynamic Speech Features

In short-term spectral analysis each spectral vector is assumed to be short-term stationary.
There is no time information encoded in the features obtained in the static features
obtained from this analysis [3].

The articulatory movements that occur during speech are reflected in the measured
spectrum as changes in formant frequencies and bandwidths [3]. The rate of these
changes in the spectrum is dependant on the speaking style, speech rate and context.

Some of these dynamic features are obviously characteristics of the speaker {3].
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The optimum test to decide between the hypotheses is the Likelihood Ratio test which is
given by [1]:

P(S'Ho)

P (2.19)

where p(S|H ,)is the likelihood of hypothesis H; given speech segment S. The decision
threshold for accepting or rejecting a hypothesis is 6.

Generally a well defined model, estimated from the hypothesized speaker Ay, is used to
represent Hy. The likelihood ratio test also requires some model of the universe of non-
claimant speakers which represents the alternative hypothesis H; [29, 38]. This model is
represented by '1’»7,, and is often referred to as the background speaker model.

There are two main approaches to generating background speaker models. The first
approach uses a set of N other speakers, in the background speaker set, to approximate
the alternative hypothesis such that the alternative hypothesis model is given by [29]:

Pl )= (e, )... 14, ) 2.20)

where {4,,...,, }is the set of N background speaker models.

Two issues that arise with the use of background speakers are [38]:
e the selection of speakers to use

e the number of speakers to use.

Typically this approach requires the use of speaker-specific background speaker sets in
order to achieve the best performance [29]. This is an obvious limitation when there is a
large number of users enrolled onto the system as each would require their own

background speaker set.
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The second approach is to train a single model (world model or universal background
model) from speech collected from a large number of speakers [29]. The main advantage
of this technique is that a single speaker-independent model is trained once and used for
all the hypothesized speakers.

The models are estimated from the feature vectors created in the front-end processing
described earlier in this chapter. Often the logarithm of the likelihood ratio is used giving
the Log-Likelihood Ratio (LLR) [29]:

A(x)=1og plx]4,,)-log p(XlAh}—p) @.21)
where X is the test feature vector .

2.6.1. Score Normalization

In the decision-making process of speaker verification the score obtained for a target
model and test utterance pair is compared to some. decision threshold and the test
utterance is accepted as legitimate or rejected as an impostor based on the score. It has
been found that there are often variances between the distribution of client/target scores
and impostor scores during speaker verification tests [29]. This variability in test scores
can make setting speaker-dependent decision thresholds a non-trivial task. Score
normalization techniques aim to address the challenges created by the score variability.

The basis of score normalization is to apply the following normalization to each score
generated [29]:

Let L,(X) denote the score for speech signal X and speaker model A. The

normalized score is then given by
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I, (X)=L—‘();—)’£‘- 2.22)
A

where u,and o, are the normalization parameters for speaker A which need to be

estimated.

Some examples of score normalization techniques are zero normalization, handset
normalization and test normalization. These techniques differ by the criteria they use to
calculate the normalization parameters 4, and o, .

2.7. Measuring System Performance

There are two types of errors that occur in the speaker verification process: false
rejections and false acceptances. When the first type of error occurs the user is
incorrectly refused access to the system. The other type of error occurs when an impostor
is granted entry to the system. The rate at which these errors occur is often used to report

on system performance.

False Rejection Rate (FRR) = Number of clients re_|' ected (2.23)
Total number of trials
False Acceptance Rate (FRR) = N 2100¢r Of impostors accepted 2.24)
Total number of trials

The Equal Error Rate (EER), which occurs where FRR = FAR, is a common way of
reporting system performance. A smaller EER value generally indicates a more accurate
verification system.

The Detection Error Trade-off (DET) curve [43] is often used as a graphical

representation of the performance of speaker verification systems. The DET curve is a

plot of the two error type probabilities plotted on a normal deviate scale for varying
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levels of the decision threshold. The closer to the origin the DET curve plot is, the better
the system performance indicated.

The Detection Cost Function (DCF) is another measure of system performance. The DCF
is a weighted sum of the false acceptance and false rejection error probabilities [19]:

xP.

Target + CFalleAceept X PAcoept[NonTnget XP

NooTarget (2.25)

DCF = Cryieneiort X Prejet/rarge
where Craisereject refers to the cost associated with a false rejection error; Craiseaccept refers
to the cost associated with a false acceptance error and Prarge: is the a priori probability of
the target. The choice of values for the parameters used in (2.25) is application

dependent. When this performance measure is used the minimum DCF over all operating

points is typically reported.
28. Chapter Summary
This chapter provided a review of the fundamental techniques and processes involved in
speaker verification. Parameterization techniques Linear Predictive Coding and

Filterbank analysis were discussed. Brief discussions of speaker modeling and score

normalization techniques were also given.

The following chapter gives an introduction to the Support Vector Machine which is the
speaker modeling technique that is used for this research.
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CHAPTER THREE

3. SUPPORT VECTOR CLASSIFICATION

. The Support Vector Machine (SVM) is a learning system that uses a hypothesis space of
linear functions in a high dimensional feature space, trained with a learning algorithm
Jrom optimisation theory that implements a learning bias derived from statistical
learning theory [44]. The SVM is a supervised machine learning technique that learns
the decision surface through a process of discrimination and is characterised by good
generalization [12, 19].

The idea behind SVM classification can be expressed as follows [9, 45]: the input vectors
x; are mapped onto a high-dimensional space H through some nonlinear mapping,
®:R" 5 H (3.1)

The space H is commonly referred to as the feature space. The optimal separating
hyperplane, which maximizes the margin, is then constructed in the high-dimensional
space H. This generates a nonlinear decision boundary in the input space. The main
advantages of SVM classification are [46]:
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e the SVM attempts to find a compromise between the minimization of the
empirical risk and preventing over-fitting the data.

e the SVM problem is a convex quadratic programming prbblem and is readily
solvable using quadratic programming techniques.

This chapter provides an introductory view at SVM formulation. First a discussion of
Risk Minimization is given followed by a brief review of the formulation of linear and
nonlinear decision boundaries for SVMs. The notation here largely follows that of [19]
and [45].

3.1. Risk Minimization

Given a set of training data with / observations and each observation consisting of a pair

{x,,y,} wherex, € R ,y, e {~1,+1} the task of the learning machine is to learn the
mappingx, > y,. That is, to find a function f:R" — {£1} such that f will correctly

classify previously unseen examples.

The learning machine is defined by a set of possible mappingsx - f(x,c), where a
represents adjustable parameters of the functions f(x,). It is assumed to be

deterministic, giving the same output f(x,) for a given choice of o and input x.

A particular choice of o generates a trained machine. The expected test error or risk for a
trained machine is defined by:

1
R(@)= [~|y-fx.a) dP(x,y) (3.2)
where P(x,y) is the probability distribution generating the data and —;—I y - f(x, ) is the

loss. It is assumed that the test and training data are independently drawn by the same
distribution.

33



Chapter Three: Support Vector Classification

Risk minimization involves minimizing equation (3.2). The distribution P(x, y) is often
not known which makes this a non-trivial task. It is thus often simpler to minimize the

empirical risk which is an approximation of the expected error and is defined by:

!
Ry (@)= 2y, - £(x,10) (3)

i=l

Minimising equation (3.3) is referred to as Empirical Risk Minimisation (ERM). Note
that the empirical risk is a fixed number for a particular choice of a and for a particular
training set {x,,y,}[19].

Due to the distribution of the training data being unknown, the choice of the number of
parameters « is a challenge; too few parameters limit the performance of the classifier
and too many parameters lead to over-fitting of the data and poor generalization of the
classifier. Over-training is a result of the classifier having too many degrees of freedom
which leads to learning irrelevant information in the data. The classifier is thus unable to
generalize to unseen data. Good generalization performance of a classifier is achieved
when the capacity of the classifying function and the training set size are matched [47]. A
classifier with a large number of adjustable parameters, and therefore large capacity, is
likely to learn a training set without error, but exhibit poor generalization, while a
classifier with insufficient capacity might be completely unable to perform the learning
task [47].

Cross-validation is a heuristic approach to avoiding over-fitting. An alternative approach
is to quantify the complexity of the function f{x, a) and try to use functions with low
complexity while still achieving a small empirical risk based on a theoretically derived
upper bound for the true risk [48].

Structural Risk Minimization (SRM) consists of finding that subset of functions which
minimizes the bound on the true risk [19]. Statistical Learning Theory (SLT) shows that
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“...it is imperative to restrict the class of functions that f'is chosen from to one which has
a capacity that is suitable for the amount of training data...the minimization of these
bounds, which depend on both the empirical risk and the capacity of the function class,
leads to the principle of Structural Risk Minimization.” [45]. The SRM method varies the
classifier complexity in order to optimize the generalization ability [47].

The Vapnik-Chervonenkis (VC) dimension is the largest number of points which can be
separated in all possible ways using functions of a given class [45]. If & is the VC
dimension of a class of functions which can be implemented by the learning machine
then, for all functions in that class, the bound [45]:

R(a)SRW(a)+¢(_’I'-,‘—‘”SI(—”)) (3.4)

holds with probability 1 — n where ¢ is the confidence term or VC confidence given by
[45]:

o 2 el Hoa%+1)-tg ) 65

1’ 1 ]

It is important to note that this bound is completely independent of P(x,y). The
assumption is that both the training and test data are drawn independently according to
some P(x,y) [19].

The SVM formulation embodies the principles of SRM which has been found to be
superior to ERM [49]. The SRM process minimises the upper bound on the expected
error while ERM minimises the training error. This difference provides SVM with greater
generalization ability [49].
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3.2, Lincarly Scparable Case

The simplest case of SVM classification is that of linear machines trained on scparable
data [ 9]

Given training L‘lam{xl,_v..}:_x.. ERT andpie {— I,+l} a5 before, suppose thete is a
hyperplane which scparates the data classes. As Figure 3.1a shows, there is an infinite
number of decision boundaries that could be chosen for separating the data. However,
among all hvperplanes sepavating data. there exivis a unique one yvielding the maximm
margin of separation berween the classes [45]. 'This optimal scparating hyperplane is
orthogonal to the shortesi line conneciing the convex hulls of the two classes, and

intersects this fine halfway berween the classes [45].

