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Normal vowels are known to have irregularities in the pitch-to-pitch variation which is quite
important for speech signals to be perceived as natural human sound. Such pitch-to-pitch variation
of vowels is studied in the light of nonlinear dynamics. For the analysis, five normal vowels
recorded from three male and two female subjects are exploited, where the vowel signals are shown
to have normal levels of the pitch-to-pitch variation. First, by the false nearest-neighbor analysis,
nonlinear dynamics of the vowels are shown to be well analyzed by using a relatively
low-dimensional reconstructing dimension of<dl<7. Then, we further studied nonlinear
dynamics of the vowels by spike-and-wave surrogate analysis. The results imply that there exists
nonlinear dynamical correlation between one pitch-waveform pattern to another in the vowel
signals. On the basis of the analysis results, applicability of the nonlinear prediction technique to
vowel synthesis is discussed. 2001 Acoustical Society of AmericaDOI: 10.1121/1.1413749

PACS numbers: 43.70.Gr, 43.25.R4L ]

I. INTRODUCTION riodic impulsive components of the excitation signals of

. . . LPC. Th nonlinear techni imply th me of the im-
In the studies of human speech, linear dynamical sys- C. These nonlinear techniques imply that some of the

. . ﬁ)ortant qualities of speech are inherently characterized by
tems analysis, such as the power spectrum analysis and the .
: o . . nonlinear dynamics.
linear predictive codingLPC) model, is the most popular Desite th licated | ducti hani
and standard methodolody’ This is because acoustical espite the compiicated vocal proguction mechanism,

characteristics of human speech are mainly due to the reséﬂ\fh'Ch is usually considered to be high-dimensional, the con-

nances of the vocal tract, which form the basic spectral strucSePt Of dissipative nonlinear dynami¢émplies a possibility

ture of the speech signaldn fact, linear dynamical systems that the complex vocal phenomena originate from determin-
analyses have been widely and successfully applied ifstic nonlinear dynamics with only a small number of state
speech analysis and synthesis. One example is the analysis\Gifiables. From this viewpoint, nonlinear dynamical system
vowels which are known to be well characterized by theiranalysis>*® has been recently carried out for a variety of
power spectral structures, especially by the locations of th&ocal phenomend~**For diagnosis of pathological voices,
several peak formant frequencies. Despite the successful agarious nonlinear dynamics such as periodic, quasi-periodic,
plications of the linear systems analysis, human speecknd chaotic dynamics have been analyZedt and in non-
strictly speaking, is a nonlinear dynamical phenomenorstationary infant cries possible bifurcation phenomena lead-
which involves nonlinear aerodynamic, biomechanical,ing to chaos have been studidn fricative consonants cha-
physiological, and acoustic factors. In fact, a variety of vocalotic dynamics has been discus$tand in normal phonation
fold models are based on nonlinear modeling of the vocabf vowels irregularity in pitch-to-pitch variation has been
fold physiology and nonlinear aerodynamfcs.In speech investigated in terms of low-dimensional nonlinear
synthesis, the nonlinear physiological models such as thgynamics?*~32

