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Automated Detection of Sleep Apnea and Hypopnea
Events Based on Robust Airflow Envelope Tracking

in the Presence of Breathing Artifacts
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Abstract—The paper presents a new approach to detection of
apnea/hypopnea events, in the presence of artifacts and breathing
irregularities, from a single-channel airflow record. The proposed
algorithm, based on a robust envelope detector, identifies segments
of signal affected by a high amplitude modulation correspond-
ing to apnea/hypopnea events. It is shown that a robust airflow
envelope—free of breathing artifacts—improves effectiveness of
the diagnostic process and allows one to localize the beginning and
the end of each episode more accurately. The performance of the
proposed approach, evaluated on 30 overnight polysomnographic
recordings, was assessed using diagnostic measures such as accu-
racy, sensitivity, specificity, and Cohen’s coefficient of agreement;
the achieved levels were equal to 95%, 90%, 96%, and 0.82, respec-
tively. The results suggest that the algorithm may be implemented
successfully in portable monitoring devices, as well as in software-
packages used in sleep laboratories for automated evaluation of
sleep apnea/hypopnea syndrome.

Index Terms—Breathing artifacts, envelope detector, median
filters, sleep apnea and hypopnea (SAHS).

I. INTRODUCTION

S LEEP apnea/hypopnea syndrome (SAHS) is a sleep-
breathing disorder characterized by repetitive episodes of

complete obstruction (sleep apnea event) or partial obstruction
(hypopnea event) of the upper airway, resulting in a blood oxy-
gen desaturation or arousals leading to sleep fragmentation. The
usual daytime manifestation is excessive sleepiness, fatigue,
and poor concentration, which can escalate to traffic accidents,
depression, and memory loss. The major risk factors for the
disorder include obesity, male gender, and age [1]. Untreated
SAHS may lead to cardiovascular dysfunction, stroke, and pos-
sibly (since this supposition is still not well documented) to
the ischemic heart disease [2]. SAHS is a noticeable problem
of social and health life, affecting 3% of children [3], 2% of
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amg.gda.pl).

J. Siebert is with the Department of Family Medicine, Medical University
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female adults, and 4% of male adults worldwide [4]. In fact,
still up to 80% of cases of moderate or severe SAHS have gone
undiagnosed despite adequate access to health care [5], [6].

Currently, in sleep laboratories, there are carried out overnight
polysomnographic studies (PSG) aimed at early detection and
assessment of the severity of SAHS in patients. PSG study is
considered as the “gold standard” method for SAHS diagnosis
[7]. It involves recording and studying simultaneously many
signals such as electrocardiogram (ECG), nasal airflow (NAF),
and blood oxygen saturation (SaO2).

To reach the final conclusion, the recorded signals are
analyzed by a physician experienced in the field of sleep
medicine. The final diagnosis is based on calculation of the
apnea/hypopnea index (AHI) which reflects the number of sleep
apnea/hypopnea (SAH) events per hour of sleep.

It is assumed that accurate and reliable identification of SAH
events is critical for case identification and for quantifying dis-
ease severity classified as: mild, when 5 ≤AHI < 15; moderate,
when 15 ≤AHI < 30; and severe, when AHI ≥ 30 (events per
hour of sleep) [7], [8]. Currently, the clinical routine is based on
manual correction of the results obtained by automated analy-
sis, which is an extremely tedious and time-consuming task [8].
Unfortunately, the drawbacks of the full PSG study, such as high
cost, a long list of patients waiting to be tested, and a feeling
of discomfort due to a large number of sensors placed on the
patient’s body during the overnight test, suggest the need for de-
veloping alternative methods of diagnosis, based on information
from selected channels of PSG, which could be implemented
in portable monitoring devices for evaluation of SAHS [1], [9],
[10].

Numerous methods exist, based on the evaluation of var-
ious signals, for detection of SAH events. This includes
methods based on analysis of airflow signals [11]–[15], ECG
signals [16]–[19], pulse oximetry (SaO2) signals [20], [21], tra-
cheal sound signals [22], or some combinations of signals listed
previously [23]. A number of portable devices for sleep ap-
nea monitoring and diagnosis are available, such as ApneaLink,
SleepStrip, and LifeShirt, to name only the most popular solu-
tions (see [24] and references therein). All signals mentioned
previously provide only supportive evidence of SAH events
and do not allow one to localize precisely their beginning and
end. It often happens that the primary evidence (significant re-
duction in the NAF signal) is not observed. In the case of an
SaO2 signal, the supportive evidence, in the form of a blood
oxygen desaturation, is delayed in time in relation to the mo-
ments of occurrence of SAH events. Additionally, it is highly
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dependent on many factors, such as calibration of the measuring
device, physiological conditions of the patient, presence of ar-
tifacts, etc. [8]. In the recent years, several studies have focused
on detection of SAH events based exclusively on the analysis
of the airflow signal. Almost all of these studies are based on
a “black box” approach and use such techniques as artificial
neural networks [11], spectral analysis [12], feature selection,
[13] or support vector machines [14], [15].

The main contribution of this paper is to demonstrate that
SAH events can be effectively identified, in the presence of ar-
tifacts and breathing irregularities, based on analysis of a robust
airflow envelope.

II. BREATHING ARTIFACTS

The standard morphological criteria, given by the American
Academy of Sleep Medicine (AASM) [1], describe SAH events
as a significant reduction of the airflow amplitude lasting at least
10 s. The reduction of the airflow amplitude is observed in rela-
tion to the level of breathing amplitude preceding and succeed-
ing the respiratory event, further called the baseline value. Two
thresholds of airflow reduction, 50% and 90%, were accepted to
represent partial and complete obstruction of the upper airway,
respectively.

