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ABSTRACT

IMPROVING THE PERFORMANCE OF SPEAKER IDENTIFICATION

SYSTEMS BY CLASSIFIER COMBINATION TECHNIQUES

Altincay, Hakan
Ph.D., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. Miibeccel Demirekler

December 2001, 111 pages

In this thesis, speaker identification problem is addressed and the use of
multiple classifier systems for this purpose is studied. A method of selecting
the classifiers which provide complementary information for the combination
operation is proposed. Using this method, two classifiers are selected to be used
in the combination operation.

The study can be considered in two parts. In the first part, we describe a
relation between classification systems and information transmission systems. By
looking at the classification systems from this perspective, we propose a method

of classifier weight estimation for the linear and logarithmic opinion pool type
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classifier combination schemes for which some tools from information theory are
used. These weights provide contextual information about the classifiers such as
class dependent classifier reliability and global classifier reliability. A measure for
decision consensus among the classifiers is also proposed which is formulated as a
multiplicative part of the classifier weights. Simulation experiments in closed-set
speaker identification have shown that the method of weight estimation described
improved the identification rates of both linear and logarithmic opinion type
combination schemes.

In the second part, a completely different rank-based classifier combination
technique is studied. The combination scheme is based on Dempster-Shafer the-
ory of evidence as the theory is well suited for the representation and processing
of uncertain or missing information. The method is based on the extraction
of ranking statistics. These statistics are used to define confusion matrices for
different ranks. Using these rank confusion matrices, the speakers are clustered
into model sets where they share set specific properties. Some of these model
sets are used to reflect the strengths and weaknesses of the classifiers where some
others carry speaker dependent ranking statistics of the corresponding classifier.
These information sets from multiple classifiers are combined to arrive at a joint
decision. For the combination task, a rule-based algorithm is developed where
Dempster’s rule of combination is applied in the final step. Our simulation re-
sults have shown that the proposed method perform better compared to some

other rank-based combination methods.

Keywords: Multiple Classifier Systems, Linear and Logarithmic Opinion Pool,
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Weight Estimation, Contextual Information, Model Clustering, Dempster-Shafer
Formalism, Complementariness, Statistical Pattern Recognition, Speaker Identi-

fication



0Z

KONUSMACI TANIMA SISTEMLERININ BASARIMININ

SINIFLANDIRICI BIRLESTIRME YONTEMLERI ILE IYILESTIRILMESI

Altincay, Hakan
Doktora, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Miibeccel Demirekler

Aralik 2001, 111 sayfa

Bu caligmada, konusmaci tanima problemi ele alinmistir ve bu amagla ¢ogul
siniflandiricili sistemler iizerinde ¢aligilmigtir. Birbirine tamamlayici bilgi saglayan
siniflandiricilarin secilmesi icin bir yontem gelistirilmistir. Gelistirilen bu yontem
kullanilarak, sisnmiflandirici birlegtirme igleminde kullanilmak iizere iki siniflandiric
belirlenmigtir.

Yapilan caligma iki boliimden olugmaktadir. Birinci boliimde, siniflandiric sis-
temleri ile iletigim sistemleri arasinda kurulan iligki anlatilmigtir. Simiflandirici sis-
temlerine bu agidan bakilarak, ¢cogul simiflandiricili sistemler geligtirmek amaci
ile biligim kuraminda bulunan bazi temel kavramlar kullanilarak siniflandiricilarin
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dogrusal ve logaritmik olarak birlegtirilmesi sirasinda kullanilmak iizere bir agirlik
kestirim yontemi geligtirilmigtir. Bu agirliklar, siniflandiricilarin sinifa bagimli ve
siniftan bagimsiz giivenilirlikleri hakkinda bilgi icermektedir. Simiflandiricilar
arasindaki karar oybirligi i¢in de bir 6lgek gelistirilmistir ve bu 6lgek agirliklarin
bir ¢carpani olarak kullanilmigtir. Kapali kiime konugmaci tanima problemi i¢gin
elde edilen deneysel sonuclar, hesaplanan agirliklarin dogrusal ve logaritmik birleg-
tirme yontemlerinin tanima oranimi artirdigini gostermektedir.

Ikinci boliimde, farkli bir siralama tabanli siniflandiricr birlegtirme yontemi
iizerinde ¢aligilmigtir. Bu yontemde, belirsiz bilgiyi gosterme ve igleme i¢in uygun
bir yaklagim olan Dempster-Shafer teorisi kullanilmigtir. Bu yontem siralama
istatistiklerine dayanmaktadir. Bu istatistikler kullanilarak farkl siralar igin
karisgim matrisleri tanimlanmigtir. Karigim matrisleri kullanilarak, konugmacilar
ortak ozelliklere sahip konugmaci kiimelerine ayrilmistir. Bu kiimelerin bazilari si-
niflandiricinin zayif veya giiclii yonlerini gostermekte, bazilar1 da konugmaciya
baglh siralama istatistikleri icermektedir. Birden fazla simiflandiriciya ait kiimeler
kullanilarak ortak bir karara ulagilmaktadir. Siniflandirict birlestirimi i¢in, son
agsamada Dempster birlestirme kuralinin uygulandig kurala dayal bir algoritma
geligtirilmigtir. Bu yoOntemle, diger siralama tabanli birlegtirme yontemlerine

gore daha iyi sonuglar elde edilmigtir.

Anahtar Kelimeler: Cogul Simiflandiricihi Sistemler, Dogrusal ve Logaritmik Fikir
Havuzu, Agirhik Kestirimi, i(;erik Bilgisi, Dempster-Shafer Yontemi, Tamam-

layicilik, Istatistiksel Oriintii Tanima, Konugmaci Tanima
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CHAPTER 1

Introduction

The problem addressed in this thesis is speaker identification on telephony by
using classifier combination techniques. It consists of two main parts: Speaker
identification and classifier combination. Both parts are studied extensively in
the literature but there are very few studies that apply classifier combination

techniques to speaker identification.

In pattern recognition applications, the systems developed for the classifi-
cation of a test sample as one of the a priori specified patterns are known as
classifiers. The specified patterns are called classes. As an example, for the
speaker identification problem, classes correspond to the speakers. For all classi-
fiers, the input of a classifier is a sample belonging to one of the pattern classes
and the output of the classifier is the label of the decided class that the input
sample belongs to. For each particular pattern recognition problem, numerous

different classifiers exist in the literature. Each classifier has some drawbacks



and similarly some advantages compared to the others. Depending on the kind
of pattern recognition problem and environmental conditions, a classifier which
provides satisfactory recognition performance is referred as a “good” classifier.
Generally, a classifier is decided to be “good” or “bad” by analyzing its perfor-

mance on a set of test data.

For pattern recognition problems like speaker identification which involve
large amount of noise, limited amount of training data and high dimensional
feature vectors, it is in general difficult to develop a “good” classifier. If we con-
sider the fact that a classifier is, in general, made up of three main stages, namely
the preprocessing stage, the feature extraction stage and finally the classification
stage, it is a “good” one only if a good choice among a set of possibilities for
each of these blocks is made. Due to practical reasons, some parts of a classi-
fier are usually far from being optimal or “good”. In our problem of speaker
identification on public telephone lines, the transmission conditions (e.g. type of
telephone handset characteristic, channel noise etc.) can not be known a priori,
and hence creates some problems on good feature selection. In some cases, one
even might not easily decide on an optimality criterion for feature selection or,
the method of modeling. If all of these problems are taken into account, the
gap in the identification performance between a feasible classifier and a “good”

classifier becomes more easily comprehensible.

For speaker identification problem, numerous types of features can be ex-
tracted and similarly numerous classification algorithms may be used. Each of
these classifiers may provide a certain degree of success but none of them alone
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achieves the expected performance in practical applications. Different feature
sets represent the speakers from different viewpoints, and similarly, different
classification techniques assume different probabilistic models about the speak-
ers. As a consequence, for different classifiers, the speakers which are misclassified
may not necessarily overlap. If this is the case, it seems reasonable to use multi-
ple classifiers simultaneously instead of a single one, by the virtue of which the
classification errors of a particular individual classifier may be avoided.

The expectation that the classification errors of different classifiers may not
overlap, established the motivation of building multiple classifier systems (MC'S)
for pattern recognition. As a new vision, this alternative approach aims to take
advantage of the strengths of the individual classifiers, avoid their weaknesses
and hence improve the classification performance. This alternative approach
attracted the interest of many researchers in the last decade and various MCS’s
have been suggested [1, 2, 3]. However, although this approach seems intuitively

promising, it experiences many of its inherent difficulties.

I.1 Multiple Classifiers at Work

The main philosophy behind Multiple Classifier Systems (MCS) can be ex-
plained as follows. Let’s assume that we have a classifier with a known correct
classification rate that is less than one hundred percent. This means that, for
some tests, the decision of the classifier is wrong. Suppose that we wish to build
a MCS that has larger correct classification rate. The critical question to be
asked at this stage is: What kind of classifier should be developed in addition

3



to the existing one so that, after combination, we arrive at an improved correct
classification rate? There is not a complete answer to this question. But, intu-
itively it can be suggested that the classifiers should not be strongly correlated
in their misclassification. In other words, they should not make similar errors
(e.g. assign the same incorrect class to a test sample) [1]. By this way, after
combination, erroneous results from an individual classifier can be compensated
by the results of other classifiers. If the classifiers show a parallelism in produc-
ing erroneous results, many existing techniques of classifier combination may fail
to achieve an improved classification rate. In general terms, if a classifier pro-
vides some misleading information and if there is another classifier that provides
correct information about the tested sample, these classifiers are said to provide
complementary information for each other. Complementariness is an important

concept in M CS literature and a detailed analysis is given in Chapter III.

The classifier combination problem attracted the interest of researchers in
the fields like optical character recognition, forecasting and different pattern
recognition applications including waveform analysis and recognition. Although
speaker identification is a much more complex pattern classification problem,
classifier combination has not yet attracted the interest of the researchers in this
field. There are only a few studies in the literature where improvements over
the individual classifiers are reported [4, 5, 6]. However, it has been stated in [7]
that multiple feature sets should be considered simultaneously for robust speaker

identification.

The classifier combination task is composed of three main parts. The first
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part is the optimal selection of the classifiers to be used. This is actually a diffi-
cult problem that is not deeply studied yet. The second part is the determination
of the contextual information to be extracted from the individual classifiers. Fi-
nally, the third part is the method of combining the information extracted from
the individual classifiers to arrive at a unique joint decision. The studies in clas-
sifier combination mainly concentrate on the methods by which the information
from different classifiers is combined in order to improve the classification perfor-
mance. In this thesis, we study the extraction of contextual information about
the classifiers and methods of combining these information sources for speaker

identification.

The contextual information extraction phase is the determination of the way
each classifier expresses its opinion. There are some classical methods which were
presented in [2] in detail. The outputs of the classifiers may be in the form of
the label of the most likely class, the ranking of the labels or measurement level
information like a posteriori probabilities. The corresponding methods are ex-
plained in Chapter III. The raw output of a classifier may not by itself have much
meaning for the combination operation. The reason behind this is that informa-
tion about the strengths and the weaknesses of the individual classifiers is also
necessary [8]. Stressing the strengths of the classifiers and avoiding their weak-
nesses, better MC'Ss can be developed. Consequently, contextual information
(e.g. class dependent classifier reliability, global classifier reliability and conflicts
among classifiers) about the classifiers should be extracted and quantified using

the raw classifier outputs.



After contextual information is extracted from each classifier, this information
is combined to arrive at a joint decision. The method of combination depends
on the information available from the individual classifiers. Bayesian probabil-
ity theory and Dempster-Shafer evidence theory are the most commonly used
frameworks for classifier combination. These methods are described in detail in
Chapter III. Since the Bayesian theory is well known and mathematically com-
plete, it is widely used in the combination studies [9, 3]. Dempster-Shafer theory
of evidence is comparatively new, but in the literature, there are numerous com-
bination studies based on this theory [10, 11]. The selection of the framework to
be used is, in general, problem dependent.

The contextual information, extracted from the classifiers, may also be used
in the form of classifier weights, like error minimizing classifier weights [12, 13], in
weighted linear or logarithmic opinion pools [14, 15, 16]. Also, some rule-based
operators can also be defined to integrate the contextual information [17, 18, 9].
For rank-based combination, logistic regression method which takes into account

the relative significance of the individual classifiers is proposed [2].

1.2 The Problem Under Investigation

In this thesis, the speaker identification problem is addressed. Instead of trying
to improve the existing spectral representations of speech signals or modeling
of the speakers, we use a multitude of existing classifiers simultaneously, for de-
veloping robust identification systems. For the selection of a subset of these
classifiers, we propose a measure for complementariness. After selecting a subset

6



of existing classifiers by using this measure, the raw outputs of the classifiers are
analyzed and are put into more useful forms that can be considered as carrying
more reliable information for combination operation. These new forms of infor-
mation are then quantified so that they provide knowledge about the strengths
and weaknesses of classifiers. Based on this knowledge, we propose some meth-
ods of information combination, which can process the quantified values of the

information.

In this work, we introduce two new approaches for combination of classifiers
for speaker identification problem. In the first approach, basic concepts from
information theory are used to extract contextual information about the clas-
sifiers. This information is then used as weights in the linear and logarithmic
combination of classifier outputs. The second approach is based on Dempster-
Shafer theory of evidence where some novel information sources are described.
Then, a rule-based classifier combination scheme is developed. In this thesis,
the main goal is the development of effective information extraction and classi-
fier combination approaches, for some existing classifiers. The problem of op-
timal classifier selection for achieving the best correct classification rate is not
addressed. Speaker identification is actually a typical problem involving large
amount of noise, limited amount of training data and high dimensional feature
vectors. Thus, it is a candidate problem where MCS are expected to provide
improvements over the individual classifiers.

7



1.3 Thesis Outline

The thesis is organized as follows. Chapter II addresses the closed-set speaker
identification problem. A brief review of the spectral representation and speaker
modeling techniques, that are most frequently used, are described. The archi-
tecture of each individual classifier developed (i.e., the feature vectors and the
individual classification algorithms) and then used in the M C'S and the databases
where the simulation experiments are conducted, are explained.

In Chapter III, a review of the basic concepts used in development of multi-
ple classifier systems is presented. Several existing combination techniques are
explained and some contextual information extraction methods are described.
Finally, a novel complementariness measure is proposed and the classifiers used
in the simulation experiments are determined using the proposed measure.

