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Abstract

The front-end used in many speaker recognition
systems extracts, from the input speech signal, a set
of coe�cients based on a mel-cepstrum technique.
This paper addresses the problem of e�ciency of mel-
cepstrum coe�cients in a speaker recognition system
and suggests a technique permitting an appropriate
choice of these coe�cients. It is shown, by the re-
sults obtained, that this technique can signi�cantly
increase the performance of a speaker recognition sys-
tem.

1 INTRODUCTION

Automatic speaker recognition involves �rst a
speech analysis process whose role is to extract from
the input speech signal a set of feature vectors which
reects a person's vocal-tract structure. The classical
approach used in many systems consists of evaluat-
ing a set of input coe�cients over a 30-ms window.
The coe�cient vectors are updated each 10 ms and
are generally calculated according to a mel-cepstrum
technique [1].

An important application of automatic speaker
recognition concerns the possibility of verifying a per-
son's identity prior to admission to a secure facility
or to a transaction over the telephone. It follows that
the data used to train and test speaker recognition
systems are collected through the telephone network.
Because the channel involved in the communication
can vary from call to call, there is often an acous-
tic mismatch between the data collected to train the
speaker models and the data used during the test-
ing process, which a�ects the performance of many
speaker recognition systems.

Many algorithms, addressing the mismatch prob-
lem, have been proposed in the literature. Some,
known as channel compensation methods [2], are

based on variance transformation techniques to in-
crease the acoustic coverage of the speaker models.
The cepstral mean substraction technique [3] is often
used to reduce the mismatch e�ects. This contribu-
tion deals with coe�cient evaluation techniques that
are less sensitive to channel e�ects.
Previous work has been conducted [4]in extracting

speech features for speaker recognition. The use of
formants or fundamental frequency as input parame-
ters have been explored. This paper concentrates on a
technique to evaluate the performance of input coe�-
cients used in speaker recognition according to Gaus-
sian Mixture Model (GMM) and suggests a method
to calculate new coe�cients that are more robust to
channel e�ects.
The rest of this paper is organized as follows. Sec-

tion 2 gives an overview of the Gaussian mixture mod-
els, section 3 presents the algorithm for coe�cient
performance measurement, section 4 explains the co-
e�cient evaluation technique, section 5 describes the
test procedures and presents some comparative re-
sults between di�erent systems and section 6 summa-
rizes this contribution.

2 GAUSSIAN MIXTURE
MODEL

Unlike the clear correlation between phonemes and
spectral resonances, there are no acoustic cues specif-
ically or exclusively dealing with speaker identity.
Most of the parameters and features used in speech
analysis contain information useful for the identi�-
cation of both the speaker and the spoken message.
Indeed a mel-cepstral feature representation is often
used as well in speech as in speaker recognition sys-
tems.
The two types of information, however, are coded

quite di�erently. In a speech recognition system, de-
cisions are made for every phone or word; a speaker
recognition system requires only one decision, based
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on parts or all of a test utterance. One of the most
common methods used in text-independent cases,
where training and testing involve di�erent phrases,
is GMM. According to this approach, each speaker is
represented by a model

� = fpm; �m;�mg; m = 1; � � � ;M; (1)

whereM is the number of component densities of the
form:

bm(x) =
(2�)�D=2

j�mj1=2
exp(�

1

2
(x � �m)

0

��1m (x� �m)):

(2)
�m and �m are respectively mean vector and covari-
ance matrix and x is a feature vector of dimension D.
The Gaussian mixture density is given by:

p(xj�) =

MX

m=1

pmbm(x): (3)

pm are the mixture weights satisfying the constraint
that

P
pm = 1:

The �rst motivation for using Gaussian mixture
densities as a representation of speaker identity is
the intuitive notion that the individual component
densities of a multi-modal density may model some
underlying set of acoustic classes.
Given a set, X , of training feature vectors for a

speaker, the estimation of the model parameters, �, is
generally performed using the EM algorithm [4]. This
algorithm can be summarized as follows. The process
begins with an initial model �; a new model �

0

is es-
timated such that p(X j�

0

) � p(X j�). The new model
then becomes the initial model for the next iteration
and the process is repeated until some convergence
threshold is reached. Once the training step has been
completed, the automatic speaker identi�cation can
take place.

