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ABSTRACT

In this work we propose a method for automatic text -
independent speaker classification for short utterances in
Farsi (persian). An efficient speaker classifier was
designed and implemented by necural networks (MLPs)
and just made usc of only the effective phonemes divided
into different groups , i.e. long vowels (/D/,/i/, W),
short vowels (/a/, /e/, /o/), nasals (/nv/, /n/) and some of
the fricatives (/f/, /s/, /z/). This classifier was evaluated
with thec FARSDAT speech database, from 40 native
speakers with 26 males and 14 females. The results
showed that the accuracy of the speaker classification
with just the subclassificr related to the Iong vowels was
over 82%, with the subclassifiers related to all vowels
was over 92%, and with taking account of all of the
whole classifier and considerable amount of testing
process data was about 100%.

Keywords:  speaker classification, ncural network,
effective phonemes, phoneme groups, Farsi.

1. INTRODUCTION

Speaker classification is the most important task in the
Speaker identification systems. Speaker identification is
one of the three general issues of the main speaker
recognition problem , i.e. identification, verification and
change detection. In general , realization of speaker
recognition systems can be performed by two different
methods, i.e. text- dependent method and text-

independent method. Since the speaker recognition
system must cope with the additional variability due to
the differences in the texts of the unknown and reference
utterances in text- independent method, so achieving the
high accuracy for speaker recognition system in this
method is more difficult than the text-dependent method.
This difficulty is increased with increasing the size of
population and decreasing the length of the training and
testing utterances.

Phonemes and broad phonetic classes have already been
suggested as effective elements for the text- independent
speaker recognition systems in the literature [1], [2], [3].
On the one hand, these systems have a low accuracy for
short utterances due to lack of an intelligent classificr
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and also lack of appropriate using of all effective
phonemes. On the other hand, the systems designed with
the intelligent classifiers make use of all speech signal or
broad phonetic classes (such as voiced/ unvoiced,

sonorant/ non sonorant, etc.) for speaker classification
[41, [5], [6]. This means that such systems of course take
account of all phonemes of spoken language or all
phonemes of one or more broad phonetic classes, which
results in decreasing the accuracy and the cfficiency of
the speaker classification for short utterances. Because,
the importance degree of different phonemes of one
language from point of view of speaker discrimination
capability is different. In this area, some researches have
been performed for extraction of the importance degree
of English and some other languages phonemes [7}, [8],
[9]. Results of these findings show that differences in
importance degree of different phonemes from point of
view of speaker discrimination capability arc remarkable
and even for some cases the differences are very vast for
phonemes of one phonctic class. For example, voiced
class includes all vowels, nasals, liquids, glides and
voiced obstruents. While vowels are at the first degree of
importance in general, voiced plosives are lcast

significant phonemes for speaker recognition porpuses
[7], [8], [9]. This paper presents one speaker classifier
based on four MLP networks for four effcctive phoneme
groups in Farsi and one summation portion. Then, it was
evaluated with the FARSDAT [11] database. Since this
classifier is intelligent and also uses all major effective
phoneme groups, it can provide an improvement in both
accuracy and efficiency even for short utterances.

2. CLASSIFIER ARCHITECTURE

In figure 1 the architecture of the classifier has been
shown with a sechmatic block diagram. As it is noticed,
the classifier consists of four MLP networks and an
accumulator unit. Each network stands for a subclassifier
that classifys the speakers using just one of the four
effective phoneme groups. In the classification phase, the
outputs of each output nodes of the networks are
accumulated over all frames from the input testing data.
The structure of all subclassifiers were considered as the
same in each experiment, but in different experiments
different structures were examined, Although  in .
literature [10] it has been demonstrated that for
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Figure 1. Schematic block diagram of classification system architecture

seperation of complex decision regions more than one
hidden layer is needed, nevertheless in primary

experiment we examined both one and two hidden layers
standard feed forward MLP networks with different
numbers ( for example 60, 90, 120, 150 for networks
with single hidden layer) of hidden layers nodes. The
results of pilot experiments showed that he networks
with two hidden layers generally fall in a net of local
minimums less frequently than networks with a single
hidden layers. Therefore learning the networks with two
hidden layers can be performed better and more regular
than single ones, and then to achieve a lower level of
learning error those are more effective and useful. So, in
major evaluation of this work, we used two layers MLP
networks in the structure of the subclassificrs showed in
figure 1. Al MLP networks have 12 input nodes
corrsponding to the order of acoustic parameters, 40
output nodes which equal to the total classes, i.c. the
number of speakers in the considered population. For
hidden layers, various numbers of nodes have been tried,
as (40,20),(80,40), (120, 60), (36, 120 ) and (60,
30 ), in which the numbers in parentheses related to the
number of nodes for the first and second hidden layers
respectively. In the final structures of the networks the
numbers of hidden layers were selected ( 120, 60 ) and
the networks were trained by the well known back
propagation algorithm,