According to the 1999 AASM “Chicago consensus paper”
[1], the breathing baseline is defined as “the mean amplitude of
stable breathing and oxygenation in the 2-min preceding onset
of the event (in individuals who have a stable breathing pattern
during sleep) or the mean amplitude of the three largest breaths
in the 2-min preceding onset of the event (in individuals without
a stable breathing pattern).” This specification was upheld in two
later AASM recommendations presented in 2007 by Iber et al.
[9], and in 2012 by Berry et al. [10]. Although sufficiently clear
for pulmonologists, the verbal description cited previously is not
easy to turn into a reliable algorithm for automatic SAH scoring.
In the presence of abnormally large peaks, further called breath-
ing artifacts, automatic scoring becomes even more difficult.

Irregular breathing artifacts are usually associated either with
the patient’s motion during sleep [see Fig. 1(a)] (rapid body
movements, changing of sleep position), or with a sudden open-
ing of the upper airway succeeding a sleep apnea event [see
Fig. 1(b)]. Such artifacts in airflow measurements can lead to in-
correct identification of SAH events by automated sleep scoring
methods, which in turn may result in incorrect diagnosis of the
SAHS syndrome. For this reason, the physician localizes, based
on visual inspection, signal segments corrupted by artifacts and
manually marks them as the ones that should be ignored during
automated sleep scoring. This is a very time-consuming pro-
cess, and a subjective judgment is required to complete the job.
Unsatisfactory quality of automated analysis based on the NAF
signal is often caused by problems with adaptive tracking of the
baseline value, with respect to which SAH events are identified.
In the presence of artifacts, the correct morphological descrip-
tion of the baseline value is not a trivial task [8], [25]. In [26],
the authors propose to track the baseline value in adaptive way,
based on an exponentially weighted average of past peaks. To
eliminate the impact of large positive and negative peaks, only
peaks that remain within 40% of the current baseline value are

Fig. 1. Breathing artifacts: (a) rapid body movements and changing of the
sleep position and (b) sudden opening of the upper airway succeeding a sleep
apnea/hypopnea event. Artifacts are marked with arrows.

considered. This approach seems to work well until a sudden
change of breathing rhythm appears, leading to problems with
fast updating of the baseline value. The approach proposed in
[27] is based on airflow signal modeling. The model is used to
reconstruct fragments corrupted by artifacts.

III. ENVELOPE DETECTION

During a routine analysis, a physician can easily track the
“true” signal envelope using visual inspection, even in the pres-
ence of artifacts. Such an envelope corresponds to a smooth
curve that matches, in a way that is robust to breathing artifacts,
the main peaks of the waveform, and follows closely sudden
variations in the signal amplitude. If a partial or complete re-
duction of airflow takes place, then SAH events take the form of
characteristic “valleys” visible in the signal envelope. A physi-
cian identifies and classifies these valleys as hypopnea or sleep
apnea events, based on the standard morphological criteria and
his/her own experience. In the proposed approach, we try to
reproduce such a procedure.

Envelope detection has numerous applications in the field of
signal processing and communications [28], one of which is
demodulation of amplitude-modulated (AM) signals governed
by

s(t) = A[1 + βm(t)] cos ωct (1)

where t = . . . ,−1, 0, 1, . . . denotes normalized (dimensionless)
discrete time, m(t) ≥ 0 denotes the baseband message, ωc de-
notes the carrier (angular) frequency, A denotes the carrier am-
plitude, and β > 0 is the so-called amplitude sensitivity of the
modulator. When m(t) is a low-pass signal with bandwidth
W much smaller than the carrier frequency ωc , the amplitude



420 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 19, NO. 2, MARCH 2015

Fig. 2. Square-law envelope detector.

envelope of the signal s(t) is defined as

e(t) = A[1 + βm(t)] ≥ 0. (2)

Envelope can be “extracted” from the AM signal using devices
known as envelope detectors. The two most frequently used
envelope detectors that will be briefly described below are those
based on the square-law (full rectification) principle, and on
the Hilbert transform, respectively. Due to irregularities in the
breathing rhythm, the airflow signal only approximately fits
the AM model (1) which adversely affects the performance of
the classical envelope detectors. The situation becomes even
more complicated in the presence of breathing artifacts. We will
show that both problems indicated previously can be taken care
of, if the classical detection schemes are suitably modified.

A. Square-Law Envelope Detector

The flowchart of the square-law detector [28] is shown in
Fig. 2. When s(t) is an AM signal governed by (1), the scaled
output of the squaring device can be written down as a sum of
two components

f(t) = A2 [1 + βm(t)]2 + A2 [1 + βm(t)]2 cos 2ωct. (3)

The first term on the right-hand side of (3) is a low-pass signal
with a cutoff frequency 2W , and the second one is a band-
pass signal with spectrum confined to the frequency bands
(−2ωc − 2W,−2ωc + 2W ) and (2ωc − 2W, 2ωc + 2W ), cen-
tered around ±2ωc . Hence, when the condition ωc > 2W is
met, the low-pass component of f(t) can be extracted using a
low-pass FIR filter L(ω) with a cutoff frequency 2W

h(t) = L[f(t)] =
∑k

i=−k
lif(t − i) ∼= A2 [1 + βm(t)]2 (4)

where li = l−i , i = 0, . . . , k, denote impulse response coeffi-
cients of the filter. The estimated value of the envelope can be
obtained from

ê(t) =
√

h(t) (5)

further referred to as an ESL envelope.

