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ABSTRACT

Distance measures [1][2][3] based on the covariance matrix
of feature vectors were applied to text-independent speaker
verification and identification. However, some of them do
not satisfy the symmetric property which is fundamental to
a distance measure. In this paper, we propose several sym-
metric distance measures based on the covariance matrix
of feature vectors, and then construct some advanced mea-
sures using the data fusion method [4]. These new distance
measures have good mathematic properties and impose lit-
tle overhead in calculation. We apply these distance mea-
sures to text-independent speaker identification and handset
detection. A new robust technique is developed for cross-
handset speaker identification, and find that compensating
the second order statistics is important when dealing with
the mismatch caused by different handsets.

The experiment uses the cb1 and cb2 data in the LLHDB
corpus [5] for same-handset and cross-handset speaker iden-
tification test. We find that the use of delta cepstra decreases
the speaker identification error rate by as much as 38%.
Data fusion technique could further decrease the error rate
by 11%. Applying these distance measures to 2-handset de-
tection problem, the error rate is 12%. Using our new robust
technique, the cross-handset speaker identification error rate
is could be decreased by around 17%.

1. INTRODUCTION

Automatically verifying or identifying the identity of a per-
son using speech had been a very interesting and challeng-
ing problem. Especially with the development of telephony
speech technology, more and more business transactions are
performed using speech over telephone, where automatic
speaker identification is required in many applications. In
the past several decades, three kinds of techniques were
developed for speaker recognition: (1) Gaussian mixture
model (GMM) approach [7]; (2) Vector quantization (VQ)
approach [8]; (3) Approaches using various distance mea-
sures [1][2][3].

In this paper, we’d like to re-address the last technique.
The purpose is two-fold. Firstly, we want to introduce some
new distance measures with good mathematic properties.
Some distance measures currently in use do not satisfy the

symmetry property which is a basic mathematic require-
ment of a distance metrics. The introduction of new dis-
tance measures also enables us to explore the diversity and
redundancy, and to use the data fusion technique to further
improve the speaker recognition accuracy. The second pur-
pose of this work is to address the robustness of the distance
measures to the variation of handset, and develop some new
techniques to improve cross-handset speaker recognition ac-
curacy. Such kind of study could help us better understand
the characteristics of the distortion caused by different hand-
sets. We expect such kind of new robust techniques could
be applied to other domain of speech technology.

2. DISTANCE MEASURES

It is well known that the covariance matrix of speech feature
vectors carries rich information on speaker characteristics
[6]. The distance measures we are going to introduce are
based on the covariance matrices of speech feature vectors.

Let S and � be covariance matrices of feature vectors
of the testing and training utterances, respectively. If the
testing and training utterances are completely the same, S =

�, or S��1 is an identity matrix. Therefore, the matrix
S��1 could be used to measure the similarities between
two utterances. In this paper, S��1 is called the similarity
matrix between two utterances.

The arithmetic, geometric and harmonic means of the
eigenvalues, �i(i = 1; :::; N), of the similarity matrix are
defined as follows:

A(�1; :::; �N ) =
1

N

NX
i=1

�i =
1

N
Tr(S��1);

G(�1; :::; �N ) = (

NY
i=1

�i)
1=N = (Det(S��1))1=N ;

H(�1; :::; �N ) = N

NX
i=1

(
1

�i
)�1 = N(Tr(�S�1))�1:

These values could be obtained without an explicit cal-
culation of the eigenvalues and therefore are significantly
efficient in computation. Also they satisfy the following
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properties:

A(
1

�1
; � � � ;

1

�N
) =

1

H(�1; � � � ; �N )
;

G(
1

�1
; � � � ;

1

�N
) =

1

G(�1; � � � ; �N )
;

H(
1

�1
; � � � ;

1

�N
) =

1

A(�1; � � � ; �N )
:

Various distance measures were constructed based on
these mean values. They have been mainly applied to speaker
recognition. The famous ones are [1][2][3]:

d1(S;�) =
A

H
� 1; d2(S;�) =

A

G
� 1;

d3(S;�) =
A2

GH
� 1; d4(S;�) = A� log(G)� 1:

If the similarity matrix is positive definite, the mean values
satisfy A � G � H with equality if and only if �1 =

�2 = � � � = �N . Therefore, all the above distance measures
satisfy the positivity condition. However, if we exchange
S and � (or the position of training and testing utterances),
S��1 ! �S�1 and �i ! 1

�i
, and find that d1 satisfies

the symmetric property while d2; d3 and d4 does not.