A new information theoretic approach for classifier combination is presented
in Chapter IV, and the experimental results obtained for speaker identification
are given.

Chapter V presents a new rank-based classifier combination technique for
which new information sources are proposed.

The thesis is concluded with Chapter VI where discussions about the pro-
posed combination techniques are presented and future directions on developing

better multiple classification systems are discussed.



CHAPTER I1

Speaker Identification Problem and

Experimental Framework

In speaker identification, the goal is to determine the reference speaker to which
the test speech record belongs. The term closed-set means that the tested speech
record surely belongs to either one of the reference speakers. Text independent
speaker identification corresponds to the case where the speech contents of the
records that are used for training and testing are different. Speaker identification
is a difficult pattern classification problem involving high-dimensional and noisy
feature vectors. The vectors are not only noisy because speech data is collected
on public telephone channels (variability is produced by the filtering effects of
different channels [19]), but are also statistically non-stationary since speaker
characteristics vary with time. It has been stated in [7] that multiple feature
sets should be considered simultaneously for robust speaker identification which

is also the approach of this thesis.
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Figure I1.1: Block diagram of classifier development.

Figure II.1 illustrates the training of a classifier. This is generally done in
three main stages, namely the preprocessing stage, the feature extraction stage
and finally the modeling stage. For speaker identification, the preprocessing
stage corresponds to the collection and quantization of speech signals. In feature
extraction phase, the speech signal is represented in a form which has been
thought to be useful for discriminating a speaker from the others. These feature
vectors are then used to build speaker models in the modeling phase. The set
of data used for training a classifier is named as training data. When a classifier
is used for testing, the speaker an input speech signal belongs to, is identified
by the speaker models. The data used for testing the classifier is named as test

data.

If a MC'S or a more sophisticated decision strategy is used for classification,
an additional training stage that extracts contextual information is necessary.
The extraction of contextual information about an individual classifier and/or
about the joint behaviour of the classifiers in a M C'S is named as classifier val-
idation. For this operation, extra training data is required. Because of this, a
portion of the available training data is used for classifier training and the rest
is used for classifier validation. In order to use the available training data more
effectively for classifier training and contextual information extraction, an alter-
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native approach called cross validation is generally used [19, 3]. This method
involves the use of the speech records alternatively both for training and vali-
dation. The procedure for alternatively selecting the speech records for training
and validation are described in Section II.5.

In the following sections, we present some methods for feature extraction,
speaker modeling and contextual information extraction. The architecture of
the individual clasifiers that are developed and used in combination are then
specified. The databases used for testing the proposed combination schemes are

presented at the end of the chapter.

II.1 Spectral Representation of the Speech Signal

Because of their quasistationary structure, speech signals are blocked into short
overlapping segments and a feature vector is extracted from each segment. These
speech segments are named as frames in speech processing literature. In our
studies, length of the frames is selected as 20ms with 10ms overlapping for the
short-time spectral analysis. Let s[n], n=0,..., N — 1 denote a finite duration
speech sequence (a speech frame) obtained by the multiplication of the speech
record by an N-point window filter (The value of N corresponding to 20ms speech
sampled at 8kHz is 160 samples). The most frequently used window type in
speech processing applications is the Hamming window which is defined as

0.54 — 0.46cos(2mrn/N) if 0 <n< N —1,
wln| = (I1.1)

0 otherwise.
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The benefit of such a window is its less abrupt truncations at the boundaries and
better sidelobe attenuation compared to the rectangular window.

After extraction of a frame of speech signal with the use of a Hamming
window, the feature vectors are extracted. In this study two most frequently
used feature types, Mel-frequency cepstral coefficients (M FCC') and cepstral
coefficients derived from linear prediction parameters (LPCC') are used [20].

The methods of extraction of these features are given below.

I1.1.1 Extraction of MFCC

The use of MFCC for speaker identification is based on the human perception
of the frequency of sounds and they are demonstrated to work well both for
speaker and speech recognition. The block diagram of MFCC computation is
given in Figure I1.2. The first block of the figure calculates the Discrete Fourier

Transform (DFT) of s[n]. Let S[k] be the DFT of s[n]. Then,

N—-1
-2mkn

Skl =Y s[nle ¥ .

n=0

(I1.2)

To compute the cepstral coefficients, log|S[.]| is obtained. The standard cep-
strum is the inverse Discrete Fourier Transform (I/DFT) of this sequence but
Mel scale first modifies the sequence according to human perception of the sound.
This is done in the third block of the figure. The transformation to Mel scale is
done by multiplying of the log magnitude spectrum log |S[k]|, with the Mel-scale
filter bank. The Mel scale filter bank is composed of a series of triangular filters.
This filtering operation performs a transformation of the frequency scale to Mel
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Table I1.1: The Mel-scale filter bank. First column gives the filter index. Second
and third columns give the center frequency and the bandwidth respectively of
the filters.

Index | Center Freq. (Hz) | BW (Hz)
1 100 100
2 200 100
3 300 100
4 400 100
5 500 100
6 600 100
7 700 100
8 800 100
9 900 100
10 1000 124
11 1149 160
12 1320 184
13 1516 211
14 1741 242
15 2000 278
16 2297 320
17 2639 367
18 3031 422

scale to place less emphasis on high frequencies before taking the inverse Discrete
Fourier Transform (IDFT). The bandwidth of each filter depends on its center
frequency. It is about 100Hz for frequencies below 1kHz and then increases log-
arithmically for frequencies above 1kHz. The Mel-scale filter bank is given in
Figure I1.3. The details of the center frequencies and their bandwidths are given
in Table II.1 [20]. A typical value for the number of filters used in speech records
on telephone channels is Ny = 18. Let us denote each triangular filter with in-
dex i as H;(w). The sampled form of this filter is H;(%%) whose center frequency

is denoted by k;. Then, the output of each filter can be calculated as:

Y[ = Z log|STH]|H:( 2. (113)
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The samples around the center frequency of H;(%E) contributes to Y[i], i =
1,2,...,Ny. At the end of this step, we end up with a sequence of length Ny.
The length of this sequence is padded to N by inserting zeros before taking the

IDFT. Zero insertion process is described below:

Y[k = (IL.4)

0 other £ € [0, N —1] .
The IDF'T operation provides the Mel-cepstral features as
1 N 21rkn
cs| =% Z i (IL.5)

Since Y'[k] is symmetric around N/2, Eq. (I11.5) can be simplified to

2mkn

Z Y[k;i]cos( ) (I1.6)

Similar to MFCC, LPCC parameters are also widely used in the spectral
representation of speech signals. The approach is based on the modeling of
human vocal tract. The extraction of LPCC features is described in the next

section.

I1.1.2 Extraction of LPCC

The extrction of LPCC parameters is done in two steps. In the first step, the
mathematical modeling of the human speech production mechanism (21, 22, 23].
is done and then in the second step, the cepstral parameters are calculated. The
almost exact form of the mathematical model used in first step is a pole-zero

model as

G ]- + EquI Bizii
1+3P a2

H(z) = (IL7)
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Because of the mathematical and numerical difficulties introduced in this form, a

simplified speech production model, the all-pole model is generally more useful.

_ G
I+ Y e

H(z)

(IL.8)

The main objective of linear prediction analysis is to identify the parameters of
Eq. (I1.8). The linear prediction estimate of s[n] has the discrete-time equation

of the form

s[n] = kiaks[n — kJ. (I1.9)

The name “linear prediction” is given to this model because the current output
s[n] is estimated using past p values, s[n — p|,s[n —p +1],...,s[n — 1]. The

prediction error of the all-pole model is defined as
p
e[n] = s[n] —s[n] = s[n] — Y axsn — kJ. (11.10)
k=1

The value of p is generally selected as a number between 8 and 13 in speech
processing applications. The optimal values of a;’s can be estimated by the
minimization of the average square prediction error. So the objective function

that must be minimized is

E= zn:ez[n] =X <s[n] - éaks[n - k]>2. (IL.11)

The optimal value of the prediction coefficients can be estimated by the solu-
tion of p equations; 0E/da; = 0, j = 1,...,p. After some manipulations, the

optimality equations are obtained as

> sinlln — 4] — ki kY sln—k]s[n —j] = 0. (I1.12)

n
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Eq II.12 can be written in a more compact form in terms of an autocorrelation

function as

=" sn]s[n — jl. (I1.13)

Since the autocorrelation function is even, Eq. (I1.12) can be written in terms of

R(.) as
Za, (li—3i)=R(@) i=1,...,p (I11.14)

which can be expressed in matrix form as

R(0) R(1) ... Rlp—1)| | R(1)
R(1) RO) ... R(p—2)| |a2 B R(2)
_R(p -1 R(p-2) ... R(0) | o] _R(p)_

The autocorrelation matrix is symmetric and the elements along any diagonal
are identical (i.e. Toeplitz matrix). For the solution of the above equation,
Levinson-Durbin algorithm is generally used [24]. Levinson-Durbin algorithm
is a recursive approach which is easily implemented and no matrix inversion is
required.

Once the LPC parameters are found, the next step is the estimation of cep-
stral features from these parameters. The linear prediction derived cepstral fea-
tures is a representation obtained by considering the power series expansion of

In (H(z)). The log-transfer function in powers of 27! is [23]

In(H(2)) =C(z) = il cnz”! (I1.15)
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where ¢, denotes the cepstral parameters. A simple relation between prediction

and cepstral parameters is

C1 = Qq,

el (11.16)
Cn = Z(l - _)akcn—k ‘o, n=1,...,p.

k=1 n

As seen from the Figure I1.1, the feature extraction phase is followed by
speaker modeling where statistical information about the speakers is extracted
by using the feature vectors. There are several approaches but in this context,

only the Gaussian mizxture modeling technique is described in detail.

I1.2 Speaker Modeling

Both parametric and non-parametric models are used for modeling speakers in
speaker recognition applications. Models which assume a structure characterized
by parameters is known as parametric. In non-parametric modeling, minimal
assumptions about the probability density function are made [25, 26]. Vector
Quantization is a non-parametric modeling approach which is widely used in
modeling speakers. On the other hand, Gaussian mixture model (GM M) is a
parametric model which forms the basis for more sophisticated models [19].

In our experimental work, GM Ms are used [27]. GM Ms aim to model each
acoustical sound class with a different Gaussian component. There are plenty of
speaker recognition studies in the literature where GM Ms are used [28, 29, 30].

A GMM is a weighted sum of G component densities given by
q
p(z|A) =) pibi(7) (I1.17)
=1
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where T is a D-dimensional random vector, b;(Z) denotes component densities

and p; denotes the mixture weights. Each component density has the form

We) = e (5@ m S E—m) (L

where 7i; denotes the mean vector and ¥; denotes the covariance matrix. The
mixture weights should satisfy the constraint Y% p; = 1. X\ = {p;, T;, 5i}, 1 =
1,2,...,G denotes the GMM for a speaker. Depending on the form of the
covariance matrix, different GM M types can be constructed. The covariance
matrices of the Gaussians may be full or diagonal. Although it can be thought
that full covariance matrices are more accurate, because of the lack of sufficient
data for training, they are not reliable. The diagonal covariance matrices are
shown to perform well for speaker identification.

The training of a GM M is generally done using expectation maximization
algorithm [31]. Assume that we have T training vectors X = {Z1,%s,... ,Tr}.
The iterative method for the estimation of mixture parameters requires an ini-
tialization of the mean vectors and covariance matrices. A reasonable approach
is the random selection of the mean vectors from the set of training vectors and
assuming an identity matrix for each covariance matrix. Then, the parameters
are calculated recursively as follows [27].

Mizture Weights:

Pi =7 ZP(i|Tt,)\) (I1.19)
Means:

o Yoy Pz, N7
Y X P>, )

(I11.20)
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Variances:

T | 2
o? = izt Pz, Nz _ 12 (IL.21)
> =1 P(i[T1, A)

where o2, x; and p; refer to arbitrary elements of the vectors 72, T; and 7
respectively.

After the estimation of speaker models, an unseen input speech record can
be determined to belong to one of these speakers by the maximum likelihood
approach. The speaker d which maximizes P(Ax|X) is the most likely speaker

where X stands for the test feature vectors. Or, in mathematical terms,
d = arg max P X). (I1.22)

Assuming that all speakers are equally likely to be the correct speaker, the clas-

sification rule becomes
d = arg max, P(X|Ag). (I1.23)
Using the assumption of independence between the observations, we end up with
T
d = arg 1rsr}€as>§\];log P(Ty| \g)- (I1.24)

In our studies, the speech signals are automatically segmented into four broad
sound categories as voiced, unvoiced, transition and silence. For this segmenta-
tion, we considered the energy and zero crossing counts of the speech frames.
A GMM is trained for each sound category except silence. For each speaker, a
GMM is trained by using only voiced segments, another GM M by using un-
voiced segments and a third one by using the transitional regions [27]. For silence
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regions, a single GM M is trained which is common to all speakers. During test-
ing, a speech frame is considered as an element of the model giving the largest
likelihood. The acoustic segmentation is applied to the speech signals in order
to represent the voice characteristics of the speakers in a more accurate way [32].
Our experiments have shown that training different GM Ms for each acoustic
segment improves the identification performance.

Speaker modeling completes the training phase of a classifier. But, since the
classifiers are going to be used in combination, an additional phase is required to
extract the contextual information. In the next section, a very basic information
extraction procedure is described. There are also more complicated procedures

which is described in Chapter III.

I1.3 Contextual Information

One of the basic problems related with the extraction of reliable contextual
information about the classifiers is the insufficiency of the available data for this
purpose. In order to extract reliable information, we should use enough number
of validation (or cross validation) sessions and each session of the validation
data should contain a wide range of acoustical sound classes. The use of only
one validation session can not provide reliable statistics. In order to deal with
this problem, the frames of each training session are partitioned into K non
overlapping groups. FEach frame group is named as a token. KEach token is
treated as a separate training session. Tokens should be long and phonetically
rich enough so that they contain sufficient amount of different sound classes. As
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a typical example, for training session of totally 20 seconds and when K=20, each
token has a length of one second and as a result contains 100 speech frames. To
obtain phonetically rich tokens, each successive frame is put into another token,
i.e. for each session, the first frame is put into the first token, the second frame
into the second token and similarly the 20th frame into the 20th token. The
algorithm is repeated by putting 21st frame into 1st token etc. With this kind
of token selection, it is thought that each token contains all different kinds of
acoustical sound classes existing in the session.

