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Abstract: Since snoring is known to be related to sleep apnea syndrome, many medical/physiological researchers have
focused on the biomechanism of snoring and the acoustic properties. Snoring sounds are the mixture of the
nonlinear oscillation sounds of the oropharyngeal soft tissues and the airflow noises during inhalation. In
conventional studies, however, such properties have not been paid attention to, because there were no suitable
methods for the analysis of nonlinear and nonstationary time series data. In this paper, we adopt Hilbert-Huang
Transform (HHT) to clarify the nonlinear and nonstationary properties in a nasal snoring sound. As a result,
two types of frequency fluctuation are found in the Hilbert-Huang spectrum.
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Loud snoring is known to be an important sign of Ob-
structive Sleep Apnea (OSA), and thus many med- L ‘ ‘ ‘ ‘
ical/physiological researchers have focused on the o o o
biomechanism of snoring and the acoustic properties , , " ,
(surveyed in (Pevernagie D., 2010)). Snoring sounds Figure 1: The entire waveform of a snore episode.

are the mixture of the nonlinear oscillation sounds of ) o

the oropharyngeal soft tissues and the airflow noises(linéar) acoustic propertiessimple-waveform and
during inhalation. In addition, the dynamics is chang- complex-waveform.  Simple-waveform snore is a
ing gradually or suddenly as time passes. This phe_qua3|—§|nu30|dal yvaveform whose spectrum consists
nomenon can easily be understood by seeing figure©f @ single prominent peak at the fundamental fre-
1, where the waveform is suddenly changing and dis- quéncy and two or three harmonics, while complex-
torted from a sinusoidal wave. Itis natural to consider Waveform snore is characterized by multiple, equally-
that the snoring has stromgnlinear andnonstation- spaced peaks of power (comb-like spectrum).

ary properties in its sound structure. ~ Quinn, et al, (Quinn S.J., 1996) found two dis-

In conventional studies, however, such properties tinct patterns of waveforms and spectra in palatal
have not been paid attention to, because there were2nd tongue base snoring sounds. The palatal snores
no suitable methods for the analysis of nonlinear and have a prominent peak corresponding to their flut-
nonstationary data. In this paper, we adopt Hilbert- t€ring mechanism, whereas the tongue base snores
Huang Transform (HHT) to clarify the nonlinear and are noise-like waveforms and have more higher-

nonstationary properties in a nasal snoring sound. ~ frequency components. Fiz, et al, (Fiz J.A., 1996)
found that the presence of a fundamental frequency

and several harmonics in snoring sounds of many sim-

ple snorers and a low frequency peak with the sec-
2 BACKGROUND ond energy scattered on a narrower band and with-

out clearly identified harmonics in those of obstruc-
Beck and colleagues(Beck R., 1995) identified two tive sleep apnea patients. Many other researchers
dominant patterns of snoring sounds based on thehave also analyzed the acoustic properties of snor-
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ing sounds. Especially, the formant-like spectral 3.2 Hilbert-Huang Transform (HHT)
peaks have been focused on for the purpose of clas-
sifying OSA patients and simple snorers (Emoto T., The Hilbert-Huang transform (HHT), which consists
2010)(Ng A.K., 2008). of an empirical mode decomposition (EMD) followed
According to this, these conventional studies have by the Hilbert spectral analysis, was developed re-
used some linear analysis methods such as FFT anctently by Huang, et al (Huang N.E., 1998). It presents
LPC, but it is quite natural to consider that snoring a fundamentally new approach to the analysis of time
is derived from a nonlinear dynamics. Beck, et al, series data. Its essential feature is the use of an adap-
(Beck R., 1995) insisted that the complex-waveform tive time-frequency decomposition that does not im-
snores result from the oscillation of oropharyngeal pose a fixed basis set on the data, and therefore, unlike
soft tissues with colliding of the airway wall. More-  Fourier or Wavelet analysis, its application is not lim-
over, it is also found that the waveforms are changing ited by the time-frequency uncertainty relation. This
gradually or suddenly as time passes. Sumitlinear leads to a highly efficient tool for the investigation of
and non-stationary dynamics are generally found in  transient and nonlinear features.
every snoring sound, but these properties have notyet  The Hilbert transform of a functioh(t) is defined

been analyzed in more detail. by

On the other hand, HHT has also been applied "
to the airway pressure signals related to OSA (Salis- v(t) = Ep/ @dr = h(t) % <i> 6]
bury J. I., 2007), (Caseiro P., 2010). In these studies, M J ot—T it

