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ABSTRACT

The aim of this paper is to find a reliable
function wusing Time-Frequency Represen-
tations (TFR) for epoch detection, making no
assumptions about the speech production
model. This is achieved by adapting the
optimum time-frequency detector to the
problem of glottal closure instant (GCI)
determination. An ideal function for such
purpose may show only one maximum per
period. However, since this situation is not
assured because secondary maxima may
appear, we also propose a post-processing
method based on morphological filtering.

1.- INTRODUCTION.

Present pitch estimation research shows a great interest in
analizing voiced speech period by period over an interval
delimited by two succesive instants of glottal closure or
epochs [5,6]. The source of the system is assumed to
have an open and a closed glottis portion in each period.
The rate of transition from the closed to the open portion
is generally slower than that from the open to the closed
portion, and thus the main excitation occurs at the
epochs. Epoch determination from the speech signal is
based on the fact that there is a strong and abrupt change
of the glottal flow at the GCL

Epoch detection is often based on the source-filter model
of speech production. In either parametric [3] and
statistical [6] approaches, the all-pole model assumption
is usually made. The vocal tract can be approximately
modeled by a time-variant system that imposes a linear
relation on the speech samples when no excitation is
present. Thus, the deviation from linearity is small in the
closed glottis portion and large at the GCI. Speech
signals are dynamic in nature and the souce-filter model is
acompanied by the presence of unknown disturbances,
parametre variation, etc. Therefore, the linear model will
only hold approximately and the solution will depend on
the detection scheme.

In this paper we consider two approaches to the problem
of epoch detection. The first one is the Frobenius Norm
(FN) approach to glottal closure detection proposed in
[5]. In essence, this method exploits the ability of the
SVD to identify linear relations in the signal and make
use of the Frobenius norm to efficiently calculate the
sum of the squared singular values of the autocorrelation
matrix. This is our reference method.
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The second approach is the one we propose in this paper,
and it is based on the time-frequency representations
(TFR). Their ability to simultaneousty provide good time
and frequency resolution and dealing with non-stationary
signals make them a useful tool for speech analysis. In
our method any assumption is made about the speech
nature except that in the instants of glottal closure there
are a strong change of stationarity and a peak of energy.
We also propose morphological filtering to extract
secondary maxima not associated to the epochs.

2.- FROBENIUS NORM APPROACH TO
GLOTTAL CLOSURE DETECTION.

In the SVD method the data matrix is decomposed into

the sum of two matrices, one of which consist of the
linear dependent column vectors and the other consist of
the error elements. The SVD allows a robust separation
of signal and noise and is effective in dealing with noise.

Consider a sequence of m observation vectors, obtained
by advancing a rectangular window of length p+1
samples one sample further successively. We shall
assume that m >= p+1. The data matrix is
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The Frobenius norm of S is defined as
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where the sigmas are the singular values of the
autocovariance matrix StS. In [5] the authors propose the
following function epoch detction.

©)

The computation of Frobenius norm can be made very
efficiently without the need of calculating a SVD.
Finally, some comments must be done about the sense of
(3). C lies between an upper and a lower bound, both of
which can be considered as measuring the deviation of the
speech data from the linear dependence model. These are,
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The lower bound is Strube’s criterion and the upper is
Wong’s criterion. These lower and upper bounds will
both track the open/closed phase of the glottal pulse
when the linear dependence between the data matrix
columns is better realized. Therefore, it can be expected
that FN follows a similar behavior.

3.- TIME-FREQUENCY APPROACH TO
GLOTTAL CLOSURE DETECTION.

A possible expression of the generalized or Cohen’s class
time-frequency representations of a signal f(t) is [1,4]
©)
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where psi is the TFRs kernel and * express conjugate.
For our studies we will use (5) because it is specially
useful for practical appliations.

Our approach to the problem of epoch detection treates
the speech signal as a succession of time varying spectra
[1] where, (quasi-) periodically repeated, there are instants
of a strong change of stationarity, i.e. the epochs. Due to
our analysis is local and the signals are discrete-time, the
analysis is made using running windows whose length is
smaller than the pitch period. Therefore, we want that the
TFR meet two properties. Frist of all, departure from the
usual assumption of quasi-stationarity. In other words,
TFR have to be suitable for dealing with non-stationary
processes. And second, we also need TFR with a good
joint time-frequency resolution because the epoch may be
very localized in time and the frequency information may
also change suddenly and abruptely. Two more concepts,
related with quadratic TFR, must be taken into acount.
Firstly, since interference terms may be generated by the
representation itself, it is necessary the use of reduced
interference time-frequency respresentation [4]. And
secondly, negative terms may appear at different
frequencies. Usually these terms may be removed by
turning into zero. Negative terms will not be removed
because we have found that the fact of removing does not
essentially change results.