two-mass modéland the glottal waveform modéfs*? are Among these nonlinear speech studies, this article fo-
used for the excitation signals of LPC vocoders. Nonlinearzyses on the nonlinear dynamics of vowdis33 1t has been
dynamical information is also used implicitly in the standardknown that in normal phonation of vowels cyclic changes in
speech coding schemes. For example, in the code-excitqglich amplitudes and pitch periods are obserfeBy psy-
linear prediction(CELP) schemé!’ a combination of code- choacoustic experiments, it has been shown that this pitch-
vectors from codebooks is used to model periodic and ap&g_pitch variation is indispensable for speech signals to be
perceived as natural human soufid® Since the naturalness
dElectronic mail: tokuda@csse.muroran-it.ac.jp of sound is an important factor for speech synthesis, the ir-
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regular property of the pitch-to-pitch variation of vowels is positive Lyapunov exponefit®! or weakly positive but close
worthwhile investigating. to zero Lyapunov exponentwas computed for normal
There have been several studies that considered the efewels.
fect of pitch-to-pitch variation on the quality of synthesized Despite these intensive studies, it is still difficult to con-
vowels. It has been reported that the buzzerlike quality of thdéirm chaotic dynamics in normal vowels, because reliable
vowels synthesized by periodic excitation of LPC vocodersestimation of nonlinear dynamical quantities from short-term
can be improved to some extent, if the standard deviations afpeech data requires delicate numerical comput&ficfi.It
the pitch amplitudes and pitch periods of the LPC excitationshould also be noted, on the other hand, that analysis of
signals are optimizetP~** It has also been indicated that very-long-term data can suffer from nonstationarity. More-
frequency characteristics of the sequences of the pitch peréver, we have to be very careful in analyzing and discussing
ods and pitch amplitudes have strong influence on the voickow-dimensional chaos in real-world systems, since noisy
quality and optimization of such frequency characteristicsdata can sometimes mimic chaotic behaffor’ Rapp
enhances the natural quality of the synthesized vo#ef§. et al®* demonstrated that the Grassberger—Procaccia algo-
If the original sequence of the pitch periods and pitch ampli+ithm falsely detects low-dimensional chaotic dynamics in
tudes obtained from real subjects are available, perceptuallgrtificial data generated by a simple filtering of a purely ran-
transparent speech can be synthesized by using standatdm number sequence. Since this kind of spurious result
speech coding schemes such as the code-excited linear preay often take place in laboratory experiments, nonlinear
diction (CELP) schemé&® and the multi-band excitation systems analysis combined with additional techniques such
(MBE) schemé® Such schemes, however, require a hugeas surrogate data techniques is recommentigd.
database or codebooks of pitch data for every voiced phona- The present article does not directly prove chaotic dy-
tion of real speakers. They also provide no insight into thenamical properties in vowels. Instead, we investigate
physiological mechanism that gives rise to the pitch-to-pitchstrength of nonlinearity in the irregular dynamics of the
variation of vowels, since they merely use a database of reglitch-to-pitch variation of vowels. Our approach is based
pitch signals. upon the method of surrogate data> The surrogate data
Compared to the conventional techniques, recently deanalysis is a kind of statistical hypothesis testing which is
veloped nonlinear prediction models for vowel synthesis araised to detect nonlinear dynamical structure in time series
quite interesting. Townsheffland Banbrooket al?® used  data observed from an unknown dynamical system. We test a
local linear function models, Satt al?® and Tokudaet al?’  null-hypothesis that
used neural networks, Kulfh used polynomial function “There is no nonlinear dynamical correlation between
models, and Mann and McLaughtthand Judd® used radial one pitch waveform pattern to another.”
basis function models for the vowel synthesis. They reported  According to the null-hypothesis, we generate sets of
that the irregular dynamical property of the pitch-to-pitch spike-and-wave surrogate data and compute nonlinear dy-
variation that contributes to natural vowel sounds is wellnamical statistics of the original and surrogate data. By ob-
reproduced by the nonlinear prediction models. Such nonlinserving whether there is any significant difference between
ear prediction models can provide speech synthesis teclestimates of the original and surrogate data, the null-
nigques possibly simpler than the conventional ones in the hypothesis is tested.
sense that they are based on the function approximation tech- To our knowledge, a comprehensive analysis of the
niques which do not require any huge database of pitch setowel signals based on the above surrogate method has not
guences. Although the conventional nonlinear predictiorbeen reported. In Refs. 32 and 55, Fourier transfor(rdd
models that need optimization of many free parametersurrogate analysis was carried out for testing nonlinearity in
should be further refined for practical use, it is important tonormal vowels. The FT surrogate analysis that is to test a
explore a new approach to vowel synthesis. linear Gaussianproperty of vowels is not really interesting,
The studies of the nonlinear predictions imply that abecause vowels are in general not considered to be generated
dominant portion of the irregularity of vowels is due to low- from linear Gaussianprocesses in speech research. Instead,
dimensional possibly chaotic dynamics, because chaos is tlvee examine nonlinear dynamical correlation between the
only dynamics that deterministically gives rise to irregular pitch waveforms of vowels by the spike-and-wave surrogate
behavior in nonlinear systems. In order to examine the plauanalysis. By showing that there exists nonlinear dynamics in
sibility of the nonlinear prediction models of vowels, it is the pitch-to-pitch variation of vowels, we discuss the plausi-
important to study the irregular property in vowels from the bility of modeling the vowels by nonlinear prediction tech-
viewpoint of nonlinear systems, especially deterministicniques. Possible application of the nonlinear analysis results
chaos. In fact, there exist several studies that report chaotio the physiological modeling of vowels is also discussed.
dynamical properties in normal vowels. By fractal dimen- The present article is organized as follows. In Sec. I,
sional analysis with reliable dimension estimate technijue, details of the vowel signals studied in this article are pro-
noninteger fractal dimension lying between 1.0 and 3.0 wasided. Pitch-to-pitch variation observed in the vowel signals
estimated for vowel signals. By the Wayland t&stletermin-  is also evaluated. In Sec. llI, false nearest-neighbor analysis
istic nonlinearity was detected for normal vowels. Geometri-is carried out to study how many dimensions are necessary
cal structure that resembles a typical chaotic orbit is obfor nonlinear analysis of the vowels. In Sec. IV, nonlinear
served by singular systems analysis of time-delay embeddindynamics of the vowels are examined by spike-and-wave
of normal vowels>?’ By Lyapunov spectrum analysis, a surrogate analysis. The final section is devoted to conclu-
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sions of our experiments and discussions on possible applsignals denoted bix,e R:t=1,2,...Ngad (Ngarz= 2048) are
cation of nonlinear dynamics to speech synthesis. drawn for two vowels /a/ and /isubject: mayin Figs. 1a)
and(b).

