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ABSTRACT

This paper proposes normalisation methods based on fuzzy
set theory for speaker veri�cation. A claimed speaker's score
used to accept or reject this speaker is viewed as a fuzzy
membership function. We propose two scores: the fuzzy en-
tropy and fuzzy C-means membership functions. Moreover,
a likelihood transformation is considered to obtain a general
approach and, based on this, �ve more fuzzy scores are pro-
posed. Finally, a noise clustering method is applied to the
current and proposed methods, reducing the equal error rate
in all cases. Experiments performed on the ANDOSL and
YOHO speech corpora show better results for all proposed
methods.

1. INTRODUCTION

In speaker veri�cation, an identity claim is made by an un-
known speaker, and an utterance of this speaker is used to
compute a similarity score compared with the model for
the speaker whose identity is claimed. In all veri�cation
paradigms, there are two classes of errors: false rejections
and false acceptances. An equal error rate (EER) condition
is often used to adjust system parameters so that the two
types of errors are equal. Speaker veri�cation performance
is strongly a�ected by variations in signal characteristics,
therefore normalisation methods have been applied to com-
pensate for these variations [1]-[3]. For practical implemen-
tations, the use of \cohort speakers" as a background speaker
set that is representative of the impostors' population close
to the claimed speaker has been proposed [2].

Consider the speaker veri�cation problem in fuzzy set
theory. Since input utterances belong to either the claimed
speaker or impostors, the set of input utterances can be di-
vided into two subsets for the claimed speaker and impos-
tors. Computing the claimed speaker's score for an input
utterance can be viewed as a fuzzi�cation process, where
two above subsets are considered as fuzzy subsets and the
score means the fuzzy membership function, which denotes
the degree of belonging of the input utterance to the claimed
speaker. Accepting (or rejecting) the claimed speaker is thus
viewed as a defuzzi�cation process, where the input utter-
ance is (or is not) in the claimed speaker's fuzzy subset if the
fuzzy membership value is (or is not) greater than the given
threshold. According to this fuzzy set theory-based view-
point, currently used scores are viewed as fuzzy membership
scores and inversely, other fuzzy memberships can be used as
the claimed speaker's scores. So the fuzzy entropy (FE) and

the well-known fuzzy C-means (FCM) memberships coming
from fuzzy clustering [4],[5] are proposed and experimentally
evaluated as e�cient scores. As an extension, a transforma-
tion is established to relate these proposed scores to currently
used likelihood ratio scores and subsequently, more e�cient
fuzzy membership scores are proposed for speaker veri�ca-
tion.

The use of the background speaker set in the current and
proposed scores can cause the false acceptances of impostors
because of the relativity of the ratio-based values. Interest-
ingly, this problem can be overcome by applying the idea
of the well-known noise clustering method [7] in fuzzy clus-
tering, where impostor's utterances are considered as noisy
data and thus should have arbitrarily small fuzzy member-
ship scores in the claimed speaker's fuzzy subset. This is
implemented by simply adding to the normalisation term a
constant membership value, which denotes belonging of all
input utterances to the impostors' fuzzy subset.

Speaker veri�cation experiments are performed on the
ANDOSL corpus including 108 speakers and on the YOHO
corpus including 138 speakers.

2. SPEAKER VERIFICATION

Let �0 be the claimed speaker model and � be a model repre-
senting all other possible speakers, i.e. impostors. P (Xj�0)
and P (Xj�) are the likelihood functions of the claimed speaker
and impostors, respectively. For a given input utterance X
and a claimed identity, a claimed speaker's score S(X) is
computed. Depending on the meaning of score, we we write
S(X) either as L(X) denoting similarity or as D(X) denot-
ing dissimilarity between X and �0, thus satisfying

L(X)

n
> �L accept
� �L reject

or D(X)

n
< �D accept
� �D reject

(1)

where �L and �D are the decision thresholds. In this paper,
equivalent scores are de�ned as scores having the same EER
and possibly di�erent thresholds. For example, Sa(X) =
P (Xj�0) and Sb(X) = log P (Xj�0) are equivalent scores.

3. CURRENT METHODS

The simplest technique is to use the absolute likelihood score
of an utterance. In the log domain, that is

L0(X) = log P (Xj�0) (2)
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This score is strongly inuenced by variations in the test
utterance, a drawback which is addressed by using normali-
sation methods. A likelihood ratio in the log domain

L1(X) = log P (Xj�0)� log P (Xj�) (3)

is used. This ratio produces a relative score less volatile to
environmental utterance variations [1]. The term log P (Xj�)
in (3) is the normalisation term and requires calculation of
all impostors' likelihood functions. An approximate version
uses only the closest impostor model for calculating the nor-
malisation term [1]

L2(X) = log P (Xj�0)� max
�6=�0

log P (Xj�) (4)

