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ABSTRACT

Inthis paper, speaker identification using the Dempster-Shafer

theory of evidence is discussed. The objective is to use
the complementary information present from different clas-
sifiers to fuse the classification results into a single deci-
sion. Here, we use a decreasing function of the distance
(of the classifiers) as our belief function. In the case of
speaker identification, we show that a combined classifier
based on the Dempster-Shafer theory outperformstheindid-
vidual LPCC and MFCC classifiers when used separately.

1. INTRODUCTION

The ultimate goal of robust pattern recognition systemsisto
achieve the classification accuracy for thetask at hand. This
objective traditionally led to the development of different
classification schemes for any pattern recognition problem
to be solved. However various classifiers differ from each
other in terms of the different feature sets used and therefore
exhibit complementary information [1]. It followsthat com-
bining different classifiersfor agiven problem in an efficient
way would result in an improved classification rate [2]. In
this context Dempster-Shafer Theory of Evidence (DST) [3]
has shown some promising results [4], [2]. The DST [3] is
a powerful tool for representing uncertain knowledge. This
theory has inspired many researchers to investigate differ-
ent aspects related to uncertainty and lack of knowledge and
their applications to real life problems [5]. Classifier com-
bination is one of such problems. In this paper, we have
developed a generic algorithm, the NNEF (Nearest Neigh-
bor based Evidence Fusion), to combine nearest neighbor
classifiers using the DST. Here the algorithm is applied to
the problem of speaker recognition.

With the exponential growth in technology and the growth
in business carried worldwide, it isbecoming crucial to build
automated systems that identify people. Traditionally, body
characteristics such as face and voice have been success-
fully used in identification. Such body characteristics or
more generally biometrics, first came into extensive use for

law-enforcement and legal purposes, identification of crimi-
nalsandillega aiens. It was expanded for usage in security
clearances for employees in sensitive jobs, paternity deter-
minations, forensics, positive identifications of convictsand
prisoners, and so on. Today, however, many civilian and
private-sector applications areincreasingly using biometrics
to establish personal identification. Nowadays commonly
used biometricsinclude: fingerprints, hand or palm geome-
try, reting, irisand facial characteristics. Behavioral charac-
tersinclude signature, voice (which also hasaphysical com-
ponent), keystroke pattern, and gait. Of this class of bio-
metrics, technologies for face and voice are the most estab-
lished. Voice biometric has the most potential for growth,
because it requires no new hardware, as most PCs already
contain a microphone.However, poor quality microphones
and ambient noise can severely affect verification.

2. COMBINING CLASSIFIERSUSING THE
DEMPSTER-SHAFER THEORY OF EVIDENCE

2.1. Motivation and Fundamental Concepts

Let usfirst give asimple example to explain the concept un-
certainty. Let 6 represent the following proposition: the pas-
sionfruit isdelicious. Then, according to the Bayesian theo-
rem, P(6) + P(0) = 1, where § is negation of 6. Now sup-
pose that Jim has not tasted the passionfruit before. Then,
we cannot say that Jim believes the proposition if he has
no idea what it means. Also, it is not fair to say that he
disbelieves the proposition. This problem can be better rep-
resented by the Dempster-Shafer (D-S) theory of evidence,
which is regarded as a more general approach to represent-
ing uncertainty than the Bayesian approach. The D-Stheory
would denote Jim's belief of the proposition, m(6), and dis-
belief, m(0), as both being zero. The Bayesian approach
does not alow this.

Thus, the difference between the Bayesian statistical model
and the D-S evidentia theory is conceptual. In the statisti-
cal moddl, it is assumed that there is a Boolean phenomena
which either does or does not exist. The result of this as-



sumption leads to the implication that commitment of belief
to a hypothesis leads to the commitment of the remaining
belief to its negation. If thereislittle belief for the existence
of a phenomena this would imply, under the Bayesian for-
mulation, a large belief to its non-existence, which is what
we call over-commitment. In D-S theory, one considers the
evidence in favor of a hypothesis. There is no causa rela-
tionship between a hypothesis and its negation, hence lack
of belief does not imply disbelief. Rather, lack of belief in
any particular hypothesis implies belief in the set of al hy-
potheses, which is referred to as the state of uncertainty. If
we denote the uncertainty by ©, then in the above example
m(©) = 1, which is calculated by the following formula
m(0) +m(0) + m(©) = 1. Inthiswork, we will use such
D-Stheory to solve the problem of speaker identification.