+1

Cplima
Zapaming
Hyueplane

Figure 3.1a: There is 4n infinite number of Figure 3.1b: The vplimal separaling
separating plancs. hyperplane maximizes (he margin.

Figure 3.1: Finding the optimal scparating hyperplane.

Formally, w¢ consider a clags of hyperplanesf{m wl= (w-x]+b we RY be R 'The
points x which lie on the hyperplanc satisfy (w .x)+b =1, where w is the normal to the

b
hyperplane; H is the perpendicular distance from the hyperplane to the origin and ||w||
¥

is the Euclidean norm of w [19]. For the linearly separable case the support vector

* A cenvex ull of a set of points s he smallest convex set that includes all the points,
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algorithm looks for the separating plane which maximizes the margin. So, suppose all the
data meet the constraints:
X,-w2+1 for y, =+1 3.6)

X, -w<-1 for y, =-1; 3.7

which combine to form the set of inequalities

y;(x, -w+b)-120Vi. (3.8)

The perpendicular distance between the edges of the margin can be calculated by
computation of the dot product between the unit vector perpendicular to the decision
boundary and any vector from one edge of the margin to the other [10]. The points which
lie on the two edges of the margin satisfy the equations:

X, W+b=+1 3.9
X, w+b=-1. (3.10)

The margin is therefore computed by

(3.11)

w
_.(x -X )=___.
W

Note that the capacity decreases with increasing margin [45].

The decision boundary which maximizes the margin also minimizes ||w||2 subject to the
inequality (x, -w +b)y, 21 for all i. This is an optimization problem which can be solved
by introducing positive Lagrange multiplierse;,i=1..Jfor each of the inequality

constraints in (3.8) and a Lagragian:
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Lwb,@)= 1wl - Y3, -w)+£)-1) (3.12)

i=|

! 1
= - S, -w+b)+ Ya,. G.13)
2
i=]

im]

The Lagragian in (3.13) must be minimized in terms of the primal variables w and b, and
maximized in terms of the dual variables o; [45]. We require that the derivatives of L with

respect to the primal variables vanish such that;

%L(w,b,a)= 0 (3.14)
and
—a—L(w,b,a)= 0. | (3.15)
ob
This solves to
i
W= Za,y,x, (3.16)
i=l
I
and > ay,=0. (3.17)

i=1

Substituting into (3.13), we eliminate the primal variables and arrive at the dual
formulation of the optimization problem

1
Ly(@)=Y ¢« ——2-Za,ajy,.ij,xj : (3.18)
i 0]

Support vector training for the linearly separable case therefore amounts to maximising
(3.18) subject to:
o, 20, i=1..1 (3.19)

I
and > ay,=0. (3.20)

i=]
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Mote that there exists a Lagrange multiplier &, fot cach point in the training data. In the

solution, only those (raining points which lie on the hyperplancs defining the edges of the

margin, and therefore satisfy {3.19} or (3.20) will haveer, = 0, These points are referred
tiy as the support? vectors. All other training points will have &, = 0and do not form part

of the solutions. Figure 3.2 provides a simplified graphical representation of the linearly

separable problem in 8V formulation.

Margin .

\ < .
‘E 3] ! ~ W)t b=+
S
b =] e
1 @ [ S (w-x)+b=0
= .
%
-,
|| {w-x} b= 1

L 4

Figurc 3.2: Optimal separating hyperplane for linearly separable data’,

? The circled pounts are the support vectors.
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The hyperplane decision function can be expressed as

f(x)= sgn(zl: ya, (x-x,)+ b). (3.21)

i=1

The Karush-Kuhn-Tucker (KKT) conditions which, for the problem at hand, can be
stated as:

a—zk—L=w,, —zi:a,y,.x,.k =0, k=1,....d (3.22)
9 e Say-=0 (3.23)
ob ,

y,(x, - w+b)-120;i=1,...] (3.29)
a, 20 Vi (3.25)
a,(y,(x, - w+b)-1)=0; Vi (3.26)

are necessary and sufficient for w, b and a to be a solution [19]. Solving the support
vector problem is therefore equivalent to finding a solution to the KKT conditions and
using the KKT complementarity condition (3.25), we can solve for b using any i for
which a; #0 [19].

The support vectors are the critically important points in the training data. If training
were repeated with all other training points removed or rearranged (but not so as to cross

the margin-edge hyperplanes), the same separating hyperplane would be found [19].
3.3. Nonlinearly Separable Case
The extension of the above algorithm to the scenario where the data are not linearly

separable is achieved by relaxing the constraints (3.6) and (3.7) and introducing a cost for
doing so [19].
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This is achieved by introducing positive slack variables ¢;,i =1,...,/ to the constraints so

that these become
X,-w2+1-¢, for y, =+1 (3.27)
X, W< -1+¢ for y, =-1 (3.28)
& 2 0Vi. (3.29)

An error occurs if the corresponding &, >1. The sum of all the slack variables Z if, is

then an upper bound on the number of training errors. The objective function to be

minimized is modified to account for the extra cost of errors and changes to

Wi +c(X.¢) (3.30)

where C is a user-specified parameter which corresponds to the penalty for errors. A

larger value for C corresponds to assigning higher penalties for errors.

The dual optimization problem then requires the maximization of (3.17) subject to

0<a <C (3.31)
Za, y,=0. (3.32)
The solution is given by
Is
w=Y ayx, (3.33)
i=1

where Is is the number of support vectors. The significant difference from the linearly
separable case is that C now acts as an upper bound to the,. A graphical representation

of this scenario is shown in Figure 3.3.
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Margin

. B N
Ve %
E . ‘\-_\‘\\B "-\_{w_x}_i_b:_l
1 - \“\M (W x)+&=0
£e Fas,
ﬂ [wl {w.x)+b=-1
[+

L J

Figure 3.3: Separating plane for non-scparable data”.

Applying similar principles as applied to the linearly separable case we introduce the

Lagragian

L :l"w
2

i +f.‘Z§, Sy (x, wah)- +§£}—Z,u].§] {3.34)

along with Lagrange multipliers g which entorce the positivity of the slack variables,

The KKT conditions then become

iL=wj_zmy,xm =0; k=1,.4d (3.35)
aw,, i

iL=—Zﬂ’v =0 (3.36)
ab - P .

* The circled points are the suppoct veclors,
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a—é=C—a,.—,u,=0 (3.37)
y(x, - wH+b)-1+& 20;i=1,...1 (3.38)
£ 20 Vi (3.39)
@ 20 Vi (3.40)
4,20 Vi (3.41)
afy,(x, - w+b)-1+£}=0 (3.42)
wé =0. (3.43)

The KKT complementarity conditions are now (3.40) and (3.41). These are used, as
before, to determine b. The set of support vectors now also includes those training points
which are misclassified by the decision function.

3.4. Non-Linear Decision Boundaries

We have thus far only discussed the application of support vector classification to the
linear problem. This section discusses the extension of the linear algorithm to applying
non-linear decision boundaries. Since the data only appear in the training problem in the
form of dot productsx, -x,, the linear algorithm is easily generalized to the non-linear

problem by applying the “Kernel trick™.

Recall that in support vector classification the input vectors x are mapped into high-
dimensional feature space H through some nonlinear mapping,

®:R" > H (3.44)
where the optimal separating hyperplane is constructed. This results in a nonlinear

decision boundary in the input space. In [47] it was observed that for constructing the
separating hyperplane in the feature space H, the space defined by H does not need to be
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considered in explicit form, we only need to be able to calculate the inner products
between the support vectors and the vectors in the feature space [9].

Having performed the mapping ®, the SVM algorithm only depends on the data through
dot product functions of the form®(x, )- <I>(x J ) Let K be a function such that

Klx, -x,)=0(x,) olx,) (3.45)

The function K is commonly referred to as a kernel function. The training algorithm now
only needs to use K without having to explicitly know what @ is. The kernel function is
required to satisfy a set of restrictions called the Mercer’s condition. Some examples of

common kernel function are shown in Table 3.1.

Table 3.1: Common kernel functions

Polynomial K(x,y)=(x-y+1)°
Gaussian Radial Basis Function K(x,y)= et
Sigmodial Function K(x,y)= tanh(xx . y — &)

The kernel function makes it possible to use very high, possibly infinite, dimensional
spaces without increasing the complexity of the training algorithm. By replacing x, -x,
with the kernel function, the algorithm is able to produce a solution in the high

dimensional space in roughly the same amount of time it would take to train un-mapped
data [19].

Using kernels that satisfy Mercer’s condition, a nonlinear decision function

f(x)=sgn(iy,ai¢(si)-d>(x)+b) (3.46)

i=]

= sgn(i y,a,._K(s,.,x)+b) (3.47)

i=1
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can be constructed, where §; are the support vectors. This is cquivalent to a linear decision
function in the feature space H [45]. A simplified graphical representation of the kernel
trick applicd is shown in IFigure 3.4, In this scenario, the data are non-lingarly separable
in the input space X. The data are projected onto a higher dimensional feature space I
using a function @, This transformation resuits in the data being linearly separable in the

higher dimensional leature space A,

F 3 F
&
{250 ] i D
@
()]
L —_—
L
8 @m
Input space X Feature space H

Figure 3.4; A simplistic representation ol the kernel trick’.

The introduction of kernels increases the expressive power of the learning machines
while retaining the underlying linearity that will ensure that learning remains tractable
[44].

3.5. Limitations of S¥ M

A major limitation for the SYM is its speed and size, primarily the extremely long
training time [19]. Although the problem of speed has largely been solved for the test
phase, training times, patticularly for large datasets, remain problematic [19] . In facl, in
[50] it was estimated that six ycars would be required 10 trmin an SYM on the data

provided in the Timit database which consists of 630 speakers.

* Note that the feature space H is of a higher dimension than the input space X.
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Another limitatioh of the SVM is the choice of kernel. Once the kernel has been chosen,
the only other user-chosen parameter is the error penalty. Although it has been argued
that the choice of kernel does not make a great difference to the empirical performance
“...the quality of decision rules obtained does not strongly depend on the type of SV
machine...” [9]), there does remain the issue of the choice of parameters for the kernel
function [S1]. This is an important issue in optimizing SVM performance and is a valid
research topic of its own [52, 53]. The best choice of kernel for a particular problem is

still a research issue [19].

Also, although several solutions have been proposed, the SVM is fundamentally a binary
classifier and the optimal design for multiclass SVM classifiers is an active area of
research [19].

