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ABSTRACT. The acoustic properties of snoring sounds are known to be specific to the
obstructive sleep apnea syndrome (OSAS). To clarify such specific properties may be
useful for medical and physiological diagnosis of OSAS, and thus many researchers have
analyzed them using traditional spectral analysis such as Fourier transform or linear pre-
dictive coding. In our research, Hilbert-Huang transform (HHT), a novel nonlinear and
non-stationary spectral analysis method, is adopted to investigate difference of the acous-
tic properties of snoring sound waveforms. The snoring sounds analyzed in this paper
are recorded from seven OSAS patients while sleeping, and the snoring sound waveforms
in the recorded data are cut out semi-automatically. After that, all snoring sound wave-
forms are allocated to 3 categories: sounds produced by rebreathing within 10 seconds
(hypopneic), snoring sounds produced by rebreathing after 10 seconds of an apnea event
(post-apneic: class 0), and snoring sounds produced by normal breathing during sleep
(non-apneic: class 1). It is important to understand the difference of the acoustic prop-
erties of these categories and investigate such difference from a physiological point of
view. As the first step, we analyzed the class 0 and class 1 waveforms in this paper.
We found that we could qualitatively understand the difference of the acoustic properties
between class 0 and class 1 waveforms by using HHT.

Keywords: Snoring sounds, Hilbert-Huang transform, Obstructive sleep apnea syn-
drome

1. Introduction. The snoring is known to be related to the obstructive sleep apnea
syndrome (OSAS). Therefore, many medical and physiological researchers have focused
on the biomechanism of snoring and the acoustic properties [1]. Beck et al. [2] pointed
out two dominant patterns, called simple-waveform and complex-waveform, of snoring
sounds based on the linear acoustic properties. The snore of simple-waveform means
a quasi-sinusoidal waveform whose spectrum consists of a single prominent peak at the
fundamental frequency and two or three harmonics. On the other hand, the snore of
complex-waveform is characterized by multiple and equally spaced peaks of power, such
as comb-like spectrum. Quinn et al. [3] found two distinct patterns of waveforms and
spectra in palatal and tongue base snoring sounds. The palatal snores have a prominent
peak corresponding to their fluttering mechanism. The tongue base snores have more
higher frequency components and they look noise-like waveforms. Fiz et al. [4] found
that the presence of a fundamental frequency and several harmonics in snoring sounds
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of many simple snorers and a low frequency peak with the second energy scattered on a
narrower band and without clearly identified harmonics in those of OSAS patients. Many
other researchers have also analyzed the acoustic properties of snoring sounds. Especially,
the formant-like spectral peaks have been focused for the purpose of classifying OSAS
patients and simple snorers [5, 6]. Most of these conventional studies have used some
linear analysis methods such as fast Fourier transform (FFT) and linear predictive coding
(LPC). On the other hand, the snoring sounds have been considered to consist of the
mixture of nonlinear oscillation sounds of the oropharyngeal soft tissues and the airflow
noises during inhalation. In addition, the dynamics is changing gradually or suddenly;
the waveform is suddenly changing and distorted from a sinusoidal wave. Thus, it is
natural to consider that the snoring has strong nonlinear and non-stationary properties
in its sound structure.

The Hilbert-Huang transform (HHT), which consists of an empirical mode decompo-
sition followed by the Hilbert spectral analysis, has been developed by Huang et al. [7].
Compared with the Fourier decomposition and wavelet decomposition, the empirical mode
decomposition approach has an advantage for analyzing the non-stationary and nonlinear
data since it decomposes the signal into intrinsic mode functions based on the time scale
of the signal itself with adaptive nature. The HHT is not limited by time-frequency un-
certainty and thus it provides a high resolution time-frequency analysis. Therefore, the
HHT is a powerful tool to extract the information from the snoring sounds.

HHT has also been applied to the airway pressure signals related to OSAS [8, 9].
The data analyzed in these papers are the airway pressure signals obtained from nasal
breath [8] and oronasal breath [9], respectively. In these studies, the histogram of HHT
spectra in a specific frequency range is calculated for 300 seconds and used to discriminate
between OSAS and non-OSAS persons. These studies did not focus on the time structure
since they calculated the histogram of HHT spectra. One of our hypothesis is that some
useful information about OSAS would also be involved in the time structure. Mikami et
al. [10] adopted HHT to clarify the nonlinear and non-stationary properties in a nasal
snoring sound. They reported that two types of frequency fluctuation were found in the
time-frequency-amplitude map (HHT map).

Azarbarzin and Moussavi [11] focused on the snoring sound segments from the respi-
ratory recordings. They divided them into three categories: non-apneic, hypopneic, and
post-apneic and pointed out that the properties of these three classes varied significantly
within a subject depending on the level of obstruction and this variability was associated
with the severity of OSAS.