Il. EXPERIMENTAL DATA B. Pitch-to-pitch variation

A. Speech data It is well known that cyclic changes in maximal peak

For our analysis, speech signals of five vowels /a/, /i/amplitudes and pitch periods are observed in normal vowel
lul, lel, and /o/ recorded from five subjects are exploitedsignals® Let us evaluate the level of this pitch-to-pitch
Each vowel is spoken only once by each subject. We analyzeariation in our speech data. First, maximum peak ampli-
five vowels so that we can consider dependency of nonlineaudes and pitch periods are successively extracted from each
dynamical characteristics of vowels on the vocal tract shapezowel signal by using the peak-picking and zero-crossing
If the vocal tract shape gives rise to strong constriction amethod®®=%°In our speech data, 15 to 35 pitch periods were
voiced phonation, we may expect that nonlinearity of theextracted from each vowel signal. We call the sequences of
vocal fold dynamics is weakened by a filtering effect of thethe maximum peak amplitudes and the pitch periods ampli-
vocal tract. We study this effect for five vowels. The subjecttude sequencéAS) and period sequend®9), respectively.
group is composed of three male speakerau, mms, mmy  Then, the standard deviation of the AS and PS is computed
and five female speake(tsu, fyn) with no laryngeal pathol- for each vowel signal. In order for normalization, the coeffi-
ogy. The speech data are in the standard APRvanced cient of variation(C.V.) is used as a measure for the size of
Telecommunications Research Institute Internatipwialta-  fluctuations in AS and PS, where C.V. stands for the standard
base which is accessible at http://www.ctr.atr.co.jp. Thedeviation of a sequence normalized by the m&an.
speech signals are low-pass filtered with a cut-off frequency In Figs. 2a) and (b), histograms of the mean and the
of 8 kHz and digitized with a sampling rate of 20 kHz and standard deviation of pitch periods computed from our 25
with 16-bit resolution. The initial transient phase and thevowel signals are respectively shown. The mean pitch period
final decay phase are removed from all data and the almosanges from 3.5 to 9 ms and the standard deviation ranges
stationary part of the data is extracted. As examples, speedtom 0.06 to 0.48 ms. As is shown in Fig(c2, the C.V. of

J. Acoust. Soc. Am., Vol. 110, No. 6, December 2001 Tokuda et al.: Nonlinear dynamics of vowels 3209



Count
W
|
|
|
Count

AL T It il %SH

4 5 6 7 8 9 1 )