3.6. Related Work

Support vector machines have been successfully applied to several areas of pattern
recognition such as off-line signature verification [54], text-categorization [55] and hand-
written digit recognition [56]. This section will review some of the literature regarding
the application of SVMs to speech related research. The review presented is by no means
exhaustive.

The application of SVMs to classification tasks that are not binary classification involves
further challenges because the support vector machine is by nature a binary classifier.
However, the classifier has been successfully extended to the multi-class tasks using
schemes such as one-vs.-all classifications. Much interesting research has been done in

the effort of improving SVM performance in these tasks.

Schmidt [57] applied the support vector machine to a speaker identification task. The task
in this research was a relatively difficult one using 10-15 seconds training speech and
roughly five seconds test speech for each speaker. The task was also text-independent and
conducted using speech collected over noisy telephone lines, which added to the
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difficulty of identification. The results obtained by the SVM were compared to the results
of a Bayesian classifier and it was found that the support vector system performed as well
as, and sometimes slightly better than, the Bayesian classifier.

In Chin’s work [58], SVMs were applied to a vowel recognition task and a speaker
identification task. The results which are reported are promising, but what is more
interesting is the detailed discussion of multi-class SVM classification and SVM
parameter tuning that is included.

The Fisher kemel which was proposed by Jaakkola an Haussler [59] has been
successfully applied in several examples of speech research. In his work presented in
[10], Wan applied the SVM was to a speaker verification task using the technique of
score-space kernels, including the Fisher kernel. This work investigated the differences in
the performance of frame-level discrimination by a polynomial kernel and sequence-level
discrimination using the Fisher and score-space kemnels. The score-space kemels allow
the entire speech sequence to be represented as a single vector, thus enabling the SVM to
discriminate the whole sequence directly, as opposed to frame-by-frame discrimination.
The score spaces approach is a kernel function that enables SVMs to classify whole :
sequences by explicitly mapping variable length sequence input vectors onto a single

point in a fixed-dimension space called the score-space.

It was found that the SVM, combined with a score-space kernel and spherical
normalization, out-performed a baseline Gaussian mixture model likelihood ratio
approach on a speaker verification task performed on the PolyVar telephone database.
Spherical normalization is a preconditioning technique that rescales the kernels
preventing them from yielding large values.

Campbell [60] proposed a sequence kernel based on generalized linear discriminants and
applied this technique to a text-independent speaker recognition task. The performance of
the SVM classifier with this kemel was found to be competitive with results from the
1998 National Institute of Standards and Technology (NIST) Speaker Recognition
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Evaluation (SRE). The NIST evaluations are held annually to showcase the work of
researchers from academic institutions as well as industry and aim to drive the technology
forward, measure the state-of-the-art and find the most promising algorithmic

approaches [61].

Other work with SVMs in speech research has focused in developing hybrid systems that
combine SVM with generative models such as Gaussian Mixture Models [14, 62] and
Hidden Markov Models [63] .

3.7. Chapter Summary

This chapter provided an introduction to the formulation of Support Vector Machines for
classification. The concepts of risk minimization, which are key to SVM formulation,
were discussed. A review of some of the limitations of SVM classification as well as a

discussion of some related literature is also included.

In the chapter that follows, feature normalization techniques and their limitations will be
discussed. '
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CHAPTER FOUR

4. FEATURE NORMALIZATION

The two main sources of variation on the telephone channel are additive noise and a
changing channel frequency response from telephone line to telephone line [64]. Short-
term spectral features are highly sensitive to noise, the effects of which are somewhat
complex [65].

In designing methods to improve the robustness of speech processing systems against
channel effects and background noise a distinction is often made between additive and
convolutional noise [15]. Robust speech techniques attempt to maintain the performance

of speech processing systems under diverse conditions [16].

Feature-based normalization techniques aim to make the features generated in the
parameterization process more robust to mismatched conditions [18]. Considering the
time domain addition of noise n(f) to the speech signal s(¢), the composite signal can be

represented as [65]:
x(t)=s(t)+ nle). 4.1)
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The effect of the noise in the log power spectra is then represented by:
log(x‘jw )= log(s"" +n ) 4.2)

In [3], it was observed that a shift in the mean and a reduction in variance were some of
the effects that noise has on the distribution of the cepstral features.

Cepstral distributions for clean data are well behaved and approximately normal but take
on a significantly different profile in the presence of noise [65]. Feature normalization
techniques therefore tend to aim to normalize the cepstral distributions in the presence of

noise.

This chapter gives a brief review of certain feature normalization techniques which have
been applied to speech processing tasks. The techniques which are discussed are Cepstral
Mean Subtraction, Mean Variance Normalization, RASTA Speech Processing and
Histogram Normalization.

4.1 Cepstral Mean Normalization

Speech signals that are transmitted over a telephone network often encounter a linear
distortion due to the filtering effect of the channel [16]. This filtering effect is expressed
as [16]:

Se(2)=S(z)T(2) 4.3)

where S(z) corresponds to the original speech, 7(z) corresponds to the telephone channel
and Sr(z) corresponds to the filtered speech [16]). In the logarithmic domain this

corresponds to [16]:

log S, (z)=1log S(z)+logT(z) 4.4)
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The cepstrum of the filtered signal is thus equal to the cepstrum of the speech signal
added to the cepstrum of the filter such that [18]:

Cs, =CstCp 4.5)

The linear filter effect of different transmission channels is an example of convolutional
noise [15]. It is assumed that this linear filtering effect is also time-invariant [18]. In the
cepstral domain, convolutional noise causes a constant offset in the long-term average of
the cepstral coefficients [15]. Cepstral Mean Normalization (CMN) or Cepstral Mean
Subtraction (CMS) is used to compensate for the effect of the telephone channel on the
speech. This is performed by subtracting the long-term average from the cepstral
coefficients on a per-utterance basis [66].

It is also assumed that the duration of the speech is long enough such that the average
speech spectrum is flat [18]. This compensation technique has the effect of causing the
mean of the distribution of the compensated feature values to be equal to zero which
normalizes the first moment of the distribution [18].

An important advantage of removing the time averages is that all time-invariant
frequency distortions in the data are eliminated [35].

Other than the filter effect, CMN has also been found to compensate for some of the
effects of inter-session variability [18]. CMN can be interpreted as a high-pass filter as it
effectively removes the DC component of the data [18]. CMN makes the mean of the
compensated variable zero and so equalizes the first moment of its probability
distribution [67].

There have been extensions made to CMN such as SNR-Dependent Cepstral
Normalization (SDCN) which applies an additive correction in the cepstral domain that
depends exclusively on the instantaneous SNR of the signal [68]. Although the SDCN

algorithm is simple and effective it requires environment-specific training [68]. Other
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extensions to CMN are Codeword-Dependent Cepstral Normalization (CDCN) and
Phone-Dependent Cepstral Normalization (PDCN) [69].

4.1.1 Limitations of CMN

The effectiveness of CMN is limited by its inability to compensate for nonlinear effects
of additive noise and telephone transmission [18]. It also tends to degrade system
performance wheﬁ training and testing are done in matching channel conditions [16, 18].
This is largely due to the assumption that the long term cepstral mean of the clean speech
is zero. This requires that the speech segment include approximately equal amounts of
voiced, unvoiced and plosive sounds [16, 18]. Also, the long-term average required by
CMN may be difficult to obtain in real-time implementations [17].

4.2 Mean Variance Normalization

Mean Variance Normalization (MVN) is a natural extension of CMN which normalizes
the first two moments of the probability distribution by applying the linear transformation
[70]:

¥=2"F 4.6)

where p is the long term mean and o is the variance.

Additive noise has been shown to result is a reduction of the variance of the cepstral
features [65]. Normalizing the variance has been found to improve the speaker
recognition system performance. In MVN the mean and the variance of the cepstral

coefficients of clean speech are assumed to be invariant [70].
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4.2.1 Limitations of MVN

Similarly to CMN, MVN is only able to compensate for linear frequency distortions to
the data. MVN is only able to provide compensation for the first two moments of the
probability distribution of the speech features [71].

43 RASTA Speech Processing

Relative Spectral speech processing is another feature-based compensation technique
which is used to improve the performance of speech processing systems in adverse
conditions [18]. RASTA processing takes advantage of the fact that the rate of change on
the non-linguistic components in a speech signal often lies outside the typical rate of
change of the vocal tract shape (which is the component of interest) [22]. This is achieved
by suppressing those spectral components that change more slowly or quickly than the
typical rate of change of speech [22]. So in the same way that CMN can be interpreted as
a high-pass filter, RASTA processing can be inferpretéd as a band-pass filter.

In RASTA processing the constant factors in each spectral component of the spectrum
are suppressed by passing the running spectral estimate through a band-pass or high-pass
filter with a sharp spectral zero at zero frequency [2].

Human hearing is relatively insensitive to slowly varying stimuli (such as the slow
changing frequency characteristics of communication channels as well as steady
background noise). RASTA speech processing aims to apply this logic to machine speech
processing [22].

Similarly to CMN the RASTA technique attempts to make the long-term average log
spectrum zero [22].
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As stated by Hermansky [22], “the main difference between cepstral mean subtraction
and the RASTA processing in the cepstral domain is that the CMS merely removes the dc
component of the short term log spectrum whereas the RASTA processing influences the

speech in a more complex way...”

4.3.1 Limitations of RASTA Speech Processing

The RASTA method compensates primarily for differences in the frequency response of
the channel and is not able to deal with the combined effects of additive noise and
filtering by the channel [2]. Also, part of the speech spectrum is also removed in the
filtering operation, particularly if the frame energy component of the cepstral vector is

included in the filtering operation.

4.4 Histogram Normalization

Although linear feature-based compensation techniques like CMN and MVN have been
shown to improve the speaker verification performance in adverse conditions, they are
unable to compensate for non-linear distortions of the feature space [72]. HN operates
under the assumption that the shape of the entire distribution of the cepstral coefficients
of clean speech is invariant and any detail of the cepstral distribution is regarded
irrelevant and to be removed [70].

The basis of HN, also referred to as Histogram Equalization (HEQ), is that the
distribution of the cepstral coefficients in the test data should be identical to that of the
training data [70]. For the remainder of this thesis the terms “histogram normalization”
and “histogram equalization™ will be used interchangeably.