Based on these categories of Azarbarzin and Moussavi [11], it is important to understand
the difference of the acoustic properties of these classes and investigate such difference
from a physiological point of view. Thus, as the first step, HHT is adopted to investigate
the difference of the acoustic properties of snoring sounds between non-apneic (class 1)
and post-apneic (class 0) in this paper.

The paper is organized as follows. In Section 2, we give an overview of the experiment
of data recording and data processing. Moreover, we briefly review the Hilbert-Huang
transform. In Section 3, the analysis results and discussion are presented. Section 4 is
devoted to a summary.

2. Method.

2.1. Data recording and processing. Seven individuals, who were referred for full-
night polysomnography (PSG) research at the National Hospital Organization Hakodate
Hospital, gave written consent to participate in this research. The research was approved
by National Hospital Organization Hakodate Hospital.
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The used instrument is a portable linear pulse code modulation (PCM) recorder, Olym-
pus LS-11, whose setting is 44.1kHz sampling rate and 16-bit resolution. The external
microphone, Olympus ME30W, is set in the prop of head side of the bed.

Overnight sleep sounds of seven OSAS patients during sleep were recorded. The record-
ing time was approximately 7-10 hours. These data include the snoring sounds and
the other environmental sounds. Although we do not discuss the details in this pa-
per, the snore sound waveforms in the recorded data were identified and cut out semi-
automatically [12]. About a few thousands sound waveforms per night were obtained
from one subject. After that, all the sound waveforms were also manually allocated to
3 categories: sound waveforms produced by rebreathing within 10 seconds (hypopneic),
snoring sound waveforms produced by rebreathing after 10 seconds of an apnea event
(post-apneic: class 0), and snoring sound waveforms produced by normal breathing dur-
ing sleep (non-apneic: class 1). The number of class 0 waveforms was around twenty per
subject. On the other hand, the number of class 1 waveforms was a few hundred per
subject. Thus, we picked 50 of waveforms out randomly from class 1 waveforms set, and
analyzed these 50 waveforms as the class 1 waveforms set for each subject.

2.2. Hilbert-Huang transform. Since the Hilbert-Huang transform (HHT) is not lim-
ited by the time-frequency uncertainty relation, unlike the short-time Fourier transform
(STFT) and the wavelet transform (WT), it provides high time-frequency resolution, and
therefore enables us to investigate phenomena that have even rapid changes in frequency
as well as slow changes, while the STFT and the WT can detect only the latter.

The HHT consists of two steps: a mode decomposition step and a spectral analysis
step. At the mode decomposition step, input data will be decomposed into some intrinsic
mode functions (IMFs). Then, at the spectral analysis step, the time evolution of the
amplitude and the phase of each IMF are calculated by means of Hilbert transform. This
spectral analysis is called Hilbert spectral analysis (HSA). Hence, we can express input
data s(t) as

Nivr Nivr
s(t) =Y clt) +r(t) = D ai(t) cos(ei(t)) +r(t), (1)
i=1 i=1
where Npp is the number of IMFs, and ¢;(t), a;(t), ¢;(t) are the ith IMF, the instan-
taneous amplitude (IA), and the instantaneous phase (IP), respectively, while r(¢) is the
residual or trend, which is the non-oscillatory part mode of the data. Instantaneous
frequency (IF) f;(t) can be defined as

L doi()
filt) = -2, ¢l
Through this procedure, the HHT allows us to extract instantaneous time-frequency and
time-amplitude trajectories. This time-frequency-amplitude map (HHT map) allows for a
high resolution time-frequency analysis of waveforms with strong frequency modulation.

The original HHT proposed in [7] uses the empirical mode decomposition (EMD) as
decomposition method. It is known, however, that the EMD has many drawbacks, such
as mode-mixing [13, 14], mode-splitting [15], and lack of mathematical foundation [16],
and therefore many improved methods of the EMD have been proposed [15, 16, 17, 18].
We will adopt the ensemble EMD (EEMD), which is proposed by Wu and Huang [19] to
overcome the mode-mixing problem.

More detailed review of the algorithm of the HHT including the EEMD is found in [20,
21, 22].

There are some parameters to be fixed in the EEMD. In this paper, we choose the
parameters for the EEMD as follows: the stoppage criterion € = 1073, the standard
deviation of the Gaussian noise in EEMD o, = 1077 and the size of ensemble N, = 200.
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As for N,, we verified that the results hardly change even with N, > 100 but the value
N, =~ 50 is too small [20]. We specify Nyyp = 8 in this paper.

3. Results and Discussion. Before analyzing the snoring sound waveforms, the time
series for one snoring sound waveform are clipped, and all sound waveforms are categorized
in class 0, class 1 or hypopneic, which are explained in Section 2.1. Since the amplitude
and length of one snoring sound waveform are different from each waveform and each
subject, etc., the clipped time series are standardized. The top panels of Figures 1(a) and
1(b) show the typical examples of class 0 and class 1 snoring sounds waveforms from one
subject, respectively. Note that the time scale between Figures 1(a) and 1(b) is different.
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(a) Class 0: Analyzed signal and its IMFs (b) Class 1: Analyzed signal and its IMF's

FiGure 1. Typical examples of the decomposed results. The analyzed
snoring sound waveforms from one subject and estimated 8 IMF's, respec-
tively. Note that the time scale between (a) and (b) is different, and the
scale of vertical axis between signal (top panel) and 8 IMF's is also different.

