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Abstract— This paper presents the results of our study on
investigating the acoustical properties of snoring sounds (SS)
recorded by two microphones (one over trachea and one hung
in the air within 30-50 cm away from the subject) in relation to
sleep apnea. Several features were extracted from SS segments
of 50 snorers with different Apnea-Hypopnea Index (AHI). We
used an optimal subset of the sound features to cluster the SS
segments into two clusters (A and B). Then, the number of SS
segments in cluster A was calculated and normalized by the
total number of SS segments for each subject, resulting in 50x1
vector R. A correlation analysis was run between AHI and R.
The results show a difference in acoustical properties of the
tracheal and ambient snoring sounds and their ability to
distinguish two types of snoring; the ambient snoring sounds
are not as characteristic as tracheal snoring sounds.

1. INTRODUCTION

Snoring is a highly prevalent disorder, which affects 20-
40% of adult population and increases by age [1]. It is also a
major sign of obstructive sleep apnea (OSA) syndrome [2].
However, not every snorer is apneic; those are usually
referred as simple snorers. Studies have shown a positive
correlation between snoring sounds (SS) intensity and
Epworth sleepiness scale [3] and a significant negative
correlation between Apnea-Hypopnea Index (AHI) and peak
and mean frequencies of the SS power spectrum [4].

While SS analysis has often been used to diagnose OSA
[5-7], it is of great interest to know how the SS characteristics
change due to severity of OSA. Furthermore, it is of interest
whether the snoring sounds recorded by a microphone hung
in the vicinity of the subject (ambient microphone) would be
as useful as those recorded by a microphone directly on the
trachea (tracheal microphone).

There are many studies on SS analysis in relation to OSA.
their applications are mostly limited due to small number of
SS segments (<40 segments per subject) (as in [7]), inability
to fully extract the SS characteristics probably due to non-
Gaussian and nonlinear nature of the snoring sounds (as in [5,
6]), and also the use of only ambient microphone without
paying attention to location of microphone and its effect on
the recorded sound. Moreover, all the previously published
studies used a supervised algorithm to investigate the
properties of SS segments in relation to sleep apnea.

This paper addresses the relationship of SS with OSA at
different level of its severity as well as the location of the
microphone by using a relatively large dataset (50
participants with an average of 408+268 SS segments per
participant) and examining a wide range of acoustical
markers of SS. We hypothesize that the acoustical properties
of SS segments change in relation to OSA. It is known that
the post-apneic SS segments show different acoustical
properties than regular SS segments [8]. Therefore it is
expected to see at least two different clusters of SS segments
for an apneic patient (one cluster associated to regular SS
segments and another associated to apneic SS segments). We
also hypothesize that there is a correlation between the
severity of OSA and the number of apneic SS segments. In
this paper, we present the results of our study on
investigating the above hypotheses as well as the effect of
microphone’s location on clustering results.

II. METHOD

A. Data Recording

Data for this study was adopted from our previous studies
[9, 10]. Out of the 68 participants of that study, data of 50
individuals, who were snorers, were selected for this study.
Data were recorded simultaneously with full-night
Polysomnography (PSG). The respiratory sounds of the
participants were collected by two miniature microphones
(ECM-77B): one placed over the suprasternal notch of
trachea (tracheal microphone) and the other one hung in the
air 40 cm above participants’ head (ambient microphone).
The recorded sounds were digitized at 10240 Hz sampling
rate. The participants’ anthropometric information of this
study is shown in Table I. The AHI value of each participant
was determined by the PSG study scored by the sleep lab
technicians.

The algorithm proposed in [9] was run on each
individual’s respiratory sounds to extract all SS segments.
The algorithm resulted in start and end of each SS segment.
However, to ensure 100% accuracy, all the detected SS
segments were validated by visual and auditory means in the
time-frequency domain and the occasional misclassified
cases were removed from the database. This resulted in
20401 SS segments in total.
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B. Feature Extraction

All SS segments (s(n)) were first band-pass filtered in
the frequency range of 150-5000 Hz (to remove the effect of
heart sounds and high frequency noises). The following
features were calculated for each segment:

Power (P): The signal’s power was computed as:

N
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where N is the length of each SS segment.
Duration (D)

Zero crossing rate (ZCR): It was defined as

ZCR = Z [sgn[s(n + 1)] — sgn[s(n)]]|, (2)
n=1

where sgn|[.] represents the sign function.