The aim of HEQ is to provide a transformation x(3)) which converts the probability
distribution p,(y) of the noisy speech into a reference distribution p,(x) corresponding to
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the clean speech [73]. It can be shown that if x()) transforms p,(3) into p.(x), then the
cumulative histograms verify that [73]:
C,(y)=C, () @7

For a random variable y with probability density function p,(3;), a function x = F(y) which
maps py(y) into a reference distribution p(x) can be obtained by equating the cumulative
distribution function (CDF) of x and y [74]:

C,0)=C.(x)=C(F)) (4.8)

The transformation can be obtained from the cumulative histogram of the noisy speech
and the reference cumulative histogram for the clean speech such that [73]:

y)=F()=c;'lc,)] (4.9)

In general, F(y) is monotonic non-decreasing and nonlinear [74]. Under the assumption
of statistical independence, HEQ is applied to each cepstral coefficient independently
[74]. For each input utterance, the CDF of each coefficient is approximated by its
cumulative histogram [74].

The practical implementation of HEQ would proceed as follows [18, 75]:

(i) Find the minimum and maximum values X, and Xmq, across the whole data
set, for each dimension.

(ii) Divide the range [Xmin, Xma] into N equally spaced, non-overlapping intervals
such that x_,, =b, <b, <..by,, and the bin B; is defined by B, =[b,,b,,, ).

(iii) Use these bins to construct a histogram across the entire data set. This is
achieved by scanning each dimension of the data set and determining the

number of observations that fall into each of the bins.

55



Chapter Four: Feature Normalization

(iv) Approximate the probability of observation x being in bin B; by

p,(xe B,)=—_ where n; is the number of observations in bin B; and N, is

the total number of observations in the set. This probability approximation is
simply a normalised version of the histogram obtained in (iii) above.
(v) The cumulative distribution function is then  approximated

i n
byC,(x:xe B)=)" Nj . This cumulative histogram is a piece-wise constant
J=1 4V

function approximation of the true cumulative distribution function.
(vi) Each value of x is then replaced by the value of y that corresponds to the same
point in the reference and computed cumulative histograms such

thatC, (x)=C,,(y).

Step (vi) is implemented efficiently by constructing two lookup tables {x,C,}and
{y C f}from C,(x)and C.s (») respectively such that C,and C,s take on values in the
range [0, 1] in equal increments. These tables are then combined to give a new table
{x, y}which is a piecewise constant approximation of the true transformation function
[18, 75]. Then for every value of x, the closest value of y can be found using a binary

search and used as the transformed value of x.

HEQ based transformation can be viewed as an extension of linear transformation
techniques like CMN and MVN that only deal with the normalization of the two first
moments of the probability distributions of the features [74].

4.4.1 Limitations of Histogram Normalization

A drawback of HEQ based techniques is that the nonlinear transformation is based on
mapping the global CDF of each feature into a reference one [74]. When the CDF

estimation is built using a reduced number of observations from a single utterance,
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variations in the amount of non-speech frames in the utterance introduces unwanted
variability in the estimated CDF and in the corresponding transformation function [74].
This variability may lead to degradation in the performance of the technique. This can be
avoided by using a voice activity detector to discard non-speech frames prior to applying
HEQ [74].

4.5 Related Work

Improving the performance of speech processing systems in adverse conditions is an on-
going challenge and the development of feature normalization techniques has played a
big part in this. This section discusses some of the relevant literature relating to the
development and application of feature normalization techniques to speech related

applications.

Cepstral Mean Normalization is arguably the most commonly used method of feature-
based noise compensation. In [16] it was found that removing the mean of the cepstral
feature vector significantly improved the system accuracy where training and testing

were done on mismatched channels.

Histogram Equalization has its roots in image processing. However, there has been an
increasing interest in the application of this technique to speech related research [18, 67,
70, 71, 73, 75]. All the literature is in agreerhent that HEQ and HEQ-based techniques
outperform CMN and MVN because the latter are linear normalization techniques and
fail to adequately compensate for non-linear distortions that might be introduced to the
speech signal. In his work in [18], Skosan provides a comprehensive review of literature
relating to HEQ and its application to speech research.

In [18, 72] HEQ was applied to the speaker verification task and found to improve the
performance of a GMM-based speaker verification system. The performance of a
segmental version of the algorithm was compared to that of the classical HEQ method. In
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the modified segmental HEQ (MSHEQ) algorithm the normalization procedure is applied
to features extracted from short adjacent segments of speech within an utterance. This
differs from non-segmental HEQ which is applied on an utterance-by-utterance basis.
The MSHEQ algorithm was found to outperform its non-segmental counterpart.

4.6 Chapter Summary

In this chapter some common feature normalization techniques and the limitations of
each were discussed. A review of literature relating to the application of feature
normalization techniques in speech related fields is also given.

The next chapter discusses feature extraction techniques PCA and ICA.
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CHAPTER FIVE

S. FEATURE EXTRACTION

In feature extraction the parameter/feature vector is transformed to a vector y which has
dimensionality less than or equal to, that of the parameter vector. These transformation
methods may have the effect of improving classification as well as reducing the data
dimensionality by search for transformation that emphasize more important features

while suppressing less desirable ones [76].

Feature extraction is applied with the aim of reducing the computational cost [20]. The
main aim of the feature extraction step is to select or combine the features that preserve
most of the information and remove the redundant components in order to improve the
efficiency of the classifiers without degrading their performances [20]. Thus the goal of
these algorithms is to obtain a compact, accurate representation of the data that reduces or
eliminates statistically redundant components [77]

Linear feature extraction generates feature vectors by projecting parameter vector onto a

feature space through a linear transformation T, ,, p 2 m such that [20]:

pxm
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y=Tx 5.1

where x is the parameter vector and y is the transformed vector. The primary difference
between linear feature extraction algorithms is the optimization criteria that are used in
constructing the transformation matrix.

Feature extraction can be performed simultaneously with the classification step or it may
be performed independently. This chapter discusses two linear independent feature
extraction techniques namely Principal Component Analysis and Independent
Component Analysis. The application of these techniques to speaker recognition tasks is

also discussed.
5.1. Principal Component Analysis

Principal Component Analysis (PCA) is a well established feature extraction technique,
first introduced in 1901 [20, 78]..In PCA the transformation matrix T is obtained by -
searching for the directions that have the largest variation [20]. The central idea of PCA
is to reduce the dimensionality of a dataset that contains a large number of interrelated
variables while retaining as much of the variation present in the data, as possible [20].
This as achieved by transforming the data set to a new set of variables; the principal
components, which are uncorrelated and ordered such that the ﬁrst few retain most of the
variation present in the original dataset [78].

Principal Component Analysis represents a linear transformation where the data are
expressed in a new coordinate basis that corresponds to the direction of maximum
variance [79]. The idea is that this new basis will filter out the noise in the data and reveal
hidden structure [80]. An advantage of PCA is that once these hidden structures have
been found, the data can be compressed (by reducing the number of dimensions) with
minimal loss of information [81]. The PCA transformation not only decorrelates the
original signal components but the projection along the directions of highest variance also

maximizes the variance and minimizes the average squared residual between the original
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signal and its dimension-reduced approximation [77]. The technique is widely used in

face and image recognition.

Let X represent a dataset consisting of N observation vectors X ={x, ..., x, },x,€ R?. It is

assumed that PCA behaves very sensitively when the magnitudes of the observation
vector components are significantly different. The observation vectors are therefore
typically standardized to zero mean and unit variance. The corresponding sample

covariance matrix is given by:

1 N
C= TV'Z x,x! (5.2)

The principal components are computed by solving the eigenvalue problem

Av=Cv (5.3)

where 4 20.

Generally, the m principal components are given by the m leading eigenvectors of the
.sample covariance variance. That is, those eigenvectors corresponding to the m largest

eigenvalues. These eigenvectors are used as the columns of the transformation matrix 7.

The transformed data are then given by y =T x.

Generally in PCA the transformation matrix vectors are chosen such that m < n. A
graphical representation of the effect of PCA is shown in Figure 5.1. Through the PCA
transformation the data are transformed onto the directions of maximum variance (x2,y2).
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Figure 5.1: A simplified graphical representation of PCA.

There are some important benefits to be gained from dimensionality reduction by PCA.
First, there is the possibility of reducing computational overhead in subscgquent
processing stages. Also, the noise may be reduced, assuming thar the data not contained
in the first m contain mostly noise. Finally, a projection onto a very low dimension

subspace can be useful for visualization of the data [¥2].

siltll Limitatiﬂnﬁ nf PCA

A possible shortcoming of PCA, particularly in classification applications. is that the
projection of data onto the maximally variant directions does not necessanly (ranslate to
maximising the discrimination hetween the data classes. Also PCA is scale-sensinve
which makes the transformation vulnerwble to being dominated by elements with
particularly large variance [20]. If there arc large differences between the variances of the

clements of the original dataset then those variables with the largest variance will tend 1o

62



Chapter Five: Feature Extraction

dominate the first few principal components [78]. Another limitation of PCA is that the
extracted features are not invariant under transformation and even scaling the attributes
changes the resultant features [83]. Also, although uncorrelated, the principal components
can be highly statistically dependent which can lead to PCA failing to find the most
compact representation of the data [77].

5.2. Independent Component Analysis

Independent Component Analysis (ICA) is a statistical signal processing technique the
goal of which is to express a set of random variables as linear combinations of
statistically independent component variables [84]. The difference in the optimization
criterion of the transformation matrices of PCA and ICA is that the ICA components are
maximally statistically independent while the PCA components which are maximally

variant.

ICA is very often associated with the cocktail party problem. Consider a scenario where
there are n people speaking in a room with m microphones. Each of the microphones
detects a signal which is a mixture of the » individual source signals. The individual
voices of the people in the room are independent source signals and the signals detected
by each of the microphones are linear mixtures of these source signals. Through the ICA
process we are able to separate these mixtures into the source signals without needing
much information about the sources. In fact, ICA requires only the assumption that the
source signals are statistically independent and have nongaussian distributions.

The concept of statistical independence can be explained as follows. Let x,...,x,, be

random, centred variables. The variables are centred by subtracting the mean of the
vector [82)]. The variables x; are mutually independent if the joint density function can be
factorised to [82]):

LX) = Xy sees [, (5.4)
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where f.x, is the marginal density of x;. ICA exploits the fact that two signals, such as

voices, from different physical sources are independent [85].