2.2. The Dempster-Shafer Theory of Evidence

The D-S theory of evidence [3] is a powerful tool for rep-
resenting uncertain knowledge. This theory has inspired
many researchers to investigate different aspects related to
uncertainty and lack of knowledge and their applications to
rea life problems [5]. Today, the D-S theory covers sev-
erd different modelsincluding the transferable belief model
(TBM) [3].

In order to explain the combination rule under the TBM
model, we need to present the definitions of basic belief as-
signment and belief function. Let © = {6,,....0x} be a
finite set of possible hypotheses. This set is referred to as
the frame of discernment, and its powerset denoted by 2€.
The basic belief assignment of a subset of © and the belief
function associated with it are defined as follows:

2.2.1. Basic Belief Assignment (BBA)

A basic belief assignment m(.) is a function that assigns a
value in [0,1] to every subset A of © and satisfies the fol-
lowing:

m(¢) = 0,and Z m(A) =1 1)

ACO

where ¢ is the empty set. It is worth noting that m(¢)
can be non-zero when considering un-normalized combina-
tion rule aswill be explained later. Whilein probability the-
ory ameasure of probability isassigned to atomic hypothe-
ses 6;, m(A) is the measure of belief that supports A, but
does not support anything more specific, i.e., strict subsets
of A. For A # 0,, m(A) reflects some ignorance because
it isabelief that we cannot subdivide A into finer subsets.
m(A) is a measure of support we are willing to assign to
a composite hypothesis A at the expense of support m(6;)
of atomic hypotheses 6,. For a particular frame of discern-
ment ©, if we set m(0; # 0) for al 6, and m(A) = 0
for al A # 6;, then m(6;) becomes probability of 6; with

>, m(6;) = 1. Asubset Aforwhichm(A) > Oiscalleda
focal element. The partial ignorance associated with A leads
to the following inequality: m(A) + m(A) < 1, where A
is the complement of A. In other words, the D-S theory of
evidence allows us to represent only our actual knowledge
without being forced to overcommit when we are ignorant.

2.2.2. Belief Function

The belief function, bel(.), associated with the BBA m(.)
isafunction that assignsavalue in [0,1] to every nonempty
subset B of ©. Itiscalled degree of belief in B and isdefined

by
bel(B) = > m(A) %)

ACB
where A is subset of B. We can consider a basic be-
lief assignment as a generalization of a probability density
function whereas a belief function is a generalization of a
probability distribution function.

2.2.3. Combination rule

Consider two BBAs m4(.) and mo(.) for belief functions
bely(.) and bely(.) respectively. Let A ; and By, befocal el-
ements of bel; (.) and bely(.) respectively. Then m;(.) and
ms(.) can be combined to obtain the belief committed to
C C © according to the following combination or orthogo-
nal sumformula[3],

m(C) = mi(C) ®my(C) ©)

> ma(A;)ma(By)
_ 4.k, A;NBr=C C
1= > ma(Aj)ma(By) 7o

Jik,A;NBr=¢

The denominator is a normalizing factor, which intu-
itively measures how much my (.) and ma(.) are conflicting.
Smets [6] proposed the un-normalized combination rule :

m1(C) Nmy(C) = m1(A;)mz(B), (4
j,k,A;NBR=C
vCCO

Here we propose to use the D-S theory to the problem
of combining the classification results of different classifiers
by considering the evidence of each classifier as a BBA.
Since the classifiers evidence plays a crucia role in the
combination performance, there is an increased interest in
the proper estimation of such evidence. In the next section,
we discuss our proposed method of estimating belief in a
distance classifier and its implementation for the speaker
recognition problem.



3. THE PROPOSED DST FRAMEWORK FOR
CLASSIFIER COMBINATION

3.1. Dempster-Shafer Formulation of the Problem

Consider the case of N classifiers denoted by e(™), where
n=12.... N. Let X}, be the training data matrix for

eachclass, k = 1,2, ...... K, K being total number of classes.