Skewness and Kurtosis: we used skewness (y; = 63((;03'0))

04(00 0)

and kurtosis (y, = ) as two higher order statistical

(HOS) features where a is the standard deviation of s(n)
and ¢3(0,0) and ¢,(0,0 0) are its zero-lag 3rd and 4th order
cumulants respectively [11]. It should be noted that skewness
is a measure of asymmetry of the probability distribution
function (pdf) while kurtosis is a measure of peakedness of
the pdf.

Formant Frequencies (F;— F3): The first three
formant frequencies [12] were calculated from each SS
segment using linear predictive coding (LPC). To meet
stationarity assumption, s(n) was divided into 50 ms
overlapping frames (50% overlap and Hanning window). In
each frame, the autoregressive (AR) model (with order 14) of
the signal was estimated and the roots of AR model were
calculated. Then, the first three formant frequencies
(F1, F,, and F3) were estimated by taking median over all
frames.

Spectral entropy (SE): SE measures the flatness of the
spectrum. Larger values of SE correspond to the broader
spectral contents [13]. It is computed as:

=Y BOWEE), @)
f

where B, (f) refers to normalized power spectrum density
(PSD) at discrete frequency f. The PSD was estimated using
Welch method [14] using Hanning windows of size 50 ms
and 50% overlap between the successive windows.

Central Tendency Measure (CTM): CTM is a
variability measure from second order difference plots [15].
CTM is calculated as below:

1 N-2
CTM = mz sy,  (4)

where §(n) is defined as:

6(n)
— {1, \/(s(n +2)—s(n+ 1))2 + (s(n +1)— s(n))2 <p

0, otherwise

Parameter p defines the radius of a circular region around
the origin in second order difference plots. We used p =1
for this study.

A. Blind Clustering and counting

The above mentioned features were calculated for all SS
segments of all subjects. The distributions of the extracted
features were different both within and between the
participants. We investigated all plausible subset of features
which could result in distinct clusters. Theoretically, if all the
features are in the same range, we will not observe distinct
clusters implying that only one type of SS exists.

While snoring sounds may indeed be of several types, as
the first attempt in blind clustering, in this study we limited
the number of clusters (i.e. types of snoring sounds) to 2, and
used k-means clustering method [16] for all SS segments of
each subject. Since this algorithm is an unsupervised
clustering, the label of each SS segment was not given; the
results of the clustering had to be validated because not all
the feature subsets necessarily produce two distinct and
compact clusters. Thus, we used Davies-Bouldin-Index (DBI
[17]) to evaluate the clustering performance in terms of
between-cluster separation and intra-cluster compactness.
The lower values of DBI are equivalent to more separated
and compact clusters.

For every plausible feature subset, the SS segments of
each participant were clustered, and the corresponding DBI
was calculated. The summation of DBI (DBIs) was also
calculated. After an exhaustive search over all feature
subsets, the one that minimized the DBIs was selected. The
feature subset with minimum DBIs (FS,,;) was considered
as the optimal feature subset in terms of between-cluster
separation and intra-cluster compactness.

Once FS,,; was determined, we investigated the
accumulative AHI differences between the two clusters being
formed by the FS,,;. The following measures, calculated
within the two clusters formed by FS,,., give prior
information on the acoustical differences between apneic
snoring (type A) and non-apneic snoring (type B):

Pj .
AHIfC = ZRk’ AHIPI, k=12 (5)
N]' P]'
. 2 I(SS.” eEc
R,/ _ 2= 165, D 12 (6)
N.

)

where ¢, is the cluster obtained from k-means algorithm
(here we have two clusters ¢; and c;), AHI{°® represents the
accumulative AHI for cluster ¢, N; is the total number of SS
segments for subject P;, AHI Piis the AHI value for subject
P, Rl}:j is the ratio of SS segment falling into cluster ¢, over
N; for subject P;, I(.) is the indicator function (the output is 1
if the condition inside argument true and O otherwise), and
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SSL.Pj is the i-th SS segment of subject P;. If AHI{C >

AHI4°¢ then ¢, is denoted as cluster A and c, as cluster B
and vice-versa otherwise. It is worth noting that for the two-

cluster case: R2’ =1- R1’ . Therefore, we need to calculate

R}I;’ only for one cluster (i.e. cluster A); this measure is called
RPJ hereafter. To investigate how the severity of OSA
(measured by AHI) is correlated with the occurrence of
snoring type A or B, the Kendall's Tau-b two-tailed test [18]
was employed. Testing the association of AHI and the
occurrence frequency of SS segment type A (or type B) is
equivalent with computing the correlation between AHI and
vector R = {RPi|j =1, ...,50}.

