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ABSTRACT

The study detailed here considers vowel sounds from a non-
linear dynamical systems perspective. In particular, it consid-
ers estimation of the dimension and largest Liapunov expo-
nent of vowel sounds.
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tems

1 Introduction

This paper describes some preliminary work to investigate the
use of nonlinear dynamical systems theory in speech analysis.
The key motivation for this work is that speech is nonstation-
ary in the statistical sense, consequently it is hoped that the
geometric invariant measures of nonlinear dynamical systems
may offer a method of qualitatively assessing the underlying
processes involved in the generation of speech. In addition
the realisation that deterministic mathematical models with
few degrees of freedom can generate extremely complex
behaviour! offer some hope that these techniques may be use-
ful. In particular, if speech were proven to be chaotic then it
may be possible to construct accurate low complexity speech
predictors and generators.

Speech can be considered as being generated by a mechanical
system with inherently nonlinear dynamics. The justification
for this comment is apparent when one considers the speech
generation process. In voiced speech, (such as vowel sounds),
airflow through the glottis is modulated by periodic opening
and closing of the vocal folds. This airflow is further modified
by the vocal tract before emerging as an acoustic pressure
wave from the mouth. This highly complex process is gener-
ally modelled as a linear system with a time-varying filter
(representing the vocal tract) excited by an impulsive periodic
signal (representing closure of the vocal folds). Two major
assumptions are implicit in this model:

1. The excitation and filter are mutually independent

2. Airflow through the vocal tract is laminar.
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It has been known for some time that the former is not true.
More controversially, Teager,2 3 has presented physical mea-
surements that suggest vowel sounds are characterised by
highly complex flows involving jets and vortices in the vocal
tract rather than well-behaved laminar flow.

It is only recently that the possibility of exploiting speech
from a nonlinear dynamical systems perspective has been
considered. In this paper we investigate one of the basic ele-
ments of speech, vowel sounds to determine if they contain
any significant chaotic element.

The subsequent sections of this paper are structured as fol-
lows; Section 2 discusses briefly the techniques utilised in this
work for estimating Liapunov exponents and dimension. Sec-
tion 3 details the experimental results and finally conclusions
based on the results are presented.

Invariant Measures

There are various geometric ‘invariant’ measures used in
characterising nonlinear systems which are of interest to us
because of the properties they may have. In this paper three
of these are calculated for the speech data studied; the corre-
lation and embedding dimension and the largest Liapunov
exponent

The embedding dimension M of an attractor, used here, is the
minimum dimension of a subset of Euclidean space into
which a smooth manifold containing the attractor can be
embedded. Takens* theorem states that the embedding
dimension M must be > 2m + 1 where m is the dimension of
the attractor. The choice of embedding dimension is vital in
reconstructing the attractor from this scalar time series. The
embedding dimension provides the comnection between a
scalar time series and the underlying system which is not
scalar. In this study the embedding dimension was calculated
by means of the technique of false nearest neighbours pro-
posed by Kennel et al.® In this technique the data is embedded
in progressively higher dimensions, thus gradually unfolding
the attractor. At each stage the data is studied to try and differ-
entiate between points on the attractor and points which are
false neighbours. A false neighbour is a point in the data set
which is a neighbour solely because the attractor is viewed in
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too small an embedding space.

Correlation dimension is an attempt to quantify the complex-
ity of an attractor. It should be emphasised that the term cor-
relation is not used in the conventional signal processing
sense. Consider an attractor of some dynamical system, and
suppose that we have many points are scattered over a set
such that some areas of the attractor are visited more often
than others. The number of neighbours of a given point will
vary more rapidly with distance from that point if the set has a
higher dimension than otherwise. This consideration thus
leads to the correlation dimension;® defined as follows

lim 1 N
= N—-)OO[ -iv—E i}jz=l H(R-Ix,-—le):l

where H is the Heaviside function (H(y) equals 1if y2>0
and 0 if y < 0) and N is the number of points. The dimension
is then calculated as,

Cr

_ lim logCR
“R—0 logR

The Heaviside function simply counts the number of points in
a radius R at the point x;, Cp gives the average fraction of
points within R and is called the correlation integral. This is
the most widely calculated dimension due to the ease of
implementation of the algorithm of Grassberger & Procaccia.
LogCp is normally plotted against LogR and D estimated
from the gradient of a suitably linear portion of the graph.
This is repeated for a range of embedding dimensions until
the values of D appear stable. Interpreting of the results can
be difficult (particularly when only a limited data set is avail-
able) , something which will be apparent from the results pre-
sented here. An interesting discussion of the problems associ-
ated with this technique can be found in Theiler.”

The concept of Liapunov (or characteristic exponents) offer a
more accessible means of quantifying how chaotic a system
is. Liapunov exponeats (LE) are a measure of the local stabil-
ity (or instability) in a system. They can be estimated from
experimental time series within certain constraints. The tech-
nique adopted in this work, first suggested by Wolf et al in®
requires knowledge of the underlying equations to estimate
the full LE spectrum. Clearly, in this situation we do not have
this information and in this case the algorithm permits estima-
tion of the largest Liapunov exponent only.

