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ABSTRACT

In this paper we present a comparison of several
parameters that are commonly used in the fields
of speech and speaker recognition. Analysis of the
variance was the evaluation method employed.
The parameters that were tested were the Mel
CEPSTRAL [1] parameters, the LPC parameters
derived from a PLP{2] analysis, the LPC and Mel
CEPSTRAL parameters derived from RASTA-PLP
[3] analysis and all the differential parameters of
the above (A-Mel Cepstral, e.t.c.). The testing pro-
cedure used a 500-word speech database of the
Greek language. We concluded with several re-
sults which show the performance of the different
parameters for speech and speaker recognition,
for each phoneme category and for each sex.

1. INTRODUCTION

A major problem in the field of phoneme based
speech recognition is to find specific features that
represent the phonemes in a way that we can dis-
tinguish one category from another. We also want
features of the same phoneme to be as close as
possible for different speakers. This is because we
want to distinguish phonemes not speakers. On
the other hand, in the field of speaker recognition
we want features that can distinguish speakers
and not phonemes.

There are many ways to evaluate speech signal
parameters. One way is to use a speech or
speaker recognition system and test it with differ-
ent parameters in order to measure their perform-
ance. The problem with this method is that the
performance of the parameters is highly depend-
ent on the recognition system which involves sev-
eral parts that contribute to the recognition error. It
is, therefore, desirable to choose a measure of
effectiveness which reflects the basic properties of
the parameters only in connection with the field
they are applied: speaker independent speech
recognition, or speaker recognition.

Analysis of the variance is chosen for this purpose
[4]. Analysis of the variance essentially takes the
ratio between two variances. The F-ratio is used in
two different ways. We use the F-ratio in order to
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compare feature variability between speakers (we
call it F-ratio 1). We also use this ratio to find the
variability between phoneme categories (F-ratio 2).
For speaker recognition we want the F-ratio 1 as
large as possible so that speakers can be distin-
guished. For speaker independent speech rec-
ognition this ratio must be as small as possible so
that a phoneme pronounced from different speak-
ers, can be distinguished.

For a speech recognition system we want the F-
ratio 2 as large as possible in order to characterise
the different categories of the phonemes. It is ob-
vious that for a speaker recognition system this
ratio has no meaning in terms of distinguishing
between speakers.

The equation defining F-ratio is given by[4]:
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For F-ratiot (speaker variation for a phoneme
category) M is the number of speakers, N; is the
number of total vectors for the i speaker and for a
phoneme category, and x; is the Iy, parameter of
the | vector of a phoneme category for the i*
speaker.

For F-ratio 2 (phoneme variation for a speaker) M
is the number of phoneme categories, N; is the
number of total vectors for the i phoneme cate-
gory and for a speaker, and x; is the |y, parameter
of the ™ vector of a ith phoneme category for a
speaker.

2. THE DATABASE

The database consisted of 500 words of various

1407



lengths and various syllabic structures in various
positions. The sampling frequency was 10kHz and Liquids
the sample accuracy 12 bit. The 500 words were
spoken in an isolated manner by eight Greek na-
tive adult speakers (four male and four female). oo
This database covered all the Greek phonemes
and the most frequent contextual combinations.
These phonemes were manually labelled and e
automatically classified into four general catego-
ries: vowels, nasals, fricatives and liquids. Stops
were not used. Thus, for each speaker almost
3000 phonemes were available. a0

F-ratiol
8

3. EXPERIMENTS

The dimension of the feature vector for all the pa-
rameter sets was 14. Ferameler

ey
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In order to evaluate the different parameters for . . o
each phoneme prototype and for each phoneme Figure 2: F-ratio 1 for liquids, for all speakers.
category for all the speakers we used a 30 ms
frame with a 10 ms frame step. So for each proto-

type several feature vectors from different parts of Nasals
the phoneme were evaluated. =0
The parameters used were the Mel CEP-
STRAL(mc) parameters, the LPC parameters de- e e e
rived from a PLP analysis(pl), the LPC and Mel S
CEPSTRAL parameters derived from RASTA-PLP Rt HE Y
(rpl,rpmc)) analysis and all their differential values K] /. N A .
i.e. dmc (for mc), dpl (for pl), drpl (for rpl) and L ooml NG AL AN AN - L -
drpmc (for rpmc). .
We found the F-ratio 1 for each phoneme category WO - N N/ .
for all speakers. Then we found the F-ratio 2 for b T LA AT ]
each speaker for all the phoneme categories. The w—
results for each phoneme category and for all 0123 456789 0N RSB
speakers are presented in figures 1-4. Parameter
Vowels Figure 3 : F-ratio 1 for nasals, for all speakers.
Fricatives
700
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Figure 1: F-ratio 1 for vowels, for all speakers. Ferameter

Figure 4 : F-ratio 1 for fricatives, for all speak-
ers.
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The results of F-ratio 2 for male and female sepa-
rately are presented in figures 5-6:

Male

F-ratio2
- B 8888858888
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Parameter

Figure 5 : F-ratio 2 for male.

Female

F-ratio2
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0 4+——— T
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Parameter

Figure 6 : F-ratio 2 for female.

4. CONCLUSIONS - DISCUSSIONS

Many conclusions may be derived from the above
diagrams about the effectiveness of each individ-
ual parameter of a vector. It is obvious from the F-
ratio 1 that vowels are the best parameters for
speaker recognition because of the great value of
the ratio and because the behaviour of the com-
ponents of the parametric vectors is steady. On
the contrary the behaviour of the vectors for
nasals and fricatives, is not steady for all the com-
ponents showing a lot of fluctuation.

Looking at the diagrams of F-ratio 2, we see that
the behaviour of the various parametric vectors is
different for male and female speakers. Some
parametric vectors behave better for males and
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other better for females.

In order to choose the proper vectors for a
speaker recognition system or a speech recogni-
tion system we can foliow several ways.

First, we can choose a proper combination of the
parametric vectors that have a better behaviour for
the specific task. Thus, according to the results
presented in this paper, for a speaker racognition
system a combination of pl, rpl and mc seems to
be the best choice. And for a speech recognition
system a combination of drpl, rpme, drpmc gives
the best performance.

Second, we can choose different feature vectors
and create a new larger vector with the addition of
the new feature components. This is proven that
can improve performance and many speech rec-
ognition systems use this method. However, be-
cause of the larger dimension of the frame feature
vector, the number of model parameters and the
computational requirements are increased.

A third method is to select those components from
the different feature vectors, that have better per-
formance for speaker or speech recognition. So
from the analysis described in this paper we can
easily discriminate between those features,
choose them and combine them to a feature vec-
tor with improved performance for the specific
task.
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