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Improving Sleep/Wake Detection via Boundary Adaptation for
Respiratory Spectral Features

Xi Long1, Member, IEEE, Reinder Haakma2, Jérôme Rolink3, Member, IEEE, Pedro Fonseca1,
and Ronald M. Aarts1, Fellow, IEEE

Abstract— In previous work, respiratory spectral features
have been successfully used for sleep/wake detection. They are
usually extracted from several frequency bands. However, these
traditional bands with fixed frequency boundaries might not be
the most appropriate to optimize the sleep and wake separation.
This is caused by the between-subject variability in physiology,
or more specifically, in respiration during sleep. Since the
optimal boundaries may relate to mean respiratory frequency
over the entire night. Therefore, we propose to adapt these
boundaries for each subject in terms of his/her mean respiratory
frequency. The adaptive boundaries were considered as those
being able to maximize the separation between sleep and wake
states by means of their mean power spectral density (PSD)
curves overnight. Linear regression models were used to address
the association between the adaptive boundaries and mean
respiratory frequency based on training data. This was then
in turn used to estimate the adaptive boundaries of each test
subject. Experiments were conducted on the data from 15
healthy subjects using a linear discriminant classifier with a
leave-one-subject-out cross-validation. We reveal that the spec-
tral boundary adaptation can help improve the performance of
sleep/wake detection when actigraphy is absent.

I. INTRODUCTION

Objective assessment of sleep is often achieved by moni-
toring sleep and wake phases during bedtime. Polysomnog-
raphy (PSG) recordings with manually scored hypnograms
(done by sleep technicians with a 30-sec epoch basis) are
the gold standard for objective sleep analysis [1], [2]. They
are typically acquired in sleep laboratories.

Human respiratory activity during sleep has been proved
to associate with autonomic nervous system and breathing
control [3], [4]. It has been increasingly used for sleep stage
classification in recent years [5], [6], [7] as long as it can
be unobtrusively obtained with e.g., textile bed sensors [8],
Doppler radar [9], and camera [10]. For that purpose, many
respiratory features have been investigated. For example,
features extracted based on the power spectral density (PSD)
analysis of respiratory signal have been shown to be effective
in classifying sleep and wake states [5], [11]. They are
the logarithms of spectral powers computed in different
frequency bands including a very low frequency band (VLF:
0.01-0.05 Hz), a low frequency band (LF: 0.05-0.15 Hz),
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and a high frequency band (HF: 0.15-0.5 Hz) and the ratio
of spectral powers between LF and HF bands. These features
are assumed to express different aspects of respiratory dy-
namics, although they were not well-defined in physiology.
We speculate that HF power could associate with the level
of dominance in respiratory frequency, LF power might
associate with short-range correlations or breathing control,
and VLF power might relate to long-range fluctuations [12].
In general, a more spread distribution in respiratory PSD
should indicate a less regular breathing rhythm.

Yet we observed large variations on the feature values
during sleep (or wake) state between subjects. It may be,
partially, caused by the presence of between-subject differ-
ence in physiology. This difference is expected to correspond
to the mean respiratory frequency over epochs throughout the
night. Since the boundaries of the spectral bands were fixed
when computing the features, they might not be optimized
for separating sleep and wake states for each subject. We
therefore propose to adapt these spectral boundaries for each
subject by modeling the association between the “optimal”
boundaries and the mean respiratory frequency based on
the data from other subjects. This is expected to reduce
the between-subject variation to some extent, and thus help
improve sleep/wake detection with respiratory signals. Here,
the respiratory frequency of each epoch can be computed as
the the dominant frequency within the LF and HF bands.

To evaluate the capability of the respiratory spectral fea-
tures in separating sleep and wake states, the Mahalanobis
distance [13] was utilized. We adopted a linear discriminat
(LD) classifier, which has been widely used in sleep/wake de-
tection [5], [6], [11], [14]. This preliminary study examined
whether our proposed method can help improve the results
in classifying sleep and wake states.

II. MATERIALS AND METHODS

A. Data Set

A date set comprising full PSG and actigraphy (Acti-
watch, Philips Respironics) of fifteen healthy subjects (ten
females, age 31.0 ± 10.4 years) was used. Nine subjects
were monitored (Alice 5 PSG, Philips Respironics) at the
Sleep Health Center, Boston, USA during 2009 and six were
monitored using (Vitaport 3 PSG, TEMEC) in the Philips
Experience Lab, Eindhoven, the Netherlands during 2010.
The subjects had a Pittsburgh Sleep Quality Index (PSQI) of
less than 6. Respiratory effort was measured with respiratory
inductance plethysmography (sampled at 10 Hz). According
to the American Academy of Sleep Medicine guidelines [2],



manual scoring of 30-sec epochs was performed by a sleep
technician and then each epoch was labeled as sleep if it was
scored as rapid-eye-movement (REM), N1, N2, or N3 sleep,
otherwise as wake. The average total recording time was
7.2 ± 1.1 hours and the sleep efficiency was 92.3 ± 3.8%.

