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ABSTRACT

This paper deals with the following question: can the
conventionnal classification algorithms be transposed to the
"hyperbaric” speech signal case? An objective estimate of
discriminating features computed on synthetic signals, that is
on tests signals, appears to be a relevant approach. As it is,
five basic features commonly involved in voiced-unvoiced
decision rules are consistently computed, first on "air” vowels
signals considered as references, then on similar "heliox”
vowels signals. Globally, the discriminating features
abilities are preserved and are even likely to be improved,
provided that thresholds are adapted.

Keywords: "hyperbaric” speech, classification features,
speech modelization.

I. INTRODUCTION

A speech signal produced in a hyperbaric
environment refers to the speech of divers working in deep
sites, especially in oilfields. The speech, quite unintelligible
due to a shift of formants to higher frequencies, has to be
restored by signal processing. The unintelligibility character
increases together with the depth: one can say that this
problem is very present, since the 700 meters depth threshold
was broken in November 1992 (HYDRA X, Comex).

Most efficient algorithms for the restoration of intelligibility
aim to carry out a block signal processing [1,2], and to
proceed in three steps: an excitation-vocal tract filter
deconvolution, a transform of these two components
according to hyperbaric speech production system theory [3],
then a convolution of the two ransformed components. Until
now, in practise, the excitation has been assumed unchanged.
The deconvolution is necesserily based on a vocal system
model (i.e. linear model [1], AR model [2]) and a-priori
requires a classification of the excitation in voiced, unvoiced,
or mixed sections. The linear model has been proved pertinent
in a hyperbaric environment [4], but, on the other hand
specific problems of hyperbaric speech signal classification
have been little addressed. Within this framework, this paper
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deals with the following question. Can the conventional
classification algorithms be transposed to the hyperbaric
speech signal case? In other words: what is the incidence of a
hyperbaric environment on features involved in decision
rules?

A statistical analysis was recently published [5]: features were
computed on similar real "air" and "hyperbaric” speech signal
frames, and then compared. However, in return of the realism
of the signals, the reliability of such a study is inevitably
dependent upon the speaker variability and the low
signal/moise ratio which particularly characterizes hyperbaric
signals. In addition, divers can't be considered as suitable test
speakers since they are selected on others criteria. Therefore an
objective estimate of features from synthetic signals produced
by a linear model appears to be a relevant approach. The
research herein reported comes under this approach.

An exhaustive research would require a study of the whole
features likely to be involved in algorithms aiming to classify
the speech signal as a function of the nature of excitation
(periodical, noisy, or both) and of the breathed gas mixture
("air" environment, and "hyperbaric” environments for a series
of depths). The research herein presented comes under this
framework. However, dealing with a first investigation, five
french vowels signals and two environments are considered,
and five features a-priori endowed with a significant
discriminating ability are studied. So, the immediate objective
is clearly to assess how feature thresholds are correlated with
the acoustical environment in case of voiced sounds, and not
to associate feature thresholds with classification decisions.
References and "hyperbaric” test signals are outlined in
section II. In section III, the five featares to be studied are
explicited, whereas the numerical results of simulations are
presented and discussed in section IV.

II. TEST SIGNALS

Voiced speech test signals are generated from a
synthetic glottal wave g(k) filtered by a filter, the impulse
response h(k) of which modelizes both the behavior of the
resonator (vocal and nasal tracts) and the lip radiation.
Assuming that a vowel and an acoustical environment are
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specified, the associated filter h(k) is computed accordingly to
the block diagram shown in fig. 1.

physical paramete
of the breathed
gas mixture

vowel: articulatory
configuration

vocal and nasal cavity,lip radiation:
n-tubes modelization

transfer function H(v)
of the n-tubes filter

discretization of H(v)
and Inverse Fourier Transform

impulse response h(k
of the n-tubes filter

Fig. 1. Computation of a simulated filter impulse response

The n-tubes model involves all physical parameters which
induce an incidence in H(V), especially the sound celerity, the
density, and the specific heat coefficients. Moreover let us
notice that the discretization operation of H(v) is crucial: the
value of vipax and the number N of samples in the [0..vpax]
range respectively determine the sampling frequency and the
length of the impulse respone h(k). In case of an "air"
environment, vmax = Fs = 10 KHz and N = 256 are
conventional values, reference values as it is. Dealing with
any " hyperbaric” environment, the choice of Fs and N has to
be consistent with the above reference values according to a
given criterion. For which that concerns Fs, it is pertinent to
take into account the formantic shift induced by the breathed
mixture. This shift is known to be formalized by the
following Fant-Lindquist relationship [3]

vi? =(% va)’+ (%- 1)(%\:“)2 %))

