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ABSTRACT

In this paper, the fractal characterization of the Spanish
fricatives is studied. Fractal models seem to be specially
suitable for their characterization because turbulence, which is
the sound source of the fricatives, has at least some aspects that
are fractal. The fractal characterization was computed over a
large database that had been previously characterized, both
perceptually and acoustically. A linear discriminant analysis
procedure was applied to the fractal representation and the
classification rate attained was 85.2 %. The a posteriori
probabilities resulting from the classification procedure were
correlated with the responses of the perceptual characterization
given a Pearson coefficient of 0.86. These results are
comparable to other classical acoustic characterizations of
fricative noises, such as filter band spectra or FFT-derived mel
cepstral coefficients.

1.  INTRODUCTION
Fractals are mathematical sets with a high degree of geometrical
complexity that can model many natural phenomena. A fractal
object has a shape with increasing features revealed with
increasing magnification. Examples of phenomena that can be
modeled by fractals are coastlines, clouds, mountains, some
mathematical patterns, as well as some natural processes
described by time-series measurements, such as noises with
power spectrum proportional to 1/|w|β, etc.

Fractals can be characterized and classified quantitatively
by their fractal dimension D. Given a measure unit of length ε,
the length of a fractal, L(ε), increases within limit when ε
decreases and follows the power law
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Thus, D corresponds to the traditional notion of dimension
except that D can be a fraction. For smooth lines, such as a
circle, D=1, and L quickly converges to the true circumference
of a circle as ε decreases. For a fractal, D measures, intuitively,
the degree of their boundary fragmentation or irregularity over
multiple scales.

If the magnified portion of the shape looks qualitatively
like the original pattern the object is said to be self-similar.
Although fractal objects need not to be self-similar this scale
invariance property is common to many of them. Therefore it is
used as a means to compute the fractal dimension because this
property implies that D is constant for different ε. For real world
cases the assumption of self-similarity is generally not true and
the phenomenon is usually considered to be self-similar only in
a certain range of length scales for which the fractal dimension
is computed. The fractal dimension computed in that way is

called Local Fractal Dimension (LFD). The usual procedure
involves partitioning the range of scales in several overlapping
or non-overlapping intervals of equal length within which the
self-similarity property can be considered true. Thus, a LFD is
computed for each interval obtaining a profile of LFDs.

Speech waveforms are one of the phenomena that have
been successfully modeled by fractals [1, 2, 3]. Pickover et al.
studied the fractal dimension of the speech waveform for scales
from ~10 ms up to ~2 s, thus including both prosodic and
phonetic aspects of speech. He concluded that the speech
waveform may be considered self-similar and therefore its
fractal dimension can be computed. The value obtained was
D=1.66 which is in the range of the fractal signals.

Subsequently, Maragos et al. [4] developed an efficient
algorithm to compute the fractal dimension of topologically one-
dimensional signals, such as speech waveforms, which is also
more accurate than the method used by Pickover. This method is
briefly explained in the following section because it was the
method used in this particular study. Using his method, Maragos
[2] studied the fractal aspects of speech signals. He took, as a
starting point, other researcher's studies who consider that some
geometrical aspects and multiscale structure of turbulence can
be quantified by fractals. This fact was related to speech
aerodynamics by Maragos, and therefore he gave physical
meaning to the fractal dimension of speech signals. Although the
relationship between turbulence and fractal geometry is
currently not well understood he considered that the fractal
dimension represents the amount of turbulence in a speech
sound.

Following this assumption, he made a study at the phoneme
level (a profile of LFDs was computed for time scales in the
range between 1/15 - 6 ms) and found that the fractal dimension
was higher for those phonemes that are more turbulent as, for
example, fricatives. Thus, he proposed a segmentation method
based on the fractal dimension that can distinguish, for example,
between a vowel and a voiced fricative. The only differences
found by Maragos were among the following categories: voiced
fricatives, the remaining consonants and vowels. Recently,
Delopoulos et al. [3] studied the fractal dimension of voiceless
plosives in order to classify them. They found that the LFD
corresponding to the finest scales or resolutions increased the
separability of the three phonemes although some categories can
be discriminated on the basis of the (global) fractal dimension
only. This study lacks the use of a large database and an
automatic classification method (only the two-dimensional space
formed by two fractal dimensions is showed).