the histogram of HHT spectra in a specific frequency
range is calculated for 300 seconds and used to dis-
criminate OSA from non-OSA persons. These meth-
ods are valuable, but in some points, different from
our point of view: 1. These studies did not focus on
the nonstationary properties because the time struc-
ture is ignored by calculating the histogram of HHT
spectra. One of our hypothesis is that some useful in-
formation about OSA would also be involved in the
time structure. This has not been verified in conven-
tional studies. 2. The data analyzed in these papers

where P and x denote the Cauchy principal value
of the singular integral and the convolution, respec-
tively. By the theory of the Poisson integrél(t) =
h(t) +iv(t) is the boundary value of a holomorphic
function F(z) = F(t 4 iv) = ayr(t)€®Y in the up-
per half-plane, ifh(t) € LP (the Lebesgue space for
1 < p < w). Then the instantaneous amplitude (1A)
aqT(t) and the instantaneous frequency (fRy (t) is,
respectively, defined by

_ 2 2
are the airway pressure signals obtained from nasal an(t) = /h(t)"+ V()7 (2)
breath (Salisbury J. I., 2007) and oronasal breath (Ca- 54
seiro P., 2010). In contrast, we focused in this paper 1 deft) 8
on the nasal snoring sound. _ 2 ) heredt) — tan-td YY)
fur(t) o ar Where (t) =tan h) S
®3)

However, forh(t) ¢ LP, the IF obtained using the
above method is not necessarily physically meaning-
ful. For exampleh(t) = coswt + C, whereC andw
3.1 Subjectsand Instrument are constants, does not yield a constant frequency of
w. To explore the applicability of the Hilbert trans-
A portable linear PCM (Pulse Code Modulation) form, Huang, et al, (Huang N.E., 1998) showed that
sound recorder, Olympus LS-10, is used to record the necessary conditions to define a meaningful IF
snoring sounds. Sampling frequency and quantiza- are that the functions are symmetric with respect to
tion rate are set to 44.1 kHz and 16 bit respectively. A the local zero mean and have the same numbers of
snoring sound analyzed in this paper (shown in figure zero crossings and extrema. Thus they applied the
1) is recorded from a male healthy man. empirical mode decomposition (EMD) to the original
The subject is asked to simulate nasal snoring by datah(t) to decompose it into intrinsic mode func-
breathing deeply enough to oscillate the soft palate tions (IMFs) and the residual. Each IMF satisfies the
in his throat. While producing snores, the subject’s following conditions: (1) in the whole data set, the
mouth is completely closed. Such snoring, catied number of extrema and the number of zero crossings
ulated snoring in common, is not always equivalentto must either equal or differ at most by one; and (2) at
the one generated during sleep, but it has traditionally any point, the mean value of the envelope defined by
been adopted in some medical studies. the local maxima and the envelope defined by the lo-
cal minima is zero. The EMD is a series of high-pass

3 METHOD
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o ha(t) = h(t) steps (a) and (b) multiple times but with a different
o for i =110 i white (Gaussian) noise series each time; (d) Obtain
> hia(f) = hi(?) the ensemble means of the corresponding IMFs of the
> for k =1 to kpax . .
. . B decompositions. The number of trialde, must be
o Identify the local maxima and minima of h; j(t)
o U (t) = the upper envelope joining the local maxima using |al’ge .
a cuble spline o o The HSA derives the instantaneous amplitude
o L;(t) = the lower envelope joining the local minima using
a cubic spline (IAi(t)) and frequency (IRt)) from the each IMF
o mik(t) = (Upk(t) + Li(t)/2 : i
. ! h,,ﬂ. 0 ci(t) obtained by EEMD.
Exit from the loop k if a certain stoppage criterion, which will be .
described below. 3.3 Parameter Setting
> IMF,(t) = ci(t) = hix(t)
> hip1(t) = hi(t) — e;i(t) ) .
o residual: r(t) = b1 (1) There are some parameters to be fixed in the EEMD.
Figure 2: Outline of EMD sifting algorithm. Inthis paper, we choose the parameters for the EEMD

as follows : the stoppage criteri@= 4, the standard

filters in a sense. The algorithm is summarized in fig- deviation of the Gaussian noise in EEM = 10~°
ure 2. and the size of ensembl, = 200. As forNe, we

The approximate local envelope symmetry condi- Verified that the results hardly change even wih>
tion of EMD is called the stoppage criterion. Sev- 100 but the valudle ~ 50 is too small.
eral different types of stoppage criterion have been  Sincec(t) ande;(t) in EEMD contain only noise,
adopted. In this paper, we uSdype of stoppage cri-  We Specifyimax= 10 in this paper.
terion proposed in (Huang N.E., 2003).