The conditional probabilities that are used in the mathematical formulations
are approximately calculated by validating the classifiers with the training tokens.
All of the tokens of the speaker labeled as i are tested by the classifier e, and
the speakers that appear in the top rank are counted. These counts generate the

1th row of the confusion matrix, C'onfi. The confusion matrix is given by

k k k
n§1) n§2) ng]\)f
k k k
nd nl R
Confy = . (I1.25)
k k k
W W ]

Using the confusion matrix, the term P(Dy = j|X = i) which denotes the
conditional probability that a token from speaker 7 is classified as speaker j is

approximately calculated as [3]

n'k)
S (I1.26)
Efil ”Slk)

P(Dy=j|X =4)=

nz(lk) is the number of tokens belonging to speaker ¢ that have been classified as

speaker [ by the kth classifier, e,. The denominator 3\, nslk) is equal for all
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speakers and it is the total amount of tokens used for validation.
In Chapter III, some methods for assigning numerical values to the relia-
bility of the classifiers by using these probabilities is presented. The estimated

reliability values determine the influence of each classifier in the joint decision.

II.4 Summary of the Classifier Used in Combination

The classifiers developed in this thesis differ in the feature vectors they use. They
use the features M FCC, M FCC’s with cepstral mean subtraction and LPCC.
Cepstral mean subtraction corresponds to the subtraction of the mean of the
feature vectors over the entire record from each individual feature vector. Mean
removal corresponds to the process of shifting the cepstra in order to have zero
means and it is often used for compensating channel differences. Since cepstral
means also contain speaker information [19], both of these two sets of features
are used as the feature vectors of different classifiers.

Apart from the instantaneous spectral information like LPCC or M FCC,
transitional spectral information is found to be useful for speaker identifica-
tion [33]. For a feature vector, the transitional (delta) features (A — MFCC
and A — LPCC) are computed as the difference of the succeeding and preceding
feature vectors in time. In general, the delta features and original feature vectors
are lumped together into a single composite feature vector.

For the probabilistic modeling of the speaker identity, Gaussian mixture
models [27] are used. These feature vectors and speaker modeling technique
are widely used and have been shown to be effective for speaker identification
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Table I1.2: The architecture of the classifiers used in this study; the feature
vectors and the speaker models.

Classifier label Feature vectors CMS | Speaker models
e1 12-MFCC+12-AMFCC | +/ GMM
€9 12-MFCC+12-AMFCC GMM
€3 12-LPCC+12-ALPCC Vv GMM

task [19, 34]. Table I1.2 presents the structures of the three different classifiers

used in simulations.

I1.5 Databases

Two different databases are used for the simulations. The first set of experiments
are conducted on the POLYCOST database [35]. The second set of experiments

are conducted on the KING database.

I1.5.1 POLYCOST database

POLYCOST database contains telephone speech sampled at 8kHz. It contains
around 10 sessions recorded by 74 male and 60 female speakers from 14 different
countries. Each session contains 14 items; four repetitions of a seven-digit client
code, five ten-digit sequences, two fixed sentences, one international phone num-
ber and two items (mot01 and mot02 files in the database) with speech in the
subject’s mother tongue. The first three sessions of one of the mother tongue
records (mot02 files that contain free text speech) are used for training and cross
validation (each of these sessions is partitioned into K = 20 tokens). Both mot01
and mot02 records starting from session five are used for testing (each of these
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Table I1.3: The speakers included in different speaker sets and the total number
of test tokens in these sets.

Test sets Speakers included Total test tokens
SET1  m001,...,m030 3460
SET2  m031,...,m060 3560
SET3  m015,...,m029,m031,...,m045 3420
SET4  m001,...,m015,m046,...,m060 3520

records is partitioned into 10 tokens).

Each time leaving out the tokens from one session for validation (i.e., 20
tokens) and using the tokens from the remaining two sessions for training (i.e.,
40 tokens), we used all 60 tokens from three sessions for validation. Experiments
are conducted for first 60 male speakers.

The experiments are done for four different sets of speakers, SET1,...,SET4.
The speakers in these sets and the total number of test tokens in each of these
sets are given in Table I1.3. In all four sets, there are 1800 cross validation tokens
for each speaker. Some small changes are done on these sets when either they do
not have sufficient amount of training sessions or no test session. These changes
are: m042 is replaced by m061, m045 is replaced by m062 and m058 is replaced

by m063.

11.5.2 KING Database

The second set of experiments are conducted on the KING database. The KING
corpus was created for research in the area of speaker identification. It was
collected partly in New Jersey and partly in San Diego. There are twenty-six
San Diego speakers (numbered 01 to 26) and twenty-five New Jersey speakers
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(numbered 27 to 60, with some gaps in the sequence). All speakers are male.
There are ten sessions for each speaker. Sessions were recorded a week to a
month apart.

The two channels are stored in separate, single-channel waveform files, under
the "wb” and ”"nb” directories, respectively. The narrow-band channel repre-
sents speech that was passed through a standard telephone handset, transmitted
through a local telephone exchange to a long distance service and back to the
local exchange, then recorded from an analog telephone patch. The wide-band
channel represents the same utterance, recorded using a high-quality microphone
that was mounted on the telephone handset; recording was done in a quiet room.
Both channels are digitized at 8 kHz with 16-bit linear samples.

In our simulation experiments, for each speaker, first session is used for model
training and second session is used for validation (totally 20 tokens in each speech
record). The speech records starting from session four are divided into three
equal parts and each part is treated as a different test record (each part is also
partitioned into totally 10 tokens). Each training and validation session contains
at least 30 seconds of speech and each test session contains at least 10 seconds
of speech including silence. The experiments are conducted for first 15 speakers
of the wide-band channel records. The speaker numbered as 13 is replaced by
the speaker numbered as 16 since he has missing sessions. There are totally 315

test sessions, each test session containing 10 tokens.
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CHAPTER III

Multiple Classifier Systems

In this chapter, the methodology of developing multiple classifier systems (M C'S)
and then a summary of some techniques that exist in the literature are presented.
Some examples are given to further explain the concepts described in Chapter I.
The concept of complementariness is clarified and a mathematical definition is

proposed.

MC'S development task is made up of three main stages. These stages are
classifier development, contextual information extraction and finally the infor-
mation combination stage. Figure III.1 illustrates the contextual information
extraction stage for two classifiers. Classifier development task is described in
Chapter I1. This topic is revisited in this chapter when classifier selection criteria
is described. This chapter also presents some contextual information extraction
techniques and combination schemes.
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Figure I11.1: The block diagram of multiple classifier system (MCS) training
for two classifiers. Each classifier may have different internal structure but the

contextual information (reliability information) extracted about the classifiers
should be compatible.

II1.1 Notation

Let K denote the total number of classifiers used in an MCS and N denote
the number of pattern classes. An arbitrary classifier is denoted by ez, & =
1,2,...,K. Let the random variable X denote the pattern classes so X takes
values in ® = {1,2,..., N} which are the labels of the pattern classes. Let
the random variable Dy denote the label of the decision (or the most likely
class) provided by kth individual classifier, e;. The class that is determined as
the most likely class by the MCS is named as the joint decision. The term
P(X =1i|Dy = j) represents the a posteriori probability thatl the tested pattern
data belongs to class ¢ when the decision of classifier ey is j.
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I11.2 Classifier Selection

Classifier development stage is usually task dependent. Each classifier that is
going to be used in an M C'S should individually achieve a reasonable classifica-
tion performance for the particular classification task and these classifiers should
form an “optimal group”. Actually, optimal selection of the classifiers to be used
in the combination is not an easy problem. However, there are some general rules
or concepts that can be applied for the selection of suitable set of classifiers that
previously are developed for a certain task [25]. For the selection of a suitable set
of classifiers, complementariness and statistical independence concepts are widely
used in the literature without providing a measure for testing their satisfaction.

Determination of a useful complementariness measure that can be used in
the optimal selection of the classifiers is still an open problem. Only, there are
some intuitive immature ideas in the literature. As an example, in [1] Kittler
et. al. stated that the classifiers used should not be strongly correlated in their
misclassification. That is, they should not assign the same incorrect label to a
test sample. In order to achieve this to a certain extent, they offer the use of
different feature sets and different classification approaches for each individual
classifier. Some researchers suggested that an improvement can be achieved by
the MC'S if the classifiers used are error independent [36, 37, 38].

The assumption of statistical independence of classifiers is sometimes made
only for theoretical considerations but the validity of this assumption in prac-
tice is not well known. As an example, independence assumption is usually
made in Bayesian formalism in order to avoid the unreliable estimation of joint
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statistics [3, 39]. It is also stated that the classification performance of a MCS
is not completely dependent on the performances of individual classifiers but
on the independence of the classifiers used in the combination [36]. However,
there are plenty of studies where independence of the classifiers is not taken into
consideration, but remarkable improvements are reported [40, 41, 42]. For the
development of statistically independent classifiers, Xu et. al. [3] suggested that
the classifiers should use independent feature sets, or they should be trained by
independent training sets.

The requirement of complementariness of the classifiers is more widely ac-
cepted among the researchers working in this field. Although there is not a
well-established measure, some simple approaches like avoiding the classifiers
that make similar errors may provide some intuition. If a classifier at hand has
difficulties in correct classification of a particular pattern class (e.g. a particu-
lar speaker cannot be correctly identified in a speaker identification problem),
a second classifier to be used in the M C'S should be performing better on this
particular class so that the resultant M CS may correctly classify this pattern
class. In this thesis, the complementariness concept is clarified by proposing a
measure in Section IIL.5 and this measure is used throughout the studies done
for speaker identification problem.

The output information supplied by various classifiers is generally divided
into three types as abstract level outputs (Type 1), rank level outputs (Type 2)

and measurement level outputs (Type 3). These types are explained below.

Type 1 A classifier is of Type 1 if it outputs only a unique label which denotes the
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most likely pattern class that the tested sample belongs. Type 1 classifiers

provide the lowest possible information about the pattern classes.

Type 2 A classifier is of Type 2, if it ranks all pattern classes. That is, the label of
most likely pattern class, the second most likely pattern class etc. are all

provided as the classifier output.

Type 8 Type 3 classifiers provide the highest amount information about the pattern
classes. It supplies the likelihood values or the probabilities of all pattern

classes.

The combination algorithms are similarly named according to the type of
output information they use. As an example, a classifier combination scheme is
named as Type 1 if it uses abstract level output information of the individual
classifiers. It should be stated that the three different levels of information listed
above can be denoted as the raw output of a classifier. Using some validation
samples, contertual information about the classifiers can be extracted. This
information may be in the form of marginal or joint statistics that reflects the

reliabilities of the classifiers.

I11.3 Extraction of Contextual Information

Using the raw classifier outputs, information about the marginal or joint clas-
sifier behaviors can be extracted. By this way, the strengths and weaknesses
of individual classifiers can be identified and better M C'Ss can be developed.
Class dependent classifier reliability is a form of contextual information. Con-
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sider a Type 1 classifier. The reliability of the classifier may depend on the tested
class [9]. So, measures of the form “reliability(ex| Dy = j)” are defined in order

to take into account the class dependent classifier reliability.

In general class independent or global classifier reliability is also defined in or-
der to express the average reliability of the classifier outputs. “global reliability(ey )”
is a numerical degree of reliability assigned to a classifier and it is a more widely
used contextual information type. As an example, the classification performance
of the classifier can be tested on a validation set and this number may be used

to denote the global classifier reliability [3].

In order to take into account the contextual information about the individual
classifiers, Battiti and Colla [37] used the outputs provided by Type 3 classi-
fiers. As a form of contextual information, they proposed to consider the relative

output values of different pattern classes.

In [43], Woods et. al. defined measures for local accuracy of the classifiers.
In their method, overall local accuracy for each individual classifier is defined as
the percentage of correctly classified training samples. They used this measure

to select the individual classifier whose decision is declared as the joint decision.

Benediktsson and Swain suggested that the classifiers should be weighted ac-
cording to their reliability [8]. The selection of weights involves extraction of
contextual information about the individual classifiers. It is suggested that this
can be done by ranking the classifiers from 1 to n by assigning a “goodness”
value to them where a larger value means a better classifier (e.g. a classifier
with a higher classification rate has a larger “goodness” value compared to an-
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other classifier which has a lower classification rate.). They also suggested that
classification accuracy of a classifier (global classifier reliability) and separability
of each class in the classifier (class dependent classifier reliability) may also be
considered in the assignment of weights to individual classifiers.

In our study, we proposed a measure that can be used for class dependent
classifier reliability. This measure is based on the conditional entropy function
as

N
1
H(X|Dy=j)=>_ P(X =ilDy=7j)lo - -

(IIL1)

As the magnitude of the term H(X|Dy = j) increases, the uncertainty in X
increases which means that the Type 1 information (Dy = j) is not that much
reliable.

For measuring global classifier reliability, we propose the use of entropy for-

mulation as
N
H(X|Dy) = Z (X|Dy = j)P(Dy = j). (I11.2)

The summation is over all classifier outputs. As the term H(X|Dy) increases,
when averaged over all possible Type 1 outputs, the classifier e, becomes less

reliable. The details of these proposed methods are presented in Chapter IV.

I11.4 Methods of Information Combination

Bayesian probability theory and Dempster-Shafer evidence theory are the most
commonly used frameworks for classifier combination [9, 39, 44, 45, 46, 47]. Also,
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several voting based [2] and consensus theoretic approaches [8] exist. In this
chapter, we present a brief review of some basic classifier combination techniques
existing in the literature. These techniques are classified according to the type

of classifiers they use.

I1I1.4.1 Combination Methods Based on Type 1 Classifier Outputs

Majority and plurality voting are two widely used classifier combination ap-
proaches based on Type 1 classifier outputs. Majority voting chooses the class
selected by more than half of the classifiers in MCS. When there is not such a
pattern class, the result is accepted as an error [38]. There are also modified ver-
sions of this approach in [3]; one modification is, if all of the classifiers agree on
a single pattern class, this class is the final decision, otherwise the result is con-
sidered as an error. A relaxed version of majority voting method is the plurality
voting [38]. In this approach, the final decision is the class which gets more votes
than any other class. If more than one class gets the maximal vote, the decision
is randomly selected among these classes. We should note that these approaches

do not consider any contextual information about the individual classifiers [36].