(a) Average Pitch Period [msec] (©) Cosfficient of Variation of Pitch Periods [%]

st
st
P
al
= g
2 2, - -
o] @]
2t 1 5l |
| H | | —I
o L . . . . ‘ . Nl ‘ .
005 01 015 02 025 03 035 5 10 15 20
(b) Standard Deviation of Pitch Periods [msec] (d) Coefficient of Variation of Maximum Peak Amplitudes [%]

FIG. 2. (a) Distribution of the mean pitch period computed from 25 vowel sigrialsDistribution of the standard deviation of pitch periods computed from
25 vowel signals(c) Distribution of the coefficient of variation of pitch periods computed from 25 vowel sigidisDistribution of the coefficient of
variation of maximum peak amplitudes computed from 25 vowels.

pitch periods ranges from 1% to 5.3% and its mode is lodow-dimensional attractor. The first step for the nonlinear
cated around 1.2%. The mode is within the normative ranganalysis of a single time series is to reconstruct a qualita-
1.05+0.40% which was reported for normal voiced tively similar dynamical trajectory to the original in a rela-

sound<? tively low-dimensional delay-coordinate spac&&4
Figure 2d) shows a C.V. of maximum peak amplitudes
computed from the 25 vowels. The C.V. of maximum peak  X(t)=(X¢,Xi— 7, Xt—(d—1)7) )

amplitudes ranges from 5% to 29% and its mode is located
around 10.6%. The mode is very close to the normativevhered and = stand for the reconstruction dimension and the
range 6.68:3.03% which was reported for normal voiced time lag, respectively. Figureg8 and(b) show examples of
sound<$? two vowel signals /a/ and /isubject: majreconstructed in
According to the evaluation of the cyclic changes inthe delay-coordinate space. As is discussed in Ref. 27, dy-
maximal peak amplitudes and pitch periods, we can observ@amical behavior that resembles a Shil'nikov-type chaos and
a normal level of pitch-to-pitch variation in our speech data@ two-dimensional torus are recognized in the three-
In the following sections, we investigate irregular propertiesdimensional space of Figs(e8 and (b), respectively.
of this pitch-to-pitch variation from the view point of non- The result of Saueet al®* states that when the original
linear dynamics. dynamical system that generates time series has a corre-
sponding attractor with a box-counting dimensiondgf, a
topologically equivalent attractor can be prevalently recon-
structed in the delay-coordinate space whitn2d,. Al-
In nonlinear dynamical systems analySis®itis in gen-  though the mathematical result provides a sufficient topo-
eral supposed that an observed time series with a single valiegical condition for avoiding self-crossings of the
able is generated by deterministic nonlinear dynamics with d@rajectories in the delay-coordinate space, the natural ques-

IIl. MINIMUM EMBEDDING DIMENSION OF VOWELS
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sion d. For each data poink(t), denote itsrth nearest
neighbor byx(t,). Then the square of the Euclidean distance
betweenx(t) andx(t,) is given by

- Xt-6

000
10 d-1

RAED=IXO=x(t)I*= 2 [X =X ial® ()

Let us see a change in the distariewhen the reconstruc-
tion dimension is increased ds-d+ 1. The addition of the
new (d+1)-th coordinate increases the distance between

-10000
x(t) andx(t,) by
10000 RG.1(t,1) =R3(t,1) +[ X, X~ €)
d If the increase in the distance froRy(t) to Ry 1(t) is sig-
~10000 -Xt-3 nificantly large as
a - Xt 10000 R3.1(t,r) —R3(t,r) |
( ) 10000 art 5 ¢ >Ry, (Ry: threshold valug
Rd(tlr)
(4)
- X1t-20 ' \ ; - thenx(t,) can be considered as a “false” nearest neighbor to
5000 S 7 X(t) caused possibly by the self-crossing of orbit in the
d-dimensional reconstruction space. Hence the condidpn
provides a first criterion for false nearest neighbors.