B. Envelope Detector Based on the Hilbert Transform

The second classical method of envelope detection, based
on the Hilbert transform [28], is depicted in Fig. 3. The
Hilbert transform of an analog real-valued finite energy signal
s(tc),−∞ < tc < ∞ is defined as [28]

sH(tc) = H[s(tc)] =
∫ +∞

−∞

s(τ)dτ

π(tc − τ)
(6)

where tc denotes the continuous-time variable. Envelope de-
tection involves creation of the complex-valued analytic signal,

Fig. 3. Envelope detector based on the Hilbert transform.

Fig. 4. Output of the Hilbert-transform-based envelope detector prior to low-
pass filtering (thick line): (a) normal breathing in the presence of incidental
artifacts and (b) sleep apnea patterns. Note the presence of high-frequency
fluctuations called ripples. Thin lines show the airflow (input) signal.

defined as

y(tc) = s(tc) + jsH(tc). (7)

The analytic counterpart of a discrete-time signal s(t) can
be evaluated either directly—using the FFT-based frequency-
domain approach [29], or indirectly—by computing an “ana-
lytic” signal sH(t) (using the discrete-time FIR approximation
of the Hilbert transform) and combining it with s(t)

y(t) = s(t) + jsH(t). (8)

Since the Hilbert transform shifts the phase of all sinusoidal
components by−π/2, for the “ideal” AM signal (1), one obtains
sH(t) ∼= A[1 + βm(t)] sin ωct which means that the envelope
of s(t) can be obtained by evaluating the magnitude of the
analytic signal

f(t) = |y(t)| =
√

s2(t) + s2
H(t) ∼= A[1 + βm(t)]. (9)

For AM-like signals, such as speech signals or biomedical
signals, the envelope extracted in this way suffers from high-
frequency fluctuations, called ripples [30] (see Fig. 4). Ripples
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(a)

(b)

(c)

Fig. 5. Performance of (a) the classical square-law envelope detector and (c)
its robust version in the presence of breathing artifacts. (b) Middle figure shows
the intermediate detection results observed at the output of the SM filter. Thick
line—envelope, thin line—airflow signal.

can be removed by passing the signal f(t) through a low-pass
filter, leading to

ê(t) = L[f(t)] (10)

further referred to as an EHT envelope.

C. Modification in the Envelope Detection Procedures

The estimation of the airflow envelope obtained using the
approach based on the square-law or on the Hilbert transform
suffers from envelope distortions caused by artifacts which are
only partially eliminated at the stage of low-pass filtering. The
envelope distortions of short duration and of relatively high am-
plitude may seriously affect the estimated baseline values by
setting them at too high levels. This may lead to a large number
of false-positive decisions, some of which cause erroneous dis-
tinction between hypopnea and sleep apnea events. The second
problem with analysis based on the classical envelope detection

(a)

(b)

(c)

Fig. 6. Performance of (a) the classical Hilbert transform envelope detector
and (c) its robust version in the presence of breathing artifacts. (c) Middle figure
shows the intermediate detection results observed at the output of the SM filter.
Thick line—envelope, thin line—airflow signal.

results is related to the filter-induced time-shift effects occurring
at the beginning and at the end of each apnea episode. Since the
sleep apnea event should last at least 10 s, wrong localization of
its endpoints may result in an erroneous event classification.

To eliminate both drawbacks mentioned previously, a cascade
made up of a standard median (SM) filter and a recursive median
(RM) filter is used instead of the linear low-pass FIR filter L(ω)
in the two envelope detection methods depicted in Figs. 2 and 3.
Median filtering is a popular method of noise removal in appli-
cations involving signal and image processing. This nonlinear
technique has proven to be a good alternative to linear filtering
as it can effectively suppress impulsive noise while preserving
the edge information [31], [32].

The output g(t) of the SM filter is the median of the input
data inside the window centered at the point t, and is given by

g(t) = med{f(t − m), . . . , f(t), . . . , f(t + m)} (11)

where M = 2m + 1 denotes the window size and med{·} de-
notes the central value of the ordered sequence of samples. To
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(a)

(b)

(c)

Fig. 7. Performance of (a) the classical square-law envelope detector and (c)
its robust version in the presence of sleep apnea/hypopnea events. (b) Middle
figure shows the intermediate detection results observed at the output of the SM
filter. Thick line—envelope, thin line—airflow signal.

effectively reduce the influence of artifacts on the airflow enve-
lope, while preserving the sharp envelope “edges” at the begin-
ning and at the end of each apnea episode, the SM window size
should be properly selected. If the window size is too small, not
all artifacts are suppressed. If the window size is too large, the
blurring effect can be observed, similarly as in the case of image
processing applications. Therefore, the window size should be
at least two times larger than the length of the segments affected
by artifacts, but smaller than the distance between two neigh-
boring SAH events. Based on the observation that artifacts are
usually confined to one breathing cycle, whereas the breathing
frequency changes from 0.18 to 0.4 Hz, we suggest that the SM
window should cover 15 s of the airflow signal, i.e., that M
should be set to 301 under 20 Hz sampling.

The RM filter, used to process the median-prefiltered signal
samples g(t), is given by

h(t) = med{h(t − n), . . . , h(t − 1), g(t), . . . , g(t + n)}
(12)

(a)

(b)

(c)

Fig. 8. Performance of (a) the classical Hilbert transform envelope detector
and (c) its robust version in the presence of sleep apnea/hypopnea events.
(b) Middle figure shows the intermediate detection results observed at the output
of the SM filter. Thick line—envelope, thin line—airflow signal.

where N = 2n + 1 denotes the window size. The RM filter is
more sensitive to the window size than the SM filter. If the
window is too wide, it can excessively smooth out the signal
leading to deformation of the envelope. It is proposed to set
N approximately to M/2. According to our experiments, the
proposed cascade of two median filters yields better results
than those obtained when only one of the filters is applied.
The proposed modification in the airflow envelope detection
procedures allows one to obtain robust envelopes based on the
square-law or on the Hilbert transform, further denoted as RESL
and REHT, respectively.