Reffering to figure 1, in addition to the classsifier
architecture, one other block is seen. This block is the
phoneme groups recognizer which provides related input
data for the subclassifiers. Similar to subclassifiers, to
realize this recognizer, we used a distinct MLP network
with two hidden layers and one decision unit.This
network has 12 input nodes corresponding to the 12
cepstral coeflicients and 10 output nodes corresponding
to the total groups of phonemes, i.e. both effective and
non-cffective phoneme groups. The recognized effective
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phonemes were fed into the related subclassifiers and
non-cffective phonemes were rejected. The problem of
phoneme groups recognition is not strictly related to the
speaker classification subject and consequently to the
main scope of this paper.

3. EXPERIMENTS AND RESULTS
3.1. Speech Database

We used data of the FARSDAT Speech database. The
FARSDAT has been produced for spoken language
processing purposes and linguistic research as well. It
cosists of 386 sentenses and read aloud by 300 Farsi
native speakers with 2/3 males and 1/3 females ,
belonging to one of the ten dielect regions . Two types of
sentences are included . Type one composed of 384
phonetically balanced sentences to provide allophones in
all phonetic contents . Type two composed of two
sentences to allow dialect comparison . Each speaker
rcad twenty sentences in two sessions . The speech data
were recorded in a sound proof booth and was sampled at
44.1 KHz by 16- bit Sound Blaster Card. It's average S/N
ratio is about 32db .

In this research the speaker population selected from the
FARSDAT, was 40 speakers of whom 26 speakers are
males and 14 speakers are females . In learning phase ,
for each phoneme of a phoneme group , 20 allophones of
cach speaker were selected from the FARSDAT. In

testing phase the classifier was tested also by some

allophones other than training allophones .

3.2. Acoustic parameters
Since the sampling rate of the speech signal in the

FARSDAT is very high (44.1 KHz) for usual and
practical spoken language processing purposes , we used
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its decimated data by a factor equals to 3 . Therefore , the
sampling rate of the speech data was 14.7 KHz in this
work . To eliminate aliasing effect arising from

decimation process , original data from the FARSDAT
was filtered by a FIR lowpass filter with 7 KHz cut off
frequency in advance to decimation . The length of the
analysis frames was 32 msec with 24 msec overlap. Fram
samples were weighted by a hamming window to

diminish the sidclobe effects of framing process.

Many different types of speech signal representation
related to speaker recognition purposes have been used
already, and since among them the cepstral coefficients
have been known as one of the best parametersf12], we
used here 12 LPC extracted cepstral coefficients as
acoustic features. Calculation of the cepstral coefficients
was performed for each frame of speech signal using
LPC coefficicnts and recursive relation defined in [12]. It
is worthy of mention that the LPC coefficients are
calculated from autocorrolation coefficients by the well
known Durbin's recursive algorithm.

3.3.Training and testing procsses

Based on figure 1 , it is clear that training the
subclassifiers will result in training the classifier . To
train one subclassificr for each phoneme of a related
phoneme group , about 20 allophones of any speaker
were selected from FARSDAT . Then the 12 cepstral
coefficients extracted from those specech signal frames
which were used as the input data of the MLP network .
Referring to section 2 , the training of the networks was
performed by input data and back propagation algorithm.
During the training process, the target pattern was a
vector with all elements equal to zero except for the
input pattern that the relaterd clement of the vector was
st to one. Training process was completed after the
training error of the network reaches to the determined
threshold that was set to 5%. Since for fast learning of
networks we need to choose the learning rate and the
momentum relatively large in the begining of the
training process, so generally the network reaches a local
minimum and oscillates about it before reaching to the
end point of the training process. We usually got rid of
such difficulties by reducing the value of learning rate
and also sometimes by reducing the value of momentum
alternativly during the completion of the training
process.