By applying proper kernels to the TFR expression in (5)
it is possible to find all properties in the former
paragraph. Therefore, Cohen’s class TFR is one of the
two keys of our time-frequency approach to epoch
detection. The second one is related with the time-
frequency formulation for optimum detection [2] of
Gaussian signals in Gaussian noise. The authors provide
a formulation of a general class of receivers. Given an
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observation r(t) on a time interval (T) and a reference
signal f(t), consider the general class of receivers
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where W(t,f) is the Wigner TFR of r(t) and Cgg(t,f) is
the TER of 1(t). Of course, the problem we are treating is
different to that in [2]. Mainly because there is not any
known reference signal since we are dealing with non-
stationary processes. But the key or applicability of (6) is
that there are some similarities between the detection of
epochs and Gaussian signals. These are; 1) the signal of
interest may appear at any instant. Althought voiced
speech is quasi-periodic, the instants of glottal closure
may appear at any instant too, 2) expression (6) can be
seen as a time-frequency match of a reference with the
incoming signal. At the instants of glottal closure there
exist a mismatch between its time-frequency information
and the adjacent one. This mismatch suggest the
possibility of using Cge(t-1,f) as reference like in (7)
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where Cp(t-1,f) substitutes Wi (t,f) suggesting the
appliability of any other TFR. Only rests to comment
about T. We consider that this parameter should not be
too large because time resolution could be lost. In the
experiments we only take two successive instants.

4.- MAXIMA DETECTION ALGORITHM.

Although morphological filtering has been widely used in
image processing [7], it can also be applied to one-
dimensional signals like speech. The basic operations in
mathematical morphology are dilation and erosion, which
combined give the closing and opening filters, These dual
filters are non-linear since they are based on maxima and
minima operations over a subset of samples, called
structurant element. As the goal of the algorithm is
maxima determination, it does not matter what happens
with the rest of signal between those maxima. One of the
properties of the closing filter is that it keeps positive
peaks, wheras it flattens negative peaks narrower than the
structurant element size.

One important parameter is the structurant element size.
Although it is not appropiate to use the term of "cutting
frecuency" because closing is a non-linear filter,
structurant element determines which periods can pass
through the filter. If the element size is too small, then
all the maxima can pass and no gain is obtained with the
filter. On the other hand, if it is larger than at least one of
the pitch periods, the closing will take the larger
amplitude of the two peaks, making then impossible to
position a mark with the maxima detector. Thus the
structurant element size must be chosen larger enough to
filter small peaks between CGI maxima, but no larger
than the maximum of the periods present in the signal,
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Maxima detection is performed using a first difference
filter plus a zero-crossing detector. The choice of the zero-
crossing criterium depends on the type of morphological
filter used. Because of the morphological filter, the
derivative function is most of the time zero-valued. A
threshold is applied in order to avoid the detection when
small polarity changes occur. A, flag is also introduced to
enable zero-crossing detection only after an alternance of
negative/positive peaks is detected.

5.- RESULTS EVALUATION.

For our experiments, we have used a database of speech
signals supplied by Keele University, which contains
about 40 seconds of speech (5 male and 5 female
speakers) together with their corresponding laryngograms.
The sampling frecuency is 20000 samples per second.

The laryngograms did not have any marks at the instants
of glottal closure which could be used as a reference, then
it has been necessary to generate a file of marks
associated to each laryngogram signal. Instead of making
it manually we decided to modify our pitch marking
algorithm in order to use the laryngogram as the input
signal. The same algorithm for maxima determination is
used on this signal. Since not all the marks obtained by
the analyzer may be correct, a final manual revision is
done, deleting the marks that do not cotrespond to the
glottal closure instants.

The aim of the experiments is threefold. Firstly, to test
different TFR-based functions in order to know which are
the best, to verify the expected performance and decide the
adecuate size of the analysis windows. Secondly, to make
comparisons with the Frobenius norm. in the epoch
determination. And thirdly, prove that the morphological
analysis reduces the number of wrong matks.

Several TER (Spectrogram, Choi-Williams, Wigner, etc.)
have been tested. We have found that the best results are
obtained with Born-Jordan (BJ) and Cone-Kernel (CK)
(figure 1). These TFR are the two which present the
sharper peaks at the GCI and a lower number of secondary
maxima. The window’s size depends on the pitch periods.
However, it is possible to apply a fix length independent
from speaker, period, etc. The size which has given the
best results is 70 samples. The FN function has been
applied assuming a LPC order (p) of 20 and m=50. The
peaks with FN are wider than BJ and CK-based functions
and the difference between main and secondary maxima is
lower. Thus, TFR-based method seems better than FN-
based method. However, the computational cost of the
TFR is higher than the FN.

In our esperiments we have applied a structurant element
of size 50 samples as default for the mophological filter.
Using an increasing size, the number of peaks filtered is
reduced, but a too-large element causes the lose of
periodicity in the output signal (figure 2).
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As it can be seen in figures 3-5, the marks are very
similar with all the three functions, though the actual
samples values are not the same. In the figures, the
reference marks obtained from the laryngogram are shown
at the bottom, while the marks calculated with our
method are shown just above the former with an
indication of the pitch period value expressed in samples.

6.- CONCLUSIONS.

A new epoch detection approach is proposed based on the
TFR in which the only assumption is a strong change of
stationarity at the instants of glottal closure. The concept
of optimum time-frequency receiver is used to obtain a
function showing most of the time only one maximum
per period. Morphological filtering has been applied in
order to reduce secondary maxima. Further work must be
done to extract statistics on the performance of the
method and to process the calculated GCI marks to
generate pitch contours.
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Fig. 1 from top to bottom ; speech segment, laringogram,
FN, BJ and CK-based epoch detectors.
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Fig. 2 from top to bottom ; speech segment, and,
morphological filtering with a small, good and a too large
streturant element
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Fig. 3 from tdp to bottom ; speech segment, laringogram
and FN-based epoch detector.
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Fig. 4 from top to bottom ; speech segment, laringogram
and BJ-based epoch detector.
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Fig. 5 from tOp to bottom ; speech segment, laringogram
and CK-based epoch detector.
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