The parameteinax in figure 2 specifies the num-
ber of IMFs to be extracted from(t), whichisusu- 4 RESULTS
ally based on the characteristics of the signal. The pa-
rameterkymax must be sufficiently large, several thou-
sand or more, since it determines when the mode de-
composition stops even if the stoppage criterion has
not been satisfied.

As the results of EMD, the original data are de-
composed intdmax MFs and a residue;,,,, (t), which
can be either the adaptive local median or trend:

Figure 1 shows a snoring sound analyzed in this paper.
It can be seen that the waveform is changing dynam-
ically as time passes. The periodic waveform occurs
suddenly at 0.5 seconds, and then it is gradually de-
formed to non-periodic, noise-like patterns.
Firstly, the short time subsequences are extracted
from this data and their FFT amplitude spectra are
imax calculated (see figure 3). According to this figure, a
h(t) = ZI Ci(t) + imax(t)- (4) single prominent peak exists at the fundamental fre-
i= quency (around 30-50Hz) and a few harmonic peaks
EMD can be applied to observed data in order to are found during the first 0.2 seconds. But after then
decompose it into signal and noise. In the original the second and/or third peaks become competitive
form of EMD, however, mode mixing frequently ap- with the first one and thus the waveform becomes
pears. By definition, mode mixing occurs either when more complex. After 0.5 seconds, no such spectral
a single IMF consists of signals of widely disparate peaks are found and the spectral distribution becomes
scale, or when signals of a similar scale reside in dif- flat. This is all we can know from the FFT spectra.
ferent IMF components. It is a consequence of signal ~ Figure 4 shows the 10 IMFs obtained from the
intermittency, which can not only cause serious alias- snoring sound shown in figure 1. The oscillation in
ing in the time-frequency distribution, but can also the IMF8 is emerged at 0.05 seconds and is gradu-
make the individual IMFs devoid of physical mean- ally decreasing. On the other hand, the oscillation in
ing. To overcome this drawback, Wu and Huang (Wu the IMF9 is emerged at about 0.2 seconds. Both are
and Huang, 2005) proposed ensemble EMD (EEMD), nearly disappeared after 0.5 seconds. In general, nasal
which defines the true IMF components as the mean snoring sounds are known to be the oscillation of only
of an ensemble of trials, each consisting of the signal the uvula(Liistro G., 1991) (see figure 5). According
plus a white (Gaussian) noise of finite standard devi- to the IMF8 and 9, however, there is a high possibil-
ation (finite amplitude). ity that the IMF8 indicates the dominant oscillation
The EEMD algorithm contains the following generated from the uvula and the other source of the
steps: (a) Add a white (Gaussian) noise with the stan- oscillation is also found in the IMF9 after 0.2 seconds.
dard deviatioroe to the targeted data; (b) Decompose Figure 6 shows the HHT spectra which shows the
the data with added white noise into IMFs; (c) Repeat instantaneous frequency (vertical axis) and amplitude
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Figure 3: The 0.2-second subsequences from the snorel anesthective FFT amplitude spectra.
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Figure 4: The 10 IMFs estimated from the snoring sound showigure 1.

(colored indication) of the IMF4-10 shown in figure 4.
From 0.1 to 0.25 seconds, it is easily recognized that
the instantaneous frequency of the IMF8 is fluctuated
sinusoidally in accordance with the fundamental fre-
guency. From 0.27 to 0.4 seconds, the snore dynamics
seems to be stationary because of their periodic wave-
forms in the time domain. But according to the panels
in figure 6 we can clearly recognize that the instanta-
neous frequency becomes high and the corresponding
amplitude becomes low at around 0.285, 0.335 and
0.38 seconds (dotted rectangle in the panels). Namely,
the periodic property is deteriorated during very short
time. Such phenomenon is emerged at the rate of one
out of two periods. The results described above can-
not be seen at all in the FFT spectra.

: Oscillation Mouth
Part

—» : Airflow

Soft Palate
Uvula

Figure 5: The oscillation parts of nasal snores.
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Figure 6: The instantaneous frequency and amplitude of H#&during 0.8 seconds.
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5 DISCUSSION are deteriorated during very short time at the rate of
one out of two periodic cycle of the waveform. These

The harmonic componentsin the FFT amplitude spec- properties cannot be seen in the FFT spectra.

trum are generally found in nonlinear oscillation dy- In the future, it is necessary to develop a theoreti-

namics. For example, the sound of rotary machines in cal model to explain such phenomena from a physio-

a normal condition consists of a single spectral peak logical point of view.

in the frequency domain, but in a deteriorated con-

dition it also contains some harmonic spectral peaks

under the influence of the collision between stationary ACK NOWLEDGEMENT
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