First, we apply the EEMD to each snoring sound waveform. In Figures 1(a) and 1(b),
we show the decomposed results for snoring sound waveforms. The upper panel in each
figure box in Figure 1 shows the analyzed snoring sound waveforms, and each snoring
sound waveform is decomposed into 8 IMFs in this case. Note that the scale of vertical
axis between signal (top panels) and 8 IMFs is also different.

Next, for each of IMFs, we compute the IA and IF with HSA. Based on the obtained
IF's and TAs, we plot the time-frequency-amplitude map, which we call the HHT map,
in Figure 2. In these figures, we use the time resolution At = 1/44100sec and frequency
resolution A f = 10Hz.

For comparison, we also analyze the same waveforms with short time Fourier transform
(STFT) [23] and compare the feature of time-frequency representation. For window func-
tion of STFT, a Hamming window is chosen in this analysis. The window size is set to
4.4% of data length and 80% overlap. The spectrograms are shown in Figure 3.

From the time-frequency map of Figures 2 and 3, we can find that there are almost
same properties. However, the frequency evolution in Figure 2 can be seen more clearly
than that in Figure 3.
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FIGURE 2. Time-frequency-amplitude (HHT) maps obtained from IMF1-8.
The color bar shows the value of IA. Note that the time scale between (a)

and (b) is different.
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FIGURE 3. Spectrograms obtained from waveforms of top panel of Figures
1(a) and 1(b). Note that the time scale between (a) and (b) is different.

Snoring sounds are the mixture of the nonlinear oscillation sounds of the oropharyngeal
soft tissues and the airflow noises during inhalation. In addition, the dynamics is changing
gradually or suddenly as time passes. This phenomenon can easily be understood by seeing
the top panels of Figure 1, where the waveform is suddenly changing and distorted from
a sinusoidal wave. From the top panels of Figure 1, the class 0 waveforms have more
nonlinear and non-stationary properties than that of class 1 waveforms. And the features
of class 0 waveforms are more rapidly changing than that of class 1 waveforms. In class 1
waveforms, although we can confirm the gradual change of amplitude (volume), the drastic
change of waveforms cannot be confirmed. On the other hand, in the class 0 waveforms,
we can confirm the drastic change of waveforms, e.g., in the top panel of Figure 1(a) at
0.08sec, 0.1~0.18sec, 0.18~0.20sec and 0.24sec. These non-stationary properties can be
clearly confirmed in IMF3 ¢3(t) and IMF4 ¢4(t) of Figure 1(a). Thus, we find that the
snoring sound waveform of class 0 is decomposed into some IMFs, which has the time
localized non-stationary properties. These properties can also be seen in HHT map of
Figure 2. In the case of class 0 (Figure 2(a)), we can see that the value of IF is changing
in non-stationary. In Figure 3(a), we can also confirm these structures. However, we can
not clearly judge the change of frequency because of the less of resolution.
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From a physiological point of view, soft palate and tongue base are generally known
to be the source of snoring sounds and the location of upper airway obstruction as well.
Post-apneic inhalation with an explosive air inflow rapidly widens the upper airway closed
by the soft palate and tongue base. The sounds which correspond to this phenomenon
may indicate the drastic change of waveforms in class 0 (IMF3 c3(¢) and IMF4 ¢4(t)) at
around 0.1s and 0.2s respectively. In the future, this physiological mechanism should be
considered more objectively by analyzing many snoring sounds of OSAS patients.

On the other hand, IMFs of the snoring sound waveform of class 1 have almost same
properties of the superposition of sinusoidal waves plus white Gaussian noise. We can
also confirm these properties through Figures 1(b)-3(b).

We present the analysis results of the snoring sound waveforms shown in the top panels
of Figures 1(a) and 1(b) for the most part. Although there was a difference in the degrees,
we confirmed the properties discussed in this section in other class 0 and class 1 waveforms
in all essentials.

4. Summary. In this paper, we investigated the difference of the acoustic properties
of snoring sounds between non-apneic (class 1) and post-apneic (class 0) by using the
Hilbert-Huang transform (HHT).

From the plot results of intrinsic mode functions (IMFs) which were decomposed from
the snoring sound waveforms through EEMD process and the time-frequency-amplitude
map (HHT map), we qualitatively found that the class 0 sound waveforms had more
nonlinear and non-stationary properties than that of class 1 sound waveforms.

In the future, based on this research, we will investigate the method of quantitatively
understanding the difference of the acoustic properties. The method and result will be
discussed elsewhere. Moreover, it is necessary to develop a theoretical model to explain
such phenomena from a physiological point of view.
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