I111.4.2 Combination Methods Based on Type 2 Classifier Outputs

There are mainly three different rank-based combination methods, namely the
highest rank, Borda count and logistic regression [2].

The highest rank method can be described as follows. Assume that we have
K classifiers. When an input pattern is tested by a classifier ey, each speaker
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receives a rank score. Our convention is that the score is largest for the speaker
that is ranked on the top. The combined score assigned to a speaker is the
maximum of the scores assigned to that speaker by all of the classifiers. The

speaker that gets the maximum score is selected as the joint decision.

In the Borda count combination method, the score assigned to a speaker by
each individual classifier is the number of speakers ranked below that speaker.
The combined score assigned to a speaker is the sum of the scores assigned to
that speaker by all of the pattern classifiers. The speaker with maximum sum
score is selected as the joint decision [2, 38]. The ties in the combined ranking

of both Borda count and highest rank methods may be broken arbitrarily.

These simple approaches assume that the classifiers have uniform perfor-
mances. In order to take into account contextual information about each classi-
fier, these methods should be modified. Logistic regression is a modified version
of the Borda count method. In this case, the combined score assigned to a speaker
is the weighted linear combination of the individual classifier scores. The weights
reflect the relative significance of the classifiers in the combination process. The

details of this method can be found in [2].

111.4.3 Combination Methods Based on Type 3 Classifier Outputs

Bayesian probability theory and Dempster-Shafer evidence theory are the most
commonly used frameworks for the combination of classifiers with Type 3 out-
puts [9, 39, 44, 45, 46]. Also, Benediktsson and Swain [8] suggested some con-
sensus theoretic combination approaches. It is stated that the aim of the con-
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sensus theory is to produce a single probability distribution using the opinions
from different information sources. They presented different consensus theoretic
combination methods including linear opinion pool (LIN-OP) and logarithmic
opinion pool (LOG-OP). In the following sections, these three basic approaches

are described in detail.

I11.4.3.1 Bayesian Formalism

Bayesian formalism is one of the basic combination schemes. Assume that we
have K probabilistic classifiers where P(X = i|Dy = j) denotes the a posteriori
probability that the correct class is ¢ when most likely class from classifier ey is j.
When necessary, the subscript £ denoting the classifiers is used to discriminate
the decisions of different classifiers. Taking into account all classifiers eq, ... ,ex

and using Bayes theorem, we have

P(X =i|Dy = ji,... ., Dk = jx) =

- - 111.3
P(Dy =ji,...,Dk = jk) ( )

Assuming that the classifiers are conditionally independent [46, 48|, we have

K

k=1

(I11.4)

Inserting the above equation into Eq. (III.3), one obtains

P(X =) 11~ P(Dy = js|X = 1)

P(X =i|Dy =j1,...,Dg = jk) = P(Dy =ji,...,Dkg = jk)

(I11.5)
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Using the conditional independence assumption again, the denominator of the
above equation can also be expressed in terms of the a priori probabilities P(Dy =

Jk| X =1) as

i=1 \k=1

(I11.6)

Using Eq. (II1.5) and Eq. (IIL.6), the a posteriori decision probability becomes

P(X =iDy = ju,..., Dk = jk) =

P(X = i) Iz, P(Dy = jx|X = 9) ‘
N, (N, P(Dy = Gl X = i) P(X =)

(I1L.7)

In this approach, the statistical independence is a generally used assumption [1,
3], since otherwise, the joint statistics should be estimated which could require
enormous database [39]. So, although its validity is usually unknown , statistical
independence assumption is widely used in practical applications [40].

In [3], Xu et. al. described the Bayesian formalism in detail and presented a
method of approximately estimating the a priori probability values in Eq. (I11.7).
They also applied the Bayesian formalism in handwritten numeral recognition.

Lam and Suen [40] also used the Bayesian formalism for handwritten numeral
recognition. They used Eq. (IT1.3) with a reject threshold « for the value of the
combined probability. In other words, the class with maximum probability is

accepted as the joint decision if the combined probability is larger than a.

111.4.3.2 Dempster-Shafer Evidence Theory

Another common approach to combine Type 3 classifiers is to use Dempster-
Shafer theory. Here, the basic concepts related with this theory adapted to
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classifier combination is briefly explained. Let © denote the finite set of all
pattern classes (or mutually exclusive and exhaustive hypotheses in more general
terms) of the given closed-set classification problem which is also known as the
frame of discernment. © represents the universal set of propositions and the true
hypothesis should be an element of this set. As a general example, for a pattern
classification problem, O is the set of all pattern classes. The empty set ¢, which
is a subset of © corresponds to a proposition that is known to be false.

There are three main functions defined on ©, namely the basic probability
assignment m, the belief function Bel and the plausibility function Pl There
exists one-to-one transformation between these functions.

The basic probability assignment (bpa) is defined with respect to ©. This is

a function from the subsets of ©, i.e. 2¢ to the unit interval [0,1] such that;

e m:2’ — [0, 1],

® Y icom(A) =1,

where m(.) is denotes the bpa. The bpa is a measure of the support ezactly
assigned to specified sets and it is ignorant about the precise division of support
among strict subsets of those sets. Those subsets of © which do have a non-zero
bpa are called the focal elements. The list of the focal elements forms the core
of the bpa.

In order to calculate the total belief in a set A, the basic probabilities assigned
to the subsets of A should be added. For this purpose, belief function (Bel) is
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defined as follows:

Bel:2? — [0, 1],

e Bel(¢)=0,

Bel(0)=1,

Bel(A)=>pc4 m(B).

It can be shown that Bel(A) + Bel(A) < 1 which is a violation of the Bayesian
rule of additivity [10].The total belief of a set A is the measure of the lower
probability of A.

The extent to which the available evidence fails to refute A is defined as the

plausibility of A:

Pl(A)=1-Bel@) = 3 m(B). (LLL8)
BNA#¢

Plausibility of set A defines the extent to which one fails to doubt in set A. The
plausibility of a set A can be interpreted as the measure of the upper probability
of A. Since the constraint BN A # ¢ is weaker than B C A for a given set A, it
should be clear that Bel(A) < PI(A).

Using the sets with non zero basic probability assignment, the combination is
done by using Dempster’s rule of combination [10]. Suppose that two bpa’s m(.)
and mgy(.) which have been obtained from independent sources of information,
their orthogonal sum mq; @ my should be defined in such a way that the sum
is still a bpa. Consider two sets A and B with probabilities m;(A) and my(B)
from the respective bpa’s. Then the probability of their conjunction C = AN B
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is proportional with m.my. There may be several pairs of sets A, B whose
conjunction is equal to a given set C. The total probability assigned to the set C
is the sum of all such contributions. However, if C' = AN B is an empty set, the
combination of the corresponding bpa’s supports the empty set ¢ which must
have zero support. This difficulty can be resolved by setting the bpa of empty
sets to zero and multiplying the bpa of the nonempty sets by a normalization
factor. This corresponds to distributing the probability assigned to empty sets
among the nonempty sets. The formulation of the combination process is as

follows:

> anp=c m1(A)my(B)

(m1 ®my)(C) = 1 — Y anps my(A)ms(B)

(I11.9)

The numerator of Eq. (II1.9) represents the sum over all conjunctions of argu-
ments which support C. The denominator is the normalization coefficient ob-
tained from the mass assigned to the contradictory arguments. Note that the
combination is not be defined for the case where the cores of the two bpa’s are
disjoint, that is, when there is total conflict between the two evidences. For this
case, the denominator of Eq. (II1.9) becomes zero leading to an undefined result
of combination.

After the combination operation, different criteria may be used to arrive at
the joint decision. Let {F;}/_; denote the focal elements of the combined body
of evidence with m = m; ®mo P ... D mg. These sets are used to decide on the
correct class. There are a number of decision rules studied in the literature [3,

10, 49, 11]. The rules can be summarized as follows.

Using Belief: The joint decision is the pattern class d which maximizes Bel({i}),
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i.e. [10]

d = arg max Bel({i}) = argmax Y m(F};) = argmaxm({i}).
(] ) Fjg{z} (]

Using Plausibility: The joint decision is the pattern class d which maximizes

PI({3}), ie.

d=argmax Y  m(F}).
Fyn{i}#¢

Using Rule of Smets and Kennes: The joint decision is the pattern class d

with maximum pignistic probability defined as [49]

m(Fy)
| Fj |

d =argmax »_

{i}CF;

There are plenty of studies in the literature where Dempster-Shafer formal-
ism is used. As an example, in Rogova’s [36] study, the contextual information
about the individual classifiers (Neural Network classifiers were used) reflecting
their relative strengths are combined using Dempster-Shafer theory for the task
of optical character recognition. Rogova studied different methods of basic prob-
ability assignments based on different forms of proximity (or distance) measures
between a test and a reference vector trained for representing a pattern class.

Horiuchi [50] developed a classifier combination scheme based on Dempster-
Shafer evidence theory where interval feature values were defined to be used as
information sources. Horiuchi defined the values of the feature values as closed
intervals. As an example, a feature o may take the value a = [3,~]. Using such
a representation, a combination method was presented for the classification of
images.
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111.4.3.3 Linear Opinion Pool

One of the most frequently used consensus rule is the linear opinion pool (LIN-
OP) which is a linear weighted sum of the a posteriori probabilities [8]. For
a given set of K classifiers, the general form of the consensus function (CF) is

defined as
K
CF(X =1) = Zka(X = i|Dg = Jk) (II1.10)
k=1

where the relative magnitude of the weights determine the influence of each clas-
sifier in the joint decision. Such a combination of classifiers have been frequently
studied and used in pattern recognition applications [12, 51, 16].

The main problem in this combination scheme is the selection of the weights
assigned to the classifiers. There are several approaches that vary from simple
rules to complicated weight selection procedures. The simplest selection proce-
dure is to choose these weights equal to each other. This kind of choice ignores
the reliability of the individual classifiers. This combination scheme with equal
weights is also named as averaged Bayes classifier [3]. Another possible choice is
selecting the weights in proportion to the global reliability of the classifiers, i.e., a
more reliable classifier has a larger weight. There are also some more complicated
methods for weight estimation which aim the use of contextual information about
the classifiers. Hashem [12] studied the problem of optimal linear combination of
neural network outputs. The problem of combination weight selection is formu-
lated as a mean square error minimization problem. In their recent study, Chen
and Chi [52] proposed a new linear combination scheme to extend the existing
techniques of linear opinion pools with weights determined in an optimal way
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using expectation-maximization algorithm.

Lin et. al. [51] converted the weight selection to an optimization problem
but the proposed method does not take into account class dependent classifier
reliability. Jacobs [15] described a method of selecting the classifier weights in a
minimum error sense. In [15], the classifiers give their opinions about probability
distributions which are functions. These probability distributions are combined
into a single distribution that can be used in decision making. The requirement
that the resulting combination is also a distribution, brings the constraint that
the sum of the weights should be equal to unity. In a pattern classification
problem where the combination scheme should end up with a single joint decision,
the constraint that the sum of the weights should be equal to unity can be relaxed
(since we should not end up with a probability distribution). Then the weight
selection problem becomes the task of deciding on a good criteria (e.g., classifier
reliability) for the weight selection where the relative magnitude of the weights

is critical.

111.4.3.4 Logarithmic Opinion Pool

The combination scheme named as the logarithmic opinion pool (LOG-OP)
which is derived using Bayes rule assumes that the classifiers are conditionally

independent. Using the Bayes rule, the consensus function can be defined as

K
CF(X =1) = H P(X =Dy = ji)- (IT1.11)

k=1
Since we are interested in the class which maximizes C'F', the above equation can

be modified using the monotonically increasing log(.) function without changing
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the joint decision of Bayesian formalism as
K
CF(X =1i) =) log P(X = i|Dy = ji)- (II1.12)
k=1

This CF is the sum of logarithms of the a posteriori probabilities where the
classifiers are treated as equally reliable. A weighted version of this combination
scheme is also used where the reliability of the classifiers are expressed as the

coefficients in the sum.

K
CF(X =1i) =) wylog P(X =4i|Dy, = ji). (IT1.13)

k=1

In this expression, the influence of each classifier on the joint decision depends
on the weight of the corresponding classifier [8]. In this way, the contextual
information about the classifiers is also taken into account. For weight selection,
the analysis carried out for linear opinion pools is also applicable to logarithmic

opinion pools. In some papers, an equivalent form of the above equation is used

as LOG-OP [51][8] as

CF(X =1)= ﬁ [P(X =Dy, = jx)|"". (I11.14)
k=1
The combination algorithms described so far can be applied to a set of already
existing classifiers. The success of combination mainly depends on the joint
performance of the classifiers. So, classifier selection part of a M C'S design should
consider the complementariness of the classifiers. The next section clarifies the
complementariness concept and proposes a measure for it.
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ITI.5 Complementariness

Assume that we have a classifier e; at hand whose output is denoted by the
random variable D;. The main aim behind the use of an additional classifier
es simultaneously with e; is to obtain a smaller classification error compared to
the error of e;. Let pe..(e1) denote the error probability of e; and let pe,.(e1, e2)
denote the error probability of the MCS in which e; and ey are used. A mea-
sure for complementary information provided by e; to e; may be defined as the

reduction in the classification error of e; as

Comp(ela 62) = Perr (61) - perr(ela 62)

(I11.15)

= Peorr(€1,€2) — Peorr(€1)

where peorr(€1) = 1 — perr(e1) denotes the correct classification probability of e;.
For classifier e, the best choice among the K classifiers available would be the one
providing the maximum value for the above equation. Notice from Eq. I11.15 that
complementariness is dependent on both the type of the additional classifier and
the method of combination. Also notice from the equation that for the calculation
of perr(€1,€2), joint statistics of the classifiers is required. Hence, the problems
of optimal selection of an additional classifier and optimal combination of the
classifiers should be simultaneously addressed for developing a better MCS.

The concept of complementariness is analyzed on plurality voting (refer to
Section III.4.1) classifier combination technique and it is going to be tried to
clarify the expectations from the additional classifier.