0 There is a second criterion for false nearest neighbors.
Since we deal with time series with finite data points, the
trajectory distribution can be sparse in the reconstruction

5000 space and some nearest neighbor(td might not be so
close, i.e.R4(t)=~Ra (Ra: an attractor size If such distant
nearest neighbors are “false” nearest neighbors, addition of a
5000 new (d+1)-th coordinate may stretch their distances by the
0 attractor size and will result iRy, 1(t)~2R,. Hence, for
- Xt-10 such distant neighbors, the second criterion for false neigh-
2000 i bors is given by
(b) - Xt 2000 Ry 1(1)
d+1 ~2. ®)
FIG. 3. (a) Reconstructed dynamics of the vowel /a/ of Fi¢g)lin a three- Ra
dimensional delay-coordinate spaog ,k;_3,X;_g). As is reported in Ref. .
27, Shilnikov-type dynamical structure can be recognizén. Recon- ~ Where the attractor siz@, can be computed as
structed dynamics of the vowel /i/ of Fig(l in a three-dimensional delay- Ng
coordinate space X{,X;_10,Xi_20). The dynamics resembles a quasi- 5 1 ata
rair RB—_—  — x(t) = X2, 6
periodic attractor. A Ndata_(d_l)Tt:l%*l)T H (t) —H (6)
tion is the following: o 1 Ndata
Given a time series from an unknown dynamical system, X=—— 371\ > xb). (7)
- ) ; . Ngata— (d—=1) 7¢=15@-1)~
how can the minimum embedding dimensign ke deter-
mined for reconstructing the original dynamis The “false” nearest neighbor is finally defined as the

In order to determine the minimum embedding dimen-nearest neighbor that satisfies either of the first critet@n
siondg, let us analyze the speech data by the false nearestr the second criteriofb).
neighbor (FNN) method® The FNN method provides a Figures 4a) and (b) show results of the FNN analysis
practical computational algorithm for estimating the mini- applied to two subject speakers mau and mms, where per-
mum embedding dimensiady of a time series data. Due to centages of the false nearest neighbors of two vowels /a/ and
the simplicity of the algorithm and ease of its implementa-/i/ are drawn simultaneously. The time lag is selected=a3
tion, the FNN analysis has been widely applied to variousso that the window length of the delay-coordinates (d
real-world data® —1)7is set to be nearly equal to the first zero-crossing point
The FNN algorithm determines the minimum embed-of the auto-correlation function when vowel f@ay is re-
ding dimensiondg by focusing on a topological change in constructed in three-dimensional space. The threshold value
the reconstructed dynamics in delay-coordinate space. Sus set asR,; =10 and the reconstruction dimension is varied
pose that a time serie$x,} is reconstructed in delay- from d=1 to d=7. In this analysis, “true” or “false” of
coordinate space by Eql) with the reconstruction dimen- only the first nearest neighbor is considered, r.e:1.
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FIG. 5. Method of creating spike-and-wave surrogate daa.b) Divide
the original speech signal into pitch-waveform patterns by cutting the signal

40 1 at maximal peak amplitude&c) Shuffle the pitch-waveforms and reconnect
them with each other in random order.

20 1
IV. SURROGATE ANALYSIS

ol N N - The FNN analysis of the previous section has shown that

: : : : . : characteristic dynamics of the vowels can be reconstructed in
(b) 1 z 3 A3 6 7 a relatively low-dimensional delay-coordinate space of 4
Reconstruction Dimension: d

<d=<7. On the basis of the FNN analysis, let us further

FIG. 4. Results of the FNN analysis applied to two subjeetsmau andb)  examine the nonlinear dynamical structure of the vowels by
mms. In each figure, percentages of the false nearest neighbors of two VOWhe method of surrogate daes4

els /a/(solid line with squaresand /i/ (dotted line with crossesare drawn .. . ..
simultaneously. a The surrogate data analysis is a kind of statistical hy-

pothesis testing which is to test a null-hypothédisthat the
speech signal is generated from a particular class of nonde-

