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Abstract

Nowadays, the most popular techniques of the speech
processing are the recognition of all kinds (the speech, the
speaker and the state of speaker recog.) and the text-to-speech
synthesis. In both these domains, there are possibilities to use
the glottal pulses waveforms. In the recognition techniques
we can use them for the vocal cords description and then use
it for the classification of speaker’s state (physiological or
mental state) or for the classification of a speaker. In the text-
to-speech techniques we can use them for the speech timbre
changing. This paper describes some methods for obtaining of
glottal pulses waveforms from recorded speech. There are
several results obtained by application of described methods.

1. Introduction

Human speech arises when the air flows through glottal gap
(it is situated near the entrance of larynx), buccal cavity, oral
cavity and nasal cavity. Lips and nose radiate the speech out
of body to a free space. Vocal cords are elastic muscles and
human can stretch them more or less and by this manner can
determine speed of their oscillation. Frequency of vocal cords
oscillation determines a level of fundamental vocal cords
frequency of speech that is one of the basic parameters of
human speech. In Fig. 1 there is shown arrangement of vocal
cords at phonation [1].

N

Figure 1: The basic arrangement of vocal cords at
phonation: 1 — vocal cords, 2 — transverse muscle,
3 — part of epiglottis.

The dashed lines describe open phase, the solid line
describes closed phase. If the pressure of air (goes from
lungs) starts to impress to close vocal cords (solid line), vocal
cords become open (dashed line). After strength escape of air
the vocal cords became closed and the situation is repeated.
Through the glottal gap a various quantity of air in various
times flows and the quantity corresponds to size of glottal
gap. The main goal of this contribution is to introduce the
glottal pulses estimation and to show their waveforms, which
arises by vocal cords opening [2], [3].

2. Glottal pulses waveforms obtained by linear
prediction error estimate

This method is based on simplified digital model of vocal
apparatus, which is described in detail e.g. in [4], [5].

Common model for voiced speech is shown in Fig. 2.
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Figure 2: Speech production model for
voiced speech.

In the time domain the system can be described as
M
$(6) == a,s(k — i)+ u(k) M
i=1

where s(k) is speech signal and S(z) is its representation in
z-domain (see Fig. 2), a; are linear predictive coefficients
(LPC) of predictor with order M, u(k) is glottal pulse
waveform and U(z) is its representation in z-domain (see
Fig. 2). Then the transfer of linear filter H(z) can be written as
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Relative simplicity of obtaining excitation characteristics
implies from the Eq. (2). If we describe production of speech
we move from glottal pulse generator through linear filter
H(z) to speech signal. So, if we want to describe excitation we
must move in reverse direction - through the linear filter
with inverse characteristic

H’l(z):l—&-iaiz’[ 3)

So, we obtain excitation of vocal tract by filtering of speech
signal by simple linear filter H '(z). We must appreciate that
order of the LPC predictor cannot be too oversized or too
undersized, in practice M = 8-+20. Filter H '(z) must
suppress formant’s frequencies, which characterise vocal tract
and at the same time keep information about excitation of
vocal tract.



We may not forget that very simple model of vocal tract
is used; hence the glottal pulse waveform at the output of the
filter H "(z) is not so good as expected. Therefore, it is
suitable to use other low pass filter, e.g. averaging of Q
samples in time domain

K(z)=1+3 2 @

Whole process of glottal pulses waveform obtaining by LPC
method is shown in Fig. 3. The LPC were computed using the
autocorrelation algorithm (Levinson recursion [5]).
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Figure 3: Block scheme for estimation of glottal
pulses waveforms by linear prediction.

3. Glottal pulses waveforms obtained by
cepstral coefficients

The method we describe in previous paragraph we can
analyse in frequency domain too. Let us concentrate
especially on filter H "'(z), which realises multiplication with
input signal spectrum and its frequency characteristic.
Because the frequency characteristic of filter H '(z) is
smooth, and approximates spectrum of the output signal,
excitation of vocal tract is given by quickly changing part in
the spectrum of input speech signal. Generally, we can obtain
spectrum of glottal pulses by dividing spectrum of speech and
its smoothed spectrum. In the previous paragraph we used the
LPC for smoothing the spectrum. In case of this method we
use cepstral coefficients for smoothing the spectrum. In
comparison with LPC, spectrum peaks are more rounded. The
cepstrum is defined as inverse Fourier transform of spectrum
logarithm

¢(n) = IDFT{log(DFT{s(n)})} ®)

Coefficients c(n) with lower index n characterize formant
structure of speech (slow changes in the spectrum), the
coefficients with higher index n characterize glottal pulses
(quick changes in the spectrum).