The identi�cation process requires choosing which
of the N speakers known to the system best matches
a given set of feature vectors, xt, of dimension T . The
objective is then to �nd the speaker model which has
the maximum a posteriori probability for a given ob-
servation sequence, that is, speaker n will be identi-
�ed if

p(�njX) > p(�kjX); 8k 6= n: (4)

Assuming that speakers are equally likely and ob-
servation vectors, xt, are statistically independent, it
can be shown that the rule of decision consists of as-
sociating speaker n to the test voice if:

TX

t=1

log p(xtj�n) >
TX

t=1

log p(xtj�k); 8k 6= n: (5)

In this equation, xt is a vector whose elements are
input coe�cients evaluated at time t at the front-
end of the system. Section 3 suggests a technique
to evaluate the contribution of each coe�cient in the
speaker recognition process.

3 Coe�cient Performance

The Gaussian Mixture Model is recognised as one
of the most accurate models for automatic speaker
recognition over telephone lines. According to this
model the probability of observing x given a speaker
model � as de�ned by equation 3 is an arithmetic
mean of a set of gaussian densities. Let us de�ne
p

0

(xj�) as a geometric mean of the same gaussian
densities, that is,

p
0

(xj�) =

MY

m=1

(bm(x))
pm ; (6)

replacing bm by its value, equation 2, in the previ-
ous equation and neglecting the term (2�)D=2, p

0

(xj�)
is equal to

MY

m=1

(
1

j�mj1=2
exp(�

1

2
(x��m)

0

��1m (x��m)))
pm : (7)

Assuming that �m is a diagonal covariance, we ob-
tain for p

0

(xj�) the following expression:

MY

m=1

exp(�
1

2
pm(

DX

i=1

(xi � �m;i)
2

�2i;m
+ 2 ln(�i;m))) (8)

where xi is the ith coe�cient appearing in input
vector parameter of dimension D. Taking the loga-
rithm on both sides of this equation, we obtain:

ln p
0

(xj�) = �
1

2

DX

i=1

MX

m=1

pm(
(xi � �m;i)

2

�2i;m
+2 ln(�i;m))

(9)
De�ning �i as

�i =

MX

m=1

pm(
(xi � �m;i)

2

�2i;m
+ 2 ln(�i;m)) (10)

we obtain

ln p
0

(xj�) = �
1

2

DX

i=1

�i: (11)

It is important to realize that �i is a function of the
input coe�cient xi, calculated at a given time t, and



for a speaker model �. Based on equation 5 we can
rede�ne the rule of decision as follows and associate
speaker n to the test voice if:

DX

i=1

TX

t=1

�i;t;�n <

DX

i=1

TX

t=1

�i;t;�k ; 8k 6= n: (12)

De�ning �i;�n as

�i;�n =

TX

t=1

�i;t;�n (13)

we obtain for the rule of decision in the following
equation:

DX

i=1

�i;�n <

DX

i=1

�i;�k ; 8k 6= n: (14)

The chief feature of this last equation is its empha-
sis on the contribution of each input coe�cient i in
the speaker recognition process. Indeed, the identi-
�ed speaker is the one for which the sum of the ele-
ments over the entire set of coe�cients is less than the
term appearing on the right side of the equation. For
some values of i the sense of the inequality, de�ned
by equation 14, could not be respected.

In this contribution we have evaluated the e�-
ciency of each coe�cient in the recognition process ac-
cording to the following procedure. For each speaker
the same data used in the training phase is also
used during the recognition phase, hence the correct
speaker is always recognized. We consider a coe�-
cient i to be ine�cient if speaker n is identi�ed while

�i;�n > �i;�k (15)

for some values of k. The level of ine�cacy of a par-
ticular coe�cient depends on how many times equa-
tion xxx is true. If speaker n is recognized while

�i;�n > �i;�k ; 8k 6= n; (16)

then the coe�cient xi can be considered as irrele-
vant for the speaker recognition process. During the
evaluation procedure of the input coe�cients, this
condition has never appeared, which let us to be-
lieve, that the coe�cients we have used are not to-
tally ine�cient for speaker recognition according to
our method. Some seem better than others. The
next section describes the procedure used in this pa-
per to evaluate an appropriate set of input coe�cients
according to their e�ciency.