The total correct classification rate of the classifier e; can be written in terms
of the a priori probabilities. Let X be a random variable denoting the pattern
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classes. Then,

Peorr(€1) = iij(D1 =i|X =49)P(X =) (111.16)

=1

If the joint statistics about e; and an additional classifier e; were available, the

total correct classification rate by the plurality voting combination method would

be

pcorr(elgeZ) = Z {P(D1 = i, Dy = z|X = ,L) +

=1

1
GP(Di =i, Dy #ilX = i) +

SP(Dy #1i,Dy=ilX = i)} P(X =)

1/2 factor comes from arbitrariness in breaking the ties, i.e. if the classifiers do
not agree, then the decision of either one of them is selected with probability
1/2. Rewriting Eq. II1.16,

N

pcorr(el) = Z {P(D1 = ’l:,DQ = ’I,‘X = Z) +

=1

P(Dy =i, D; #i|X = i) | P(X = i)). (ITL18)

Comparing Eq. II1.17 and Eq.II1.18, we can conclude that a M C'S using plurality
voting method and the classifiers e; and e, provide improved correct classification
rate compared to classifier e; or in other words, ey provides complementary

information to e; if

(111.19)
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Using Eq. (III.17) and Eq. (IIL.18) the reduction in error becomes

N
1 . . .
comp(er, e2) = Y {§P(D1 # 1, Dy = i| X = 1)
i=1
1

—5P(Dy =1, Dy #i|X = i)}P(X =i). (111.20)

The complementary information provided to e; by an additional classifier es is
given by Eq. (II1.20). Using this equation it can be concluded that, if a classifier
e; maximizes the term P(D; # i, Dy = i|X = i) and minimizes P(D; = i, Dy #
i|X =) for all classes and over all classifiers, then e, is the classifier providing
most complementary information to e;. This sentence can be put in a more

compact form as follows.

A classifier ey provides complementary information to ey if
1. e correctly classifies the pattern class ¢ when e; fails.
2. ey does not misclassify when e; correctly classifies.

The items listed above give the summary of the expectations from classifier e,
for the plurality voting combination rule. An important observation for plurality
voting combination rule is that the complementary information is not symmetric,
i.e. comp(ey,ez) # comp(eg, er). Furthermore, for this combination rule, if e,
provides complementary information to e;, e; cannot provide complementary
information to e;. This is because if comp(e1, e2) > 0 then comp(es, e1) < 0.

The derivations for the plurality voting rule should be repeated for each
particular combination scheme since the complementariness definition given in
Eq. (III.15) also depends on the combination rule. In our study, we tried to
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generalize these observations and ended up with a weakened and symmetric
definition of complementariness.

Definition: The classifiers e,, and e, are said to provide complementary infor-
mation to each other if at least one of the classifiers provide correct information

about the tested pattern class and
N
comp(em, €,) x »_max{P(D,, =i|X =1i), P(D, = i|X = i)}
i=1

Above definition which is symmetric (comp(e;, es) = comp(ez, 1)) is used in
Section IV.3.5 for the selection of complementary classifiers to be used through-
out the speaker identification studies in this thesis. In chapter IV, the three
classifiers developed are analyzed for complementariness and the effectiveness of
the proposed measure is discussed.

This chapter is concluded by a summary of speaker identification studies in

the literature where M C'Ss are used.

I11.6 Speaker Identification by Multiple Classifier Sys-

tems

There are only a few studies on using M C'Ss for speaker identification. Brunelli
and Falavigna [53] developed a speaker identification system based on the acous-
tic and visual features. In other words, they integrated outputs of speech process-
ing techniques and image processing techniques (for the recognition of speakers
from their faces) for speaker identification. They used two different combination
techniques. The first one is the weighted geometric average of the measure-
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ment level outputs. In the second method, they proposed a hybrid combination
approach based on the rank/measurement level outputs.

Farrell and Mammone [4, 5] studied the combination of a classifier which
uses vector quantization for speaker modeling and a neural tree classifier. For
the combination, they studied both LIN-OP and LOG-OP type combination
approaches and achieved promising results.

Radova and Psutka [6] also presented a different M CS for speaker identifi-
cation. One of the classifiers is based on dynamic time warping and the other
one is based on using a cepstral distance measure. The outputs of two classifiers
are combined for the joint decision. For the combination, they considered the

majority voting and the Borda count approaches which are rank-based.
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CHAPTER IV

An Information Theoretic Framework for
Weight Estimation in the Combination of

Probabilistic Classifiers

IV.1 Introduction

In this chapter, we propose a novel approach for the estimation of classifier
weights in order to extend the existing techniques of linear and logarithmic opin-
ion pools. A relation between a pattern classification system and an information
transmission system is established which is used for the estimation of weights
in linear and logarithmic opinion pools. The classifier weights are calculated in
a dynamic manner in order to simultaneously take into account the contextual
information about the classifiers. That is, the weights consider class dependent
classifier reliability, global classifier reliability and the conflicts among classifiers.
A measure named as classifier decision consensus (CDC') is proposed in order to
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calculate the conflicts among the classifiers through the use of validation statis-
tics and it is formulated as a multiplicative part of weights on the classifiers.
In the LOG-OP combination technique, when the weights are selected as one,
the decided speaker is identical to the decision of the Bayesian fusion technique.
Simulation studies have shown that for the speaker identification problem, the
use of the proposed weights improves the identification rates achieved by the

Bayesian fusion.

The use of information theory is not new in the fields like pattern analy-
sis, statistical decision making and the hierarchical design of classifiers. It is a
widely used measure for ranking information [39]. Battiti [54] used the mutual
information concept for feature selection in supervised neural networks. Sethi
and Sarvarayudu [55] used the same concept for hierarchical classifier design.
Stephanou and Lu [56] used entropy to develop a criterion for measuring the ef-
fectiveness of the consensus obtained by pooling evidence from two information
sources. Hoballah and Varshney [57] established a relation between a binary
detection system and a binary information transmission system and used the
information theoretic concepts for the distributed detection problem. In their
study, they worked on the optimal decision rules which maximize the mutual in-
formation between the input and output of a detector. Their approach becomes
highly complicated as the number of input or output symbols is larger than two.
In this thesis, a relation between an information transmission system with N
input symbols and an N-class pattern classification system is established. Then,
the mutual information between the input and output of a classifier is defined as
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a measure of the reliability of that classifier.

The remainder of this chapter is organized as follows. The relation between
the classification theory and the information transmission theory is described in
Section IV.2. Section IV.3 presents the information theoretic framework used
for the calculation of the classifier weights. Section IV.4 presents the simulation

results.

IV.2 Relation Between Classification Theory and Infor-

mation Theory

Block diagrams of a classification system and an information transmission system
are given in Figure IV.1. The relation between a classification system and an
information transmission system is similar to the one described in [57] which was
established between a binary detection system and a binary information trans-
mission system. An observed pattern data can be considered as an input to the
transmission system. The classification system corresponds to the transmission
channel and the decision of the classification system can be viewed as the output
of the information transmission system [58]. In this case, the input to the classi-
fication system is a random variable X that assumes values in ® = {1,2,... , N}
which are the labels of the speakers. The output is the decision random variable
D which also assumes values in R as the label of the decided speaker. For a multi
classifier case, the output of the kth classifier is denoted by the random variable
D, and the label of the decided speaker is j;. In this study, the a priori proba-
bilities of the speakers are assumed to be equal, i.e., P(X =1i) = 1/N Vi € R.
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Figure IV.1: Relation between information transmission and classification sys-
tems. (a) illustrates a transmission channel whose output corresponds the deci-
sion of the classifier in (b).

Similar to the channel matriz used for characterizing an information transmis-
sion system [59], a confusion matriz Con f} is used to characterize a classification
system. The rows of the matrix denote the values assumed by X and the columns
denote the values assumed by Dj. For the kth classifier ey, P(Dy = j|X = 1)
denotes the probability of classifying an input data belonging to the speaker 7 as
the speaker j. Using the confusion matrix with the assumption that X is uni-
formly distributed, the a posteriori probabilities can be approximately calculated

by using the Bayes rule as follows.

. . k
__ PD=jlX=i) _ ) (IV.1)
S P(Dy=41X =1) xF o®

P(X =i|Dy = j)

The term P(X = i|Dy = j) represents the a posteriori probability that, for
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Figure IV.2: Overall block diagram of the information theoretic framework.

er, the tested pattern data belongs to speaker ¢+ when the decision is speaker j.

For a given decision of e, Dy = j, the vector OP; represents the a posteriori

probabilities of all speakers i.e.,

P(X =1|Dy = j)

P(X = 2|D; = j)

P(X = N|Dy =j)

(Iv.2)

IV.3 Information Theoretic Combination Framework

In this section, the proposed method of weight estimation that is based on the

basic concepts of information theory is presented. For two classifiers case, the

overall block diagram is given in Figure IV.2. In this study, the combination

schemes that are considered in the information fusion center are restricted to the

existing techniques of linear and logarithmic opinion pools where the inputs car-

rying contextual information about the classifiers are used as weights to improve

o4



their classification rates.

IV.3.1 The General Form of the Weights

The classifier weights are estimated in a dynamic manner in order to simulta-
neously consider class dependent classifier reliability, global classifier reliability
and the conflicts among classifiers which are generally used for the extraction
of contextual information about the classifiers. Information theoretic concepts
are used to assign numerical degrees to the reliabilities and the conflicts among

different classifiers. The weight of e, is defined as follows:

wr = F(j1,-..,ik) = () Be (s - - 5 J&) Vs (IV.3)

where j; is the decision of the kth classifier. The classifier weights are in a
conjunctive form by which the reliability and the conflicts among the classifiers
are required to be simultaneously satisfied. The weights could be selected in

some other forms such as disjunctive

Wk = F(jla ce :]K) - max{ak(jk)aﬁk(jla ce ajK):/Yk} (IV4)

where the satisfaction of a single criteria is considered to be adequate. However,
in this case, a classifier which has a very high global reliability but provides only
small amount of information by a decision j, would have a high weight when its
decision is on speaker ;7 which is not something desired.

As it is seen from Eq. (IV.3), the weight wy, is a function of the decisions of
all classifiers. The term «i(jx) depends both on the classifier and its decision.
This represents the class dependent classifier reliability. 7, considers the global
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(class independent) classifier reliability. In this thesis, we also propose a measure
that takes into account the conflicts among the classifiers. It is named as clas-
sifier decision consensus (CDC') measure and it is included by Bx(j1, ... ,Jjk) in
Eq. (IV.3). In the following subsections, derivation of each factor in Eq. (IV.3)

is explained.

IV.3.2 Information Provided by a Decision

The amount of information provided by a decision Dy = j; of the kth classifier is
defined as the reduction in the uncertainty of uniformly distributed input random
variable X. In other words the amount of information provided is equal to the
amount of uncertainty which is removed from the uniformly distributed X where

the uncertainty of X is represented by the Shannon’s entropy function [60, 61].

N 1

(IV.5)
The summation in equation above is over all speakers. The uncertainty in X
is maximum if all speakers are equally probable and is equal to log N. The

minimum value is zero which is the case when the correct speaker is certain. The

residual entropy, i.e., the conditional entropy of X given Dy = jj is

N
1
H(X|Dy=ji) =) P(X =1i|Dy=jp)l .
(X[ = 32) 1:21 ( 1D =3e) " P(X =i[Dx = jr)
(Iv.6)
Then the amount of information provided by the decision D = j; is
(IvV.7)

=log N — H(X|Djy = ji).
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The lower limit of the amount of the information provided by a decision Dy = jj

is equal to zero which is the case when

H(X) = H(X|Dk = jr)- (IV.8)

This means that the initial uncertainty in X is not reduced by the decision. The
upper limit of the amount of information is log N which is the initial uncertainty
in X. This is the case when H(X|Dy = ji) = 0. Then the amount of information
lies in the interval [0, log N].

The information provided by a decision is used for the calculation of decision

dependent classifier weights, ax(jx) used in Eq. (IV.3). Specifically,

ak(jr) = 1(X; Dy = ji)
(IV.9)

=log N — H(X|Dk = jk)-

IV.3.3 Average Information Provided by Decisions

This section explains the formulation of 7, term which corresponds to global
(class independent) reliability of the kth classifier. The average residual uncer-
tainty in the uniformly distributed X is the expected value of H(X|Dy = j) and

it is formulated as [61]

H(X|Dy) =§ H(X|Dy = ))P(Dy = j). (Iv.10)

The summation is over all possible decisions. The term H (X|Dy), which is called
equivocation of X with respect to Dy, represents the uncertainty about the input
speaker averaged over all decisions. Then, the average amount of information
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provided by all decisions is defined as the mutual information of X and Dy,
I(X;Dy) =H(X)— H(X|Dy). (IV.11)

A closer look at the cases yielding the extreme values of this quantity makes the

definition more clear. Consider the lower extreme value obtained when

P(X =i|Dy = j) = P(X =n|D, = j) Vi,jneR.
(IV.12)

Then,
H(X|Dy=j)=1logN VjeR (IV.13)

implying that H(X|Dy) = log N and I(X; D) = 0. None of the decisions of
the classifier provides us information in this case, and the average information
provided over all decisions of the classifier is equal to zero. The upper extreme
is the case in which P(X = n|Dy = j) =1 and P(X =1|Dy =j) =0Vn # L
When this is true for all decisions, the correct speaker can always be determined

with certainty and H(X|Dy = j) = 0 for all decisions so that

[(X[Dy) = H(X) — H(X|Dy)
(IV.14)
= H(X).
In other words this upper limit of information completely removes the uncertainty
in X. The average amount of information also lies in the interval [0,log N].
The average information provided by decisions is used in the calculation of

v which denotes the global classifier reliability. Specifically,

W = 1(X; Dy)
(IV.15)

=log N — H(X|Dy).
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IV.3.4 Classifier Decision Consensus Measure (CDC)

Apart from the decision of a particular classifier, the distribution of the deci-
sions among the classifiers may in general provide valuable information for the
determination of decision reliability. For a given speaker j, the classifier decision

consensus measure C'DC(j) between the first and second classifiers is defined as

min{P(D; = j|X =j),P(Ds = j|X =j)}
1 —min{P(D, = j|X = j),P(D; = j|X = j)}

CDC(j) = log

(IV.16)

The term min{P(D; = j|X = j), P(Dy = j|X = j)} is the conditional prob-
ability of correct classification of an input data of the speaker j for the worst
classifier. As this term increases, C DC(j) between classifiers increases. CDC'(j)
is a measure for the joint behavior of the classifiers about their decisions on dif-
ferent speakers. An increase in the CDC/(j) means less conflicts in the decisions
of the classifiers. To clarify the intuitive reasoning behind this definition, an

example of two classifiers with their confusion matrices is given below.

