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Abstract The objective of the present work was to
develop automated methods for the compressed tracheal
breathing sound analysis. Overnight tracheal breathing
sound was recorded from ten apnoea patients. From each
patient, three different types of tracheal sound deflection
pattern, each of 10 min duration, were visually scored,
viewing the compressed tracheal sound curve. Among
them, high deflection patterns are of special interest due to
the possible correlation with apnoea—hypopnoea sequen-
ces. Three methods were developed to detect patterns with
high deflection, utilizing nonlinear filtering in local charac-
terization of tracheal sounds. Method one comprises of
local signal maximum, the second method of its local
range, and the third of its relative range. The three methods
provided 80% sensitivity with 57, 91 and 93% specificity,
respectively. Method three provided an amplitude-inde-
pendent approach. The nonlinear filtering based methods
developed here offer effective means for analysing tracheal
sounds of sleep-disordered breathing.
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1 Introduction

Sleep apnoea is a common sleep disorder with a preva-
lence of 4% in adult men and 2% in adult women [20].
Sleep apnoea—hypopnoea syndrome (SAHS) is charac-
terised by periods of cessation of breathing lasting over
10 s (apnoea) and periods of clearly reduced (<50%)
breathing lasting over 10 s (hypopnoea) [3, 20]. These
breathing abnormalities impair not only the daytime
functions [17] but also physiological systems and, there-
fore, the early diagnosis of sleep apnoea—hypopnoea
syndrome is of great importance.

Clinical assessment of SAHS has traditionally been
based on conventional polysomnography. A detailed visual
analysis of the polysomnographic signals gives information
about respiratory, cardiovascular, and physiological prob-
lems [21] and it is considered to be the gold standard
method for the diagnosis of SAHS [3]. The visual analysis
provides a solid background for the diagnosis but it is time-
consuming, costly, and subjective. Rapid development of
technology has provided new recording methods and pos-
sibilities for automated analysis.

Previous studies have shown the promising usefulness of
tracheal breathing sounds in the diagnostics of SAHS.
Intensity changes of tracheal breathing sounds have been
shown to correlate with apnoea and hypopnoea events [8].
Moreover, the tracheal sounds analysis can be used to
analyse the severity of the SAHS using relative changes of
the total tracheal sound power [18]. Apnoea events have
been shown to be surrounded by power increases [16].
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Snoring is associated with SAHS [3] and has been referred
to as the earliest and most consistent sign of upper airway
dysfunction leading to SAHS [9]. Analysis of snoring
sounds has been widely utilized in the assessment of sleep-
disordered breathing [10, 11, 15]. Intensity levels, [25],
pitch analysis [1], and formant frequencies [19] of snoring
sounds have shown correlation between snoring and SAHS.
Also, higher order spectra based algorithms [2] and a
technique utilizing sub-band energy distributions [6] have
been developed for snoring analysis. In a recent study, a
database of applied acoustic measurements of oronasal
respiration in children was used to compare apnoea—
hypopnoea indices (AHI) with snoring indices [4]. Snoring
density and loudness of snoring was correlated with
increasing SAHS severity [4].

In long-term EEG monitoring, compressed EEG signals
are often used to facilitate visual detection of very slow
waveform alternations showing underlying trends [12].
Compressed signal analysis has also been applied in con-
tinuous scale sleep depth measurements [14, 23]. In these
studies, spectral mean frequency was computed over the
night showing the whole night sleep depth profile at one
time.

Also, experience has been gained on sleep stage
profile estimation, for instance, with a neural network
approach [5].

For tracheal breathing sounds, the visual analysis of
compressed signals has not been widely applied previ-
ously. Our pilot study of tracheal sound analysis showed
that it is possible to perform a visual analysis of tracheal
breathing sounds based on the compressed waveform of
the data [13, 22]. While viewing the sound curve of the
whole night as local minimum and maximum traces with
a time resolution of 20 s, different deflection patterns can
be identified from the compressed waveform [13].
Examples of the raw sound data during different deflec-
tion patterns, denoted as thin, thick, and plain, are shown
in Fig. 1a and the compressed sound data in Fig. 1b. The
compressed waveforms show that during the thin pattern,
the extreme points of the amplitudes are higher than
during the thick and plain patterns but low in variation. In
a thick section, loud noises seem to be accompanied by
silent sections in-between, which may correspond to
apnoeas [13]. These seem to lead to high deflection in the
compressed tracheal sound waveform during the thick
section. During plain sections, the maximum amplitude
levels are low and nearly constant, which leads to low
variation and low absolute maximum amplitudes in the
compressed sound waveforms. The objective of the pres-
ent work was to develop detection methods for the
analysis of tracheal sound curve to identify the thick
patterns of high deflection and to differentiate them from
thin and plain patterns.
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2 Materials and methods
2.1 Recordings