We will assume here equal amount of training for each of
the classes. Also let 6;, be the label for each class k. Now,
the feature extraction module of each classifier extracts a
feature matrix X,(C"). We define a modeling function €(.)
which models each class so that

Q(x](cn)):U](cn); k= 1,2,....K (5)
n = 1,2,....N (6)

Let z be an input test pattern which ismodeled in asim-
ilar way :
Qz)=12 7
For the case of a single classifier, the classification task
isto assign class to pattern z if:

D(U;,Z) < D(U,,Z)Vk=1,2,... K (k#i) (8

where U, is the model for each class &k, and U; be-
ing the nearest neighbor to Z. D(.) is a distance measure
between the test pattern model (Z) and the training pattern
modelsfor eachclass(U, k=1,2,..., K).

Assume now that we have N classifiers, so that each
classifier operates on the test model independently to reach
an independent decision.

Since for each classifier, the function ©(.) models the
patterns in the same manner, we propose the nearest neigh-

(n)
bor distance min{D(U,(C"), Z)} asthe evidence of our be-

k
lief in the decision made by classifier n. Thus, the belief
becomes a decreasing function (say v (.)) of this distance:

m®) (i) = v(min(D(UL. 2))) ©
k

wherem (™) (i) isour belief in classifier n for classifying
test pattern z as class i.

One candidate for the function «(.) could be the expo-
nential function:

(n)
m™ (i) = ep( — (WIn{D(UL2)}) (10
k

Hence the smaller the nearest neighbor distance mea-
sure, the greater is our belief in the decision of the classifier.
In summary our algorithm works as follows:

. Each class is modeled using the training data matrix

X,k = 1,2,..., K and the function Q(X](C”)) =
P

. Input test pattern z is also modeled using the same

modeling function §2(.), i.eQ(z) = Z.

. A distance measure, D(.) isthen used to evaluate the

distance between Z and each of themodels U™, k =
1,2,....K.

. For each classifier, alabel is given to the test pattern

z which corresponds to minimum distance measure

n : (n) n
d™ = min{D(U",Z)} (11)
k
n = 1,2,....N
k= 1,2,....K

. We estimate our confidence in each classifier's deci-

sion as;

m(™ (i) = exp(—d™) (12)

. Wethen combineall evidencesm(®) n=1,2,....N

using Dempster-Shafer theory of evidence asfollows:

o mAy) .. mMN (A
j,l,A]’ﬂAlik

m(k) = (13)
1— > mWAy)...mMNMAy)
3LAGNA =0
k=1,2,...,.K
. Classlabel j isassigned to test pattern if
j=max{m(k)}; k=1,2,...K (14)

k

Some special casesto be considered are:

() if all classifiers reject a pattern, the consensus
decision will then be rejection and thus our be-
lief will be given to the frame of discernment
m(©) = 1.

(b) if asubset of classifierssay M rejects atest pat-
tern, then these classifiers will be excluded and
the decision will be made on basis of remaining
(N — M) classifiers.



4. THE DEVELOPED SPEAKER RECOGNITION
SYSTEM

Among the biometric traits available for the purpose of per-
son identification, speech makes the most natural and obvi-
ous choice. Automatic speaker recognition (ASR) systems
identify people utilizing the utterances.

We have developed two different speaker recognition
systems, the main difference between the two systems re-
sidesin the different features used. Specifically we used the
LPCC (Linear Prediction Cepstral Coefficients) and MFCC
(Mél Freguency Cepstral Coefficients) methods of feature
extraction.

4.1. Feature Extraction through LPCC

One of the most popular speech analysis techniques is that
of linear prediction. The basic idea behind linear predic-
tion analysis is that a specific speech sample at the current
time can be approximated as a linear combination of past
speech samples. The mathematical details could be found
in[7]. We have used the work in [8] to implement an LPCC
system. The order of the linear prediction filter is 10.

4.2. Feature Extraction through MFCC

MFCC is perhaps the best known and the most popular fea-
ture extraction technique for speech signals. The main pur-
pose of the MFCC isto imitate the behavior of ahuman ear.
Psychophysical studies have shown that human perception
of the frequency contents of sounds for speech signals does
not follow alinear scale. Thus for each tone with an actual
frequency f, measured in hertz, a subjective pitch is mea-
sured on a scale called the Mdl scale [9]. We have used the
work in [10] to obtain the MFCC features.