B. Respiratory Spectral Features

The respiratory effort signals were preprocessed before
they were used to extract features. They were first low-pass
filtered (10th-order Butterworth filter with a cutoff frequency
of 0.6 Hz) to eliminate high frequency noise. Afterwards,
they were then normalized by subtracting the median peak-
to-trough amplitude estimated over the entire recording to
remove the signal baseline [5], [7].

Since the respiratory spectral features were computed in
the frequency domain of the respiratory effort signal, we
estimated the power spectral density (PSD) for each epoch
using a fast Fourier transform with a Hanning window based
on the resulting preprocessed signal. As mentioned, we
considered four respiratory spectral features: the logarithms
of the spectral powers within the VLF, LF, and HF bands
and the ratio of LF and HF spectral powers [5]. Note that
the PSD of each band was normalized by dividing it by the
total the total spectral power in the LF and HF bands.

C. Adaptive Spectral Boundaries

Figure 1 illustrates an example of the averaged and nor-
malized PSD of sleep and wake epochs from a subject. It
seems that the “optimal” frequencies for separating the sleep
and wake states occur at around 0.22 Hz and 0.32 Hz, which
do not equal the traditional fixed boundaries. This means
that using the fixed boundaries to compute the respiratory
spectral features would result in errors when classifying sleep
and wake epochs. To tackle this problem, we proposed to
use subject-specific adaptive boundaries to designate new
frequency bands (VLF?, LF?, and HF?) instead of using
the fixed boundaries. As we hypothesized, these boundaries
might relates to mean respiratory frequency ω over all epochs
throughout the night regardless of their state (sleep or wake).

Let Bu
x and Bl

x express the adaptive upper and lower
boundaries of the x band (VLF?, LF?, or HF?), respectively.
We have Bl

HF = Bu
LF and Bl

LF = Bu
VLF. The lower and

upper boundaries of the VLF? band are set to be fixed
(Bl

VLF = 0.01 Hz and Bu
VLF = 0.05 Hz). Hence, the problem

is addressed to locate Bl
HF (or Bu

LF) and Bu
HF for each

subject. As illustrated in Fig.1, we consider the optimal
boundaries (Bl

HF and Bu
HF) of the LF? and HF? bands

that occur at the frequencies corresponding to the ‘crossing
points’ between the average (normalized) PSD curves of
sleep and wake states. This should enhance the difference of
the area under the PSD curve between the two states in the
LF? or HF? band. To obtain the mean respiratory frequency
over the entire night, we first considered the respiratory
frequency as the frequency of the PSD peak in the traditional
LF and HF bands (0.01-0.5 Hz) for each epoch. This is
because the respiratory frequency of healthy people usually
lies within this range [3]. Afterwards, the mean respiratory
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Fig. 1. An example of the average (normalized) PSD of sleep and wake
epochs from a subject. The traditional frequency bands are filled and the
optimal lower (Bl

HF) and upper (Bu
HF) boundaries of the new HF? band

in separating sleep and wake epochs are indicated with arrows.

frequency ω was calculated as the mean of those peak
frequencies over all epochs throughout the whole night.

To model the association between the optimal boundaries
(for Bl

HF and Bu
HF) and the mean respiratory frequency, a

linear regression [15] was simply used

~B = α · ~ω + β + ε, (1)

where ~B = {B1, B2, . . . , Bi, . . . , Bn} (i = 1, 2, . . . , n) is
a set of optimal boundaries (Bl

HF or Bu
HF) from different

subjects, ~ω = {ω1, ω2, . . . , ωi, . . . , ωn} (i = 1, 2, . . . , n) are
the corresponding mean respiratory frequencies from the n
subjects, α and β are regression coefficients (i.e., slope and
intercept), and ε is an error term. We determined the two
coefficients using a least squares estimation (LSE) method
[14] such that

α =
n
∑n

i=1 ωiBi − (
∑n

i=1 ωi

∑n
i=1Bi)

n
∑n

i=1 ω
2
i − (

∑n
i=1 ωi)2

, (2)

β =
1

n
(

n∑
i=1

Bi − α
n∑

i=1

ωi). (3)

Then the optimal lower and upper HF boundaries for a new
subject k can be estimated by

Bl
k,HF = αl

HF · ωk + βl
HF, (4)

Bu
k,HF = αu

HF · ωk + βu
HF. (5)

Afterwards, the adaptive VLF? band (0.01-0.05 Hz), LF?

band (from 0.05 Hz to Bl
HF), and HF? band (from Bl

HF to
Bu

HF) for the new subject can be obtained, yielding adaptive
respiratory spectral features.

