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ABSTRACT

We present results of a time series analysis of
glottal cycle lengths of healthy and dysphonic speak-
ers. Even during the emission of sustained vowels
by healthy speakers, glottis cycle lengths fluctuate
slightly. Conventionally, the amount of jitter, as these
fluctuations are commonly termed, is estimated by
means of measures of dispersion of cycle lengths with
respect to the average fundamental period. The prob-
lem is that measures of dispersion only are valid de-
scriptors of jitter when perturbations of neighbouring
cycles are statistically independent. This hypothesis
appears not to be borne out. Therefore, we exam-
ined jitter by means of time series analysis which was
able to take into account perturbation interdependen-
cies statistically. Discriminant analysis showed that
an interdependencies-related feature was indeed the
most important factor among those able to distin-
guish between a set of healthy and dysphonic speak-
ers. The second-most important factor was a measure
of dispersion of cycle lengths from which all cycle-to-
cycle interdependencies had been removed by statis-
tical processing.

1. INTRODUCTION

Time series analysis is the statistical analysis of
data taken from a single source at successive time
coordinates. The glottal cycle lengths are the time
intervals separating speech signal features that mark
consecutive vibratory cycles of the vocal folds.

Even during the emission of sustained vowels by
healthy speakers, glottis cycle lengths fluctuate. The
size of these perturbations, which are known as jit-
ter, is between 0.1 and 1% of the average fundamen-
tal period. Usually, analysis of glottis cycle lengths is
carried out when describing dysphonic voices acous-
tically. The reason for this is that cycle fluctuations
may increase when certain types of organic diseases
of the vocal folds are present.

Since the end of the 1980s, studies of cycle length
fluctuations have become more methodology oriented.
Indeed, the precise measurement and statistical de-
scription of the perturbations of the glottal pseudo-
period pose several problems which are related to the
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smallness of the phenomenon and its uncertain origin.
In this article, we suggest a solution to the follow-
ing problem. Conventionally, average fluctuations are
estimated by means of measures of dispersion such as
period perturbation quotient (1), for example.
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N is the total number of cycle lengths and P; the it
cycle length. Measures of dispersion gauge the spread
of the distribution of the glottal cycle lengths. The
problem is that period perturbation quotient (1), and
all similar estimators, only fully describe cycle per-
turbations when these are statistically independent.
This means that the distribution of the fluctuations
of the n*" does not depend on the distribution of the
(n — 1)** cycle length.

Table 1 shows an example of two series of artificial
data. The first is a sequence of values that have been
chosen by means of a random number table. The sec-
ond is wholly deterministic. Its values alternate pe-
riodically. The average of both sequences is identical
as is their period perturbation quotient (1) which is
not able to distinguish between them despite the fact
that they are qualitatively different. The reason is
formula (1) only exhaustively describes a time series
when the data can be scrambled without statistically
changing their average and spread. This is the case
of sequence 1 but not of sequence II.

Table 1.

data

I. random 6.53 | 6.97 | 6.66 | 6.99 | 6.30
PPQ = 4.09% 6.81 { 6.19 | 6.09 | 6.31 | 6.67
II. deterministic | 6.28 | 6.82 | 6.28 | 6.82 | 6.28
PPQ = 4.09% 6.82 | 6.28 | 6.82 | 6.28 | 6.82

This is relevant to the analysis of jitter in so far
that we have found out that fluctuations of consec-
utive cycle lengths within a sustained vowel, for in-
stance, are correlated, which implies that they are
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statistically dependent. As a result, they cannot be
scrambled without their statistical properties being
changed and thus they will be imperfectly represented
by the period perturbation quotient (1) or similar es-
timators of jitter.

One possible solution may consist of substitut-
ing statistical time series analysis for scatter anal-
ysis. Time series analysis explicitely takes into ac-
count the fact that cycle lengths are produced in a
sequence and, therefore, may be interdependent. The
best known and most frequently used statistical time
series models are linear. The reason is that the values
of adjustable components of the models can then be
computed by solving linear systems of algebraic equa-
tions. Basically, three types of linear models exist.
They are the auto-regressive (AR), moving-average
(MA) and mixed (ARMA) models {1, 3].

A regressive model is a linear expression that rep-
resents a given quantity as a weighted sum of N other
quantities. An auto-regressive model (AR) is a spe-
clal regressive model which represents a given quan-
tity, here the value of the perturbation of glottal cycle
1, as a weighted sum of N earlier values of the same
quantity. The model has therefore the following form.

Pi—m = a1 (P, — m)+ ax(Pica — m)

+ - +an(Pi-n —m) + Z;. @
P; is the length of cycle i, m the average cycle length,
Z; the residue, and N the order.

Residue Z; is the difference between the #** ob-
served and i** modeled perturbation. Residue Z;
therefore is the part of perturbation (P; — m) that
is unexplained by the regression model alone. When
the auto-regressjve model is adequate and its order N
correctly chosen then residue Z; is white noise. This
means that all systematic relations between perturba-~
tions of proximate cycles have been removed from Z;.
As a result, the purely random, uncorrelated compo-
nent of jitter is comprised within residue Z; and its
predictible component is represented by autoregres-
sive coeflicients a;.