Figs. 5–8 illustrate robustness of the proposed modified en-
velope detectors in two practically important cases.

Figs. 5 and 6 demonstrate insensitivity of RESL and
REHT envelopes to breathing artifacts—unlike the classical
ESL/EHT envelopes, which are affected by airflow outliers,
the RESL/REHT envelopes are robust to short-lived breathing
artifacts. This allows one to keep the baseline (which is set to the
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local envelope maximum) at a level corresponding to regular,
i.e., undisturbed breathing.

Figs. 7 and 8 demonstrate another advantage of nonlinear
filtering—preservation of sharp envelope “edges.” When the
linear low-pass filter is used in lieu of the proposed cascade of
nonlinear filters, the corresponding envelopes slowly decay/rise
at the beginning/end of each reduced-airflow episode. Since the
length of such an episode is an important diagnostic factor, its
understatement can result in overlooking or misclassification of
SAH events. Median filters do not introduce time shifts men-
tioned previously. Additionally, the RM filter is very efficient
in smoothing out (without blurring envelope edges) some local
signal fluctuations that can be observed at the output of an SM
filter [33]. As a result, the envelope “valleys” corresponding to
SAH events usually have only one local minimum. This very
much simplifies SAH identification as SAH episodes can be
easily localized between the two successive local maxima.

Remark 1: Note that median windows centered at instants
t and t + 1 partially overlap. Therefore, since evaluation of
g(t) given by (11) has already sorted most of the samples that
are required for evaluation of g(t + 1), the computation can
be made much more efficient. Using the indexable skip list
technique [34], the computational complexity of a median filter
can be reduced from O(M 2) comparisons to only O(log M)
comparisons per time update [35]. The same technique can be
used for realization of a fast RM filter.

Remark 2: Similarly as in the case of classical envelope de-
tectors, the computational load of the proposed methods can
be further reduced by downsampling the signal f(t) prior to
nonlinear filtration. To avoid aliasing effects, prior to downsam-
pling, the signal f(t) should be passed through a linear low-pass
filter with an appropriately chosen cutoff frequency.

IV. IDENTIFICATION OF SAH EVENTS

We will call t the leftmost local maximum point of a discrete-
time signal x(·) if for some i ≥ 1, it holds that

x(t) > x(t − 1)

x(t) = . . . = x(t + i − 1) > x(t + i). (13)

Likewise, t will be called the leftmost local minimum point of
x(·) if for some i ≥ 1, it holds that

x(t) < x(t − 1)

x(t) = . . . = x(t + i − 1) < x(t + i). (14)

Note that while for piecewise-constant signals, such as those
produced by the proposed nonlinear filter, the local signal max-
imum/minimum can be attained at more than one point, the
leftmost local maximum/minimum points are always unique.
Localization of the leftmost extremum points is straightforward
and can be done by means of checking the conditions (13)
and (14) in a sequential manner. Note also that between two
consecutive leftmost local maximum points t1 and t2 , t1 < t2 ,
there exists one and only one leftmost local minimum point
t0 , t1 < t0 < t2 .

Fig. 9. Cascade made up of SM and RM filters.
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Fig. 10. Identification of SAH events based on the RESL envelope.

Once the airflow envelope has been obtained, identification of
SAH events is easy: they can be localized (if present) between
the succeeding local maxima of the robust envelope. Each time a
new local maximum is found, the baseline value is updated and
set to the value of this local maximum. Consider a sequence of
samples {ê(t1), . . . , ê(t2)} corresponding to a segment of a ro-
bust envelope, where t1 and t2 denote two consecutive leftmost
local maximum points. The baseline value is set to ê(t1) and two
thresholds are computed, corresponding to 50% and 10% of the
baseline value for hypopnea and apnea events, respectively. The
following decisions are made at each time instant t, t1 < t < t2

dh(t) =
{

1, if ê(t) ≤ 1
2 ê(t1)

0, otherwise

da(t) =
{

1, if ê(t) ≤ 1
10 ê(t1)

0, otherwise

where dh(t) and da(t) denote binary pulses (sequences of bi-
nary values) indicating which samples in the analyzed segment
can be classified as hypopneic/apneic activity. If the segment in-
cludes less than 10 s of continuous hypopneic/apneic activity, it
is classified as normal breathing. Otherwise, hypopnea or apnea
is detected. When both types overlap, only the sleep apnea
episode is scored(see Fig. 10).

Remark: Since the signal observed at the output of the SM
filter (the first component of our two-component nonlinear fil-
ter) usually exhibits many local maxima and minima, which can
be attributed to local noise patterns rather than to the generic
envelope properties [see Figs. 7(b) and 8(b)], it cannot be an-
alyzed using the simple procedure described previously. The
advantage of the RM filter, used at the second filtering stage,
is that it produces smooth and easily interpretable signals that
are free of such low-magnitude short-time fluctuations. Owing
to this property of the robust envelope, the proposed analytic
procedure yields results that stay in a good agreement with the
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results of visual inspection of the airflow signal performed by
an expert.