The analysed data in the study consist of polysomno-
graphic recordings from nine male and one female patient.
The mean + standard deviation (SD) age of the patients
was 40.9 £ 12.1 years, the mean body mass index £+ SD
was 28.4 + 6.2 kg/m”, and the mean AHI + SD was
16.6 £ 9.9 events/h. All the polysomnograms were recor-
ded in the sleep laboratory of Tampere University Hospital
in the Pirkanmaa Hospital District and the study was
approved by the local ethical committee. The digital
polysomnographic recorder Embla N7000 and the Somno-
logica studio software (Medcare®, Iceland) were used as
the recording system. The recording montage consisted of
six electroencephalographic derivations (Fpl-A2, Fp2-Al,
C3-A2, C4-Al1, O1-A2, 02-Al), two electro-oculographic
channels and submental electromyography (EMG), elec-
trocardiogram (ECG), nasal pressure, thermistor, thoracic
and abdominal respiratory movements, body position,
anterior tibialis muscle EMG, blood oxygen saturation
(Sa0;) and pulse rate by a finger pulse oximeter (Nonin
XPOD®, Nonin Medical Inc., USA), transcutaneous mea-
surement of carbon dioxide (TcCO,, Tina TCM4,
Radiometer, Denmark), the Emfit sleep mattress (Emlfit
Ltd, Vaajakoski, Finland) and a tracheal sound recorder. A
sampling rate of 1 Hz was used for oximetry (SaO, and
pulse) and TcCO, measurements, 10 Hz for respiratory
movements, 500 Hz for ECG, 11,025 Hz for tracheal
sound, and 200 Hz for all other signals.

Tracheal sound recording was performed with a small
electret microphone, Panasonic WM-60A (Matsushita
Electric Industrial Co. Ltd, Kadoma Osaka, Japan) The
microphone has a 3 mm deep conical air cavity of 25 mm
diameter. The sensitivity of the microphone is 10 mV/Pa
and the frequency range is 20 Hz-20 kHz [24]. The
microphone is attached to the skin in the suprasternal notch
with an adhesive tape ring and with additional taping on the
top. The measured breathing sound signal is amplified with
a preamplifier unit. After that, the signal is fed into an
external sound card USB Sound Blaster Audigy 2 NX
(Creative Labs, Singapore) for 24-bit A/D conversion fol-
lowed by USI-O1 USB isolator (MESO, Mittweida,
Germany) providing galvanic isolation between the patient
and the recording equipment. The —3 dB cut-off frequency
of the anti-aliasing filter is 4.5 kHz and the attenuation at
6 kHz is 70 dB. SuperHeLSA software (Pulmer, Helsinki,
Finland) provides the raw data from the sounds recorded
over the trachea. The data is converted into the Embla data
format.

The visual analyses of the data were done in consensus
by two experienced clinical neurophysiologists using
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Fig. 1 Three 10 min sections
of raw and compressed tracheal
sound signal. a The raw data
during thin, thick, and plain
patterns. b The compressed
waveforms of the local extreme
points of the raw tracheal sound
data with a time resolution of
20 s. In this example, the thin
section seems to consist of
densely repeating loud sounds.
In the thick section, loud sounds
seem to be appearing more
seldom. During plain section,
there are virtually no loud
sounds present
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Somnologica Studio (Medcare® Flaga, Reykjavik, Ice-
land). For these purposes, a compressed sound curve of the
whole recording was visually viewed as local minimum
and maximum traces with a time resolution of 20 s
(Fig. 1b). Viewed this way, the thick, thin, and plain
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patterns can be seen. Based on our pilot study, the thick
patterns seem to correlate promisingly to apnoea—hypo-
pnoea sequences [13]. From each subject, one continuous
10 min thick, thin, and plain sound pattern was visually
marked. The mean + SD AHI during these 10 min marked
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thick sound curves was 65.4 £ 14.3 events/h, during the
thin sections 0 = 0 events/h, and during plain sound curve
0 £ 0 events/h.

2.2 Detection methods

The developed detection methods aim at replicating the
visual analysis to find the visually marked thick sound
curve patterns and to distinguish them from the plain and
thin sound curve sections. The automated analysis is per-
formed with a time resolution of 1s using a sliding
window centred at second k of length wo seconds. As the
first step, the local maximum, denoted as A(wa)y, of the
raw sound signal, denoted as x, is determined as:

A(Wa)k = max (x{kfwot/Z}><fs:{k+w1/2}><fs)7 (1)

where fs represents the sampling frequency of the raw
sound data (11,025 Hz).

Figure 2 shows examples of the values of A(wa), during
thin, thick, and plain tracheal sound sections.