D. Feature Separability

As mentioned, we used the Mahalanobis distance MD
to evaluate the separability of each single feature. Given a
feature f, the MD value between the two classes sleep and
wake for this feature is expressed as

MDf =
|µf

sleep − µf
wake |

σf
, (6)



where µf
sleep and µf

wake are the population means of sleep
and wake epochs, respectively; and σf is the standard devi-
ation of the feature. With a single dimension, MD is also
called the absolute standardized mean difference. A larger
MD value corresponds to a higher separability.

E. Sleep/wake Detection

In this work, an LD classifier was used to perform
sleep/wake detection, where more details of the LD classifier
can be found elsewhere [5], [16]. Regarding the prior prob-
abilities of the classifier, we observed that the probabilities
of sleep and wake classes varied over time throughout the
entire night. Thus, in order to exploit this variation that
presented overnight, we computed the time-varying prior
probability of each class for each epoch by computing the
relative frequency of that specific epoch index annotated as
each class [5], [14].

To assess the classification performance, we first con-
sidered overall accuracy (proportion of correctly identified
epochs to the total number of epochs), specificity (pro-
portion of correctly identified actual sleep epochs) and
sensitivity (proportion of correctly identified actual wake
epochs). In addition to these conventional criteria, we used
a chance-adjusted metric the Cohen’s Kappa coefficient [17]
to evaluate the classification performance for the problem
of “imbalanced class distribution” appearing in our data set,
where the sleep epochs accounted for more than 90% during
an entire-night recording. This metric allows for a better
understanding of the general performance of a classifier in
correctly identifying both classes.

A leave-one-subject-out cross-validation (LOOCV) proce-
dure was used to perform the experiments for the purpose of
evaluating the classifier. During each iteration of the LOOCV,
14 subjects were used to train the classifier and the remaining
one was used for testing. Note that the optimal boundaries
were estimated based on the training data and were then used
to extract the features for the classification of the test data.
This served to avoid biasing the classifier.

III. RESULTS AND DISCUSSION

Figure 2 illustrates an example of estimating the optimal
boundaries using the linear regression models. The mean
regression coefficients over all subjects are shown in Table I.
It indicates that the optimal boundaries can be linearly
estimated with the mean respiratory frequency ω. We also
found a significant Spearman’s rank correlation r between
Bl

HF and ω (r = 0.890, p < 0.0001) and between Bu
HF and

ω (r = 0.893, p < 0.0001). It is noted that the adaptive
boundaries were estimated only based on 14 data points (14
subjects) for each subject. This might not be sufficient to
obtain an adequate linear model, therefore leading to errors
in estimating the optimal boundaries. Thus, our method must
be validated using a larger-sized data set in future work.

The average separabilities (over the 15 subjects) of the
respiratory spectral features using the fixed boundaries (with-
out adaptation) and using the adaptive boundaries (with
adaptation) are compared in Table II. It shows that adapting
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Fig. 2. An example of using the LSE linear regression method to estimate
the adaptive boundaries for one subject based on the data from the other 14
subjects, where the R2 values for fitting Bl

HF ∼ ω and Bu
HF ∼ ω curves

are 0.803 and 0.798, respectively.

TABLE I
AVERAGE ESTIMATES OF REGRESSION COEFFICIENTS USING LOOCV

Boundary α [Hz/Hz] β [Hz] R2

Bl
HF 1.07 ± 0.09 -0.13 ± 0.02 0.74 ± 0.04

Bu
HF 1.49 ± 0.19 -0.08 ± 0.04 0.71 ± 0.04

the spectral boundaries of the respiratory spectral features
using the proposed method resulted in significant increase in
their separability, tested with a two-tailed paired Wilcoxon
signed-rank test. For comparison, the table also presents the
Mahalanobis distance of an actigraphy feature activity count
(ACnt), the output of Actiwatch. It can be seen that, although
the boundary adaptation can help increasing the separability
of the respiratory spectral features, they are still relatively
worse than ACnt that quantified body movements usually
during wake state [18]. In fact, difficulty has been found in
distinguishing between ‘quiet’ wake and REM sleep using
respiratory activity [14].