Previous Work in this Area

The experimental work to date consists of a few papers,® 10
and is not conclusive. The work of Townsend is probably the
best known.? In it Townsend calculated the correlation dimen-
sion of voiced speech and the residual of LPC on some exam-
ples of conversational speech. The figure for dimension cal-
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culated by Townsend is between 3.2 and 3.3 for voiced speech
and 5 for the residuals of LPC. The figure of voiced speech is
of a similar order to that obtained in the work reported here,
although his results are far from conclusive. The work by
Kubin and his co-workers!® considers the dimension and
mutual information of vowel sounds. His results apparently
coatradict those presented here. He suggests that the fractal
dimension of various vowel sounds is less than 2, and that this
is strong evidence for an underlying chaotic system. It is
worth pointing out at this point that for a continuous system
to be chaotic, it is necessary for it to have a dimension of at
least three.

4. Experimental Results

This section details the experimental results obtained during
this study. Liapunov exponents, embedding dimension and
correlation dimension were calculated for a variety of vowel
sounds. In all of the tests a sequence of the sounds was con-
catenated together to provide a substantial data record for
analysis. The data used in this investigation was from a
speaker with a healthy larynx, and care was taken to avoid
aperiodic voicing modes. Any chaotic or nonlinear behaviour
could then be attributed to normal speech production. The
vowel sounds studied are listed below in the speech assess-
ment methodologies - phonetic alphabet (SAM-PA) notation:

(a) the vowel [{], as in cat;

(b) the vowel [i], as in heed;

(c) the vowel [A), as in cart;

The results are presented in Tables, 1-3 where the number of
false nearest neighbours (fn.n.) is given as a percentage for
each embedding dimension. Choosing an appropriate thresh-
old on fa.n. is difficult, especially for real data which is usu-
ally noisy. In this work, the point at which faon. stops
decreasing significantly is taken as an estimate of the embed-
ding dimension. Using this criterion, the embedding dimen-
sions and corresponding f.nn. figures are; 7 and 3.6% for [{],
7 and 1.1% for [i} and 7 and 2.3% for [A].

Embedding dimension { fnn,
29.8%
102%
45%
2.9%
23%
1.7%

X NN W

Table 1 - Embedding dimension by FNN for vowel sounds [A]
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Embedding dimension | fn.n. saturate at the dimension of the underlying process. It is clear
3 287% from Figures 1-3 that there is some saturation of the

2 10.7% dimension indicating that there is some structure. The

- difficulty is interpreting what dimension is appropriate, it is

3 54% clearly of the order of 3 to 5, depending on the vowel sound.

6 4.2% These figures would appear reasonable in the light of the

7 3.6% embedding dimension results presented previously. It is

8 3.3% interesting to note however, that the suggestion is of an

integer dimension rather than a fractal dimension. This
suggests that the vowel sounds considered here are in fact not
the result of a chaotic process. However the fact that these
results are not conclusive must be considered a caveat on any

Table 2 - Embedding dimension by FNN for vowel sounds [{]

Embedding dimension | fn.n. interpretation.
3 23.2%
4 6.6%
5 2.6% ' ’ ' ' ' " " " icension 4 —
6 1.4% er F“\ %Ei § ; )
7 1.1% T A "
8 1.1% sr 4 \

dimension

Table 3 - Embedding dimension by FNN for vowel sounds [i]

If the values for embedding dimension suggested by the
results presented here are considered with Takens theorem* it /
would suggest a dimension of the order of three for vowel S S L PO VR TR

. . ug‘of rad.x?u, R, ussed in correlation integral
sounds. This suggests the generation of vowel sounds is not a
chaotic process. In addition in all cases the largest Liapunov Figure 1 - Correlation dimension plot for vowel sound [{]

exponent was calculated to be zero. Consequently the
suggestion is of a two-torus as the underlying attractor, this
suggests a system excited by two distinct frequencies. This
raises some interesting questions, if the attractor was a two- ’ AT T T T dieenston  —

'i i dimension 5 —

torus, as to what those two frequencies represent. o {4 Gmension 3777

A dimension 8 -
i

However, the results for embedding dimension do not give
any information other than how large a delay vector is
necessary to reconstruct the attractor. In addition, Takens?
theorem does not guarantee that the embedding dimension
must be greater than twice the actnal dimension plus one. In
fact, it has been demonstrated previously® that embedding
dimensions smaller than this can often suffice. Consequently,
we must be circumspect in dealing with the results. In order ) L
to try and gain some further insight into this the correlation B 1 ot catius, B used'in cormalation dntegiet T F
dimension® was estimated for the same data set.

dimension

: Figure 2 - Correlation dimension plot for vowel sound {i]
The results of the correlation dimension measurements are
shown in Figures 1-3. Each graph has dimension as the
vertical axis and log,(R), the radius used to calculate the
integral as the horizontal axis. Each figure has a series of plots
for increasing embedding dimension of the gradient of
logCp
logR "’

For a low deterministic process the plots should
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epepp |

dimension

imension 4 ——
imension 5 —
imension € ---~
{mension 7 —— -
imenzion 8 ~—

5 10 15
log of radius, R, used in correlation integral
Figure 3 - Correlation dimension plot for vowel sound [A]
Conclusions

The calculation of Liapunov exponent and dimension on a
variety of vowel sounds presented here suggest that voiced
speech is not a chaotic process as previously suggested. The
results are inconclusive since they are limited to a small set of
sounds and only one speaker; thus further work is required to
look at a wider range of speech samples. However, the
suggestion is that vowel sounds have a two or three torus as
the underlying attractor. The frequencies associated with such

an attractor possibly being related to the vibration of the vocal

chords.
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