In testing process, four allophones for each phoneme of a
phoneme group were selected for each speaker from the
FARSDAT, such that two of them were new allophones
(testing data) and others from training oncs. The 12
cepstral coefficients were extracted from each frame of
data sclected for testing process were fed into the MLP
networks of the classifiers, i.e. subclassifiers. Evaluation
of the classification rate was performed for both
subclassifiers alone and for the whole classifier. For
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subclassifiers, the classification decision was made on
the basis of output node of the networks with highest
value (or sum value, in the case of more than one testing
process allophones exist). For the whole classifier, the
decision was made corresponding to the output clement
yielded from all subclassifiers outputs. In this way, the
evaluation for estimating the classification rates was
performed for both training data and testing data
seperately.

3.4.Results

Table 1 shows the percentage of the correct classification
rates for the subclassifiers versus number of the
phonemes (one phoneme or two concatenated phonemes)
and type of data that used in the testing process. A
glance over the contents of this table notes some
prominent point. First, observing that the percentage of
the correct classification rate for the training data is
higher than those for testing ones. Second , observing
impovement of the correct classification rate by two
concatenated phonemes in comparison to the case that
onc phoneme was used . Both obscrvations are the
definite facts of all classifiers. The third point belongs to
the more or less differences of classification rates with

subclassifier for| long | short ]
type of data [vowelslvowels nasals)fricats.
phn?lemc 97% | 95% | 9626 | 93%
training
phnﬁeme 100% | 99% |100% | 97%
phn‘f\eme 82% | 81% | 76% | 75%
testing
phogleme 95% | 92% | 90% | 31%

Table1. classification rate using only subclass-
ifiers versus phoneme groups. type of
data and number of phonemes

# of phonemes
1 2 4 8
type of data
training 95%. | 99% |100% | 100%
testing 80% | 92% | 96% | 98%

Table 2. classification rate for whole classifier
versus type of data and number of
phonemes
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respect to the different subclassifiers. But this result
comes up from the different phoncmes of one spoken
language from point of view of speaker discrimination
capability are different, and this is a language dependent
subject. In Farsi, the vowels are the most important
phonemes for speaker recognition purposes. Nasals and
fricatives are respectively for this end [9]. The contents
of table 1 relatively confirms this matter.

The percentage of classification rate for the whole
classifier versus the number of incorporating phonemes
subclassifiers in the classification process for each type
of data is shown in the table 2. From the point of view of
the classification rate versus the type of data, the
situation is same as the subclassifiers results. In the case
of incorporating one phoneme and necessarily one
subclassifier, since the phoneme may be belonged to one
of the four phoneme groups, then the classification rate
is about the average of the subclassifiers' classification
rates using one phoneme. But in the case of

incorporation more than one phoncme in the

classification process, to show the effect of combination
of the subclassifiers in the classification rate, evaluation
was performed by phonemes from different phoneme
groups and consequently with incorporating different
subclassifiers. Comparing the confents of table 2 with
table 1 shows that in some cases the classification rate
using the whole classifier is lower than the case using
phonemes that belongs only to one phoneme group and
one subclassifier. For example, using two phonemes
from only long vowel group in comparison to two
phonemes from two of four differcnt phoneme groups is
one of the mentioned cases. But incorporation of more
than one subclassifier enables us to get a relatively high
percentage of correct classification rate for short

utterances, which consist of a considerable numbers of
effective phonemes,

4. CONCLUSIONS

One speaker classifier was presented based on

combination of four subclasssifiers related to four distinct
effective phoneme groups and an accumulator unit.
Experiments have been carried out using the

subclasssifiers separately and olso using the whole
classifier. From this research two main conclusions are
attained :

a) Consideration of the majority of the -effective
phonemes in the classification process enables us to
reach a relatively high percentage of correct

classification rate for short utterances,

b) Different phoneme groups and in general different
phonemes have different degrees of speaker

discrimination capability. Vowels are the most important
phonemes from this point of view. It seems that if the
accumulator unit sums over different weights for
different subclassifiers’ output node values relative to the
importance degree of each phoneme group, then the
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percentage of correct classification rate will be increased.
This recent remark is one of ours future work.
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