Example 1

Assume that the confusion matrices of two classifiers are as follows:

34 24 48 12
Conf, = Confy =

6 54 9 51
CDC(1) and CDC(2) are calculated as CDC(1) = log(0.60/0.40) = 0.176 and
CDC(2) = log(0.85/0.15) = 0.753. Since C'DC(2) is large, the classifiers are
expected to arrive at a consensus when testing an input data from speaker 2.

On the other hand, since CDC(1) is small, the classifiers are expected to be
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in conflict when testing input data from speaker 1. Suppose that the decisions
of the first and second classifier are conflicting as D; = 1 and Dy = 2. Since
CDC(2) is large, the classifiers would reach at a consensus if the test data were
from speaker 2 but since the classifier are in conflict, it is more likely that test
data belong to speaker 1. This is an important information about the speaker
that the input data belong to. For this simple case, we should select the classifier
weights in such a way that the output of the first classifier has a larger influence
on the joint decision, i.e w; > ws, since a conflict in classifier decisions is expected
only when testing an input data from speaker 1. An important point here is that
since CDC(j) may take negative values, a suitable function for S (ji,... ,Jjk)
should be selected in order to consider the relative values of CDC/(j). In this

study, for two classifier case, the following function is used.

k>1.0 if CDC(j2) > Typ and CDC(J1) < Tiow

ﬁl(jbjé) =
1.0 otherwise (IV.17)
k>1.0 if CDC(j1) > Tup and CDC(j2) < Tiow
52(j1,j2) =
1.0 otherwise (IV.18)

j1 and js denote the decisions of the first classifier and second classifier respec-
tively. The way of selecting the thresholds 7,, and 7, is described in sec-
tion IV.4.3.
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IV.3.5 Complementariness

As stated in Chapter III, the performance of a MCS heavily depends on the
amount of complementary information provided by the classifier pairs. Using
the approach of Section IIL.5, given the confusion matrices of the mth and nth
classifiers, we define comp(e,, e,) as,

N
comp(em, e,) = Y_logmax{P(Dp = j|X = j), P(D, = j| X = j)}
=1

(IV.19)

where j stands for the speakers. The value of this measure increases as the condi-
tional probability of correct classification of the corresponding speaker increases
for either classifier. To clarify the intuitive reasoning behind this definition, an

example of three classifiers with their confusion matrices is given below.
Example 2

Assume that the confusion matrices of three classifiers, where the rows are nor-

malized by the number of cross validation tokens are;

0.60 0.40 0.80 0.20 0.95 0.05
Conf = Confy = Confs; =

0.10 0.90 0.15 0.85 0.40 0.60

The complementariness values that are obtained for the three classifier pairs
are; comp(er,es) = —0,14, comp(er,e3) = —0.07 and comp(ey, e3) = —0.09.
These results show that first and third classifiers provide more complementary
information for each other compared to the first and second classifiers since
comp(ey,e3) > comp(ey,ez). Indeed, a careful examination of the confusion
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matrices show that the first classifier performs good on class 2 while the third
one classifies class 1 correctly for most of the time.

This measure is used to select the classifiers which provide complementary
information with respect to each other and the proposed method of weight esti-

mation is tested by using only these classifiers.

IV.3.6 Summary

In summary, the weights of the classifiers wy = ax(jk) Bk (j1, J2) vk, are calculated

as:

o (jx) = I(X; Dy = Ji), (IV.20)

Ve = 1(X; Dy), (Iv.21)

k>1.0 if CDC(j2) > Tup and CDC(j1) < Tiow

Br(drs J2) =
1.0 otherwise, (IV.22)
and similarly,
k>1.0 if CDC(j1) > 7up and CDC(j2) < Tiow
Ba(J1, j2) =
1.0 otherwise. (IV.23)

IV.4 Experiments on the POLYCOST Database

Using the cross validation sessions and the confusion matrices, the complemen-
tariness between classifiers, comp, the classifier decision consensus values for each
speaker, C DC'(j), and the classifier weights, wi = ax(jk) Bk (J1, - - - , jK )7k are cal-
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culated. The experiments are conducted on SET1. The details are given in the

following sections.

IV.4.1 Complementary Information Provided by the Classifiers Used

After computing the confusion matrices, the measure of complementariness for
the classifiers proposed in this thesis is used to select the classifiers that provide
complementary information for each other. The values obtained for three clas-
sifier pairs are comp(er, e3) = —1.88, comp(er,e3) = —3.28 and comp(es, e3) =
—2.03. These results show that first and third classifiers do not provide comple-
mentary information for each other but they provide complementary information
for the second classifier. In our experiments, we use only first and second clas-
sifiers since they provide complementary information. The correctness of these
observations and the effectiveness of the proposed measure is justified by the

experimental results in the following sections.

IV.4.2 Calculation of oy (jr) and

Using the confusion matrices, the amount of information provided by the deci-
sions of the classifiers, ay(jx), are calculated using Eq. (IV.9) and are given in
Figure IV.3. The figure justifies the use of decision dependent weighting since
there is a large variability in the information they provide about the correct
pattern class. For the first classifier, the amount of information provided by a
decision on speaker 9 is much smaller compared to a decision on speaker 30.
Similar discussions can be made for the second classifier. These observations
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Information provided

0.9 first classifier
second classifier - — — — -

. . . . .
(o] 5 10 15 20 25 30
Decision

Figure IV.3: Information provided by the decisions (ay(jx) versus ji). For the
first classifier, a decision on speaker 9 (denoted by number 9 on the horizontal
axis) provides much less information about the tested speaker compared to a
decision on speaker 10.

justify the use of ay(ji) as a factor in the weight wy.

Using Eq. (IV.15), the average information provided by the first and second
classifiers are calculated as y; = 1.20 and 7, = 1.25 respectively. These quantities
are used as numerical quantities for the global classifier reliability. Later, they

are compared with the identification rates of the classifiers on test sessions.

IV.4.3 Calculation of 5(ji, j2) and B2(ji1,j2) values

Figure IV.4 shows the speaker dependent C'DC values computed by using con-
fusion matrices which are obtained from the cross validation data. In our exper-
iments, we used 60 tokens for cross validation. This means that the probabilities
in Eq. (I1.26) are approximated as the frequency of occurrences of the events
based on totally 60 tokens per speaker. The largest possible value of CDC(5)
is oo which is obtained when all 60 cross validation tokens are correctly iden-
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Figure IV.4: CDC values of individual speakers obtained by using the confusion
matrices. As seen from the figure, for speakers 11 and 25, the CDC' values are
very low meaning that when testing pattern data belonging to these speakers,
we do dot expect consensus in the decisions of the classifiers. On the contrary,
we expect consensus in decisions when testing the speakers like 3 and 7.

tified. In order to avoid computational problems, it is set to 2.0 in the figure
and in the experiments. Actually, the value 2.0 is not important, we could have
selected any number larger than log(%) = 1.7708 which is the next largest
value obtained when 59 tokens are correctly identified by both of the classifiers.
Note that, we did not use this C'DC' values directly in the classifier weights but
instead, Bk (j1,--- ,Jjk) is defined whose values are assigned using thresholds on
the C'DC values. From Figure IV.4, it can be seen that for speakers 1, 4, 11 and
25, the CDC values are less than zero. This means that more than half of the

tokens are misclassified by either or both of the classifiers. In both cases, it is
not likely for those speakers to be correctly identified by both of the classifiers.
The upper and lower thresholds, 7,, and 7;,, and the scale factor x are cal-
culated using the cross validation sessions and the confusion matrices. 7, is set
to 0.65 which means that more than 10 cross validation tokens are misclassified.
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The reasoning behind is that the test sessions are composed of 10 tokens and all
10 misclassified tokens in cross validation sessions may lie in the same session.
Tup should be selected large enough such that the percentage of consensus errors
between the classifiers for the speakers with CDC values larger than this value
is less than a small threshold. In our experiments, this threshold is selected as
0.03. For speakers with C DC values larger than 0.85, the consensus error rate is
slightly less than this threshold. Using this upper and lower limits, the value of k
is experimentally calculated using the cross validation sessions and the proposed
weighed combination scheme for best identification rate. Using the estimated
classifier weights and cross validation sessions, Kk = 4.0 gave the best results
for improving both of the linear and logarithmic opinion pools. We have tested
the proposed combination scheme on the cross validation data for some other
thresholds less than 0.05 but the best performance is achieved for 7,, = 0.03 and

k=4.0

IV.4.4 Testing the Combination Scheme
IV.4.4.1 The Performance of the Individual Classifiers

In the test sessions, approximately 10 seconds of speech excluding the silence re-
gions are available. These sessions are decomposed into 10 tokens, ¢, %o, ... , 1.
When the kth classifier is tested individually, the decision of the classifier is the
speaker ¢ which maximizes the consensus function given below.

CF(X=1i)= Y logP(X =i|Dy=jrn) (IV.24)
t

n
1<n<10
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Table IV.1: Identification rates of the individual classifiers on the test sessions.

Classifier | Identification rate
€1 893%
€a 928%
€3 858%

Jk.n is the decision of classifier e, when tested by the token ¢,. An alternative
and simpler procedure is to take the whole test data as a single token and make
the decision on the speaker getting the highest a posteriori probability. Since
the training was based on tokens, we preferred to do the test on token basis.
Using Eq. (IV.24), the identification rates of the three individual classifiers are
obtained as 89.3% (309/346), 92.8% (321/346) and 85.8% (297/346) respectively

(see Table IV.1).

IV.4.4.2 Analysis of the Proposed Combination Scheme

The consensus function of the linear opinion pool for the token based classifier

combination is formulated as follows:
K
CF(X =1)= Z Z wpP(X =i|Dy = jk,n). (IV.25)
k=1

tn
1<n<10

Similarly, the consensus function of the logarithmic opinion pool for the token
based classifier combination is formulated as:
K

k=1 tn
1<n<10

(IV.26)

In order to justify the use of the proposed complementariness measure and the
results obtained from the validation data, we combined three classifiers in pairs
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Table IV.2: Classifiers and combined identification rates using LOG-OP on the
test sessions.

Identification rate Classifiers used
€1 | € €3
95.4% NARY:
00.2% N Ni
95.1% V Vv
04.8% NARVARRY,

using LOG-OP with equal weights (refer to Eq. (IV.26) with wy = wy = 0.5). The
results are given in Table IV.2. The fact that the first and third classifier do not
provide complementary information is evident from row 2 where the identification
rate is smaller compared to the other cases. Note that 4th row of the table
corresponds to the combination of all three classifiers. The identification rate
is lower for this case when compared with the 1st and 3rd rows. This result
indicates the importance of complementariness.

In our experiments, we used only first and second classifiers since they provide
complementary information. Figure IV.5 shows more detailed analysis of com-
plementariness observed on test data. The figure gives the identification rates of
the individual classifiers as a function of the speakers. As seen from the figure,
the identification rate of the second classifier is low for first two speakers but the
first classifier correctly identifies all the sessions of those speakers. For speakers
23 and 26, the first classifier makes severe errors where the second classifier does
not make any error for these speakers. Both of the classifiers make severe errors
for speakers 4, 5 and 6 which is not something desired.

Using Eq. (IV.15), the average information provided by the first and second
classifier were calculated as v; = 1.20 and v, = 1.25 respectively when the cross
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Figure IV.5: Identification rates of the classifiers as a function of the speakers on
test sessions. Figure shows the complementary behavior of the classifiers. For
instance, the identification rate of the second classifier is low for first two speakers
but the first classifier correctly identifies all the sessions of those speakers.

validation sessions are used. The ratio 1.25/1.20 = 1.040 is actually close to
0.9277/0.8931 = 1.038 where 0.9277 and 0.8931 are the identification rates of
the first and second classifier respectively on the test sessions. These results
show that the use of 7 performed very well in approximating the global (class

independent) reliability of the classifiers.

The effectiveness of the weights 8k (j1, j2) can be visualized when Figure IV.5
and Figure IV.4 are analyzed simultaneously. Speakers 3, 7 and 28 have large
CDC values as can be seen from Figure IV.4, and Figure IV.5 shows that all
test sessions of these speakers are correctly identified by the classifiers. For
speakers 4, 11 and 25, the CDC values are low and as seen from Figure IV.5,
either or both of the classifiers make severe errors. There are some exceptions
like speaker 23 which has large C'DC value but during testing, the first classifier
could not identify some sessions of the corresponding speaker. The reason for
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Figure IV.6: Classifier decision consensus errors on the test sessions. The hori-
zontal axis is the lower threshold for the CDC' values. As seen from the figure,
for speakers whose CDC values are larger than 0.85, the percentage that the
classifiers are in conflict is around 4% and it stays below this value as the lower
CDC threshold increases.

this is that the training sessions of this speaker may not involve a wide range of
acoustical sound classes to correctly characterize the feature distribution of the

corresponding speaker leading to such errors during testing.

Figure IV.6 gives the percentage of the tests which produced conflicts in
classifier decisions as a function of lower limit of the C'DC' values. During cross
validation, 7,, was calculated as 7,, = 0.85. As seen from the figure, for those
speakers whose C'DC' value is larger than 0.85, the percentage that the classifiers
are in conflict is around 0.04 which is close to the value (0.03) set for the cross
validation sessions in calculating 7,,. Notice also from Figure that as lower
threshold is increased, agreement error decreases meaning that in such a case,
the classifiers agree on the decided speaker with a higher percentage. At this
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Figure IV.7: Identification error of the individual classifiers using the test ses-
sions. As seen from the figure, the identification error of the individual classifiers
decrease as the C' DC' value increases.

point, a question that can be asked is “Is the decision correct when the classifiers

agree on the same speaker?”

In order to answer this question, we should analyze our classifiers for speakers
with high CDC. Figure 1V.4.4.2 shows the identification rates of individual
classifiers as a function of the CDC' using the test sessions. As seen from Figure,
for speakers with large C'DC' values, the identification rates of the classifiers
are large leading to the conclusion that the decisions are actually correct. This
discussion leads to the conclusion that C DC' can be used in defining weights for
the classifiers.
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Table IV.3: Identification error rates of different combination schemes on the
test sessions.