Subscripts a and h refer to air and hyperbaric conditions; v, c,
Ps Vmax, are namely formant frequency, sound celerity,
density, and resonance frequency of the vocal cavity. In
practise, for high order formants, (1) is well approximated by

w=%v, )
Ca

Consequently, the sampling frequency of a hyperbaric speech
signal can be adapted to the environment by a similar
relationship. As for the impulse response, its energy has been
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proved negligible beyond a 10 ms length whatever the
hyperbaric environment [7]: in that way, a constant value can
be assigned to N (N=512). The synthetic glottal wave is
considered independent of the articulatory configuration and is
defined by the following model.

P: pitch period
/ x
pl p'2 P
gk)=0.5 A [l - cos(wrk)] for 0<k<pl

gk) = A[1-K[1+cos(wrk)]] forpl <k<p2
gk =0 for p2<k<P
wr=T/pl, K: slope factor

Fig. 2. Glottal wave model

The numerical values involved in the glottal model are stated
in the table below.

A K P pl p2

air
100
Es=10KH)| ' | 08 liomyl 2|

"heliox 250 m" 100

(Fs=27.6 KH2)] 1 08 (8 ms) 56 88
The value P = 8 ms in heliox conditions, compared to the 10
ms air reference, agrees with the statistic, hence realistic,
increase of the pitch.

Finally, the set of test signals s(k) are computed by the
convolution s(k) g(k) * h(k). Figure 3 shows an example, as
it is two [a] vowels signals simulated in air and heliox at a
250 meters depth.

J.s
Y A

M L
W‘\l w WN

Fig. 3. Vowel [aj: 2 test signals "air" /1/ and "heliox" f2/
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III. SUBSET OF CLASSIFICATION
FEATURES

Firstly, four features which are commonly involved
in classification algorithms [8] are introduced: the zero
crossing rate ZCR, the normalized autocorrelation at unit
sample delay ACI1, the first LPC coefficient al, and the
normalized prediction error EPLC. Then, the power spectrum
of s(k) is indirectly dealt with in an investigation by
computing a normalized cumulative power spectrum NCPS,
It can be thought that the ZCR is correlated with the first
formant frequency, since the power of most vowel signals is
concentrated there. Given the formant shift and the sampling
frequency are respectively modelized and controlled by the
relationship (1), the mean percentage of changes in the sign
of s(k) samples, whatever the simulated breathed mixture can
be, is a relevant measure of ZCR.

The feature AC1 is defined by

p-2
2 s(k) s(k+1)
ACl = k:—f)ll— 3)

k2=l0 (sa))

Let us notice that AC1 is usually a single criterion for voiced
decision (AC1>v1) or unvoiced decision (AC1<v2) when a
classification is needed in front of a linear prediction of the
speech signal. Herein the real question relates to the
sensitivity of the threshold v1.

Refering to general linear prediction theory, both the predictor
coefficients {ax} and the cepstral coefficients {ck} characterize
uniquely the all pole filter. The first coefficient aj, since it
equals c1, is able to contribute to the voiced-unvoiced
decision signiﬁmntl)".

Given a M order predictor {aj}, EPLC can be defined in the
time domain by

P1
T etk
EPLC = PEIJ— 6))
T |saof?
k=0
with
M
EG) = a s(k-i) ©®
i=0

The more the signal exhibits an all pole structure (voiced
sounds), the lower EPLC is. Nevertheless, in the case of
voiced sounds, EPLC also depends upon technical parameters,
especially the order M and the sampling frequency. It was
shown in [4] that, in so far as the sampling frequency is
controlled by relationship (2), the order can be kept constant:
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as it is, the computation of EPLC is based on this
assumption.

Voiced and unvoiced sounds are characterized by intensities
which are respectively preponderant in low and high
frequencies ranges. Such a criteria requires an accurate
definition of the two ranges. Concerning "hyperbaric” speech
signals, the frequency range to be associated with the "voiced”
decision depends upon two factors; the shift of the formants,
and the greater distance between voiced and unvoiced sounds
intensities. Herein, interest is turned to the first factor
through the NCPS computed as follows.