Qualitatively speaking, the choice between AR
and MA models can be based on estimates of the
autocorrelation and partial correlation coeflicients of
the cycle length fluctuations. An autocorrelation co-
efficient is the normalized sum of the products of the
time-shifted and unshifted cycle perturbations. The
partial correlation coefficient of order N is the last
coefficient apn of an Nth order AR-model (2).

When autocorrelation coefficients remain statisti-
cally different from zero for big time-shifts and par-
tial correlation coefficients tend to zero very rapidly,
i. e. when only a few partial correlation coefficients
are statistically speaking different from zero, -then
the sequence is best represented by an auto-regressive
model. When autocorrelation and partial correlation
coeflicients behave the other way around, the data
sequence is best represented by a moving average
model. As far as jitter is ‘concerned, observed au-
tocorrelation and partial correlation coefficients sug-
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gest that period fluctuations are best represented by
an auto-regressive model.

The order of auto-regressive model (2) is deter-
mined by means of the partial autocorrelation coefli-
cients which become abruptly small beyond order N.
The overall adequateness of model (2) is checked by
testing the whiteness, 1. e. the pure randomness, of
residue Z;.

2. METHODS AND CORPORA

The corpus was comprised of 38 French speaking
healthy speakers (22 &, 16 @), aged between 20 and
77, and 45 speakers (16 ¢, 29 @), aged between 14
and 80, suffering from organic diseases of the vocal
folds. Age groups of healthy and dysphonic speakers
were matched as far as possible. Each speaker sus-
tained vowels [a], [1], [u] three times at a comfortable
pitch and loudness level. One vowel per quality was
retained for further processing. The corpus therefore
contained 114 vowels sustained by healthy and 165
vowels sustained by dysphonic speakers (8 dyspho-
nic speakers had been recorded more than once). For
each vowel, the acoustic and electroglottographic sig-
nals were recorded simultaneously. The microphone
was mounted on a head-set worn by the speaker so as
to keep the mouth-microphone distance stable. The
electroglottogram (EGG) was a signal which varied
proportionally to the electrical impedance of the lar-
ynx, an impedance which depended on the contact
surface of the vocal folds. All recordings were car-
ried out in an audiometric booth. All signals were
recorded in a first step on a PCM SONY processor
and selected signals were later redigitized at 12 bits
and 20 kHe, after prefiltering at 10 kHz, for further
processing.

Measuring glottis cycle lengths was delicate be-
cause perturbations were very small. As a conse-
quence, they were easily contaminated by noise and
a high time resolution was needed. We developed an
algorithm with in-built procedures that checked for
the quality of the measured data. This algorithm,
whose maximum time resolution was 6.25 psec, has
been presented elsewhere and we sketch it only briefly

here [4, 5].

Step (a) The acoustic signal was band-pass filtered.
The EGG was low-pass filtered and numerically differ-
entiated. The peaks of the differentiated EGG signal
and the (—/+) zero-crossings of the filtered speech
signal were the period markers.

Step (b) The average cycle length was determined
by means of the autocorrelation coefficients of the nu-
merically differentiated EGG.

Step (c) Time coordinates of EGG peaks and speech
signal zero crossings were coarsely determined by
means of the average cycle length. The search proce-
dure started from the time coordinate of the highest
peak or first zero crossing and then hopped to the
next signal peak or zero-crossing, the exact positions
of which were found by searching within a narrow in-
terval an average cycle length away from the previous
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event.

Step (d) Time intervals between zero crossings or
peaks were then graphically displayed so that gross
errors, 1. e. event insertions or omissions, could be
detected and corrected.

Step (e) In the vicinity of the events detected during
step (c) speech signals and EGGs were oversampled
eight times. The purpose was to determine event po-
sitions with a time resolution of 6.25 psec so as to be
able to measure cycle lengths with a typical precision
of 0.1%. Oversampling was carried out by inserting
seven additional samples, the values of which were
equal to the value of the last recorded sample, and
filtering the resulting staircase signal. The quality of
the interpolated samples was checked by means of a
statistical test [2].

Step (f) The cycle lengths were then obtained by
subtracting the time coordinates of consecutive peak
or (—/+) zero-crossing positions. In this way, two
cycle length sequences were attained independently.
In the absence of any measurement, quantization, en-
vironmental or intra-glottal aerodynamic noise, both
sequences would have been identical. Thus a measure
of the intercorrelation of the two sequences revealed
the contamination by noise of the lengths attained.
Indeed, speech signal and EGG were physically very
different and any feature not directly related to the vi-
brating folds was unlikely to show up in both of them.
High intercorrelation therefore meant data were not
unduly contaminated by noise.

Step (g) Partial correlation coefficients and auto-
regressive coefficients were obtained by means of es-
timates of the auto-correlation coefficients which en-
tered into a set of linear equations commonly termed
Yule-Walker equations.