A general definition for ICA is given by [82); The ICA of a random vector x,
x =(x,,...,x,) , consists of finding a linear transform s = Wx so that the components s
are as independent as possible in the sense of maximizing some function F(s,,...,s, )that

is a measure of independence.

In the simplest form of ICA, » scalar random variables x,,...,x,are observed. These are
assumed to be linear combinations of £ unknown independent components s,,...,s, that

are mutually statistically independent and zero-mean [84].

An alternative ICA definition is given by [82): The ICA of a random vector x,
x=(x,,...,x, ) , consists of estimating the following generative model for the data

x=As (5.5)

where the components s; in the vector s = (s, ,...,s, ) are assumed to be independent. The

matrix A is a constant nX k mixing matrix.

Denoting the columns of A as a;, the ICA model can also be expressed as [86]:

x=zk:a,s,. . (5.6)

i=1

The ICA model is a generative model, which means that it describes how the observed
data are generated by a process of mixing the components s; [86].

The ICA process is represented graphically in the figure 5.2.



Chapter Five: Feature Extraction

AR A AR FFA R A AP I A MNP P F AT YRR NAF PR RN

Indepeodent
components

Ohserved Eecoversd
SEqNENTEs independent
companents

. ;]}2
h | _[_. 7
: Process

i
i
LIE

A AR R AAE FFA AR P E A AT AN R FA AT AR R E F R AT R

R A AR A b

Figure 5.2: Graphical representation of independent component analysis™,

The starting point of ICA is the assumption that the components arc stanstically
independent [86]. Thereafter, the following rostrictions must be mct in order to
successfully caleulate the ICA model [827;

{iy All the independent components s, with the pessible excoption of one
component, must have a nongaussian disttibution

(il The number of observed lincar mixtorcs # must be at least as large as the
number of componems k(a2 &)

(iii} The matrix A must be of full column rank.

Onge the mixing matrix A has been ealculated, its inverse W = A7 iy used to compute
the independent components by
5= Wx. (5.7}

There are certain ambiguities within the 1CA model that deserve mention [82, 86]:

¢ The variance of the independent components cannot be determined.
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The columns of A and the independent components can only be estimated up to a
multiplicative constant. A scalar multiplier in one of the sources s; can be cancelled by
dividing the corresponding column a; of A by the same scalar. For mathematical
convenience the independent components are thus generally defined to have unit

variance,

e It is generally not possible to determine an order for the independent

components.

Since both s and A are unknown, the order of the terms in the summation x = Za,s,. can
i=]

be freely changed and any of the independent components could be the “first’ one. This is
in contrast to PCA where the components are ordered by the magnitudes of the

corresponding eigenvalues.

A possible method for introducing an order to the independent components would be to
use the norms of the columns of the mixing matrix A. This norm gives the contributions
of the independent components to the variances of x; and ordering the components
according to descending norm of the corresponding columns of the mixing matrix results
in an order that is reminiscent of PCA [82]. Another approach would be to measure the
nongaussianity of the independent components and order them according to this measure
[82].

Though ICA has several possible applications, this thesis is concerned only with the
application of ICA to feature extraction. In this application the columns of A represent
the features and s; is the coefficient of the i-th feature in an observed data vector x [82].
Similarly to PCA, ICA can be used to reduce the data dimensionality by reducing the

number of components included in the transformation matrix.

66



Chapter Five: Feature Extraction

As mentioned, nongaussianity is a key requirement in the computation of the ICA model.
The following section bﬁeﬂy describes methods that are used to measure the

nongaussianity of a random vector.

5.2.1. Measuring Nongaussianity

Nongaussianity is imperative to estimating the ICA model. The estimation is, in fact, not
possible without the nongaussianity restriction [82, 86]. In order to use nongaussianity in
the ICA model estimation, a quantitative measure of the nongaussianity of a random
variable needs to be defined.

5.2.1.1. Kurtosis

Kurtosis is a classical measure of nongaussianity. The kurtosis of a random variable y is
defined by [86]:

kurt(y)= E{y*}-3(E{y* (5.8)
The random variable y is assumed to be of unit variance which simplifies (5.4) to
kurt(y)= E{y*}-3 (5.9)

The kurtosis is thus simply a normalized version of the fourth moment E {v‘} It can be

shown that the kurtosis for a gaussian random variable will be zero while nongaussian

variables typically have non-zero kurtosis [86].
The kurtosis value can be negative or positive. As such, nongaussianity is generally

measured by the absolute value or the square of the kurtosis. These measures are zero for

gaussian variables and greater than zero for most nongaussian random variables [86].
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An advantage of kurtosis as a measure of gaussianity is the computational and theoretical
simplicity. However, when applied in practice, it suffers the drawback of being very
sensitive to outliers in the observed samples and is not a robust measurement of

nongaussianity [86].
5.2.1.2. Negentropy

Negentropy, which is based on the information theoretic quantity of differential entropy,
can also be used as a measure of nongaussianity [86, 88]. The entropy of a given random
variable can be interpreted as the degree of information that is obtained from the
observation of the random variable. As the unpredictability and ‘randomness’ of the
variable increases, so does its entropy [86]. A fundamental result of information theory is
that a gaussian variable has the largest entropy among all variables of equal variance

[86]. Entropy can thus be applied as a measure of gaussianity.

The entropy H of a discrete random variable y is given by:

H(y)=—ZP(y=a,)losP@=a,) (5.10)

where g; are the possible values of y.

This definition generalises to the differential entropy of a random vector y =(y,,...,y, )

given by:
H(y)=-[1(y)log f(y)dy (5.11)

where fy) is the density of y.

The negentropy of y is then defined as:

J()=H(Y o)~ H(Y) 6.12)
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where Ygauss i @ gaussian random vector of the same covariance matrix as y. Negentropy
is always non-negative and is only ever zero if and only if y has a gaussian distribution. It

is also invariant for invertible linear transformations.

The advantage of using negentropy as a measure of nongaussianity is that it has a solid
foundation in statistical theory and is in some sense the optimal estimator of
nongaussianity. It is, however, a computationally complex task and in practise

approximations of negentropy are used as opposed to the formal definition in (5.12).

Hyvirinen developed approximations of negentropy based on the maximum-entropy
principle [86]. The approximation is generally given by:

)~ S HEGW)-EG 6N 6.13)

i=l

where k; are some positive constants; v is a standardized gaussian variable (zero mean,
unit variance) and G; are some nonquadratic functions. In the case where only one
nonquadratic function is needed (5.13) becomes

J(y)e [E{G(y)}- E[GW)IF (5.14)

The negentropy approximation then depends on the choice of the function G. Some

examples of functions that are commonly used are shown in Table 5.1.

Table 5.1: Examples of contrast functions for negentropy approximation.

G, (u)=logcosh(u)

G,(u)=—ex -;—uz)
1

G,(u) =Zu4
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Note that using the last nonlinearityG(u)=—}‘-u4 one obtains a kurtosis based

approximation.
5.2.1.3. Mutual Information

The mutual information I between m scalar random variables y,,i=1,...,m is defined as

[87, 89]

I, Y300 70) =Y H(,)- H(y) (5.15)

i=1

It is a natural measure of dependence and can intuitively be understood as measuring the
amount of information the variables y; give about each other. If y; are independent they
give no information about each other. Mutual information is always non-negative and is
zero if and only if the random variables are statistically independent.

For an invertible, linear transformation W where y = Wx then

I3y Y20 V) = O H(,)— H(x)—logldet W|. (5.16)
i

Let y; be constrained to be uncorrelated and have unit variance then

Efyy" }=WERx W =1 (.17)

which implies

detI=1=(det WE{xx” }W" )= (det W ){det Efxx" Jdet W7) (5.18)

which in turn implies that detW is constant.

For unit variance y;, entropy and negentropy differ only by a constant and sign, therefore
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I(YI’Y2"--’Ym)=C"ZJ(yt) (5.19)

where C is a constant that does not depend on W.

From (5.19) it can be seen that finding an invertible transformation W that minimizes the
mutual information is equivalent to finding the directions in which the negentropy is
maximized [87, 89].

5.2.2. The FastICA Algorithm

The FastICA algorithm, developed by Hyviérinen [82, 86, 88, 90] is a widely used
algorithm for performing independent component analysis. It is an efficient, fixed-point
algorithm and can also be applied to projection pursuit. The algorithm is based in the
contrast functions shown in Table 5.1.

A simplistic formulation of the algorithm is as follows:

Let g be the derivative of the nonquadratic function G in (5.14) be as shown in Table 5.2.

The FastICA algorithm then proceeds as [86]:

1. Choose an initial weight vector w.
2. Let w* = Efxg(w"x)}- E{g’(w"x)jw

3. Letw=w"/

w+

4. Ifnotconverged, go back to step 2.
Convergence in this case means that the dot product of the old and new w is (almost)

equal to 1, i.e. the old and new w point in the same direction. The independent

components can therefore only be defined up to the multiplicative sign.

71



Chapter Five: Feature Extraction

Table 5.2: FastICA algorithm nonlinearities.

&= tanh(u)

g,(u)= uexp(%uz)

g(u)=u’

Some important properties of the algorithm are:

e The algorithm finds directly independent components of (practically) any
nongaussian distribution using and any nonlinearity.

o The convergence of the algorithm is at least quadratic making it faster than
algorithms which converge linearly.

e The algorithm performance can be optimised by choosing the appropriate
nonlinearity g.

e [t is parallel, distributed, and computationally simple and requires little

memory space.
5.2.3. Limitations of ICA

The strong nongaussianity requirement of ICA has acted as a limiting factor to its
application to speech processing. Without nongaussianity, the estimation of the ICA
model is not possible. In most statistical theory, including speech processing applications,
the random variables are assumed to have gaussian distributions thus precluding the use
of any methods related to ICA [86]. However, there has recently been an increased
interest in the application of ICA and related methods to speech related research [91-93].
Another limitation of ICA is that the ICA algorithm is iterative and convergence can
sometimes be difficult [94].
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5.3. Related Work

There are several examples in literature of the inclusion of feature extraction techniques
to speech processing. This section gives a brief review of some that are relevant to the

work that was carried out in this thesis.