As the reconstruction dimension is increased frdm terministic dynamical process. In accordance with the null-
=1, we see that the percentage of false nearest neighborshypothesisH,, sets of artificial time series, calledirrogate
decreased and becomes almost zero for the reconstructiaiata, which preserve some of the statistical properties of the
dimension higher thawl=4 for the two vowels. It is dis- original speech signal are created by a surrogate algorithm.
cussed in Ref. 65 that convergence to zero false-nearesthen a discriminating statistit is computed for the original
neighbor cannot be obtained in a noisy random data, sincend the surrogate data. If the original discriminating statistic
random data have practically infinite degrees of freedomT 4, is significantly different from that of the surrogate
This implies that the speech signal of the two vowels can belata, the null-hypothesidl, can be rejected. The surrogate
characterized by relatively low-dimensional dynamicsdas data have the property of “constrained realizatiof jvhich
<7 and the minimum embedding dimension would die s to randomize the original data by strictly preserving some
=4. For five voweld/al, /il, lul, e/, lof and for five subjects of the original statistical properties. It is empirically known
(mau, mms, mmy, fsu, fyn similar results have been ob- that the surrogate analysis is effective for statistical hypoth-
tained. Hence, the results of the FNN analysis do not seem tesis testing when aionlinear discriminating statisticT,
depend upon either the vowels or the subjects. whose distribution function is not well known, is utilized.

There are preceding studies of FNN analysis of vowels. = Among a variety of surrogate data analyses, spike-and-
Behrmar* reported that six to eighsometimes leggecon- wave surrogate analysis is carried out in this study. The
struction dimensions are required for nonlinear analysis ofpike-and-wave surrogate analysis has been introduced by
normal vowels and Jud8reported that four dimensions are Theiler* for the analysis of epileptic EEG signals. The epi-
necessary to unfold the topological structure of a normaleptic EEG signals are characterized by repeated occurrence
vowel. The present results basically agree with their resultsof spike-and-wave patterns, where the variation of spike-and-
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wave patterns had been considered as noisy components iofj a discriminating statistic, reliable estimation of the non-
limit cycle dynamics. By the surrogate analysis that examdinear dynamical quantity from short-term data is quite a
ines nonlinear dynamical correlation between the spike-anddifficult task®~*2In this sense, there is a limitation of ana-
wave patterns, nonlinear dynamics that underlies the irreguyzing speech signals by the surrogate method which needs
larity of the spike-and-wave patterns was detected in theo reliably estimate nonlinear dynamical quantities from
epileptic EEG signals. In a similar manner, we study nonlin-short-term stationary data.
ear dynamical correlation between pitch-waveform patterns  The spike-and-wave surrogate data can be generated as
in the vowel signals. follows (see Fig. 5.

In the spike-and-wave surrogate analysis, we consid
the following null-hypothesis:

Ho: “There is no nonlinear dynamical correlation from
one pitch-waveform pattern to another.”

e{l) Divide the original speech signal into pitch-waveforms
by cutting the signal at the maximal peak amplitudes.

(2) Shuffle the pitch-waveforms and reconnect them with
each other in random order.

A. Surrogate data By this surrogate shuffling, both histogram and pitch-

In the surrogate analysis, it is a necessary condition thavaveform patterns of the original vowel signal are exactly
the subject data are stationary. Stationarity means that statipreserved. For the statistical test, 39 sets of spike-and-wave
tical characteristics of time series do not change in timesurrogate data are created for each vowel. Figutas &hd
Since speech production is inherently a nonstationary dyfb) show spike-and-wave surrogate signals made from the
namical process, we have to be careful when applying theriginal speech signals of Figs(dl and(b), respectively. We
surrogate analysis to speech. Even in a single phonation of see that the pitch-waveform structures of the original speech
vowel, it is known that vocal tract configuration slightly are preserved in the surrogate data.
changes in time. In order to apply the surrogate analysis to In Figs. 7@ and (b), the power spectra of the vowel
stationary parts of the data, relatively short-term vowel sig-signals /a/ and /i(subject: mauare compared with those of
nals (=100 mg consisting of about 15 to 35 pitch wave- their surrogate signals. In each figure, the bold line indicates
forms are extracted. the power spectrum of the original data, while the dotted

Of course, there exists a drawback of using such shortlines indicate the power spectra of 39 sets of surrogate data.
term data for the surrogate analysis. Especially for computThe power spectrum of the original data is covered with
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power [dB] B. Wayland translation error
] T T

As a discriminating statistid@ of the surrogate analysis,
the Wayland translation erf&ris exploited.