In this paper, the fractal characterization of the spanish
fricatives is studied. Fricatives are produced with a narrow
constriction in the vocal tract. The flow of air through the
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constriction results into turbulent flow whose random pressure
fluctuations generate the fricative sound. Therefore, fractal
models seem to be specially suitable for their characterization.
Fractal dimensions are computed over a large database that had
been previously characterized, both perceptually and
acoustically. An automatic classification procedure was applied
to the fractal representation and the results were correlated with
the responses of the perceptual characterization. The results are
comparable to other classical acoustic characterizations of
fricative noises, such as filter band spectra or FFT-derived mel
cepstral coefficients.

2. MEASURING THE FRACTAL DIMENSION
The method used to compute the fractal dimension was the
morphological covering method proposed by Maragos et al. [4].
This method has been used to study the fractal dimension of
speech signals in [2, 3].

Under certain assumptions, equation (1), which defines the
behaviour of a fractal, can be transformed into
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where ε is the length of the measure unit, D is the fractal
dimension and A(ε) is the area resulting from morphologically
covering the graph of the signal. This means that the dilations
and erosions of the signal's graph by a structuring element of
size proportional to ε have to be computed. The dilations and
erosions are morphological operations that create an area-strip
as a layer either covering or being peeled off from the graph of
the speech signal at various scales. The difference between this
two area-strips for each resolution ε is the area A(ε), which is
related to the length of the fractal L(ε) defined in equation (1).

Therefore, once the area A(ε) have been computed for each
resolution ε, a linear fitting procedure will be applied to
equation (2), the fractal dimension D being the slope of that
linear fitting. For a signal of length N: 2/N ≤ ε ≤ 1. If the linear
fitting procedure is applied to this whole range the fractal
dimension, under the assumption of self-similarity for every
scale, is computed. If the horizontal axis is partitioned in
intervals considered to be self-similar and a linear fitting
procedure is applied to each interval, a profile of LFD is
computed.

The areas A(ε) are computed iteratively. For the finest
possible resolution or scale which is limited by the sampling
rate:

• Initial step:
dilation[n] =  max{f[n-1], f[n], f[n+1]}
erosion[n] = min{f[n-1], f[n], f[n+1]}

where f[n], n=0,1,...,N, is the speech signal and the local
max/min operations take place only over the available samples.

• Final step:
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For the remaining resolutions (ε), iteratively:

• Initial step:
dilation[n] at scale ε = max{dilation[n-1] at scale ε-1,

                dilation[n+1] at scale ε-1}
        erosion[n] at scale ε = min{erosion[n-1] at scale ε-1,

               erosion[n+1] at scale ε-1}

where n=0,1,...,N, and the local max/min operations take place
only over the available samples.

• Final step:
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3. FRACTAL CHARACTERIZATION OF FRICATIVES
3.1.  Corpus
The tokens in our study correspond to citation-form two-syllable
natural Spanish words whose first syllable was formed by the
combination of a Spanish voiceless fricative with one of the five
Spanish vowels ([a,e,i,o,u]). The voiceless fricatives are [6,f,s,5]
and [Z]. The voiceless affricate [V5] was also included due to its
turbulent nature. The isolated words were pronounced by 10
males and 10 females, all Spanish native speakers (Galician
Region). The total number of stimuli was 600=5 vowels × 6
fricatives × 10 speakers × 2 sexes.

All tokens were recorded in a normal office at the Faculty
of Physics with a Rion microphone (type UC-53A), the whole
process being supervised by one of the authors to ensure that
tokens were natural and correctly pronounced. Then, tokens
were sampled at 20 kHz using a DT-2801-A card of 12 bits of
precision, and band pass filtered with cutoff frequencies of 100
Hz and 9.2 kHz. Besides, they were normalized with respect to
their maximum amplitude value.

Fricative noises were isolated by means of visual, auditory
and spectral inspection. In case of doubt, the end of the fricative
was determined by the rising of the second formant. Shadle has
shown [5] that fricative spectra vary a great deal from fricative
onset until fricative offset. Thus, in order to analyze the acoustic
characteristics of the fricative noises they were represented by
three windows of 25.6 ms: one initial, one in the middle and one
at the end. An example of one of the tokens and its segmentation
can be seen in figure 1.

3.2.  Method
For each window, the fractal dimension and twenty local fractal
dimensions of: a) the signal and its spectrum, b) their running
averages, c) their discrete derivatives, were computed. The
motivation for including the fractal properties of the running
averages and the discrete derivatives comes from the case of the
fractional Brownian motion.
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Figure 1. Segmentation of one of the Spanish words.