As the second level of nonlinear filtering, A(wo)y is
further processed to characterise its behaviour within the
second window of length wf centred at time index of
second k. Local extreme points of the second level are now
determined as:

U(wa, wp), = max <A(W°‘)k—wﬁ/2:k+wﬁ/z)> (2)

L(wa, wp), = min (A(W“)kfwﬁ/zzmw/z)- 3)
Using these second level extreme points U(wa, wf), and

L(wa, wf),, a measure of local range, denoted as

R(wa, wp)y, is then readily obtained as:

R(wa, wp), = U(wa, wp), — L(wor, wf),. 4)

Finally, a relative range, denoted as r(wo, wf), is
calculated from the previously defined values readily as:

r(wo, wp), = R(wo, wp), /U (wa, wp),. (5)

The values of the r(wa, wf), range from 0 to 1,
regardless of the A(wa), and R(wo, wp),. Examples of the
values of R(wo, wf) during thin, thick, and plain tracheal
sound sections are presented in Fig. 3. Figure 4 shows an
example of the values of r(wa, wf), during thick, thin, and
plain tracheal sound sections.

In order to reach the best possible correspondence with
visual scoring, the adjustable method parameters wo and
wh of A(wa),, R(wo, wp), and r(wo, wp), should be
selected in such a way that the thick sound curve sections
are maximally separated from the thin and plain sound
curve sections. In the present work, window length wo was
selected to vary from 5 to 60 s and window length wf; from
5 to 100 s with 5 s steps. In the calculations given by
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Fig. 2 Local maximum of the amplitude values, denoted as A(wa)y,
are presented during thin, thick, and plain tracheal sound sections, of
those seen in Fig. 1. The thin section shows highest values followed
by the thick section. The lowest values are seen during the plain
section. The local maximum was obtained with wo of length 20 s

14000

12000 b
THICK

10000 [ b

(arbitrary units)

8000 - b

=

6000

4000

Local range R(wo, w3

2000

200 300 400
Time (s)

Fig. 3 The local range of the maximum amplitude values, denoted as
R(wa, wp)y, are represented during thin, thick, and plain tracheal
sound sections, of those seen in Fig. 1. The highest values of the local
range can be seen during the thick sound curve. The local range was
obtained with wor and w3, both of length 20 s

Eqgs. 1-3, the quantities wa/2 and wf/2 were rounded to the
nearest integer.

The first detection method utilises A(wa) in detecting a
thick sound curve. The thick sound curve is detected during
the seconds k£ when the amplitude threshold, denoted as Ay,
is exceeded:

A(WO!)k > )VA. (6)
In the second detection method, R(wa, wf)y is used. The

thick sound curve is detected during the seconds k when the
range threshold, denoted as Ay, is exceeded:
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R(wa,wpf), > g. (7)

The third detection method utilises r(wo, wf),. The
thick sound curve is detected during the seconds k when the
relative range threshold, denoted as 4,, is exceeded:

r(wo, wp), > Z. (8)

2.3 Performance evaluation

The values of A(wa)y, R(wa, wh), and r(wo, wf), were
calculated for the whole night at a time resolution of 1 s.
The performance evaluation was done considering speci-
fically all the marked 10 min (thick, thin, and plain) sound
sections from each patient, totalling 5 h. Results were
counted at 1 s precision. A true positive finding was cal-
culated if the detection of thick curve was simultaneous to
visually scored thick section. If a thick curve was detected
and there was no corresponding visually analysed thick
section, a false positive finding was counted.

Receiver operator characteristics (ROC) curves were
determined for all the three methods using all the combi-
nations of wa and wf resulting in a total of 240 ROC
curves per method. In the detection methods one and two,
thresholds /1, and Ag ranged from 0 to 20,000 with 200
steps, which led to 101 different values. In the detection
method three, threshold A, ranged from O to 1 with 0.01
steps, which led to 101 different threshold values. The best
ROC of each method was found based on the area under
curve (AUC).

3 Results

Examples of the local maximum, local range, and relative
range values during thick, thin, and plain sound sections
are seen in Figs. 2, 3 and 4, respectively. In Fig. 2, the thin
and thick sections show clearly higher values of A(wo),
than the plain section reflecting the increased loudness of
the sound during thin and thick sections. In Fig. 3,
R(wa, wp)y clearly shows the largest values during the
thick section and, therefore, the differentiation from thin
and plain sections seems possible. In Fig. 4, r(wo, wf)
shows good differentiation of thick section from thin and
plain sections.

Overall, the best thick pattern detection results were
obtained with method three, based on the relative range,
followed closely by method two utilising the local range.
The poorest results were obtained with method one with a
local maximum amplitude. The best results were obtained
using a window length wo of 60, 25, 20 s and wf of 5, 100,
90 s, in methods one, two, and three, respectively.