A subset of the impostor models consisting of B background
speaker models �i; i = 1; : : : ; B is used to represent the
population close to the claimed speaker, i.e. the \cohort
speaker" set [2]. Depending on the approximation of P (Xj�)
by P (Xj�i), i = 1; : : : ; B, several di�erent normalisation
methods have been proposed. In [8], the arithmetic mean
(average) was used

L3(X) = log P (Xj�0)� log

�
1

B

BX
i=1

P (Xj�i)

�
(5)

If the claimed speaker's likelihood is also included in the
arithmetic mean, we obtain the normalisation method based
on the a posteriori probability [3]

L4(X) = log P (Xj�0)� log

BX
i=0

P (Xj�i) (6)

Note that the constant term 1=B is accounted for in the
threshold. If the geometric mean is used, we obtain [9]

L5(X) = log P (Xj�0)�
1

B

BX
i=1

log P (Xj�i) (7)

In the frame level normalisation methods, likelihood func-
tions of xt 2 X, t = 1; : : : ; T are normalised. Such a method
has been proposed as follows [10]

L6(X) =

TX
t=1

�
log P (xtj�0)� log

BX
i=1

P (xtj�i)

�
(8)

For vector quantisation (VQ)-based speaker veri�cation sys-
tems, the following distortion score is widely used [9]

D1(X) = D(X; �0)�
1

B

BX
i=1

D(X; �i) (9)

where D(X;�i) =
PT

t=1
mink d

(i)

kt , mink d
(i)

kt is the distance
between xt and the nearest codevector k in the codebook �i.

4. PROPOSED METHODS

As introduced in Section 1, the fuzzy membership function
which denotes belonging of X to the claimed speaker is con-
sidered as the claimed speaker's score. Such a score is called
the fuzzy membership score and its values need not be scaled
into the interval [0; 1] because of the equivalence of scores
mentioned in Section 2. Two proposed scores from fuzzy
clustering methods are the FE score L7(X) and the FCM
score L8(X)

L7(X) = [P (Xj�0)]
1=n

� BX
i=0

[P (Xj�i)]
1=n

(10)

L8(X) =
[� log P (Xj�0)]

1=(1�m)

BX
i=0

[� log P (Xj�i)]
1=(1�m)

(11)

where m > 1 and n > 0. In the log domain, as n = 1,
the score L7(X) reduces to L5(X) in (6). To �nd out more
e�cient fuzzy membership scores, we note that two above
fuzzy scores are the ratios of functions of likelihood func-
tions whereas scores in Section 3 are the ratios of likelihood
functions. We thus consider a transformation applied to cur-
rent scores to obtain new scores in the next section.

5. THE LIKELIHOOD TRANSFORMATION

Consider a transformation T : P ! T (P ), where P is the
likelihood function and T (P ) is a certain continuous function
of P . For example, T [P (Xj�0)] = log P (Xj�0). Applying
this transformation to the likelihood ratio score L1(X) gives
an alternative score S(X)

S(X) =
T [P (Xj�0)]

T [P (Xj�)]
(12)

The likelihood transformation has been proposed in [6]. We
present here �ve fuzzy dissimilarity scoresDi(X), i = 2; : : : ; 6
to compare with the likelihood ratio scores L2(X), : : : ; L6(X):

D2(X) =
log P (Xj�0)

max
�6=�0

log P (Xj�)
(13)

D3(X) =
log P (Xj�0)

log

�
1

B

BX
i=1

P (Xj�i)

� (14)

D4(X) =
log P (Xj�0)

log

�
1

B

BX
i=0

P (Xj�i)

� (15)

D5(X) =
log P (Xj�0)

1

B

BX
i=1

log P (Xj�i)

(16)

D6(X) =
arctan[log P (Xj�0)]

1

B

BX
i=1

arctan[log P (Xj�i)]

(17)



Note that the factor 1=B in D4(X) is not accounted for in
the threshold as it is in L4(X) in (6). The transformation
for frame level scores has not been considered at this time.
The score D6(X) is an illustration of �nding new e�ective
scores based on this transformation.

6. THE NOISE CLUSTERING APPROACH

As discussed in Section 1, the use of the background speaker
set can cause the false acceptances of impostors because of
the relativity of the ratio-based values in current and pro-
posed scores. For example, assuming thatX1 is andX2 is not
from the claimed speaker and that, using L3(X), the scores
are L3(X1) = 0:07=0:03 and L3(X2) = 0.0000007/0.0000003.
Clearly L3(X1) = L3(X2), thus if the given threshold were
such as to obtain a true acceptance for X1 it would cause
a false acceptance for X2 although the likelihood values for
X2 are very small. A solution for this problem has been pro-
posed [11] where the unnormalised score L0(X) is pre-tested
to reject such a false acceptances. A simpler and more ef-
fective solution is proposed in this paper. It is based on the
idea of the well-known noise clustering (NC) method. The
impostors' utterances are considered as noisy data for the
claimed speaker's and background speakers' clusters (fuzzy
subsets) and thus should have arbitrarily small fuzzy mem-
bership scores in these clusters. This is implemented by sim-
ply adding to the normalisation term a constant membership
value �, which denotes belonging of all input utterances to
the impostors' cluster. For example, the NC-based version
of L3(X) is