Whole process of glottal pulses waveform obtaining by
cepstral coefficients is shown in Fig. 4.
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Figure 4: Block scheme for estimation of glottal
pulses waveforms by ceptral coefficients.

4. Glottal pulses waveforms obtained by
ARMA modeling

The ARMA modeling of vocal tract is very similar to the
linear prediction modeling [6], [7]. System for the ARMA
modeling can be described in time domain as
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where s(k) is speech signal and S(z) is its representation in z-
domain (see Fig. 2), a; are autoregressive (AR) coefficients of
predictor with order O, b; are moving-average (MA)
coefficients of predictor with order P, u(k) is glottal pulse
waveform and U(z) is its representation in z-domain (see
Fig. 2). Transfer function of ARMA filter Hx(z) is
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and filter H,"'(z) for obtaining glottal pulses waveforms is
inverse to filter Ha(z)
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Whole process of glottal pulses waveform obtaining by

ARMA modeling is shown in Fig. 5. Coefficients a; and b; in
Eq. (8) were computed by means of the Prony’s algorithm [6].
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Figure 5: Block scheme for estimation of glottal
pulses waveforms by ARMA modeling.
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5. Pulses waveforms obtained by smoothing
speech spectra

In many cases it is not necessary to obtain glottal pulses
waveforms. Some time we can explore time variability of the
waveform. For example in case of text-to-speech synthesis,
we want to add information about speaker (timbre changing
etc.) to speech. One of the methods for measuring the
variability is as follows.

In Fig. 6-a there are shown two periods of speech
(a vowel). Now, we are interesting about time variability
between glottal pulses waveforms (between the first and the
second period). So we can obtain the spectrum of the vowel
using discrete Fourier transform (see Fig. 6-b).

In Fig. 7-a there is shown modified segment of the speech
from Fig. 6-a. Signal in the second period substitutes the
constant signal with zero’s amplitude. The effect of that is
that computed spectrum is smoother (see Fig. 7-b). Thus, if
we divide the spectrum in Fig. 6-b and the spectrum in
Fig. 7-b we obtain the spectrum of the pulse that describes
time variability of the waveform (see Fig. 8).



This waveform (Fig. 8-b) we can process with using the
thresh-holding and we can compute, for example, the ratio in
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Figure 6: Segments (two periods) of speech signal - a
and the spectrum —b.
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Figure 7: Modified segment of speech signal - a
and the spectrum —b.
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Figure 8: Spectrum of variability pulse — a
and time waveform — b.

Eq. 9, where E,.. is the energy of the signal above the
thresh-hold only and FEy, is the energy of the signal below
the thresh-hold only.
R = Eaoe. O]
E
It is possible to estimate also another parameters that can
describe the variability pulse [8], [9].
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6. Obtained results

All the described methods were applied on the speech data —
only voiced segments of speech. Data were obtained from the
American database SUSAS (Speech Under Simulated and
Actual Stress), because the algorithms described above are
suitable for recognition of mental state of speaker. In the
following figures (Fig. 9) there are shown glottal pulses
waveforms that were obtained from the same speech data by
particular described methods.
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Figure 9: Speech waveform — a; glottal pulses
waveforms obtained by various method:
linear prediction — b; cepstral coefficients. — c;
Prony’s algorithm — d; smoothing spectrum — e.



The results shown in Fig. 9 were obtained using 11
coefficients for linear prediction method, 11 cepstral
coefficients for cepstrum, 2 coefficients for MA model and 11
coefficients for AR model in the Prony’s method. It is
necessary to remark that the waveforms illustrated in
Fig. 9-b,c,d are the output waveforms from the particular
outputs shown in Fig. 3, Fig. 4 and Fig. 5 after passing
through filter

F(z)=—" (10)
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The presented approaches were also successfully applied
together with methods presented in [10] for recognition of
mental state of speakers. The firs results can be seen in [11].
The methods are suitable especially for simulated stress such
as in the SUSAS database that was used in the experiments.

7. Conclusions

Four methods for estimation of glottal pulses waveforms are
presented in this contribution. We can see that these
waveforms are very similar. Resulting pulses waveforms
obtained by linear prediction and cepstrum analysis are
smoother than waveforms obtained by Prony’s algorithm. In
the obtained pulses can be found some parameters based on
geometrical form in the time domain. Such a parameters are
useful for special voice analysis, for example detection of
pathological voices or emotion states of speaker.
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