ROC curves representing the outcomes of these method
versions are depicted in Fig. 5. The corresponding AUC

Relative range n(wa, Wﬁ)k (arbitrary units)

Fig. 4 Relative range values, r(wa, wf)y, are presented during thin,
thick, and plain tracheal sound sections, of those seen in Fig. 1. The
highest values are obtained during the thick sound curve. The values
during the thin and plain sections are lower and of the same
magnitude. The relative range was obtained with wo and wf, both of
length 20 s

Sensitivity (%)

0 . . . . . . . . .
0 10 20 30 40 50 60 70 80 90 100

1-Specificity (%)

Fig. 5 The outcome of the thick sound curve detection with the three
developed methods. On the ROC curves, two threshold values of
interest are indicated with crosses in method one, with diamonds in
method two, and with circles in method three. The ROC curves were
obtained using the window lengths wa and wp providing the overall
best thick pattern detection performance, being 60 and 5 s, 25 and
100 s, 20 and 90 s in methods one, two, and three, respectively

values for the methods one, two, and three were 0.65, 0.92,
and 0.93, respectively. As an example of a thick sound
curve detection performance, the overall best method
was method three, which provided sensitivity and speci-
ficity of 80 and 93% while the methods one and two
provided specificities of 57 and 91% with 80% sensitivity,
respectively.
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4 Discussion

In the present initial study, we developed three new com-
putational methods aiming to mimic the visual compressed
sound signal observations. To our knowledge, computa-
tional compressed sound signal analysis has not been
studied previously. Here we studied rather long com-
pressed sound curve sections including specifically the
visually scored thick, thin, and plain patterns. Based on our
previous work, thick patterns seem to correlate promisingly
to apnoea—hypopnoea sequences [13]. In the present work,
we focused on the detection of these thick patterns irre-
spective of the underlying patient conditions during all
these patterns, which are topics of additional studies.

Nonlinear filtering was applied here to determine the
local maximum amplitude, local range, and relative range
in the detection methods. The developed methods convey a
large amount of information of the sound signal dynamics
due to the relatively long window lengths used. In addition,
the developed methods provide a clear data reduction
(99.98%) and are computationally efficient, which support
the analysis of large datasets.

The developed method number one is dependent on the
absolute local maximum sound amplitude, A(wa),. It was
not able to differentiate well the thin and thick sections due
to partly similar sound waveform behaviour of these sec-
tions. Because both of these sections contain loud sound
periods, differentiation between these sections based on
absolute amplitudes alone is not feasible. However, abso-
lute amplitude could differentiate well between quiet and
loud sound periods inside analysed sections. The method
two utilised the local range of the maximum sound
amplitudes, R(wo, wf)x. Thin sections typically consist of
densely repeating loud sounds whereas plain sections are
mainly composed of low to moderate sounds, varying at
breath cycle time scale. During thin and plain sections, the
values of R(wo, wp), are rather small due to the uniformity
of the sections. It is known that apnoeas cause reduction in
the sound intensities [8, 18]. Therefore, it seems quite
possible that the thick sections could consist of loud
sounds, during breath cycles, followed by somewhat longer
silent sections, which together lead to higher R(wo, wf)i
values. The relative range, r(wo, wf)y, of method three was
designed to be independent of absolute sound amplitudes,
adding to the applicability of this method. The results
showed that the methods two and three were overall the
best, being the most potential approaches for SAHS
diagnosis.

Regarding the time scales of the analysed phenomena,
the visual analysis was based on the local maximum and
minimum using the previously determined time resolution
of 20 s [13]. There exists only one absolute time scale
in apnoea definition, the 10 s minimum duration of
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respiratory pause [3, 20]. However, the mean duration of
apnoea events is somewhat longer, about 40 s [20]. The
analysis window lengths tested here ranged from 5 to 100 s
with 5 s steps, which covered well the range of interest.

A method of breath cycle determination has previously
been developed applying pulsatile pressure signal acquired
by a pressure sensor under a pillow for the analysis of sleep
apnoea [7]. Possibly, in future studies, estimation of indi-
vidual breath cycles from tracheal sound may also provide
additional information.

Analysing the sound signal in compressed form seems to
provide an effective means for analysing breathing sounds
during sleep. The methods of compressed sound signal
analysis could provide fast overall characterisation of
breathing patterns over the night. Computational methods
could perhaps be applied to a larger clinical population to
support the SAHS diagnosis and treatment planning, as
more is learned of these phenomena. The tracheal sound
analysis is considered to have a great potential in the
evaluation of sleep-disordered breathing patterns.
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