The fractal dimension was computed using 200 scales
which correspond to time scales from 0.1 to 20 ms. In the case
of the spectrum (a FFT of 1024 points) those scales correspond
to frequency scales from 40 Hz to 8 kHz approximately. The
twenty LFDs correspond to partitioning that range of 200 scales
in twenty non-overlapping windows of ten scales. Figure 2
shows and example of the linear fitting used to compute the
fractal dimension, and figure 3 shows the LFD for each interval.
The LFD showed great variation among scales, particularly for
the spectrum.

The results for the discrete derivatives and their
corresponding signals or spectra were the same, therefore the
discrete derivatives were discarded. The running average of the
spectra showed no fractal behaviour (their fractal dimension was
close to one), so they were discarded too.

Because the number of variables available was still very
large, for each window and kind of signal only eight variables
were considered: the (global) fractal dimension D, and seven
local fractal dimensions regularly spaced, i.e. LFDs number 1, 4,
7, 10, 13, 16 and 19 from the smallest to the largest scales.
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Figure 2.  Fractal dimension of  the  second
window of the fricative noise of a [s] token.
The slope of the linear  fitting  is  D = 1.85.
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Figure 3. Local Fractal Dimensions for the [s] token of
figure  2.  The  horizontal  line  shows the value of the
(global) fractal dimension computed in figure 2 (1.85).

Thus, the number of variables used to characterize each
token was 72 = 3 kind of signals × 3 windows × 8 fractal
dimensions. A Linear Discriminant Analysis (LDA) was carried
out in order to assess the fractal characterization of the
fricatives. LDA is a classification procedure which involves
forming linear combinations of the independent variables to
determine the classification group for each case. The number of
classification groups must be indicated to the procedure. From
the distribution of cases and groups in the classification space it
is possible to compute for each case a posteriori probabilities
(APP) of membership in each group using Bayes' theorem: each
case is represented by a vector of probabilities of membership in
each group.

This corpus had been previously characterized, both
perceptually and acoustically [6]. Perceptual experiments
represented each case by a vector of perceptual distances to each
fricative. A overall correlation coefficient was computed over
the classification vector and the perceptual vector formed by
3600=600 cases × 6 phonemes. The correlation coefficient for
each fricative was computed over the 600 cases vector.

3.3.  Results
The Linear Discriminant Analysis considering 72 variables
attained an identification rate of 85.2 %. The confusion matrix
can be seen in Table 1. For each kind of signal the identification
rates were: 69.8% for the spectrum, 66.5% for the temporal
signal and 67.3% for the running average of the temporal signal.
Thus, the three representations contribute equally to the overall
classification rate.

The overall correlation coefficient between the a posteriori
probabilities resulting from the classification procedure and the
responses of the perceptual characterization was 0.86.
Correlation coefficients were 0.76, 0.79, 0.84, 0.85, 0.97 and
0.92 for [6,f,s,5,Z] and [V5] respectively.

These results are comparable to other classical acoustic
characterizations of fricative noises, such as filter band spectra
of FFT-derived mel cepstral coefficients. For this particular
corpus the same classification method was applied to different
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acoustic characterizations [6]. Classification rates were 84.8 %
for filter band spectra (69 variables), 85.5 % for lineal cepstrum
(60 variables) and 81.0 % for mel-cepstrum (60 variables)
coefficients. For instance, the overall correlation coefficient for
the filter band spectra characterization was 0.86; for each
particular fricative the correlation coefficients were 0.70, 0.73,
0.84, 0.86, 0.92 and 0.92 for [6,f,s,5,Z] and [V5] respectively.

6 f s 5 Z V5

6 83 16 1 0 0 0

f 14 84 1 0 1 0
s 3 0 81 14 0 2

5 0 0 18 81 0 1

Z 2 2 0 0 96 0

V5 1 0 5 8 0 86

Table 1. Confusion matrix from the fractal model classification.

4. CONCLUSION
Fractal models have proved to be an efficient method to
characterize the voiceless fricatives,  the results being
comparable to other classical acoustic characterizations of
fricative noises. Besides, fractal models are a new way of
looking at the acoustics and aerodynamics of speech. This
method can be applied to either the speech signal itself or its
spectrum and gives information of those signals at various
scales.

Future work will involve studying the fractal behavior of
the spectrum of the fricatives at various scales with further
detail. This is based in the fact that the most distinctive
properties of the fricatives lie on their spectra along with the
great variation of the values of the LFD profiles for them.
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