In [95] ICA feature vector transformation was applied to a text-independent speaker
identification task on telephone speech. The work compared the performance of the ICA
transformation to a PCA transformation. The transformation was applied to the cepstrum
vector and the transformed cepstrum vectors were used for training and test. Speaker
identification used a vector quantization based system. No dimensionality reduction was
applied and the results showed an improvement of up to 3% when using ICA in adverse
environments. It was found that the ICA transformation outperformed the PCA
transformation. The authors also compared the performance of the three contrast function
listed in tables 5.1 and 5.2. They found that the kurtosis based approximation, on average,
outperformed the other two.

In [96] a text-independent speaker recognition system which applied feature
transformation was proposed. The performances of ICA and PCA feature transformation
applied to mel-frequency cepstral coefficient features were compared. Gaussian Mixture
Modelling was used for modelling the speakers and it was found that the ICA
transformation outperformed the PCA transformation on both clean and noisy speech.

In [20] the Reduced-Dimensional SVM (RDSVM) algorithm was proposed by Wang.
The basic idea of RDSVM is to reduce the computational burden of traditional SVM
training by reducing the number of computations in the kernel functions. The foundation

for this is as follows.

The basis of SVM is the mapping of the input space onto a high dimensional space by
some mapping® (see Chapter Three for details). The objective function is ensured to be
a convex programming problem by the use of a kernel function which is defined such that
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K(x, -x,)=0(x,) @x,). (5.20)

Since the number of observation vectors can generally not be reduced to very low, Wang
suggests that an effective way of reducing the number of kernel function computations is

to reduce the dimensionality of the observation vectors.

RDSVM is a two layer structure where the first layer reduces the data dimensionality and
the second layer conducts SVM training in the new, reduced-dimensional feature space.
This is depicted graphically on Figure 5.2.

Wang applied the RDSVM algorithm to a speech recognition task using the TIMIT
database. He found that RDSVM performed as well as, if not slightly better than,
traditional SVM. He also found that RDSVM performance on testing data only started
degrading when the feature dimension was less than five on speaker dependent speech
recognition. The feature dimension was reduced from 21.

N-dimensional Observation
Vector

Dimensionality Reduction 1 } Layer 1

M-dimensional Vector
(M<N)

'
| SVM Training | Layer 2

Figure 5.3: Reduced- Dimensional SVM Structure

In applying the RDSVM algorithm Wang used a Generalised Minimum Classification
Error training algorithm with a linear discriminant initialization in Layer 1.
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In [97] PCA and ICA were applied to feature extraction for SVM applied to a time-series
forecast task. The linear feature extraction techniques were also compared to the Kernel
PCA, a nonlinear form of PCA based on the kernel method described in section 3.4. The
results in that work showed that SVM performed better with feature extraction as
opposed to without. It was found that the generalization ability of SVM improved with
the application of feature extraction. It was also concluded that ICA and KPCA
outperformed PCA feature extraction.

The work presented in this thesis applies the RDSVM structure mentioned above to a
speaker verification task using PCA and ICA feature extraction. This differs from [97]

which was discussed above where the task was a regression as opposed to classification.

The combination of SVM and ICA has been successfully applied to other classification
tasks such as face feature extraction [98] and face detection [99].

54. Chapter Summary
This chapter discussed feature extraction techniques PCA and ICA. These techniques can
also be used to reduce data dimensionality. The limitations of these were also discussed.

The chapter concluded with a review of some relevant literature.

In the following chapter the experimental framework for this research is reviewed.
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CHAPTER SIX

6. EXPERIMENTAL FRAMEWORK

This chapter discusses the experimental procedure that was followed for the work
presented in this thesis. A review of the speech corpora and software tools used is also

given.

6.1 Objectives

The work presented in this thesis focuses on a text-independent speaker verification task

using conversational telephone speech data. The work carried out in this project aimed to:

1. Establish the effect of histogram equalization on the performance of a support
vector machine classifier when applied to a speaker verification task using
telephonic speech data. There are examples of HEQ being successfully applied to
other speech related tasks and used with other classifiers such as the gaussian
mixture model [18, 67, 72-75]. It is expected that the application of HEQ will
improve the accuracy of the SVM on this task. Also, the impact of HEQ will be
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compared to that of the well established linear compensation techniques, Cepstral
Mean Subtraction and Mean Variance Normalization.

2. Although the SVM has very good generalization capabilities, it has the distinct
disadvantage of very long training times. In this project we apply the Reduced
Dimensional SVM model proposed in [20] to the text-independent speaker
verification task. Two linear, independent feature extraction techniques, namely
Principal Component Analysis and Independent Component Analysis, are
considered for this task.

The following sections discuss the corpus and software tools which were used for this

project.

6.2 Experimental Corpus

The experiments were carried out using the National Institute of Standards and
Technology (NIST) 2000 Speaker Recognition Evaluation (SRE). The speech data in this
database was extracted from the Switchboard-II corpus, phases 1 and 2 collected by the

Linguistic Data Consortium. It consists of conversational telephone speech.

There are 2521 female and 2470 male trials in the complete evaluation. However, due to
the long training times of the SVM models, a subset of the female one-speaker detection
trials was performed for this thesis. In one-speaker detection the task is to determine
whether a specified speaker is speaking in a given segment of speech. The database
provides both training and testing data. The training speech segments are typically two
minutes in length while the test segments vary from 15 to 45 seconds and are sometimes
as long a minute. The training and testing speech segments were collected using different
handsets. In some instances these handsets were of the same type (both electrets or both
carbon) and sometimes they differed [18, 100, 101].
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6.2.1 The NIST 2000 One-Speaker Detection Task

The one speaker detection task in the NIST 2000 speaker recognition evaluation is set up
as follows. Each test speech segments is allocated eleven speaker models against which it
is to be tested. Of these speaker models, ten are non-target/impostor trials and one
correctly matches the test segment. The evaluation kit provides an answer key from

which one can determine which of the speaker models is the target model.

In this work only a small subset of the trials included in the NIST 2000 evaluation was
performed. Due to the long training time associated with the support vector machine,
twenty trial sets were used for the experimental work. There were therefore twenty target
trials and 200 non-target trials performed, resulting in a total of 220 trials in each
experiment. The trials carried out involved only female speakers.

6.3 Software Toolkits

This section discusses the software tools which were used in the experiments which were

carried out in this research.

6.3.1 Edinburgh Speech Tools

The Edinburgh Speech Tools (EST) [102] toolbox is a collection of C++ classes,
functions and related programs designed and made freely available by the Centre of
Speech Technology Research at the University of Edinburgh. The toolbox includes a
selection of speech processing classes, some of which are the underlying classes for the
Festival Speech Synthesis system. This toolbox was used for generating the speech
features for this research as well as the pre-processing such as framing, windowing and

the pre-emphasis filter stage.
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6.3.2 SVMTorch

The SVMTorch [103, 104) engine created by Institut Dalle Molle d'Intelligence
Artificielle Perceptive (IDIAP) Research Institute, was used for the classification engine.
Other popular SVM toolkits are LibSVM [105] and SVMLight [106). A comparison of
the performances of the different SVM engines was beyond the scope of this research.

The gaussian radial basis kernel function shown in Table 3.1 was used with ¢ = Jand the
SVM error-cost parameter was set to C = 256. These values are drawn from [13] where it
was found that these parameter values resulted in good performance on a speaker
identification task.

Finding the optimum values for the SVM parameters was beyond the scope of the
research presented in this thesis as the main aim of the project was to establish the effect
of the various techniques mentioned in preceding chapters on the performance of the
SVM. The optimisation of these parameters would have been a time-intensive exercise. It
is an intuitive assumption that any improvements or degradations to the performance that
are experienced by a non-optimal system used here would be experienced similarly in a
system with optimised SVM and kernel parameters.

6.3.3 FastICA

FastICA [107] is a freely available software package that implements Hyvirinen’s fast
fixed-point algorithm for independent component analysis. It is primarily a MATLAB .
package but versions which support C++ and Octave are also available. The MATLAB
based version 2.5, published in October 2005, was used for this project. The software was
developed at the Laboratory of Computer and Information Science (CIS) in the
Department of Computer and Science Engineering, Helsinki University.
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6.4 Background Speaker Models

Two background models were created using the NIST 1999 SRE database. A different
database was used for the experiment database in order to avoid introducing a bias to the

system. The background models were created to be gender and handset dependent:

1. FEMALE/ELEC
2. FEMALE/CARB

Each speaker’s model was then trained with the appropriate gender/handset model to
match their training data. Literature generally agrees that using handset and gender
dependent background models improves the system performance [29, 38] .

Each background model consisted of roughly an hour of speech from a random selection
of speakers. The specific information relating to the background models is shown in the

table below.

Table 6.1: Background speaker model specifications

Gender Handset Type Length [seconds] Number of
Speakers

Female Carbon 362491 111

Female Electret 3643.35 125

6.5 Measuring System Performance

The performance of the speaker verification system was measured using the Detection
Error Trade-off (DET) [43] curve and the Equal Error Rate (EER). The DET curve plot
the False Acceptance Rate (FAR) against the False Rejection Rate (FRR) on a
logarithmic scale while the EER is the point where the FAR and the FRR values are
equal. A lower EER value typically corresponds to a better system performance. The
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DET curves in this thesis were generated using MATLAB-based tools available from
[108].

6.6 System Configuration

The components of the speaker verification system used in this thesis were configured as

shown in figure 6.1.

Feature pport Vecto
Voice Acti tzation/ |—p; su e
Parameterization > D.toctlo‘:\w " N‘,E':(nu.'alctlonnl (I:'l:::l'a‘:r

Speech data

Figure 6.1: Speaker verification system component configuration

Following the general pre-processing procedure described in Chapter Two a pre-
empbhasis filter with a = 0.97 was used. In framing, the frame length used was 25ms with
a 10ms overlap and windowing was performed using a Hamming window. Thereafter
energy-based voice activity detection was performed in order to remove the portions of
the segment which carried silence. In [109] the authors recommend scaling the features
before applying SVM. This avoids numerical problems which might be caused by large
attributes in the feature vector. The recommended scaling range is [-1, +1] or [0,1]. In
this work the feature attributes were scaled by '

Y4 - x
*= max(abs(x))
where x ' is the scaled attribute.

(6.1)

81



Chapter Six: Experimental Framework

In [13] this scaling of the feature attributes was shown to improve the performance of an
SVM classifier used a speaker identification task. Scaling was performed on the baseline
system as well as in the evaluation of feature normalization. In evaluating feature
extraction scaling was not applied because, as mentioned previously, the extracted
features are not invariant under transformation and even scaling the attributes can change
the resulting features.

