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Abstract

The telephone handset mismatch between
training and testing data degrades the per-
formance of speaker recognition systems. To
compensate for the handset mismatch, the
handset type of the test utterance should be
known. In real applications the handset type
of the test utterance is not known a priori.
The handset type should be identified from
the speech signal itself. In this paper, we s-
tudy the effectiveness of an autoassociative
neural network (AANN) model to capture
the distribution of a given data set, and to i-
dentify the handset type from the speech sig-
nal. The handset type identification of 85%
was achieved on NIST-99 speaker evaluation
database. When the procedure was applied
for gender identification we obtained a per-
formance of 93% on the NIST-99 database.

1 Introduction

The characteristics of telephone channel
and handset have significant effect on the
performance of speaker recognition system-
s. The channel or handset mismatch be-
tween training and testing data degrades the
performance of speaker recognition systems.
The channel mismatch may be compensated
to some extent by mean subtraction of the
parameter vectors, assuming that the distor-
tion caused by the telephone channel on the
parameters is linear [1]. However, the dis-
tortion caused by the handset is nonlinear,
and is difficult to handle [2].
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The distribution of the data set under-
goes affine transformation due to the distor-
tion introduced by the handset [3]. It has
been observed from the NIST speaker eval-
uations that the Equal Error Rate (EER)
for the mismatched handset condition is 3
to 4 times higher than the EER for matched
handset condition and telephone channel [4].
To compensate for the effect of handset mis-
match, normalization techniques like h_norm
[2], handset mapper [5] and selection of suit-
able background speakers [6] have been pro-
posed.

To implement these normalization tech-
niques, the handset type of the test utter-
ance should be known. In this paper, an ap-
proach based on autoassociative neural net-
work (AANN) model is proposed to identify
the handset type from the speech signal. We
show that similar approach can be adopted
for the identification of gender from speech
data.

The paper is organized as follows: Sec-
tion 2 describes the autoassociative neural
network and the estimation of data distribu-
tion by AANN. Section 3 describes the AAN-
N models to perform the handset identifica-
tion task. In Section 4, the testing procedure
and the experimental results are discussed.

2 Autoassociative Neural Net-
works
An autoassociative neural network is a

feedforward neural network [7][8] as shown
in Fig.1. It consists of an input layer, an



354

—e o -
— e §‘\v Vl’/l/ P—
NS A
® A GI L
SRS b
AR
—9 //.. ‘\\ [ —
—Q \ [ —
) )
|NP‘UT DIMENSION COMPRESSION OUTPUT
LAYER HIDDEN LAYER LAYER

Figure 1: An autoassociative Neural Net-
work.

output layer and one or more hidden layers.
The input and output layers have the same
number of processing units. The number of
processing units in one of the hidden layer
is less than the number of processing units
in the input layer. This layer is called the
dimension compression hidden layer, as this
layer causes the input vectors to go through
a dimension compression process. The pro-
cessing units of the input layer and the out-
put layer are linear, whereas the units in the
hidden layer are nonlinear.

During training of the network, the target
vectors are same as the input vectors. To
realize the input vectors at the output lay-
er, the network projects an M-dimensional
vector in the input space RM onto a vec-
tor in the subspace R, and then maps it
back onto the M-dimensional space, where
N<M. The network performs nonlinear prin-
cipal component analysis for projecting the
input vectors onto the subspace RN. The
subspace RN is the space spanned by the
first N principal components derived from
the training data. The value of N is deter-
mined by the number of units in the dimen-
sion compression layer. The mapping of the
subspace RY back onto the M-dimensional

space RM determines the way in which the
subspace RY is embedded in the original s-
pace RM. Tt has been shown that the AAN-
N trained with a data set will capture the
subspace and the hypersurface (in the space
spanned by the vectors of the output layer)
along the surface of maximum variance of
the data [9] [10]. In other words, the AAN-
N can be used to capture the distribution of
the given data set. We explore this feature
of AANN to identify the handset type from
the speech signal as discussed in Sections 3
and 4.

3 AANN Models for Handset
Types

The basic idea is to use an AANN to cap-
ture the distribution of feature vectors ex-
tracted from the utterances collected over
the handset of a particular type. The dif-
ferent handset types used for this study are
electret and carbon-button. Utterances of
58 speakers collected over the electret hand-
set are used to train one AANN. The utter-
ances of another 58 speakers collected over
carbon-button handset are used to train a
second AANN. Each set of 58 speakers con-
sists of 29 male and 29 female speakers. The
speaker evaluation database of NIST-98 is
used for this training phase.

The features used in this study are 19—
dimensional weighted cepstral coefficients
[1]. These cepstral coefficients are obtained
from the 16 linear prediction coefficients
computed using a frame size of 20ms and
a frameshift of 10ms. The silence frames are
removed by using an amplitude threshold.

The structure of the AANN is 19L— 6N —
22N —19L, where L denotes linear units and
N denotes nonlinear units. The integer val-
ue denotes the number of units in that par-
ticular layer. The activation function of the
nonlinear unit is the hyperbolic tangent func-
tion. The network is trained using backprop-
agation learning algorithm in pattern mode

[7](8]-
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4 Performance of AANN Mod-
els for Identification of Hand-
set Type

Feature vectors are extracted from a given
test utterance. Each feature vector is given
as input to both the AANNs and the error
at the output layer is obtained. The error
is the Euclidean distance between the actual
output and the desired output. The error for
all frames in the test utterance is averaged
for each AANN. A decision on the type of
handset is based on the network that gives
less error.

Handset type identification test was per-
formed on 1448 test utterances of NIST-99
speaker evaluation database. The perfor-
mance of the handset type identification is
given in Table 1. The overall performance
of the handset type identification is 84.46%.
An AANN trained with the utterances of 58
speakers(29 male and 29 female) may cap-
ture the gross characteristics of the speaker-
s and the linguistic information. The good
performance of handset type identification
shows that the effect of handset character-
istics is significant on the distribution of fea-
ture vectors.

Table 1 : Results of Handset Type

Identification

No. of Utterances

for which
Handset No. of Handset Type
Type Test is identified

Utterances | correctly

(Percentage

in Parentheses)
Carbon-
button 591 479(81.04%)
Electret 857 744 (86.81%)

By training seperate AANNs with speech da-
ta for male and female speakers, one can
study the effectiveness of these models for
gender identification. The performance of t-
wo AANNSs trained for gender identification
is as shown in Table 2. It is interesting to
note that the distribution of features cap-
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tured by the networks do possess the dis-
criminability of the gender.

Table 2 : Results of Gender Identification

No. of Utterances
for which

No. of Gender

Gender Test, is identified
Utterances | correctly
(Percentage

in Parentheses)

1331(91.91%)
1834(93.00%)

Male 1448
Female 1972

In this paper, an AANN-based approach
was proposed to identify the handset type
automatically from the speech signal. The
results also supports the conjecture that
AANNs do capture the distribution of fea-
ture vectors of the training data set, and the
effect of handset characteristics is significant
on the distribution of the feature vectors.
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