3. NEW DISTANCE MEASURES

In this paper, we propose the following new distance mea-
sures satisfying the symmetric property:

d5 = A+
1

H
� 2;

d6 = (A+
1

H
)(G +

1

G
)� 4;

d7 =
A

2H
(G+

1

G
)� 1;

d8 = (A+
1

H
)=(G+

1

G
)� 1;

d9 =
A

G
+

G

H
� 2:

All of them satisfy the positive and symmetric property.
The statistic meaning of d5 could be understood as fol-

lows. Suppose the training and the testing utterances are
represented by multivariate Gaussion distributions p1(y)with
mean � and covariance matrix �, and p2(y) with mean m
and covariance matrix S, respectively. The symmetric di-
vergence measure between these two distributions is

D(p1; p2) =

Z +1

�1

[p1(y) log(
p1(y)

p2(y)
)+p2(y) log(

p2(y)

p1(y)
)dy

=
1

2
Tr(S��1+�S�1)�N+

1

2
(m��)T (��1+S�1)(m��)

= N
2
d5 +

1

2
(m� �)T (��1 + S�1)(m� �);

where N is the dimension of the feature vector. The last
term in the above equation is the Mahalonobius distance
between the training and testing utterance, which is sensi-
tive to channel distortion. In applications where channel
distortions are severe, cepstral mean normalization (CMN)
is usually applied to normalize the training and testing con-
dition. In our case, only one mean vector per utterance is
estimated, both m and � are zero vectors after CMN, and
the symmetric divergence measure is nothing but d5.

The determinant of the similarity matrix could carry some
distance information. If the training and testing utterances
are completely the same, the determinant of the similarity
matrix is identity, which enables G + 1

G
to take the mini-

mal value. However, if the value of G is close to identity, it
does not mean the testing and training utterances are similar
with each other. d6; d7; d8 and d9 are all related with the
determinant of the similarity matrix. We rely on the experi-
ment to judge the goodness of these new distance measures.

4. EXPERIMENT SETUP

The experiments use the LLHDB (Lincoln Laboratory Hand-
set Database) corpus [5], where 28 female and 24 male speakers 1

are asked to speak 10 sentences extracted from the TIMIT
corpus and the rainbow passage over 9 handsets and the
Sennheizer high-quality microphone. The average length
of the rainbow passage is 61 seconds. In our experiments,
we use the rainbow passages for training the speaker mod-
els, and the rest of utterances (519 utterances in total) for
speaker identification test. The data set recorded over hand-
sets cb1 and cb2 is used for the same-handset and cross-
handset test.

We use 13 static mel-cepstra and 13 delta cepstra calcu-
lated from a five frame interval. For each utterance, one full
covariance matrix is calculated. Experiment shows that the
inclusion of delta cepstra in the feature vector greatly im-
proves the speaker identification accuracy. Table 1 lists the
speaker identification error rate for each metrics using static
cepstra, and static and delta cepstra. It is found that for most
distance measures, the use of delta cepstra gives substantial
decrease in error rate.

5. DATA FUSION

From Table 1, we see some of the new distance measures
give performance comparable with d1, a popular measure
which also satisfies the positive and symmetric properties.
The introduction of new distance measures enables us to

1Actually there are 29 female speakers. We exclude one of them be-
cause the rainbow passage data in cb1 is not good.



Metrics Static (%) Static + � (%) improve (%)
d1 10.79 6.94 35.7
d2 14.64 9.25 36.8
d3 11.56 7.13 38.3
d4 26.20 26.20 0
d5 14.45 11.56 20
d6 26.20 23.89 8.8
d7 11.75 8.09 31.1
d8 10.98 6.94 36.8
d9 10.79 6.94 36.7

Table 1: Error rates using different distance metrics when
static features and static + � features are used.
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Figure 1: Error rate versus alpha using fusion metrics (1−alpha)*d1 + alpha*d7

Figure 1: Error rate as a function of �, using the distance
measure (1� �)d1 + �d7.

explore the diversity and redundancy to further improve the
system performance using the data fusion methods [4]. The
basic idea of this method is that if there exists several scor-
ing mechanism, whose errors are mutually uncorrelated, then
performance advantages can be obtained through the proper
combination of these different scores. Figure 1 shows the
error rate as a function of the fusion coefficient � when
we linearly fuse d1 and d7 and get a new distance measure
(1� �)d1 + �d7 with 0 � � � 1. Linearly combining two
symmetric and positive distance measures is also symmetric
and positive. Experiment shows that when 26-dimensional
feature vectors are used, and when � = 0:25, the error rate
is decreased from 6:94% to 6:17%, around 11:1% relative
improvement.

d1 d2 d3 d4 d5 d6 d7 d8 d9
11.9 12.6 11.7 15 13.3 17.5 13.2 11.5 11.9

Table 2: Error rate of handset detection for different dis-
tance measures.