Feature normalization and feature extraction were then performed where required,

depending on the experiment in question. The output of this process was then used to

train the support vector machine classification engine.

6.7 Chapter Summary

This chapter provided a discussion of the speech corpus and software tools used in this
research. It also gave a review of the experimental procedures and system configuration
used in this work. The results and analysis thereof are given in the next chapter.
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CHAPTER SEVEN

7. RESULTS

This chapter presents the results obtained in the experiments described in the preceding
chapters.

7.1 Selecting a Feature Set

In order to select the feature set to use for the experiments presented in this thesis the
performance of LPCC and MFCC features were compared. Two speaker verification
tasks were performed. In the first, the speakers training and testing handset types were
matched (electret/electret) and in the second task the handset types were mismatched
(electret/carbon). For the remainder of this thesis “mismatched handset” will refer to
instance where the handset types used in training and testing differ and “matched
handset” refers to instances where the handset types used in training and testing phases
are the same. As mentioned in the previous chapter, the NIST 2000 corpus is configured
such that while the handset type sometimes differed and sometimes did not, all training
and testing speech segment were collected using different physical handsets.
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Each of ten test speech segments was used 1o ten impostor trials and onc target irial. No
noise compensation or feature extraction was performed for these imtal frials as the goal
wias simply 1o establish which feature set would be most appropnate for the remainder of

the thesis work.

Each [eature sel was tested using a 1 7-dimensional fealure vector. P’re-emphasis filtering
was applied in both cases with the filter coefficient value set to 097, A filterbank order of
26 was wsed for the MFCC feature set while 2 14-order Linear Predictive Analysis was
carried out for the LPCC fealure sct. A simple energy-based voice activily detection
scheme based was apphied which removed 30-40% of the speech frames. Delta and delta-

delta features were nol used in cither case,
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Figure T.1a: Compuring LPCC und
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Figure 7.1b: Compuring LPCC gnd
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mistmatched  traiping  and  testing
handsets,

Figure 7.1: Companng the performance of LPCC and MTCC features.

On comparing the performances of the LPCC and MFCC features in a bascline svstem it

was found that handset mismalches had an adverse cftect on the performances of both
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feature sets. However, since the MFCC feature set is the more dominant in terms of its

representation in literature and research it was the feature set used in this research.

7.2 The Effect of Feature Normalization

One of the objectives of this research is to compare the effect that different feature
normalization techniques have on system performance. To this end, the well established
Cepstral Mean Subtraction and Mean Variance Normalization techniques were compared
to Histogram Normalization which has only recently been applied to speaker verification
[18]. The following sections discuss the verification of the HEQ algorithm used and then
present the results achieved with the feature normalization techniques. The CMN and
MVN algorithms are much simpler than HEQ to implement. CMN simply requires the
subtraction of the long-term mean from each feature vector while MVN expands on this
principle by normalizing the variance to unity. Consequently, an in-depth discussion of

the verification of these algorithms is not included.

7.2.1 Verifying the HEQ Algorithm

In order to verify that the HEQ algorithm was implemented correctly it was tested on the
popular Timit and NTimit databases [110, 111] following similar procedures as those
used in [18].Timit is an acoustic-phonetic continuous speech corpus [110]. The speech
data in this corpus is clean while NTimit consists of the same speech data as Timit but
having been collected over the telephone network. NTimit is thus a contaminated version

of Timit.
As mentioned in Section 4.4, the basic idea behind HEQ is to match the distribution of

the training and testing data in order to compensate for any distortion that might have
been introduced due to mismatched training and testing conditions.
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Figure 7.2: [ffect of HEQ on cumudative distributions for clean and noisy speech data,

Figure 7.2 shows the cumulative distribution of the first MFCC feature veeter tor the

clean and noisy version of a particular utterance taken from the Timit and NTimit

datahases, respectively. [t is clear that the histogram normalization process brings both

the clean and neisy data distribution closer to the reference distnbution and thus closer to

each vther, The refercnce distrbution {3 a Gaussian {normal) distrbution with zere mean

and unit variance, Figures 7.3 and 7.4 eche this result. These figures show the histograms

of the clean and noisy speech data feature vector, before and after applying HEQ,

respectively.
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Figure 7.4: Effect of HEQ on MFCC feature vector histogram for noisy data,

As figures 7.3 and 7.4 show, the resultant histograms for both the clean and noisy data are
more ljke each other in terms of shape and spread as well as being maore like the reference

notmal distribution,
Plots of the trajectory of the MFCC feature vector before and after the application of

HE() are shown in figures 7.5 and 7.6. The figurcs show the trajectory of the vector

extracted from clean and noisy speech data, respectively, As can be seen, HEQ has the
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cffcet of improving the consistency of the feature vector distribution even in the presence

of mismalich in the recording conditions.,
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Figure 7.6: Etfect of HEQ on trajectory of MECC foature vector for noisy data.

7.2.2 Comparing Normalization Technique Performance

As explained in Section 4.1, Cepstral Mean Normalization requires the subtraction of the
long tertn mean from the cepstral feature vectors resulting in vectors with zcro mean

while Mean Vanance Nermmalizationm gocs a step further by normalizing the vector
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variances to unity. As in [72], the histograms used in the HEQ algorithm were gstimated

using 250 equally spaced bins.

The performance of the MFCC baseling system was compared to the system performance
achicved by adding feature-based compensation algorithms, The normalization
algorithms that were tested were Cepstral Mean Subtraction, Mean Variance
Nommalizationm and Histogram Normalization. The resaltant DET corves using matched
and mismalched training and tesiing handsets are shown in Figure 7.7 and 7.5,
respectively. The EER achicved by cach system is reproscnted by the interscetion of the

commesponding DET curve with the dashed line.

Feature MNormalizabion Etfect on &douraty

Bl T T
: — Baeline
- CMMNMWN
: —HED
: i
: A
= ; g
. o
e P
:
= gy
[=] y
[
B
x
- a i
10 20 40 B0 i
Fase Alarm probabdily {e %)

Figure 7.7: Rcesultant DET curve for matched training and testing handscts.
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Figure 7.8: Resultant DET curve for mismatched training and testing handsets.

The results depicted by Figure 7.7 and 7.8 arc cchoed the Tabkle 7.1, The table also

contains the average size of the models gencrated by the SWM classifier during the

training process as well as the average number of support vectors used in the models,

Table 7.1 Effect of feature normalization on equal error rates

Feature Matched Mismatched Average Size Average No.
Normalization | Handset EER | Handsel EER of Model Support
Type [%a] [ %] [KB] Yertors in
Model
Bascline An.00 S0L00 1945.60 10545 05
Cepstral Mean 34.50 45, 51} 418 80 330915
Normalization
Mean Variance 34.50 45,50 41980 330915
Normalization
Histogram A0.00 44.50 32064 2026.43
Equalization |- B
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As the results show, applying feature normalization improves the accuracy of the SVM
speaker verification system in the case of mismatched training and testing handsets, with
HEQ resulting in the lowest (therefore best) equal error rate.

In the case of matched training and testing handsets, the application of CMN and MVN
resulted in a degradation of the system accuracy while HEQ matches the baseline system
performance. The similarity of the CMN and MVN results can be attributed to the scaling
of the feature attributes which was performed in these experiments as discussed in section
6.6. Scaling the attributes effectively normalizes the variance of the feature vectors and
since both CMN and MVN normalise the long-term mean this results in similar feature
vectors and thus similar results. The application of HEQ also results in a reduction of the

computer resources required for the storage of the speaker models.

7.3 Feature Extraction and Dimensionality Reduction

This section discusses the results achieved using feature extraction. First, PCA and ICA
were individually applied to the feature extraction without reducing the data
dimensionality. The results achieved were compared to the results achieved by the
baseline system. The purpose of this was to determine which of these two feature
transformation techniques would be used for the dimensionality reduction portion of the
experiments to be performed. The effects of ICA and PCA on the SVM training time and
system accuracy, with the data dimensionality remaining at the original 17, are shown in
Table 7.2.

As mentioned in Section 5.2 there are a number of contrast functions and corresponding
nonlinearities that can be used in the FastICA algorithm when performing ICA. Thus, in
the case of ICA, three separate experiments were performed, one for each of the three
nonlinearity functions discussed in Chapter Five. In order to ensure accurate comparison,

computers with matching specifications were used for the experiments discussed in this
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section. The computer models which were used were Intel Pentium 4 with a 3.20GHz

central processing unit.

92



Chapter Seven: Results

Table 7.2: Effect of PCA and ICA feature extraction on SVM performance

Average No.

Average Training Average Matched Mismatched Average Size Support

Feature Extraction Time Testing Time | Handset Handset EER of Model Vectors in
Technique [seconds] [seconds] EER [%] [KB] Model
[%]

Baseline 23782.93+12912.05| 3.97+£2.02 30.00 50.00 1945.60 10549.05

PCA 6401.59£522.16 | 26.40+11.89 90.00 95.00 12060.30 86445.05
ICA [pow3: g(u)=1u")] 12128.00 +£ 138.38 | 63.24+19.52 100.00 100.00 22738.05 162400.05
ICA [tanh: g = tanh(u)] 12138.67 +172.88 | 64.52 +£24.79 100.00 100.00 22738.05 161322.80
ICA 12271.11 £416.11 | 66.53 +35.72 100.00 100.00 22732.80 161269.70

[gauss: g(u)=u exp(% u? )]
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As can be seen in Table 7.2 the application of feature extraction immediately leads to a
reduction of the average training time for the SVM models with PCA achieving the least
average training time. It must also be that noted that the ICA algorithm often had trouble
reaching convergence. This is in line which the findings reported in [94]. Some of the
time savings achieved by the application of ICA would therefore be lost to processing
time required for the convergence of the algorithm. Finally, the application of ICA led to
more significant loss of accuracy, resulting in an EER of 100% in the case of mismatched
training and testing handsets. This EER value means applying ICA led to every test
segment being incorrectly classified. ICA also required double the computer resources
that PCA required for the storage of the speaker models. From these results it was
concluded that PCA feature extraction would be used to investigate the effect of
dimensionality reduction on the SVM training time and accuracy.