The Wayland algorithm assumes that a time seigsis
generated from a continuous nonlinear dynamical system and
the reconstructed trajectory in the delay-coordinate space
{x(t):t=1+(d—1)7,..,Nyaa is described by a continuous
mappingf:R9—RY asx(t+1)=f(x(t)). Sincef is continu-
ous, “nearby” data points, e.gx(t) and x(s), are trans-
formed to nearby states im-step futurex(t+T) and x(s
+T), in the delay coordinate space. With respect to the as-
sumption of continuity in the reconstructed dynamics, the
Wayland translation errog,,,scan be calculated as follows.

For a fixed data point(ty), called atranslation center

0 R P E—- ‘ FE— find its k-nearest neighbors(t,),... x(ty). Then, with re-
frequency [kHz] spect to atranslation horizon T the translation vectorgv;
(a) =x(tj+T)—x(tj):j=0,...k} are computed. If the neighbor-
ing points x(t1),....x(t) are transformed to neighboring
power [dB] points x(t;+T),... X(t,+T) in T-step future states, the

0

translation vectorgv;} are expected to point in similar di-
rections. With respect to the diversity of the translation vec-

20 tors, the translation error is calculated as

-40

k k
1 [vi—v]?[_ 1
€rans™ E J 2 V= 2 Vi - (€))
60 k+1/56 |Vl k+1i<h

80t
Figures 8a) and (b) show the translation errors com-
puted for speech signals of vowels /a/ andiibject: maj
and 39 sets of their surrogates. In each figure, error curves
(b) 0 2 ) ¢ T are drawn for the original speech dé&salid line with circles
frequency [kHz] and for the surrogate datgolid lines with no circles In
FIG. 7. (a) Power spectra of the original speech signal of Fig) Tbold or(_jer to reduce the s_tatlsnca! error for estimating the tra_ns-
line), and its spike-and-wave surrogate sigrialstted line. (b) Power spec-  lation error of each time series, 20 sets of 301 translation
tra of the original speech signal of Figk) (bold ling), and its spike-and-  centersx(ty) are randomly chosen and the median of each
wave surrogate signalsiotted line. set of translation errors is calculated. Then the average over
- the 20 medians is estimated as the translation esjgfs.
those of the surrogate data and hence the original data strux[.- . . S . has
he reconstruction dimension is varied ds 2,...,15 and

ture cannot be distinguished from the surrogate data. Th'(s)ther parameters are set te-10, k=4, andT=50.

implies that linear dynamical ntiti h th wer . . .
plies that linear dynamical quantities such as the powe According to the numerical studies of the Wayland

spectrum cannot detect a difference between the originalI M G iarwhit . : e 10 at lati
vowel and its spike-and-wave surrogates. algorithm,” Gaussianwhite noise gives rise to a translation

Ifukube et al®® studied the effect of pitch waveform error of e,,ne=1 independently ofl. Colored noise, on the

fluctuations on the perception of natural vowels. They creOther hand, exhibits.a t.ranslation- error which monotopically
ated a surrogate data from a vowel /a/ in a similar mannefl€creases t_@07'5 with increase ird due to the sustained
with the spike-and-wave method and carried out a Iistening"UtOCO”_elat'Or?- o o

test. Their psychoacoustic test reported that the surrogate [N Figs. 8a) and(b), the original speech data give rise to
data shuffling instantly destroyed natural perception of thdranslation error much less than 0.5, namejyns<0.5, with
vowel. This implies that the human auditory system is cathe minimum at~11 in case ofa) andd~8 in case ofb).
pable of perceiveing the naturalness of human sound in termhis implies that the vowel signals are described by neither
of the irregular dynamical structure of vowels. Presently,Gaussiannoise nor colored noise and that the qualitative
there is no way to quantify naturalness in terms of the irregudynamics of the vowel is well reconstructed with the dimen-
lar property of the vowels. If a nonlinear dynamical quantity sion ofd<11. Moreover, the original data exhibit translation
can differentiate the original vowel signal from the surrogateerror curve which is distinctively lower than those of the 39
data, such a nonlinear quantity might be a candidate for chasets of the spike-and-wave surrogate data. In fact, for all five
acterizing the naturalness of the vowels. vowels (/al, /il, lul, Iel, lo} of the five subject§mau, mms,
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1 ! have been changed by the surrogate shuffling so signifi-
cantly. The present results therefore indicate that the pitch-
to-pitch variation of vowels cannot be simply regarded as
random noise added to limit cycles.