6. HANDSET DETECTION

It can be imagined we may use the same distance measures
we use to identify speakers to detect handset. Let’s consider
the two-handset detection problem. We use the rainbow pas-
sages for all speakers in cb1 to train a modelC1 (covariance
matrix of the feature vector) for the handset cb1, and sim-
ilarly a model C2 for the handset cb2. Both C1 and C2

smeared away the speaker characteristics, and what left is
the handset information. For each utterance in the test set
of cb1 and cb2, we detect the handset by calculating its dis-
tance to C1 and C2. The handset with smaller distance to
the test utterance is regarded as the true handset for the ut-
terance. Table 2 shows the handset detection error rate for
different distance measures.

7. ROBUST CROSS-HANDSET SPEAKER
IDENTIFICATION

In cross-handset speaker identification, the handsets used
to record the training and testing utterances are different.
Since the distance measures introduced in this paper only
depend on the covariance matrices of the feature vectors,
they are robust to linear channel distortion. However, when
we perform the cross-handset speaker identification test, we
found the speaker identification error rates ((see columns
T12 of Table 3) are are much higher than the same handset
error rates, no matter what distance measure we use. This
shows the channel distortion caused by a handset is non-
linear, and a simple use of the cepstral mean normalization
is not enough to remove the channel distortion.

Before we introduce a new robust technique, let’s make
the following analysis. Denote the covariance matrix for
an utterance recorded with an handset hx as Sx, and we
suppose

Sx = Sc + Shx ; (1)

where Sc is the covariance matrix of the undistorted speech,
and Shx is the part contributed by the handset distortion.
Similarly, for the model of speaker i trained with speech
recorded using the handset h1, we have

�i = �c;i + Sh1 (2)

where�c;i is the covariance matrix contributed by the undis-
torted speech of speaker i and Sh1 is the distortion con-
tributed by the handset h1. From equations (1) and (2), we
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cross−handset speaker recognition (training: cb1, testing: cb2)

Figure 2: Cross-handset speaker identification error rate
(training: cb1, testing: cb2) as a function of �, using the
distance measure d1.

can see that if hx is different from h1, there is a mismatch
between the training and testing condition. This mismatch
could be removed by setting

Sx ! Sx + Sh1 ; and �i ! �i + Shx : (3)

In this paper, we assume Shx = �Chx where � is a scaling
constant and Chx is the one estimated in section 6. Figure 2
shows the error rate as a function of � when d1 is used as a
distance measure. It shows when � = 0:4 the cross-handset
speaker identification error rate reaches the minimal value,
around 16% improvement relative to that without using the
robust technique.

The error rates and corresponding improvement for other
distance measures are shown in Table 3 (see columns R12),
where we found the speaker identification error rate could
be decreased by around 17% in average for different dis-
tance measures.

8. CONCLUSION

In this paper, we have proposed several new symmetric dis-
tance measures which good speaker identification perfor-
mance. We found the use of delta cepstra decreases the error
rate by as much as 38%, and the use of data fusion technique
further decreases the error rate by 11%. The same algorithm
used for speaker identification is used for handset detection.
In the two-handset detection problem, the handset detection
error rate is around 12%. Also, we have developed a new
robust technique for cross-handset speaker identification.

Metrics T12 (%) R12 (%) Improvement (%)
d1 20.42 17.15 16.01
d2 21.58 18.50 14.27
d3 20.04 17.15 14.42
d4 40.85 28.71 29.72
d5 23.51 20.23 13.95
d6 33.33 23.89 28.32
d7 19.46 18.50 4.93
d8 20.81 17.15 17.59
d9 20.62 17.15 16.83

Table 3: Cross-handset speaker identification error rate.
T12: cb1 training and cb2 testing. R12: cb1 training and
cb2 testing and use the robust technique.
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