V. EXPERIMENTAL RESULTS

Overall, the polysomnograms of 30 sleep apnea patients were
used to validate the proposed method. The detailed results
are presented for a group of 15 representative patients, nine male
and six female [age: 53 ± 7 years (mean±standard deviation),
duration of each study: 449 min] with different apnea/hypopnea
indexes, ranging from 4.5 (patient #1) to 42.0 (patient #15);
because of space limitations, only summary/average statistics
are shown for all patients. The analyzed sleep studies were
drawn from the database of the Medical University of Gdańsk,
Gdańsk, Poland (only recordings containing breathing artifacts
were selected). In all studies, the airflow signal, bandpass fil-
tered and sampled at the rate of 20 Hz, was measured using a
nasal cannula pressure transducer (without square root trans-
formation). Respiratory events were detected based on analysis
of the airflow signal and scored, using the criteria proposed
by AASM [1], [9], [10], by an expert—a pulmonologist with
15 years clinical experience (all recordings were scored by the
same person). In agreement with [1], hypopnea was defined as
an over 50% reduction in the airflow from the baseline value,
lasting for more than 10 s, and associated with at least 3% desat-
uration or an arousal. Sleep apnea was defined as the absence of
the airflow for more than 10 s. The clinical routine was based on
manual correction of the results obtained by automated analysis
performed by a commercial PSG software (RemLogic, default
settings). Under such conditions, the interscorer and intrascorer
reliability is known to be very good [8].

The common mistakes of the automated analysis are: over-
looked episodes, false detections, and misclassification between
hypopnea and sleep apnea events. In all studies, 4559 SAH
events were detected: 2193 apneas and 2366 hypopneas. The
total number of artifacts present in airflow recordings—the re-
sult of subjective scoring of abnormally large peaks—was 2353,
ranging from 9 to 230 per recording.

The 127-tap FIR filter, approximating the Hilbert transform,
was designed using the Parks–McClellan algorithm. The ana-
lytic signal was computed by adding the appropriately time-
shifted real signal to its imaginary counterpart generated by the
Hilbert filter. To reduce computational complexity, prior to me-
dian filtering, the signal f(t) was passed through a low-pass FIR
filter with a cutoff frequency of 1 Hz, and then downsampled by
a factor of d = 6. After decimation, the SM window size was
set to M = 51 and the RM window size was set to N = 21.

Tables I–III present qualitative and quantitative comparison
of the competing methods.

Table I compares the results of automated detection of SAH
events, obtained using Approach I based on the square-law,
Approach II based on the Hilbert transform, and RemLogic, with
decisions made by an expert. Patients were ordered according to
their AHI, which reflects the number of sleep apnea/hypopnea
events per one hour of sleep. The scores correspond to the
number of detected apnea/hypopnea events (SAH), only apnea
events (A) and only hypopnea events (H). The number of arti-

facts present in airflow recordings, based on subjective scoring
of abnormally large peaks, ranged from 13 to 210 per recording.
It is easy to notice that, unlike the proposed approaches, Rem-
Logic shows tendency to understate the AHI score.

Table II shows results of the event-by-event analysis. The
best results were obtained for Approach I (square-law-based
method).

Table III shows results of the epoch-by-epoch examination.
Evaluation was based on analysis of 30-s airflow epochs classi-
fied as positive, if at least 5 s of the epoch was affected by hy-
popneic/apneic activity. For each patient, the number of epochs
was equal to 899. Four quality measures were used to assess
the performance of the detectors: accuracy, sensitivity, speci-
ficity, and Cohen’s coefficient of agreement (agreement beyond
that expected by chance, usually referred to as kappa statis-
tic). Again, the obtained results clearly indicate superiority of
the square-law-based approach. Note that while the specificity
index is usually higher for RemLogic than for the proposed ap-
proaches (due to a smaller number of false-positive decisions),
its sensitivity index is pretty low (due to a much larger number
of false negative decisions). The same tendency can be seen in
Table II. In the case of Approaches I and II, both specificity and
sensitivity reach satisfactory levels. Note also that the Cohen’s
coefficient of agreement κ evaluated for the robust square-law
detector takes pretty large values—for 12 patients (out of 15) it
holds that κ ∈ [0.81, 1], which corresponds to the highest quali-
tative level of agreement strength, interpreted as “almost perfect
agreement” [36] or “very good agreement” [37], and for the re-
maining three patients κ ∈ [0.61, 0.80], which is regarded as
“substantial agreement” [36] or “good agreement” [37].

Bland–Altman plots, comparing AHI scores provided by an
expert with those resulting from the automated analysis, are
shown in Fig. 11. In this popular graphical method, the differ-
ences between the two scoring techniques are plotted against
their averages. Horizontal lines are drawn at the mean differ-
ence, and at the 95% limits of agreement, which are defined as
the mean difference ±1.96 times the standard deviation (SD)
of the differences. Bland–Altman plots allow one to investi-
gate the existence of any systematic difference (fixed bias) be-
tween the scores, and to identify possible outliers. According
to the plots shown in Fig. 11, the proposed methods are nearly
unbiased—mean biases are equal to −0.87 (SD = 1.17) and
−1.11(SD = 1.91) event/hour of sleep for Approaches I and
II, respectively. The differences remain close to the bias line,
even for an increasing AHI index. For RemLogic, the bias is
nonnegligible and equal to 4.78(SD = 4.04), which means that
a risk that a practitioner could make the wrong decision and fail
to refer a patient for more extensive testing is in this case higher.

Finally, it may be interesting to compare efficiency of
Approach I (which is the recommended one) with that pro-
vided by other single-channel (airflow only) solutions, such as
the SleepStrip and ApneaLink screeners mentioned in Section I.
As reported in [38] (based on examination of 402 subjects), for
a SleepStrip device, the sensitivity and specificity values ranged
from 80% to 86% and from 57% to 86%, respectively. According
to [39], the average sensitivity and average specificity obtained
for an ApneaLink device (63 subjects) were equal to 76% and
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Fig. 11. Bland–Altman plots comparing AHI scores (for 30 patients) provided by an expert with those resulting from the automated analysis using Approaches I
and II, and RemLogic (differences between the scores against their averages). Horizontal lines show the mean difference and the 95% limits of agreement (SD =
standard deviation). Note the difference in the vertical scale between the plots for Approaches I/II and the plot for RemLogic.