Combination scheme | Identification error rate
LIN-OP 6.36%
LIN-OP-WEIG 6.07%
LIN-OP-INFO 5.50%
LOG-OP 4.62%
LOG-OP-WEIG 4.62%
LOG-OP-INFO 2.90%

IV.4.4.3 Improvements by the Proposed Combination Scheme

We tested several different combination schemes. The scheme LIN-OP corre-
sponds to the linear opinion pool with equal classifier weights. Eq. (IV.25) is
used as the consensus function for identification with w; = wy = 0.5. The com-
bination scheme LIN-OP-WEIG corresponds to the case with w; = 0.89 and
we = 0.93, i.e., the individual identification rates of the classifiers on the test
sessions. The scheme LIN-OP-INFO corresponds to the linear opinion pool with
classifier weights estimated in the proposed information theoretic framework.
The scheme LOG-OP corresponds to the combination approach using logarith-
mic opinion pool where equation Eq. (IV.26) is used with w; = wy = 0.5. The
decisions of this combination is the same as the Bayesian formalism when the
speakers are assumed to be equally probable. The combination scheme LOG-
OP-WEIG corresponds to the case where equation Eq. (IV.26) is used with
w1 = 0.89 and wy = 0.93. For the combination scheme LOG-OP-INFO, the log-
arithmic opinion pool is used where the weights are estimated in the information
theoretic framework proposed in this study. The identification error rates of all
these combination schemes are given in Table IV.3. These results show that the
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proposed weighting gives better results even when the identification rates of the

individual classifiers on the test sessions are used as classifier weights.

IV.5 Experimentsont e 1 t se

In order to verify the generality of the proposed method, the classifier combina-
tion e periments are also conducted on the ING database. In the e periments,
first and second classifiers which were shown to provide complementary informa-
tion are used. The frames of each validation session are similarly partitioned into
20 non overlapping tokens which are then used to train the confusion matrices.
For this database, in order to make the problem more di cult, we used only
one session for model training and one session for validation. In such a case,
e traction of conte tual information about the classifiers becomes much more
important for the classifier combination. ence, it is more interesting to com-
pare the proposed weight estimation method with some other simple intuitive
weight selection approaches.
The weight estimation procedure which was described in detail for the first
set of e periments is repeated for this database. Table IV. gives the ,(j) and
(7) values of the classifiers which are estimated using the validation data.
sing the validation sessions we also obtained =00, 4p=0 5and =T70.
For the speakers with 0 0, more than 0 tokens are misclassified by either
or both of the classifiers. For the speakers with 0 5, the consensus
error rate is 0.05 and this threshold gave the best performance with =70 on
the validation sessions. e have tested the proposed combination scheme on the
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Table IV. : Speaker dependent classifier weights estimated using the validation

Speaker ) | ()| () 0)
.0 .0 2
2 .0 .0 2
.0 .02 0.95
0.9 0.92 2
5 0.95 .0 0.
092 | 0. 9 -0. 7
7 .0 0.99 0.
0.77 | 0.72 2
9 0.92 | 0.00 -
0 0.2 1] 0.0 2
0. 0.92 2
2 .0 .0 27
.0 0.7 2
.0 0.9 0.2
5 0.9 0 27

validation data for some other thresholds less than 0.05 but the best performance
is achieved for 0.05.

The weights are given in tabular form so that the relative values of the nu-
merical quantities assigned to concepts used for the e traction of conte tual

information about the classifiers can more easily be visuali ed. s seen from the

table, ( )= 0 . These values show that the second classifier

(9) =00 but
performs very well in identifying speaker but it could not identify any valida-
tion token of speaker 9. This is actually an important observation which shows
the importance of class dependent classifier reliability information provided by
the weights (jx) about the classifiers.

sing Eq. (IV. 5), the average information provided by the first and second
=0 respectively when the

classifier were calculated as v = 09 and v

validation sessions are used.



IV. . estin the Combination Scheme

Each test session is decomposed into 0 tokens as in the first set of e periments
and Eq. (IV.2 ) is used to test the individual classifiers. The identification rates
of the individual classifiers on the test sessions are 9 % and 7 02% respec-

tively for the first and second classifier.

mong the speakers with (j) = 2, the average consensus error rate
for speakers , , , 0, and , is around %. For speaker 2, this rate is
unfortunately large as % which is not something e pected. e analy ed the
sessions used for training and validation for this speaker and noticed that this is
due to the fact that these sessions contain too much silence regions. 9) =

means that none of the tokens of the corresponding speaker were correctly
identified by either or both of the classifiers. Table IV. shows that the second
classifier could not identify any token of this speaker. Similarly, the classifiers

could not arrive at a consensus for any test session of this speaker.

Table IV.5 gives the identification error rates of different combination schemes
for which Eq. (IV.25) and Eq. (IV.2 ) are used. s seen from the table, even
when the identification rates of the classifiers on the test sessions are used as
classifier weights, no improvement could be achieved. The ratio of the ~ values,
09 /0 = , is less than 09 /07 = 2 but when used together with
other estimated weights, improvements in the identification rates are provided.
In order to find out which set of values are more effective to be used as global
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Table IV.5: Identification error rates of different combination schemes on the
test sessions.

Combination scheme | Identification error rate
LIN-OP 7%
LIN-OP- EIG 7%
LIN-OP-INFO 5 72%
LOG-OP 9 %
LOG-OP- EIG 9 %
LOG-OP-INFO ™%

reliability, we defined a new set of weights as

w=(09) G)BG J)
(IV.27)
w=07) G)BG J)
where v s are replaced by the identification rates of the classifiers on the test
sessions. E periments show that the use of this set of weights performed worse
compared to the weights in their original form.

For both of the databases, the identification rates of the LIN-OP and LOG-
OP combination schemes are tested with different classifier weights using the test
sessions. The weights lie in the interval 0. , .0 with 0. increments. For both
LIN-OP and LOG-OP combination schemes, the highest identification rates that

could be achieved by using different weights are below the identification rates that

could be achieved by weights estimated in the framework proposed in this study.

IV. on sions

In this study, we have presented a relation between classification systems and
information transmission systems. n information theoretic framework is used
for improving the identification rates of the linear and logarithmic opinion pool
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type combination schemes. To demonstrate its effectiveness, we applied the
proposed method to the problem of speaker identification, which requires the
simultaneous use of different feature sets for robustness. Our e periments have
shown that the proposed approach improved the identification rates of both
combination schemes when compared with some classical weighting techniques.
In this study, the problem of selecting the classifiers that provide complementary
information for each other is also addressed and the effectiveness of the proposed
criteria is shown by simulation e periments.  new measure which is named as

is given to take into account the conflict in classifier decisions and this
is later used for weighting the classifiers. This measure also provided us an
important tool to decide on the misleading classifier.

Our e periments have shown that the use of conte tual information is impor-
tant in classifier combination. The information theoretic framework used for this
purpose is shown to be an effective approach by analy ing the relation between
the a priori information e tracted about the classifiers e.g., the amount of infor-
mation provided by decisions etc. and the identification rates of the individual

classifiers.
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V. Intro tion

In the preceeding chapter, speaker identification rates are improved by assigning
different weights to the decisions made by different classifiers. These weights were
calculated according to the information content of the decisions of the classifiers.
The information content of each decision depends on some probabilities which
may not be computed accurately because of insu cient training data in speaker
identification problem. To overcome this di culty a second approach is proposed
which relies on minimum amount of probability information but mainly uses
rough rank-based information about the individual classifiers. Instead of trying
to estimate strict probabilities, we allowed some uncertainty before making the
joint decision.

This rank-based classifier combination scheme under uncertainty is devel-



oped for te t independent speaker identification. The combination is based on
Dempster- hafer theory of evidence since the theory is well suited for the rep-
resentation and processing of uncertain or missing information. The method is
based on the e traction of first and th level ranking statistics. These statis-
tics are used to define th level rank confusion matrices. sing these th level
rank confusion matrices, the speakers are clustered into model sets where they
share set specific properties. ome of these model sets are used to reflect the
strengths and weaknesses of the classifiers where some others carry speaker de-
pendent ranking statistics of the corresponding classifier. These information
sets from multiple classifiers are combined to arrive at a joint decision. For the
combination task, a rule-based algorithm is developed where Dempster s rule
of combination is applied in the final step. The proposed method is applied
to the te t independent speaker identification problem. Our simulation results
have shown that the proposed method performed better compared to some other

rank-based combination methods.

V. In orm tion o r es

In this section, the information e tracted using the raw classifier outputs is de-

scribed. This information is modeled in terms of some sets. These sets are

namely the , the , the and the
efore giving the definitions of these sets, th level confusion matri

is defined.



V. . th eve Con sion atri

Let  denote the total number of speakers and denote the classifier number.

n confusion matri is obtained by using the cross validation data for
each classifier as e plained below. Let  denote the total number of tokens that
belong to speaker in the cross validation data. ach of these tokens is tested
by the classifier and a set of speakers that appears in the top  ranks are
counted. These counts generate the th row of the th level confusion matri |,

. For , the th level confusion matri is given by

where is the number of times that the speaker is ranked in the top

positions when the tokens of the speaker are tested by the classifier . For
= , the matri corresponds to the defined in

and in ection II. . Note that, does not contain the relative ordering

information about the speakers in the top  positions.

V. . ei hbor Set

Let  denote the set of tokens that belong to speaker . iven a token “”, the
th level neighbor set is defined as the set of speakers that are in the top  ranks

when the token is tested by the classifier . This set is denoted by

The probability that a test token belongs to the speaker given that speaker

0



is in the set is

V.2

The conditional probabilities that appear in the above e pression can be appro -

imately obtained from as

where  denotes the total number of cross validation tokens that belongs to .

ssuming that = and =— , . V.2 reduces to

V. .3 Con sion Set

For the classifier  and for each speaker , a confusion set is defined. This is

the set of speakers such that

Notice that is defined using the first level confusion matri for which =

0 includes the speaker if the speaker comes out as the first ranked speaker

7
when the classifier is tested by the cross validation tokens of speaker . During

testing, given the first ranked speaker, the confusion set of this speaker provides

the list of all possible candidates that may be the correct speaker.



V. 4 ad Set

For the classifier , the set is defined as the set of speakers such that

= — = V.
In other words, the set includes the speakers for which only a portion of
the cross validation tokens, determined by the threshold, would be correctly

classified if the first rank were chosen as the correct speaker. s seen from

V. , again first rank confusion matrices are used to define . This set
gives the list of speakers for which the classifier is ine cient in classifying them
in the first rank. ence, the speakers in this set give us information about the

of the classifier.

V. . S re Set

For the classifier , the set  is defined as the set of speakers such that

s seen from the e uation, again first rank confusion matrices are used to define
. This set gives the list of speakers for which the probability of misclassification
is very small when a speaker in this set is first ranked. In order to ensure this
re uirement, the threshold  should be small. The speakers in this set give us

information about the of the classifier.



V. tion o est 1ittin n V es

From this point on, we assume that is a classifier dependent uantity so we
represent the  value of the classifier by . The criteria that should be taken

into account in calculating the best fitting values for S are

. The cardinality of neighbor sets should be large enough so that the prob-

ability that the correct speaker is in these sets is close to

2. The cardinality of these sets should be small enough so that the speakers

in these sets are informative about the correct speaker.

To satisfy the contradicting re uirements, the following formulation is done.

Let denote the correct speaker that the cross validation token belongs. Let

denote an arbitrary speaker. Let us define as

= min V.
where is some uantity which is proportional with the probability that ” 7
is a token of the speaker given the raw data, i.e. of classifier
To be more precise, let = . hen all elements of the
neighbor set are considered, . V. takes the form

V.

It should be noted that for the calculation of the joint distributionin . V. |

an enormous database is re uired which is not practical . ssuming that the



events are independent given and = -
dropping the denominator term which is common to all speakers, and

are defined as

V. 0
It is obvious that a good classifier must create a positive value for each
token. o, a reasonable choice of the objective function may be as
= V.

is the unit step function and is the total number of tokens in the cross
validation data. Note that this must be ma imi ed with respect to . In
other words, the the best fitting value of 2 is the one which
gives the ma imum value of
s stated in ection V. , for reasonable classifiers the first rank speakers
are more informative about the correct speaker. Our e periments on speaker
identification have shown that the of speakers which are placed in the
ranks are also informative about the correct speaker but not as much
as the top rank speaker. o highest rank speakers are treated separately by
putting the constraint that the correct speaker is not first ranked to V.
onse uently, the tokens for which the first ranked speaker is the tested speaker
are e cluded from this  determination phase. Otherwise, the best fitting value
would probably be = which does not satisfy the re uirement in item that

the set includes the correct speaker with a probability close to



The term satisfies the re uirement in item 2 since the value of this
term is e ual to if , and ero otherwise. The ma imum value of
objective function, is the number of the training samples for which the
correct speaker is in the first rank when the neighbor sets for the best fitting
values are used.

The best fitting thresholds for  and  are e perimentally calculated which
ma imi es the correct classification rate using the combination scheme described
in ection V.5 on the training sessions. s given in ection V. | the e perimen-
tally calculated best fitting values of  came out to be very close to ero as

e pected and the best fitting values of  came out to be around 0

V. e oileso Ei1ene n eir si ro iit

ssi nments

The aim of this section is to describe how the classifier dependent basic proba-

bilities are assigned to some classifier dependent sets during testing.

V .4. vai ab e In ormation e ore est

For each classifier , used in the evidence combination, the information e tracted

from the cross validation data can be listed as follows

th level confusion matri corresponding to the best fitting

value of |

2. onfusion sets , = ,



ad set

ure set

where denotes the classifier and denotes the speaker.

V 4. estin an n no n o en

In this section, we describe how to use the information e tracted in ection V.2
for the identification of an unseen test token . During testing, the raw output of
each classifier is its ordered neighbor set where the first ranked speaker
for each  is denoted by

Let = be defined as the set of the first ranked speakers of all

classifiers = 2 . Let be defined as

The intuitive reasoning behind this definition can be stated as follows. Firstly,
from the neighbor sets , the speakers that come out to be first ranked
by any one of the classifiers are selected. It should be noted that the speakers
in the first ranks are more informative about the correct speaker compared to
the speakers placed in second or third or higher ranks. In doing so, the shared
evidence by all sources of information is
Note from . V. that, a speaker is in the bad set of the classifier

if large number of cross validation tokens of this speaker can be in the top
rank of . In other words, is small. imilarly, we do not e pect the test

tokens from these speakers to be in the first rank. owever, we assume that these



speakers are in top ranks. electing these speakers from the neighbor sets
enables the combination scheme to take into account the candidates for correct
speaker in these sets.