We note that the method of generating the spike-and-
wave surrogate data is based on the extraction of pitch wave-
forms and their reconnection in a randomized order. By this
shuffling, discontinuity can occur at the reconnected points
of the surrogate data. This could have an influence on the
numerical results of the surrogate analysis. In order to avoid
such a problem, an algorithm can be improved by applying,
e.g., a smoothing filter to the reconnection points. We con-
sider, however, that this may not change our main results,
since our results show strong rejection levels for all vowel
signals.

0.1 4 -

0 5 10 15 20 V. CONCLUSIONS AND DISCUSSIONS

(a) Embedding Dimension The dynamical structure and characteristics of normal
vowels have been investigated by nonlinear systems analy-

1 : sis. By the false nearest-neighbor analysis, the minimum em-
bedding dimension required for nonlinear analysis of vowels
was estimated to bdg=4. The analysis also revealed that
the nonlinear dynamics of the vowels is well reconstructed
and analyzed in relatively low-dimensional delay-coordinate
spaces with 4d=<10. Then, nonlinear dynamics of the
vowels were further studied by the spike-and-wave surrogate
analysis which exploits Wayland translation error as the non-
linear discriminating statistic. On the basis of the surrogate
analysis, we have shown a possibility that there exists non-
linear dynamical correlation between one pitch-waveform
pattern to another in the vowel signals.

Let us consider the present results in the light of the LPC
modeling of vowels. In speech synthesis, vowels are usually
synthesized by LPC models excited by impulse trains. In the

01 sense that the intervals of the spike trains correspond to the

0 5 10 15 20 pitch periods of the vowel signals, the present surrogate test
(b) ) ] i implies that the spike intervals for the LPC model should not
Embedding Dimension be mutually independent, but they may have nonlinear dy-
FIG. 8. (a) The translation error curvey,,s(d=2,...,15) of the original namical correlation. In conventional speech coding tech-
vowel /a/ (subject: may (solid line with circles and 39 sets of its spike- Niques such as the CELP scheme, the impulse excitation sig-
and-wave surrogateisolid lines with no circle. (b) The translation error  npals are selected from codebooks of periodic and aperiodic
curve of the (_)rlgmal vowel /i(subject: m_aiu'(sohd I_|ne Wlth' circle$ and 39 spike signals. Such schemes are not always efficient in the
sets of its spike-and-wave surrogateslid lines with no circlg . .
sense that they require a huge database of pitch sequences. If
the intervals of the spike trains have a nonlinear dynamical
mmy, fsu, fyn, the translation errors of the original data are correlation, such spike trains can be modeled by nonlinear
lower than those of the surrogate data. This means that for afirediction models. The nonlinear prediction models can pro-
vowel signals the spike-and-wave surrogate hypothesis is redde speech synthesis techniquasssiblysimpler than the
jected with a level ofa=0.05 (=3). This is in general a conventional ones in the sense that they are based on func-
strong rejection level for a statistical test and the results aréon approximation techniques which do not require any
independent of the vowels and the subjects. Therefore, wpitch database. It is our future work to examine plausibility
may conclude that there is nonlinear dynamical correlatiorof modeling LPC excitation signals by nonlinear prediction
between the pitch-waveforms of the vowel signals and sucimodels that reproduce irregular properties of vowels with
nonlinear dynamics has been destroyed by the spike-andratural human sound quality.
wave shuffling. We finally note that one of the most important applica-

In several studies, the pitch-to-pitch variation of vowelstions of nonlinear analysis of vowels is to aid the develop-
is considered merely as noisy components of limitment of nonlinear models for voice production, which can
cycles!’2923 |f the pitch-to-pitch variation was generated clarify the physiological mechanism that gives rise to the
from a purely stochastic random noise added to periodiitch-to-pitch variation of vowels. It is, however, still diffi-
cycles, statistical characteristics of the vowel signals may notult to develop such physiological models from the present
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