TABLE I
QUANTITATIVE COMPARISON OF SCORES PROVIDED BY AN EXPERT WITH THE RESULTS YIELDED BY THE COMMERCIAL SYSTEM REMLOGIC AND BY TWO

VARIANTS OF THE PROPOSED METHOD: APPROACH I BASED ON THE SQUARE-LAW, AND APPROACH II BASED ON THE HILBERT TRANSFORM

Expert Approach I Approach II RemLogic

Patient Art SAH A H AHI SAH A H AHI SAH A H AHI SAH A H AHI

1 20 33 5 28 4.5 36 3 33 4.9 34 2 32 4.6 17 1 16 2.3
2 70 36 2 34 4.8 45 2 43 6.0 49 2 47 6.5 24 1 23 3.2
3 13 46 13 33 6.1 45 9 36 6.0 53 11 42 7.1 27 8 19 3.6
4 70 50 5 45 6.7 53 1 52 7.1 58 1 57 7.7 38 1 37 5.1
5 78 106 17 89 14.1 127 8 119 16.9 130 8 122 17.3 32 3 29 4.3
6 17 111 28 83 14.8 107 17 90 14.3 113 16 97 15.1 97 33 64 12.9
7 59 126 75 51 16.8 136 67 69 18.1 142 70 72 18.9 89 67 22 11.9
8 36 167 126 41 22.3 147 100 47 19.6� 147 100 47 19.6� 145 132 13 19.3
9 76 169 19 150 22.5 168 13 155 22.4 178 15 163 23.7 109 9 100 14.5
10 64 216 133 83 28.8 222 23 199 29.6 201 20 181 26.8 192 79 113 25.6
11 55 217 170 47 28.9 229 167 62 30.5 231 165 66 30.8 188 163 25 25.1
12 210 241 74 167 32.1 247 22 225 32.9 241 27 214 32.1 172 37 135 22.9
13 69 290 196 94 38.7 295 179 116 39.3� 295 184 111 39.3� 231 162 69 30.8
14 206 311 247 64 41.5 312 197 115 41.6 330 203 127 44.0 204 104 100 27.2
15 91 315 177 138 42.0 314 154 160 41.9 301 154 147 40.1 247 144 103 32.9
Σ1 5 1134 2434 1287 1147 2483 962 1521 2503 978 1525 1812 944 868
Σ3 0 2353 4559 2193 2366 4753 1841 2912 4807 1873 2934 3261 1711 1550

The scores correspond to the number of detected apnea/hypopnea events (SAH), only apnea events (A) and only hypopnea events (H). The AHI index reflects the
number of apnea/hypopnea events per one hour of sleep. The AHI scores that are closer to expert scores than those yielded by the competing approaches are shown in
boldface. Equal scores are marked with asterisks. The number of artifacts present in airflow recordings (Art), based on subjective scoring of abnormally large peaks,
ranged from 13 to 210 per recording. Σ1 5 : sum for a representative group of 15 patients, Σ3 0 : sum for all patients.

94%, respectively (for AHI≥ 15). In the case of Approach I
(30 subjects), sensitivity and specificity range from 77% to
100% and from 87% to 99%, respectively, and the corresponding
average scores are equal to 90% (sensitivity) and 96% (speci-
ficity). Hence, even though more subjects should be examined to
make such comparison statistically meaningful, the results ob-
tained for Approach I look very promising. The same conclusion
can be reached after comparing the Pearson correlation coeffi-
cients measuring similarity between the estimated AHI scores
and the reference (PSG-based) AHI scores—the corresponding
values are equal to 0.73 (SleepStrip), 0.89 (ApneaLink), and
0.99 (Approach I).

VI. DISCUSSION

Unlike “black box” approaches to detection of SAH events
[11], [13]-[15], the proposed method refers directly to explicit
SAH detection/classification rules formulated and approved by
pulmonologists, where the concept of breathing baseline plays

a crucial role. Since, during the verification stage, the robust
envelope along with the corresponding baseline values and their
50/10 percentage levels can be superimposed on the analyzed
signal (see Fig. 10), in each case an expert learns not only
what decision was made by the automated scoring system, but
also why such a decision was taken. Such a “visual feedback”
is particularly useful in the presence of breathing artifacts. It
makes verification both easier and faster.

Another important aspect of the proposed approach is its re-
producibility. When the supervised learning methods, such as
artificial neural networks [11] are used, the final form of the
decision device depends on the training data, making the re-
search results difficult to reproduce (unless the training dataset
is made available). Additionally, many of the “black box” meth-
ods require setting a large number of design parameters, such
as decision thresholds, adaptation gains, etc. In contrast with
this, the proposed approach is explicit and easy to implement.
In particular, note that since the concrete values of the analysis
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TABLE II
EVENT-BY-EVENT ANALYSIS