III. RESULTS

The optimal feature subset was found to be a 3-D feature
vector including power (P), central tendency measure (CTM),
and skewness (y;). This feature subset resulted in a minimum
value of DBI equaled to 13.6 for tracheal microphone and a
minimum value of 32.5 for ambient microphone. As shown
in Table II, the difference between the accumulative AHI
(AHIAC — AHIZC) of two clusters of tracheal recordings is
larger than that of ambient recording. The characteristics of
snoring type A and B for both ambient and tracheal data set
are shown in Table II.

Furthermore, the minimum DBI value for clustering
validation is lower for tracheal microphone than ambient
microphone. This indicates that tracheal recordings resulted
in more separated and compact clusters than ambient
recordings. This is also shown in Fig. 1, in which the
clustering results were shown for a typical snorer using
tracheal and ambient microphone. For tracheal recordings,
snoring type A was characterized with lower values of CTM
(0.78+£0.13), lower values of F; (261+38 Hz), and lower
values of y; (-0.65+0.38). Snoring type B, on the other hand,
was characterized by higher values of CTM (0.95+0.05),
higher values of F; (336+32 Hz), and higher values of y; (-
0.1£0.35). In addition, the value of vector R was positively
correlated with AHI (p<0.01) for tracheal microphone while
the correlation between vector R and AHI was not significant
(»>0.05).

TABLE II. THE ACOUSTICAL CHARACTERISTICS OF SNORING SOUND
SEGMENTS, ACCUMULATIVE AHI FOR TWO CLUSTERS, DBI, AND THEIR
DIFFERENCES BETWEEN AMBIENT AND TRACHEAL MICROPHONES.

Feature Snoring Tracheal Ambient
type Microphone Microphone
A 26138 272482
F1(Hz) B 336+32 307+104
A 0.78%0.13 0.98+0.02
M B 0.95+0.05 0.99+0.006
A -0.65+0.38 -0.02+0.2
Y1 B -0.1£0.35 -0.010.25
AHI{c¢ 634 555
AHI4*¢ 256 335
minimum DBI 13.6 32.5
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Figure 1. K-means clustering on a 3-D subset of features of an individual

(AHI=23.3) with 396 SS segments in total.

IV. DIscusSION

In this study, we characterized the snoring sounds
collected by two tracheal and ambient microphones from
both apneic and non-apneic individuals, and investigated
whether they form different distinct clusters. Since people
snore due to different reasons, we expected that the source of
snore generation would impact on the acoustical properties of
the snoring sounds. Therefore, assuming that the cause of
OSA also changes the acoustical characteristics of snoring,
we hypothesized that there exist at least two distinct clusters
of snoring sounds. Furthermore, we hypothesized that the
frequency of the occurrence of each type of snoring is
correlated with AHI. As a pilot study, we limited the number
of clusters to 2, and investigated whether the type of snoring
can give any indication of the apnea’s severity.

We found that the SS collected by the ambient
microphone was unable to distinguish between snoring
sounds of two different sources; this could be due to the path
that sound wave travels from its source to the recording
location. The signal to noise ratio and power of signal also
plays an important role in the separation ability of SS signals.
This is very important as several studies (e.g. [5, 6]) used
ambient recordings for acoustical analysis of SS. Therefore,
we recommend recording the SS over trachea.

Our observations for tracheal recordings showed that
participants with higher AHI snored more frequently of SS
segments characterized by the lower central tendency
measure, lower skewness, and lower first formant frequency.
Therefore, one may conclude that OSA and snoring sounds
are related to each other in terms of the above-mentioned
effects. This result is supported partially by the results
reported in [8] on a small subset of data. However these
results were not seen in ambient microphone as snoring type
A and B fully overlapped for these features implying that
only one type of snoring exist in ambient microphone and
therefore some crucial information was lost by changing the
recording location. Therefore, this is the reason that no
correlation was observed between occurrence of snoring type
A and severity of sleep apnea.
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