Notice that the speakers in the neighbor sets that are in the sure sets of the
classifiers are not taken into account. e make the reason for it clear after the

combination scheme given in ection V.5.

Let the confusion set of the speaker  be denoted by . Then, the confusion
set and speaker in the set are defined as focal elements.
=, = 2 implies
= V.

Let us define

V.
B -5
where and 8, = 2 are design parameters such that B =
Let = » » Where is the cardinality of
Intuitively, each termin . V. should be proportional with
P . ssuming the conditional independence
among the events given and using . V. |

becomes proportional with the a priori probabilities as



Defining ~  as

= V.
becomes
., y
where,
= - o V.
The members of the modified neighbor sets, are naturally used in the

selection of focal elements, although they may not contain the correct speaker
even for the training sessions.  owever, they are more robust since they are
insensitive to the ordering of the speakers in top  so tolerant to changes in the
ranking of the correct speaker.

On the other hand, always contains the correct speaker for the cross
validation tokens. It is assumed that for the test tokens, still contains the
correct speaker. ecause of this, is not defined as a focal element. Only in
the cases where there is insu cient training data or noisy samples, there
may be a risk that the correct speaker is not in the set . In such a case, the
correct speaker is still e pected to be ranked in top speakers so that it is an
element of

nder the assumption that the training sessions are e cient in generali ing
the behavior of the classifiers and considering the fact that the correct speaker
may not always e ist in the neighbor sets, s should be selected to be larger

than 3 s.



nother relationship between  and # can be obtained from the normali ed
value of the objective function : , as defined in . V. with best
fitting value, shows how reliable the neighbors are. o a larger value of
must give a larger value of 3 .
In the light of these facts and assuming that the correct speaker is always be

included in the confusion sets, the relation between s and 3 s becomes

g = V.
B _ V.20
where = / and is the number of tokens which satisfies the
constraint in . V. . In other words, is the percentage of the cross
validation tokens for which the correct speaker is in the top ranks but it is

not first ranked. olving the above e uations simultaneously, we get

- V.2
B = V.22
ere, there is one point that should be made clear. Notice that . V.2
and . V.22 are reasonable only when the correct speaker is not first ranked.

The rule-based combination scheme that is going to be described in the ne t
section uses Dempster- hafer evidence combination formalism only when the
classifiers are in conflict and the conte tual information e tracted about the
classifiers is insu cient for solving the conflict. In other words, in tep where
Dempster- hafer formalism is used, for at least one of the classifier, the first

ranked speaker is not the correct one.



V.5 Ei1ene om in tion n e ision in

In this section, the combination scheme is described and the method that is used
in making the joint decision is presented. In order to combine different bodies of
evidence, a hierarchical combination scheme is developed. The proposed scheme
is e cient in taking into account the strengths and weaknesses of the individual
sources of information.

Let denote the joint decision after combination. The decision algorithm is

as follows
Step . If , then . oto step 5.
Step . If for only one classifier , then . oto step 5.
Step 3. If there are at least two classifiers and  such that and
, then
Step 3. If , then . oto step 5.
Step 3. Otherwise select where is the classifier with best clas-

sification rate on the cross validation sessions. oto step 5.

Step 4. sing the sources of information and their bpas as defined is ec-
tion V. , apply Dempster s rule of combination

and make the joint decision. oto step 5.

Step . nd of the algorithm.

In step , it is checked whether the classifiers reach a consensus in their first

ranked speakers. In this case, this speaker is selected as the joint decision.



tep 2 corresponds to the case where the first ranked speaker of only one
of the classifiers is an element of its sure set. s stated in ection V.2.5, the
classifiers are highly e cient in correctly classifying the samples belonging to
these speakers. In this case, the speaker is selected as the joint decision.
It may be the case that the first ranked speaker of more than one classifier
may be in their sure sets. These speakers may be identical as in the case of step
in which this speaker is the joint decision. On the other hand, these speakers
may be in conflict, that is for at least two classifiers. This situation
is considered in step 2 and the decision is made as speaker = where is the
classifier with best classification rate on the training sessions.
hen none of the conditions stated above are satisfied, Dempster s rule of
combination is applied. The focal elements of the combined body of evidence
are used to decide on the correct speaker. Different criteria that may be used to
arrive at a joint decision were given in section III. . .2. In this study, we used

the decision rule proposed by mets and ennes

V. ppi tiontot e ose et pe erl enti tion

ro em

In order to demonstrate the effectiveness of the combination scheme, the pro-
posed method is applied to the closed-set te t independent speaker identification
problem. In our simulations, classifiers and  which were shown to provide
complementary informationin hapter IV are used in the combination operation.

In the se uel, the e perimental results of the proposed method are presented



Table V. The estimated values of the design parameters on T .

arameter  stimated parameter value

p
0.5
0.5

3 0.

3 0.
0.0
0.5

Table V.2 erformance of the individual classifiers for different combination
methodson T .

lassifier ross validation errors Testing errors
2 5
2
orda count 2 5
ighest rank 2 5
Logistic reg. 22
roposed ethod 2

and it is shown that the identification performance of the proposed combination
scheme is better compared to the individual classifiers.

The performance of the proposed method is tested by four different sets of
speakers, on the OL O T database. The details about these speaker sets
were given in Table II. . The estimated values of the design parameters are
given in Tables V. , V. | V.5 and V. . The classification results which are also
compared with the well known rank-based classifier combination schemes namely

orda count, highest rank and logistic regression are given in Tables V.2, V. |

V. and V. . emember from ection II.5. that there are 00 cross validation



Table V. The estimated values of the design parameters on  T2.

arameter  stimated parameter value

0. 2
0.
15} 0.
I} 0.
0.0
0. 5
2 50 5 555
2 5 55
5555
2 5505
Table V. erformance of the individual classifiers for different combination
methods on  T2.
lassifier ross validation errors Testing errors
0
2
orda count 2 2
ighest rank 0
Logistic reg. 2 0
roposed ethod 5 5

Table V.5 The estimated values of the design parameters on T .

arameter  stimated parameter value




Table V. erformance of the individual classifiers for different combination
methodson T .

lassifier ross validation errors Testing errors
2 52
22 )
orda count 2
ighest rank 25 50
Logistic reg. 2
roposed ethod 2

Table V. The estimated values of the design parameters on T .

arameter  stimated parameter value

0. 2
0.
15} 0.
15} 0.
0.0
0. 2
2 50 5 555
0 50 5 55
5
2 0 5 5
Table V. erformance of the individual classifiers for different combination
methodson T .
lassifier ross validation errors Testing errors
5 20
2
orda count 0
ighest rank 2
Logistic reg. 02

roposed ethod 2 55




tokens and appro imately 500 test tokens in each speaker set.

e should make some comments on the simulation results. Notice that 0
for all four sets of speakers. This means that a first ranked speaker of a classifier
is surely decided as the correct speaker only if there is no risk of misclassification
which is also intuitively reasonable. Notice from the simulation results that a
speaker may be in both sure set and bad set of a classifier. This may seem as
a contradictory result but actually it is not. The sure set takes into account
the behavior of the classifier i.e., it includes the correctly
classified speakers. speaker is in the sure set only if there is almost no risk
in deciding on that speaker when it is first ranked. This is e uivalent to say
that is much greater than the other elements of the th of the
first level confusion matri . On the other hand, bad set takes into account the

behavior of the classifier. This is observed when is not
large enough when compared with the other elements of the th of the first
level confusion matri . o, for speaker in T | and means that
the classifier was in correctly classifying the validation tokens from
speaker but when the first ranked speaker comes out to be , there is no risk

in deciding on this speaker.

Figures V. and V.2 illustrate the value of refer to . V. as a
function of di erent  values respectively for T and T2. emember that
is the number of tokens satisfying the constraint in . V. . For the sake
of brevity, the results of only two sets are given. From Figure V.2, it can be seen
that there is a large drop in correct classification rate in passing from to

5



Correct classification rate
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R value

Figure V. The percentage of correct classification for the cross validation tokens
when the neighbor sets are used and the correct speaker is not the first ranked
in the raw data. The results are for T
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Figure V.2 The percentage of correct classification for the cross validation tokens
when the neighbor sets are used and the correct speaker is not the first ranked
in the raw data. The results are for ~ T2.



t that point, as the value of  increases from to , there is a larger
drop in the values compared to refer to V. 0 . This is probably

due to the insu cient training data used for calculation.

Tables V.2, V. , V. and V. show that the proposed combination scheme
is highly e cient in characteri ing the ranking statistics of the cross validation
sessions and the method performed much better than logistic regression.  ore-
over, the results on test sessions show that the information sources are reliable

in the sense that they generali e the classifier behaviors.

Ithough its performance is promising for the cross validation tokens, the
logistic regression method was not able to perform better compared to the best
individual classifier for the case of test tokens. This is not much surprising since
Tin am o 2 reported that improvement at the top choice is usually
achieved if three or more classifiers are used in the combination task. It was
suggested in 2 that, for the case of two classifiers, correlation in errors prevents

improvements in the top rank choices.

The simulation results show that the orda count and highest rank combi-
nation methods are ine ective in the combination of the classifiers we used for
speaker identification. ecause of the fact that these methods do not use any
conte tual information about the classifiers, the performances of these methods

are in conflict for the cases of cross validation and test tokens.

s a concluding remark, it should be pointed out that each pattern classifica-
tion problem has its own characteristics, hence for speech processing applications,

di erent combination methods should be developed and tested rather than using



the ones proposed in the literature for some other problems and by this way,
better schemes should be identified. ince the combination problem attracted
a lot of interest in the image processing applications, the combination schemes
proposed so far are applied to these problems in general. In our opinion, a high
performance combination scheme in image processing does not always guarantee

a similar performance in speech processing applications.

V. on sions

method of classifier combination using rank level classifier outputs has been
described. In this method, conte tual information about the classifiers is rep-
resented in terms of some information sets. These sets are estimated and then
they are used in a rule-based decision algorithm. In the last step of this decision
algorithm, Dempster- hafer based formalism is used which is highly suitable for
processing uncertain information.

In the described method, the strengths and weaknesses of the individual
classifiers are learned and these facts are used during combination. lso, we
propose the use of the set of top  speakers as a source of information about
the correct speaker. The e periments on speaker identification show that the
proposed combination scheme e ectively learned these ranking statistics about
the individual classifiers and these statistics were e ective in the combination
process.

The way of e tracting conte tual information about the classifiers is shown

to be a highly important issue in the classifier combination task. ence, a combi-



nation scheme is e pected to be an e cient one only if the information e tracted
about the individual classifiers takes into account the nature of the task under

conceril.



In this thesis, we study the weight estimation problem for the linear and loga-
rithmic opinion pool type classifier combination techni ues and also propose a
novel rank-based classifier combination scheme for closed-set speaker identifica-

tion task.

perimental results show that the performance of s is generally bet-
ter than the performance of the individual classifiers. The improvement achieved
compared to the best classifier is dependent on the classifiers used in the combina-
tion. There is a potential to improve the performance of a classifier by combining
its outputs with a complementary classifier which does not make similar errors.

This fact directed the work done in this thesis for speaker identification.

In this thesis, we also proposed a measure of complementariness which led us
to some conclusions. For instance, during testing, at least one of the classifiers
in the should provide correct information. ince complementariness also

00



depends on the conte tual information used in combination operation, it is ac-
tually a di cult task to define a very general measure. ut, once the conte tual
information and the combination scheme is fi ed, it guides for optimal selection
of a subset of classifiers to be used in an . s a further study, optimal
classifier selection based on the proposed complementariness measure should be

considered.

nother important factor that a ects the overall performance of the combined
system is the conte tual information e tracted form the individual classifiers.
It should be reliable in the sense that it generali es the classifier behaviors.
Otherwise, misleading information from a classifier may result in a degradation
of the performance of the . Thus, the conte tual information e traction
phase is completely problem dependent. rbitrary selection of the classifiers and

the conte tual information may not lead to a reasonable

e used the information theoretic concepts in the estimation of classifier
weights for linear and logarithmic pools. imulation results have shown that
the estimated set of weights performed better compared to some classical weight
selection approaches. The basic concepts borrowed from the information theory
were shown to be e ective tools for e traction of conte tual information. e be-
lieve that the e tracted information may be reliably used in di erent combination
schemes, and they are not restricted to be used in the LIN-O or LO -O com-
bination schemes. s an e ample, they may be used to assign a class dependent
confidence value to each classifier and use these values in the dynamic classifier

selection problem.



potential di culty in developing better s is the limitation in the
si e of the training data. specially, for the estimation of joint statistics of the
classifiers, large amount of training data is re uired. onse uently, estimation

of unreliable statistics should be avoided.

In hapter V, a heuristic approach for e tracting conte tual information
about the classifiers is proposed. Then, these information sources are combined
by a rule-based algorithm where Dempster- hafer formalism is used in the final
step. The marginal statistics used are shown to be e ective in determining
the strengths and the weaknesses of the individual classifiers. The meaning
of complementariness of the classifiers may be more easily understood in this
combination scheme. s an e ample, as the sure sets become more disjoint, the
classifiers perform well for di erent speakers and possibly, a speaker that is in

the bad set of a classifier is in the sure set of the other classifier.

For the speaker identification task, plenty of di erent features and classifi-
cation algorithms are proposed in the literature. ut, it is still very di cult to
implement a uni ue classifier which provides su cient performance for practi-
cal applications. Therefore, the approach is a candidate for developing
better speaker identification systems. Omne possible direction of research is to
modify the e isting classifiers so that they become e perts for resolving di erent
problems.  classifier that is highly tolerant to variabilities in channel charac-
teristics for telephone based applications can be used together with another
classifier which is e ective in compensating the e ects of using handsets with
di erent characteristics in a . In this case, the classifiers do not fail be-

02



cause of the same practical reason and they provide complementary information
for the . This kind of approach is also useful for other pattern recognition
problems.

The tasks of individual classifier design and the design of classification systems
that use a multitude of these individual classifiers are highly related. s the
classifier combination studies reach maturity age, they will dictate the kind of
classifiers that should be used. onse uently, in order to design better S,
the studies in the design of individual and combined classification systems should
be done in a cyclic fashion. In other words, studies on the classifier combination

task should provide feedback for the optimal selection of the individual classifiers.
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