L3nc(X) = log P (Xj�0)� log

�
1

B + 1

� BX
i=1

P (Xj�i) + �
��

(18)

Applied to the above example, with � = 0:01 we obtain
L3nc(X1) = 0:07=(0:03 + 0:01) = 1:75 and L3nc(X2) =
0:0000007 =(0:0000003 + 0:01) = 0:000069, thus avoiding a
false acceptance for X2 with an appropriate threshold.

7. EXPERIMENTAL RESULTS

Gaussian mixture model (GMM) [8] and VQ-based [9] speaker
veri�cation experiments were performed on the ANDOSL
and YOHO corpora in text-independent mode.

For the ANDOSL (the Australian National Database of
Spoken Language) corpus [12], a gender-balanced subset of
108 native speakers was divided into 18 groups of 6 speak-
ers labelled \ijk", where i is f (female) or m (male), j is
y (young) or m (medium) or e (elder), and k is g (general)
or b (broad) or c (cultivated). Each speaker contributed 200
phonetically rich sentences in a single session. All wave-
forms were sampled at 20 kHz, 16 bits per sample and then
converted to 8 kHz for the telephone speech purpose in our
laboratory. The data were processed in 32 ms frames at
a frame rate of 10 ms by using HTK V2.0 [13]. Frames
were Hamming windowed and preemphasised withm = 0:97.
The basic feature set consisted of 12th-order mel-frequency
cepstral coe�cients (MFCCs) and the normalised short-time
energy, augmented by the corresponding delta MFCCs and
delta energy to form a 26-dimensional vector for each indi-
vidual frame.

For the YOHO corpus, all 138 speakers (108 males and
30 females) were used. The vocabulary consisted of 56 two-
digit numbers pronounced as in \thirty-four" and spoken
continuously in sets of three, for example \36-45-89". There
were four enrolment sessions per speaker containing 24 utter-
ances in each session and 10 veri�cation sessions containing
4 utterances in each session. All waveforms were low-pass
�ltered at 3.8 kHz and sampled at 8 kHz and were processed
as for the ANDOSL corpus.

For the ANDOSL experiments, 16 and 32-mixture GMMs
were trained for each speaker using the �rst 10 sentences
numbered from 001 to 010. Sentences numbered from 011 to
200 were used for veri�cation. Experiments were performed
on 108 speakers using each speaker as a claimed speaker with
5 closest background speakers or 5 same-group background
speakers as indicated above and 102 mixed-gender impostors
(excluding 5 background speakers) and rotating through all
speakers. The total number of claimed test utterances and
impostor test utterances are 20,520 (108 claimed speakers x
190 test utterances) and 2,093,040 ((108 x 102) impostors x
190 test utterances), respectively. Results are shown in Ta-
ble 1. Fuzzy parameters: n = 5:0 for L7(X) and L7nc(X),
m = 1:05 for L8(X) and L8nc(X), and � = 10�7 for all
NC-based methods.

For the experiments performed on the YOHO corpus,
GMMs with 16, 32, and 64 mixtures and VQ codebooks with
16, 32 and 64 codevectors were trained for each speaker us-
ing 48 training tokens in enrolment sessions 1 and 2 only.
Using all four enrolment sessions, as done for example by
Reynolds [8], resulted in error rates that were too low to al-
low meaningful comparisons between the di�erent normalisa-
tion methods. Experiments were performed on 138 speakers
using each speaker as a claimed speaker with 5 closest back-
ground speakers and 132 mixed-gender impostors (excluding
5 background speakers) and rotating through all speakers.
The total number of claimed test utterances and impostor
test utterances are 5,520 (138 claimed speakers x 40 test
utterances) and 728,640 ((138 x 132) impostors x 40 test ut-
terances), respectively. Results for the YOHO database are
shown in Table 2. Fuzzy parameters: n = 5:0 for L7(X) and
L7nc(X), m = 1:05 for L8(X) and L8nc(X), � = 10�9 for
all NC-based methods using GMMs and � = 10�22 for all
NC-based methods using VQ codebooks.

8. CONCLUSION

The speaker veri�cation problem in fuzzy set theory has been
considered. Based on using fuzzy membership functions as
the claimed speaker's scores and considering the likelihood
transformation, seven fuzzy membership scores and ten noise
clustering-based scores have been proposed and experimen-
tally evaluated. Experiments show better results, especially
for noise clustering-based methods. With 2,093,040 test ut-
terances for each ANDOSL result in Table 1 and 728,640 test
utterances for each YOHO result in Table 2, these evaluation
experiments are su�ciently reliable.
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