Step (h) The overall adequateness of model (2) was
asserted by examining the whiteness of residue Z;.
Step (i) The spread of residue Z; was a measure
of jitter from which systematic interdependences be-
tween glottal cycles had been removed. The normal-
ized average of the absolute values of residue Z; was
therefore an appropriate measure of jitter. Hereafter,
it is designated as the “whitened” period perturba-
tion quotient PPQuw [6].

Step (3) At this stage, time series analysis had
yielded the following quantities: the order N of
auto-regressive model (2); its coefficients a1, as, as;
“whitened” period perturbation quotient PPQw of
residue Z; and average fundamental period m. These
data, together with vowel quality and speaker gender,
were examined by means of a quadratic discriminant
analysis. This was a statistical method that classified
the speakers as accurately as possible into two groups
by means of a linear combination of the foregoing vari-
ables. The linear combination therefore described the
link between the observed state of health of the speak-
ers’ vocal folds and the quantitative features obtained
by means of time series analysis.
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3. RESULTS AND DISCUSSION

Factors that entered discriminant analysis were,
together with vowel timbre and speaker gender, the
first three AR-coefficients, the AR-model order, the
“whitened” period perturbation quotient of residue
Z;, and average fundamental frequency Fy. These
quantities were obtained for 279 vowels sustained by
83 healthy and dysphonic speakers. Discriminant
analysis positioned a hyperplane (i. e. the aforemen-
tioned linear combination) so as to maximize the ratio
of inter-class to intra-class variance. The two classes
were dysphonic and healthy speakers. The hyper-
plane’s coefficients being small meant that the cor-
responding features did not contribute much to the
overall discrimination performance of the feature set.

Table 2 shows the hyperplane coefficients of the
features analyzed. One sees that: 1) The two most
important features were AR-coefficient a;, whose
value quantified the influence of the past on the
present cycle, and “whitened” period perturbation
quotient PPQw; 2) Neither speaker gender nor vowel
quality had much influence on the overall discrimi-
nation performance. This meant that additional in-
formation about speaker gender and the timbre of
the vowel, that gave rise to observed cycle lengths
fluctuations, did not help to separate dysphonic from
healthy speakers more accurately. This was not un-
expected given that the “whitened” period perturba-
tion accounted for perturbations normalised by the
average cycle lengths. Normalization compensated
for between-timbre and between-gender differences.

Table 2.
Feature Coefficient
AR-coeflicient a; -.69085
PPQuw 68791
AR-model order 67938
fundamental frequency 40726
AR-coefficient ag .36692
AR-coefficient a2 .26030
vowel timbre .00000
speaker gender .00000

Table 3 gives the percentages of vowel segments of
healthy and dysphonic speakers that were correctly
or incorrectly classified. One sees that approximately
1/2 of the abnormal and 8/10 of the normal vowel seg-
ments were properly categorized. These ratios must
be interpreted in the light of the types of laryngeal
pathologies that were included in our corpora. In-
deed, not all kinds of organic disease of the vocal folds
gave rise to higher fluctuations of the glottis cycle
lengths and our corpus contained only few patholo-
gies that were believed to predictably give rise to
abnormally high perturbations, i. e. pathologies that
brought forth tension or mass asymmetries between
the left and right vocal folds. Also, the purpose of
discriminant analysis was not to separate automati-
cally dysphonic from healthy speakers. At present,
screening by means of automatically extracted jitter-
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related acoustic features is not, in any case, a work-
able application. The purpose was instead to test the
importance of the dependency of a set of features on
the state of health of the vocal folds of several corpora
of speakers.

Table 3.
Observed Predicted classification
classification | Total | dysphonic healthy
dysphonic 165 84 81
(50.9 %) (49.1 %)
healthy 114 22 92
(19.3 %) (80.7 %)

Finally, Figures 1 and 2 show the distributions
of “whitened” period perturbation quotients and
model orders of healthy speakers and those speakers
that were diagnosed as suffering from vocal nodules.
Healthy and dysphonic speakers were age-matched.
A nodule is a small swelling of the cover of the vocal
folds. As far as our corpora were concerned, nod-
ules gave rise neither to harsh or rough voices nor to
abnormally high perturbations. But, Figure 2 shows
that normal and dysphonic speakers tended to sep-
arate as far as the orders of their AR-models were
concerned. Orders leaned towards higher values when
nodules were present. If these findings could be con-
firmed, they would be an instance of an AR-model
related feature by means of which vocal fold patholo-
gies could be detected that could not be discovered
by conventional acoustic features. Also, the existence
of statistical features such as AR-model order N or
AR-model coefficients q; able to discriminate between
healthy and dysphonic speakers posed the problem of
which perceptual features of voice quality they might
have been correlates. Indeed, thé belief held by some
researchers that acoustic descriptors should be close
correlates of perceptual descriptors of voice quality in
order to be meaningful is difficult to maintain in the
light of our findings which point to the relevance of
statistical signal processing features of speech-related
time series such as the glottal cycle lengths.
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