4.3. The Speaker Recognition System

We consider second order statistical modeling of speech, as-
suming a wide sense stationary process (WSS) as proposed
in[11]. Let Xy be the training data matrix for class &, so
that we have b samples available per class for training. Let
{x1,%2,...,Xp}, beaset of b feature vectors available for
class k. Given the b patterns available for training per class,
we model aclass k through the mean and covariance matrix
asfollows:

b3S

Il

S =
M-
2

(15)
=1
(16)
1 b
U = gZ(><i—§<)(><i—5<)f (17)

N
Il
—

Similarly for atest pattern z, we derive acovariance ma-
trix Z. Once we have devel oped the second-order statistical
models, we apply an arithmetic-harmonic sphericity mea-
sure [11] as the distance metric between X and Z, thus

tr(UxZ Htr(ZUi )

2 )

Dsph(Uk,Z) = log m

ko= 1,2,...K. (18)

wherem isthedimension of thefeature vector and tr(A)
istrace of A. The distance measures are mapped to [0, 1]
with a sigmoid function.

4.4. DST based Fusion of Speaker Recognition Systems
using the Proposed NNEF Algorithm

We are now at the stage of testing our proposed fusion al-
gorithm. Note that although the features are heterogeneous,
they are reduced to the same distance metric, and thus we
can safely take the distance as an evidence measure since
there is no need for normalization. We have used a locally
devel oped text-dependent database consisting of 40 classes.
The password for authentication is the arabic greeting sen-
tence assalam-o-alaikum wa rahmatullah-e-wabar akathu.

We tested our algorithm under three evaluation proto-
cols:

1. Evaluation Protocol 1: Under the first evaluation
protocol we verify our fusion algorithm (NNEF) when
we assume one classifier is perfect. In our caseit is
the MFCC based classifier, which resulted in a0% re-
jection and substitution (misclassification) rate. The
NNEF agorithm aso resulted in a 100% classifica
tion accuracy. Thus the evidence of MFCC classifier
is strong enough to dominate the decision of LPCC,
the DST fusion of the two, thereby giving optimal re-

sults.

Method | Training | Testing | Recog.
MFCC 5 3 100%
LPCC 5 3 91.67%
NNEF 5 3 100%

Table 1. DST fusion results under evaluation protocol 1

Table 1 clearly shows that when combining a perfect
classifier with a poor classifier, the proposed NNEF
algorithm optsfor the perfect classifier, thereby avoid-
ing the averaging phenomenon.

2. Evaluation Protocol 2: Under the second evaluation
protocol, we modify our MFCC and LPCC classifiers
by introducing a threshold value « for rgjection. The



Method | Training | Testing | Recog.
MFCC 5 3 91.67%
LPCC 5 3 87.5%
NNEF 5 3 95.83%

Table 2. DST fusion results under evaluation protocol 2

values of o being 0.53 and 0.6 for MFCC and LPCC
classifiers respectively.

The recognition accuracy of the two classifiers has
thus been reduced to 91.67% for MFCC and 87.5%
for LPCC (seetable 2). The DST based fusion of the
two classifiers' decision using the proposed NNEF al-
gorithm outperformed the two individual classifiers
giving an improved recognition rate of 95.83%.

3. Evaluation Protocol 3: Under Evaluation Protocol
3, we make the problem more complicated by adding
white Gaussian noise to the speech data. Theaim is
to verify the robustness of the NNEF algorithm under
noisy conditions.

Method | Training | Testing | Recog.
MFCC 5 3 87.5%
LPCC 5 3 86.6%
NNEF 5 3 93.33%

Table 3. Results of the NNEF algorithm for 20dB SNR

The results for noise contaminated speech data for dif-
ferent SNR values are shown in tables 3 and 4. For 20dB
and 15dB SNR the NNEF a gorithm shows an improvement
of 6% and 5% respectively, over the best of the combining
classifiers.

5. CONCLUSION

In this paper, we developed a new approach for combining
the results of 2 different classifiers used in speaker identi-
fication. In particular, we use the concept of evidence to
combine two or more different classifiers. Based on such
concept, we showed that we can improve the classification
results of the LPCC and the MFCC classifiers when used

separately.

Method | Training | Testing | Recog.
MFCC 5 3 85%
LPCC 5 3 83.3%
NNEF 5 3 90%

Table 4. Results of the NNEF algorithm for 15dB SNR
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