4 Coe�cient Evaluation

The most common set of coe�cients generally used
for speaker recognition are Mel Frequency Cepstral
Coe�cients whose evaluation involves the use of a
set of band-pass �lters. Changing the value of these
coe�cients requires a modi�cation in the bandwith of
each �lter or a modi�cation in their position. In [5] a
new algorithm was presented to evaluate input coef-
�cients based on the Mel scale, which is more exible
than the classical MFCC technique. It is this algo-
rithm that is used in this paper to evaluate input
parameters.
Assuming thatM static coe�cients are needed, the

main steps of this procedure can be summarised as
follows, for each value of m:
1. Evaluate a vector of position Pm, whose ele-

ments, Pm;l, are given by:

Pm;l = (10
l

m

�

2595 � 1); 0 � l � m: (17)

The right side of this equation is based on the
inverse of the equation, de�ning the mel scale.
The value of  is generally equal to 700; the value
of � is chosen in such a way that the last element,
Pm;m, is equal to 4000 Hz for telephone speech.

2. De�ne between each pair of elements, Pm;l and
Pm;l+1, a subset of vectors, ewm;l, given by:

ewm;l = f(�1)l cos(
�

Il
(i� 0:5)) j 1 � i � Ilg;

(18)
where Il is the total number of energy elements
xk between Pm;l and Pm;l+1.

3. Concatenate all the vectors ewm;l for 0 � l � m

to obtain the �nal vector fWm, that is,

fWm =
[

l2[0;m�1]

ewm;l: (19)

The set of vectors fWm with m 2 [1;M ] acts as a
base of projection for the spectral energy vector X ,
obtained after the fast Fourier Transform. The set of
coe�cients, cm, obtained using fWm is given by:

cm = �

KX

k=1

fWm;k log10(xk): (20)

To modify the values of the coe�cients cm, we mod-
ify the base of projection fWm by changing the value
of  de�ned in the previous algorithm.
Experiments conducted in this paper are based on

three value of , 350, 700 and 1400; hence three dif-
ferents set of coe�cients. In order to determine the
most e�cient coe�cients of each set, the following
test has been conducted, according to the algorithm



de�ned in section 3. For each speaker n in the train-
ing set, we calculate, yi, corresponding to the number
of times

�i;�n > �i;�k (21)

that the input utterance belongs to speaker n. For
each set of coe�cients de�ned by a given value of ,
we retain the 5 coe�cients for which yi is minimum,
allowing us to obtain 15 static coe�cients. The dy-
namic coe�cients are deduced accordingly. The fol-
lowing section described results obtained when this
technique is applied.

5 TESTS AND RESULTS

The algorithms presented in this paper are used
in the text-independent speaker identi�cation system
of INRS-Telecommunications. The evaluation of the
system was conducted using a subset of 14 speakers
of the Spidre database. The vectors xt, containing
15 static and dynamic coe�cients, are evaluated fol-
lowing the algorithms presented in section 3 and 4.
The gaussian mixture models, � containing 20 com-
ponent densities, are evaluated following the expec-
tation maximisation (EM) algorithm [6]. For each
speaker the models are evaluated using approximately
60 seconds of speech from one channel, channel A.
The identi�cation is performed using approximately
10 seconds of speech. Table 1 shows comparative re-
sults obtained when only one model is used and when
two models, as suggested in this paper, are used.

Type of coe�cients A B
 = 350 95.5% 35.6%
 = 700 97.8% 36.7%
 = 1400 99.1% 38.1%

mix 99.1% 41.7%

Table 1: Comparative results between di�erent set of
coe�cients.

Results in column A are obtained when the train-
ing and the recognition are performed using the same
transmission channel. Results in column B are ob-
tained when di�erent transmission channels are used
for training and recognition. The performance of the
speaker recognition system seems to increase with .
The mix coe�cients are those obtained when the 5
best static coe�cients of each group are retained, ac-
cording to the procedure described in section 3, and
grouped together to form a speci�c set of coe�cients.

6 SUMMARY

In this paper we have presented an algorithm to
evaluate the performance of input coe�cients. It

is based on a modi�cation of the Gaussian Mixture
Model; changing the arithmetic mean for a geometric
mean with a diagonal covariance matrix.
We have explored the possibility of using this algo-

rithm from among di�erents set of input coe�cients
in order to retain those more adequate for speaker
recognition according to the criteria de�ned in sec-
tion 3. result obtained with this technique give a
con�dence interval about its use in speaker recogni-
tion process.
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