L-1 )
2 Sk
NCPS(m) = 10 log Lk*-;l— @

T [sap
k=0

S'k) = FFT{s'()}
and s'(Q)) = s(i) for 0<i <P

s =0 for P<i<2L

L=2% suchthata-1<logP <«
In respect to the Fs determination criterion (cf. section II), the
frequency axis scale of any diagram is defined by a Fs/(2L)
unit, then allowing a straight interpretation whatever the
conditions can be if L is a constant.

IV. RESULTS

Accordingly to the framework defined in the previous
sections, the four classification features ZCR, AC1, a1 and
EPLC, together with the NCPS, are computed for two
environments and five french vowels. Results are presented in
table 4 and figure 5.

[a] [e] il [o] Iyl
Na/ |ZCR | 14 10 4 8 8

/iy |AC1 | 085 | 093 | 092 | 090 | 093
/| ag|-146|-127] 0.04 | -1.28|-0.90
Nd/ | EPLQ 0.045 | 0.040 | 0.028 | 0.030 | 0.035
Pa/ |ZCR | 26 19 | 53 | 22 58

12p/|AC1 | 085 | 090 | 0.73 | 089 | 0.73
¢/ 21 }-.207]-207|-050]| -1.55] -1.21
24/ | EPL] 0.018] 0.020] 0.052] 0.020] 0.040

Table 4. Four classification features in two
simulated environments:
/1. / air, pitch = 100 Hz
/2. ] heliox 250 m, pitch = 125 Hz
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Fig. 5. Normalized Cumulative Power Spectrum
/1/ air, pitch = 100 Hz

12/ heliox 250 m, pitch = 125 Hz

Each row of the table 4 gives rise to comments. The ZCR is
very correlated to the first formant frequency in /1a/. Such a
correlation is not confirmed in /2a/ for vowels [i], [o] [y],
probably because of a contamination induced by higher
formants. The AC1 features are very similar for vowels [a],
fel, [0]. On the contrary a decrease is undergone in /2b/,
relatively to /1b/, for vowels [i] and [y]; that suggests firstly
that the change in harmonic structure is not balanced by the
increase of Fs (second and third formants exhibits both high
frequencies and energies), secondly that the change to be
involved in thresholds vl and v2 makes AC1 less
discriminant. For that what concems the first LPC coefficient
ai, it is significant in all cases except in heliox [ij vowel
signal. As for the AC1 feature, one can think that a high
energy in high frequencies degrades the discriminating ability
of aj. The nomnalized prediction error, for a given filter order,
is rather in favor of "hyperbaric" conditions. That corroborates
the assumption whereby the "hyperbaric” speech signal is a
better candidate than the "air" one to AR modelization. On
account of the previous conclusions, a preliminary low pass
filtering would improve the discriminating ability of ZCR,
AC1, aj, and EPLC. The NCPS, whatever the environment,
exhibits successive levels (fig. 5) which can be explained by
the fact that most energy is concentrated in formants. The
decrease of NCPS is more pronounced in /2/; that could be
expected on account of the glottal low pass filter.
Nevertheless, one can show that NCPS is about 5 dB higher
in hyperbaric conditions for the range {0, Fs/8}: such a piece
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of information will contribute to the definition of a HILO
feature (ratio of energies in high and low frequency ranges),
when the fricatives signals will have been studied.

V. CONCLUSION

Let us bear in mind that this paper aims to be an
investigation preliminary to the implementation of a
"hyperbaric” speech signal classification algorithm. So, the
behavior of five features likely to be involved in decision
rules is studied in the case of synthetic vowels signals
simulated in air and "hyperbaric” environments. Two trends,
which agree with those of a previous statistical study, become
apparent: the zero crossing rate and the normalized
autocorrelation at unit sample delay are rather less
discriminant than in air, on the contrary the normalized
prediction error and the normalized cumulative power
spectrum are more discriminant. A final judgment obviously
needs the study to be extended to fricatives. Lastly, let us
dwell on the fact that, basically, the sampling frequency
governs the results: as is, it is linked to the formant shift,
according to the Fant-Lindquist relationship.
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