Approach I Approach II RemLogic

Patient TPS A H TPA TPH FP FN TPS A H TPA TPH FP FN TPS A H TPA TPH FP FN

1 28 2� 23 8 5 25 2� 21 9 8 16 1 12 1 17
2 35� 1� 32� 10 1� 35� 1� 32� 14 1� 22 1� 21 2 14
3 43 9 31 2 3 42 10 29 11 4 23 8 11 4 23
4 44 1� 39 9 6 39 1� 34 19 11 21 1� 20 17 29
5 99 4� 79 27 7 95 4� 75 34 11 28 3 17 4 78
6 99 16 72 8 12 98 15 71 16 13 82 25 49 12 29
7 124 67 50 13 2 122 68 46 21 4 84 65 12 5 42
8 153 110 39 4 14 151 110 37 6 16 132 121 9 2 35
9 163 13 144 5 6 158 15 139 20 11 99 9 80 10 70
10 198 23 75 24 18 179 20 53 22 37 168 78 42 23 48
11 216 162 44 12 1 212 161 41 18 5 186 158 25 2 31
12 230 21 156 17 11 216 25 142 25 25 158 32 93 10 83
13 272 174� 79 25 18 266 174� 71 32 24 214 155 32 11 76
14 298 194 58 15 13 299 199 54 32 12 199 102 16 5 112
15 301 154 128 16 14 286 149 113 18 29 220 130 58 25 95
Σ1 5 2303 951 1049 195 131 2223 954 958 297 211 1652 889 497 133 782
Σ3 0 4283 1777 2104 484 276 4160 1776 1954 664 399 3073 1600 1070 366 1486

Comparison of the scores obtained for the commercial system RemLogic and for two variants of the proposed method—Approach I based on the
square-law and Approach II based on the Hilbert transform—against the “golden standard” expert scores. The scores that are better than or equal to
those yielded by the competing approaches are shown in boldface. Equal scores are marked with asterisks. TPS A H : true positive apnea/hypopnea,
TPA : true positive apnea, TPH : true positive hypopnea, FP: false positive, FN: false negative, Σ1 5 : sum for a representative group of 15 patients, Σ3 0 :
sum for all patients. The number of misclassified events (hypopnea classified as apnea or vice versa) can be calculated as M = TPS A H −TPA −TPH .

TABLE III
EPOCH-BY-EPOCH ANALYSIS

Approach I Approach II RemLogic

Patient Acc Sens Spec κ Acc Sens Spec κ Acc Sens Spec κ

(%) (%) (%) (%) (%) (%) (%) (%) (%)

1 97.78 80.49 98.60 0.76 97.22 75.61 98.25 0.70 96.96 43.90 99.53 0.56
2 97.55 94.23� 97.76 0.80 96.66 94.23� 96.81 0.75 96.55 48.08 99.53 0.60
3 98.67 91.07 99.17 0.89 97.22 85.71 97.98 0.78 96.44 50.00 99.53 0.62
4 97.55 87.72 98.22 0.81 95.88 78.95 97.03 0.69 93.77 43.86 97.15 0.44
5 93.88 87.74 95.16 0.79 92.10 84.52 93.68 0.74 86.43 28.39 98.52 0.36
6 95.88 84.67� 98.13 0.85 94.55 84.67� 96.53 0.81 92.55 69.33 97.20 0.71
7 94.66 95.11 94.55 0.85 93.66 94.02 93.57 0.82 92.32 68.48 98.46 0.74
8 96.66 92.64 98.28 0.92 96.11 91.47 97.97 0.90 93.55 79.07 99.38 0.83
9 97.22 91.41 98.86 0.92 95.11 89.90 96.58 0.86 88.77 54.04 98.57 0.62
10 94.80 92.02 95.77 0.86 92.99 84.51 95.63 0.81 92.44 77.93 96.94 0.78
11 95.77 94.75 96.40 0.91 94.33 93.29 94.96 0.88 93.33 85.13 98.38 0.86
12 93.88 93.67 94.00 0.87 90.99 88.92 92.11 0.80 84.54 65.19 95.03 0.64
13 92.99 92.53 93.32 0.86 91.77 90.67 92.56 0.83 87.21 74.13 96.56 0.73
14 96.33 96.28 96.35 0.92 93.88 94.74 93.40 0.87 87.10 65.63 99.13 0.70
15 91.32 91.85 90.76 0.83 88.88 87.77 90.07 0.78 80.20 69.31 91.92 0.61
Ave1 5 95.67 91.08 96.36 0.85 94.09 87.93 95.14 0.80 90.81 61.50 97.72 0.65
Ave3 0 95.11 90.34 95.77 0.82 93.68 87.59 94.58 0.77 90.34 59.03 97.02 0.61

Comparison of scores obtained for the commercial system RemLogic and for two variants of the proposed method: Approach
I based on the square-law and Approach II based on the Hilbert transform. Four quality measures were used to assess
the performance of the proposed method: accuracy (Acc), sensitivity (Sens), specificity (Spec), and Cohen’s coefficient of
agreement (κ). The scores that are better than or equal to those yielded by the competing approaches are shown in boldface.
Equal scores are marked with asterisks. Evaluation was based on analysis of 30-s airflow epochs classified as positive, if at
least 5 s of the epoch was affected by hypopneic/apneic activity. For each examined patient, the number of epochs was equal
to 899. Ave1 5 : average score for a representative group of 15 patients, Ave3 0 : average score for all patients.

window sizes M and N [which are the only design parameters
of the nonlinear low-pass filter (11)–(12)] were recommended,
both algorithms for robust envelope evaluation do not require
any tuning.