7.3.1 Effect of Dimensionality Reduction on SVM Performance

From the results shown in the above section it was decided that PCA would be the
technique used to investigate the effect the dimensionality reduction on the performance
of the SVM. As noted in Section 5.1.1, PCA extracted features are not invariant under
transformation and are sensitive even to scaling. As such, the PCA features were not
scaled before processing with SVM. The results in this section show the effect on system
accuracy and SVM training time as the data dimensionality is decreased. The results
achieved with the application of feature extraction are compared to the results which
were achieved with the baseline system as well as the results achieved with the
application of HEQ. Note that neither the baseline nor the HEQ system had any form of
feature extraction or dimensionality reduction applied.

Time constraints did not allow for every discrete value between the maximum dimension,
17, and the mlmmum, 1, to be used and so dimensions 2, 5, 8, 11, 14 and 17 were
considered. These values were selected randomly in an attempt to give a clear indication
of the effect of decreasing the data dimensionality in the range [1; 17].
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The average training time for the baseline system was found to be 23782.93+£12912.05
seconds while the average training time for the speaker verification system using HEQ
feature normalization, which was the best performer in EER terms, was found to be
2209.28 + 3642.04 seconds. Applying HEQ thus led to a 90% reduction in the average
SVM training time. HEQ also led to a 47% decrease in the SVM testing time when
compared to the baseline testing time. The time was measured using the Linux/Unix time

command.
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Table 7.3: PCA dimensionality reduction effect on SVM performance

Average No.
Data Average Training Average Matched Mismatched | Average Size | Support Vectors in
Dimensionality Time Testing Time | Handset EER Handset of Model Model
[seconds] [seconds] - [%] EER [KB]
[%]
Baseline (no PCA) | 23782.93+£12912.05| 3.97+2.02 30.00 50.00 1945.6 10549.05
HEQ (no PCA) | 2209.28 + 3642.04 2.12+1.28 30.00 44.50 320.64 2026.45
2 19422.89 + 5683.70 | 6.98 +5.71 50.00 56.50 696.32 29121.10
5 4799.20 + 7174.88 2.03+1.21 30.00 50.00 384.00 7710.80
8 1809.35 + 167.45 9.79 +3.47 50.00 75.00 2035.12 30318.75
11 3624.19 + 355.32 8.97+6.28 85.00 95.00 5242.88 54507.25
14 5231.98 +£453.21 23.32+10.14 90.00 95.00 8770.06 73436.85
17 6401.59 +£522.16 26.40+11.89 90.00 95.00 12060.30 86445.05
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As can be seen in Table 7.3, while reducing the dimension to 8 achieved the lowest
average training time, the testing time was more that twice the average testing time of the
baseline and equal error rate achieved was also worse than the baseline performance.
When the data dimensionality was reduced to 5, the performance matched the results
achieved by the baseline system while significantly reducing the average training time of
the SVM classifier as well as reducing the average size of the speaker models. This result
is in line with Wang’s finding in [20] that the data dimensionality could be reduced to
60% — 70% of the original dimensionality without significant loss of information. In this
task we were able to reduce the data dimensionality to 30% of the original dimensionality
without degradation to system performance.

A drawback of the approach taken in this research is that there is no way to predetermine
what the ideal dimensionality of data to be used is.

7.4 Chapter Summary

This chapter presented the results which were achieved during the work discussed in this

thesis.

The results showed that applying HEQ to the feature vectors prior to training the SVM
models improved the performance of the speaker verification system not only in terms of
the accuracy but also by significantly decrease the average training time of the speaker
models. Applying PCA feature extraction and reducing the data dimensionality from 17
to 5 decreased the training time and was able to match the performance of the baseline
system. The reduced dimension performance was, however, not able to outdo the
performance achieved by applying HEQ to the data. Applying HEQ to the features prior
to SVM led to a 90% decrease in average training time required and a 47% decrease in
average testing time. The results show that SVM classification is sensitive to the data pre-
processing not only in terms of the accuracy but also the computation time that is
required both in training and testing,
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The results also seem to suggest that there is a relationship between the number of
support vectors in the SVM model and the accuracy of classification. An intuitive
interpretation of this relationship seems to be that the error in classification decreases as
the number of support vectors decrease. However, Burges [19] points out that the
intuitive conclusion that fewer support vectors give better performance is very often not
true. So, while it might seem to hold true for the work conducted in this research, it ma

very well fail when applied to other tasks.
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CHAPTER EIGHT

8. CONCLUSIONS AND RECOMMENDATIONS

This chapter presents a summary of the work carried out in this study as well as the
results which were achieved. It also consists of a discussion of future avenues of research

related to this research.

8.1 Summary of Work

The experimental work carried out in this thesis was categorised into two main sections.
The first focussed on the effect of feature normalization on the performance of an SVM
based speaker verification system. A baseline system was compared to systems which
used CMN, MVN and HEQ feature normalization.

The second aim of the project was to determine the effect of feature extraction and
dimensionality reduction on the SVM training time and speaker verification accuracy.
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Two linear feature extraction techniques, PCA and ICA were compared. The ICA
algorithm used was the FastICA algorithm developed by Hyvirinen.

8.2 Summary of Results

The results reported in the previous chapter can be summarised as follows:

e The application of HEQ feature normalization significantly improved the EER as
compared to the baseline in the case of mismatched training and testing handsets.
Both CMN and MVN also improved the system performance when compared to
the baseline but the HEQ algorithm outperformed both linear techniques. There
was no notable difference in the system performance achieved with CMN and
MVN.

e When matching handset types were used for training and testing HEQ was able to
achieve the same EER as the baseline while both CMN and MVN resulted in a
worsened system performance.

e The application of HEQ reduced the resources required to store the speaker
models. With HEQ applied, the average memory space required for the speaker
models was less than twenty percent of the space required by the baseline.

e Applying HEQ also reduced the average time taken to train speaker models. The
average training time for speaker models with HEQ applied was approximately a
tenth of the average training time achieved by the baseline system.

e Although applying ICA feature extraction led to a decrease in the average SVM
training time (as compared to the baseline), it led to a significant increase in
testing time and a loss of accuracy.

e Applying PCA feature extraction achieved a lower average SVM training time
then both the baseline and the application of ICA. However, the transformation
did lead to degradation in the system performance until the data dimensionality

was reduced to five. At this point the baseline system was matched with
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significant reductions in the SVM training time. This approach was however not
able to match the performance achieved by applying HEQ feature normalization.

8.3 Recommendations for Future Research

This section discusses some possible avenues for future research which might improve on

the results presented in this thesis.

8.3.1 Determining Optimum SVM Parameters

Optimizing the parameters of the SVM kernel would allow for better comparison of SVM
with current state-of-the-art algorithms. This is important for the development of SVM
and related research fields as it would enable a precise measure of the benefits and/or
shortfalls of SVM classification. However it must be noted that research has shown that
the SVM parameter end to be data-dependant, i.e. there is no parameter set that will give
optimum results on every dataset.

8.3.2 Ordering the ICA Components

As mentioned in Chapter Five, ICA does not lend itself as easily as PCA to the ordering
of the components. While in PCA the eigenvalues can be used to impose an order on the
corresponding eigenvectors, this is not as simple in ICA. In [94] a class separability

criterion was used to order the vectors. The criterion used, r, = o, / 5,,, is similar to the
class separability criterion used in LDA with o, and o, being the between and within

class variance of the i-th component respectively. Imposing this type of ordering on the
ICA components might be a way to improve the ICA components and thus improve the
performance of ICA in this task.

101



Chapter Eight: Conclusions

8.3.3 Supervised Feature Extraction

In [112] an ICA-based feature extraction algorithm which includes the output class
information is proposed. The advantage of this technique as compared to original ICA is
that the class information is now taken into account during the ICA transformation. The
additional information compensates for the unsupervised nature of ICA. The class
information is included by treating the class label as an additional feature and adding it to
the data before performing ICA. Thus data which originally consisted of N features
would now have N+/ features. The algorithm was applied to data provided in the
University of California (UCI) repository of machine learning datasets. The results
showed an overall improvement in classification performance when the proposed
algorithm was applied as opposed to using the original features without the feature

extraction.

Similarly, the work in [113, 114] applied a supervised method of ICA to handwritten
digit recognition. The method is based on Supervised ICA (SICA) as proposed in [115].
In this supervised version of ICA a separation matrix is trained such that the contributions
of the independent components can be controlled by a supervisor. The training of SICA is
carried out by maximising the correlations between each independent component and
specific sets of inputs as well as by maximising the independence of the independent
components. The technique was applied to a hand-written digit recognition task and it
was found that the introduction of supervision to the feature extraction was effective and

within-class to between-class variance ratio increased.

These methods can clearly be extended to speaker recognition tasks as well. It is a
worthwhile research topic to determine whether the inclusion of class information
improves the performance of ICA feature extraction in speaker verification. A
comparison of the different approaches to including the class information would also be

meaningful.
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8.3.4 Nonlinear Feature Extraction

As mentioned, ICA and PCA are linear feature extraction techniques. Kernel ICA and
Kernel PCA are nonlinear versions of the linear algorithms, which make use of the kernel
trick described in Section 3.4. These are able to represent nonlinear relationships within
the data.

KPCA speech feature extraction maps the conventional speech feature vectors to a
feature space via a nonlinear mapping, performed implicitly using the kemel trick, onto
the principal components [79]. Some research exists that addresses the application of
- KPCA in speech recognition tasks [79, 116]. The work presented in [116] reported that
while applying PCA to a phoneme recognition task using an SVM classifier improved the
system performance, the application of KPCA resulted in even higher accuracy. Applied
to a handwritten digit recognition problem in [117] using a separating hyperplane
classifier, KPCA was found to out perform the performance of its linear counterpart.
However, neither of these studies considered the reduction of the data dimensionality.
Research into the applicability of KPCA to the speaker verification task as described in
this thesis would provide insight which might lead to a decrease into the SVM training
time while lessening the loss of accuracy. This is true for the application of KICA as

well.

8.4 Chapter Summary

This chapter discussed avenue of future research related to the work presented in this
study. The results presented in the previous chapter show that the support vector machine
is sensitive to the data representation and that the data pre-processing conducted affects
not only the accuracy of SVM classification but also the speed of computation. The SVM
has already been shown to have desirable characteristics such as good generalization and
good classification performance. Reducing the training time associated with the SVM
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will go a long way in allowing the technique to compete with present state-of-the-art
approaches to speaker verification.
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