The average classification results obtained using the fixed
and the adaptive boundaries/bands are compared in Table III.
Note that the classifier threshold was chosen to maximize
Kappa coefficient. It is noticed that the use of adaptive
spectral boundaries yielded significantly improved classi-
fication performances when using the respiratory spectral

TABLE II
COMPARISON OF AVERAGE FEATURE SEPARABILITY

Respiratory Feature separability (MD)
spectral feature Fixed boundaries Adaptive boundaries

VLF 1.23 ± 0.52 1.31 ± 0.49
LF 1.27 ± 0.60 1.42 ± 0.44
HF 1.47 ± 0.90 1.63 ± 0.79

LF/HF 1.33 ± 0.62 1.50 ± 0.49
ACnt 2.27 ± 0.99

Note: The feature separability MD using adaptive boundaries
was significantly higher than those using fixed boundaries for
all the features (Wildoxon test, p < 0.001).



TABLE III
PERFORMANCE COMPARISON OF SLEEP/WAKE DETECTION WITH

DIFFERENT FEATURE SETS USING LOOCV

Band Sens. [%] Spec. [%] Acc. [%] Kappa [%]

Actigraphy feature (ACnt)
– 61.8 ± 16.1 97.3 ± 2.0 94.2 ± 1.7 0.57 ± 0.07

Respiratory spectral features (VLF, LF, HF, and LF/HF)
Fixed 62.3 ± 21.5 88.2 ± 15.3 86.7 ± 12.9 0.42 ± 0.15
Adapt 60.1 ± 23.0 90.8 ± 12.2 89.0 ± 10.4∗ 0.45 ± 0.15∗

All features (ACnt, VLF, LF, HF, and LF/HF)
Fixed 68.4 ± 17.3 94.5 ± 9.0 92.8 ± 8.9 0.60 ± 0.14
Adapt 69.8 ± 17.1 94.3 ± 10.3 92.6 ± 9.2 0.62 ± 0.16

Note: Classifier operating thresholds were chosen to maximize Kappa
coefficient. Significance of difference was examined between the results
(accuracy and Kappa) obtained with the fixed and adaptive boundaries
via a two-tailed Wilcoxon signed-rank test at ∗p < 0.05.

TABLE IV
COMPARISON OF AVERAGE CORRELATION BETWEEN RESPIRATORY

SPECTRAL FEATURES AND ACTIGRAPHY OVER SUBJECTS

Respiratory Spearman’s correlation coefficient
spectral feature Fixed boundaries Adaptive boundaries

VLF 0.30 ± 0.02 0.30 ± 0.02
LF 0.27 ± 0.01 0.30 ± 0.06
HF 0.43 ± 0.04 0.48 ± 0.04

LF/HF 0.30 ± 0.02 0.34 ± 0.03

features alone (with a Kappa coefficient of 0.45 versus 0.42
and an accuracy of 89.0% versus 86.7%). As we expected,
the results obtained using the respiratory spectral features
(regardless of whether adapting the boundaries or not) are
worse than those using the actigraphy feature ACnt. The
classification results after combining the respiratory spectral
features and ACnt are also presented in the table, where no
significant difference was found between the results with
and without boundaries adaptation. This might be because
these features after boundary adaptation have higher (Spear-
man’s rank) correlations with the actigraphy feature (see
Table IV). It also indicates that adapting these features can
help improving the detection of body movements conveyed
by the respiratory effort signals to some extent. As shown in
Figure 1, the spectral distribution during wake seems wider
than that during sleep. This could either be a result of body
movements or irregular breathing.

Since this study aimed at examining whether our boundary
adaptation method can help improve the classification results,
we only used the respiratory spectral features. In addition to
them, many other existing respiratory (non-spectral) features
have been used for sleep stage classification such as time
domain features [5], amplitude features [6], and non-linear
features based on self-similarity and sample entropy [7],
[14]. Including those features for sleep/wake detection merits
further investigation.

IV. CONCLUSION

To improve the performance of sleep/wake detection by
reducing the between-subject variation conveyed in respira-

tion, we achieved a boundary adaptation method to adapt the
respiratory spectral features instead of using the traditional
(fixed) boundaries. The adaptive boundaries were visually
determined for each training subject so that they can maxi-
mize the separation of sleep and wake states. For each test
subject, they were estimated using linear regression models
based on those in training subjects. The boundary adaptation
improved the discriminative power of the respiratory spectral
features and therefore improved the sleep/wake detection.
With an LD classifier tested with LOOCV, we obtained a
significantly increased Kappa coefficient of 0.45 at an accu-
racy of 89.0% with the use of the respiratory spectral features
alone. Moreover, we also obtained a slightly increased Kappa
of 0.62 when combining them with actigraphy.
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