When comparing results of the proposed approach with those
yielded by RemLogic, one should remember that in the first

case only the airflow signal is analyzed, i.e., information con-
tained in other PSG channels (oximetry, EEG, body movement)
is not taken into account. Figs. 12 and 13 illustrate two situa-
tions where the lack of such additional information is the source
of false-positive decisions. In the first case (61% of all false
positives when Approach I is used, 63% when Approach II is



CIOŁEK et al.: AUTOMATED DETECTION OF SLEEP APNEA AND HYPOPNEA EVENTS BASED ON ROBUST AIRFLOW ENVELOPE TRACKING 427

50 100 150 200 250 300 350 400 450

−0.5

0

0.5

ai
rf

lo
w

 [
L

/s
]

time [s]

50 100 150 200 250 300 350 400 450
90

95

100

Sp
O

2 [
%

]

time [s]

false positive

expert

Fig. 12. False positive SAH detection (upper plot) caused by the lack of
information about insufficient desaturation (lower plot).
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Fig. 13. False positive SAH detection (upper plot) caused by the lack of
information about excessive body movement (lower plot).

used), shown in Fig. 12, the drop in the nasal pressure was clas-
sified as hypopneic activity even though there was no associated
desaturation or arousal. In the second case (33% of all false pos-
itives when Approach I is used, 28% when Approach II is used),
shown in Fig. 13, reduction of the airflow was accompanied by
rapid body movements—in situations like this, pulmonologists
regard the corresponding measurements as untrustworthy and
temporarily suspend scoring.

Both types of errors pointed out previously (which constitute
more than 90% of all false positives) can be easily eliminated
by exploiting information drawn from other PSG channels. An
example of an erroneous (false negative) decision that cannot
be corrected in this way is shown in Fig. 14. In this case, the
hypopneic events are not detected by the proposed algorithm
because the corresponding baseline values are (slightly) under-
stated. This suggests that the filtering scheme may need some
corrections for unstable breathing patterns, such as the one de-
picted in Fig. 14.
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Fig. 14. False negative SAH detection caused by underestimation of the base-
line value.

Detection rate of apnea events is another characteristic that
should be improved. According to the results presented in
Table II, detection rates of SAH events yielded by Approach
I are pretty high (average detection rate = 93.6%, minimum
detection rate = 84.9%). However, classification of apnea and
hypopnea episodes is less successful. In particular, for four pa-
tients (#4, #5, #10, and #12), the apnea detection rate is lower
than 30%. This means that some further work is needed to de-
velop tools capable of distinguishing both types of events in a
more reliable way.

In a group of patients suffering from an obstructive sleep ap-
nea, duration of SAH events is an important diagnostic factor
as it can be related to morbidity and mortality. For this reason,
precision in determining the start and end points of each event is
an important aspect of the compared approaches. Unfortunately,
to objectively compare annotation accuracy of RemLogic with
that of the proposed approaches, one should have access to un-
supported (and hence unbiased) expert decisions based only on
his/her analysis of PSG recordings. The currently used clin-
ical routine, under which experts approve, reject, or correct
decisions made by RemLogic, does not provide such unbiased
reference data. Our general observation is that experts seldom
correct start/end points proposed by RemLogic unless: 1) the
need for changes is evident (gross over/understatement of the
event duration) and 2) corrections have important qualitative
implications (which usually happens in borderline situations,
where the event duration is close to the decision threshold equal
to 10 s). As a result, expert decisions on duration of breathing
events are usually biased toward those made by the automated
detection software.

VII. CONCLUSION

The widely used classical envelope detection methods are
not robust to artifacts present in airflow measurements. The
proposed approach is a simple modification of the existing
schemes, obtained by replacing the linear low-pass output filter
with a cascade of two nonlinear filters—an SM filter and an RM
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filter. Unlike the methods described in the literature, the pro-
posed algorithms do not need initial training or optimization.
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the detection of apnea and hypopnea events in respiration signals,” IEEE
Trans. Biomed. Eng., vol. 49, no. 9, pp. 936–942, Sep. 2002.

[12] H. Nakano, T. Tanigawa, T. Furukawa, and S. Nishima, “Automatic detec-
tion of sleep-disordered breathing from a single-channel airflow record,”
Eur. Respir. J., vol. 29, pp. 728–736, 2007.

[13] S. I. Rathnayake, I. A. Wood, U. R. Abeyratne, and C. Hukins, “Non-
linear features for single-channel diagnosis of sleep-disordered breathing
diseases,” IEEE Trans. Biomed. Eng., vol. 57, no. 8, pp. 1973–1981,
Aug. 2010.

[14] B. Koley, “Automated detection of apnea and hypopnea events,” in Proc.
IEEE 3rd Int. Conf. Emerging Appl. Inf. Technol., Kolkata, India, 2012,
pp. 85–88.

[15] B. Koley and D. Dey, “Adaptive classification system for real-time detec-
tion of apnea and hypopnea events,” in Proc. Point-of-Care Healthcare
Technol. Conf., Bangalore, India, 2013, pp. 44–45.

[16] T. Penzel, J. McNames, P. De Chazal, B. Raymond, A. Murray, and
G. B. Moody, “Systematic comparison of different algorithms for ap-
noea detection based on electrocardiogram recordings,” Med. Biol. Eng.
Comput., vol. 40, pp. 402–407, 2002.

[17] P. De Chazal, C. Henegham, E. Sheridan, R. Reilly, P. Nolan, and
M. O’Malley, “Automated processing of the single-lead electrocardio-
gram for the detection of obstructive sleep apnea,” IEEE Trans. Biomed.
Eng., vol. 50, no. 6, pp. 686–696, Jun. 2003.

[18] A. H. Khandoker, J. Gubbi, and M. Palaniswami, “Automated scoring of
obstructive sleep apnea and hypopnea events using short-term electrocar-
diogram recordings,” IEEE Trans. Inf. Technol. Biomed., vol. 13, no. 6,
pp. 1057–1067, Nov. 2009.

[19] M. Bsoul, H. Minn, and L. Tamil, “Apnea MedAssist: Real-time sleep
apnea monitor using single-lead ECG,” IEEE Trans. Inf. Technol. Biomed.,
vol. 15, no. 3, pp. 416–427, May. 2011.
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