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Abstract
With progress in sensors and communication technologies, the range of sleep monitoring is extending from professional 
clinics into our usual home environments. Information from conventional overnight polysomnographic recordings can be 
derived from much simpler devices and methods. The gold standard of sleep monitoring is laboratory polysomnography, 
which classifies brain states based mainly on EEGs. Single-channel EEGs have been used for sleep stage scoring with accu-
racies of 84.9%. Actigraphy can estimate sleep efficiency with an accuracy of 86.0%. Sleep scoring based on respiratory 
dynamics provides accuracies of 89.2% and 70.9% for identifying sleep stages and sleep efficiency, respectively, and a cor-
relation coefficient of 0.94 for apnea–hypopnea detection. Modulation of autonomic balance during the sleep stages are well 
recognized and widely used for simpler sleep scoring and sleep parameter estimation. This modulation can be recorded by 
several types of cardiovascular measurements, including ECG, PPG, BCG, and PAT, and the results showed accuracies up 
to 96.5% and 92.5% for sleep efficiency and OSA severity detection, respectively. Instead of using recordings for the entire 
night, less than 5 min ECG recordings have used for sleep efficiency and AHI estimation and resulted in high correlations of 
0.94 and 0.99, respectively. These methods are based on their own models that relate sleep dynamics with a limited number 
of biological signals. Parameters representing sleep quality and disturbed breathing are estimated with high accuracies that 
are close to the results obtained by polysomnography. These unconstrained technologies, making sleep monitoring easier 
and simpler, will enhance qualities of life by expanding the range of ubiquitous healthcare.
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1  Introduction

We spend almost one third of our lifetime asleep, and sleep 
is indispensable to life, like air, water, and food. Disturbed 
or reduced quality of sleep results in daytime solemnness, 
which increases the risk of accidents and deteriorates the 
mental and physical qualities of daytime activities. Insom-
nia, a condition in which a person is unable to fall asleep, and 

sleep breathing disorders, which interrupt ordinary breathing 
repetitively during sleep, are the most common sleep disor-
ders. Narcolepsy, periodic limb movement syndrome, REM 
sleep disorder, and parasomnias are sleep-related disorders 
that are also frequently encountered. In addition, it is widely 
reported that sleep disturbances increase the comorbidity 
of chronic diseases in healthy subjects. Shorter or longer 
sleep durations have been reported to increase the likeli-
hood of developing diabetes by two to three times [1]. Pro-
longed short sleep durations in healthy subjects can elevate 
blood pressure equilibrium and increase the hazard ratio of 
hypertension more than two times [2]. Sleep deficits pre-
dicted depression symptoms across a 6‐month follow‐up 
[3]. Meta-analysis revealed a consistent increased risk of 
obesity amongst short sleepers in children as well as in adult 
populations [4].

Full-night sleep monitoring and accurate evaluation is 
critical for the diagnosis and therapy of sleep-related disor-
ders and for the analysis and prediction of mental and behav-
ioral performances. Polysomnography (PSG) [5], which 

 *	 Kwang Suk Park 
	 pks@bmsil.snu.ac.kr

	 Sang Ho Choi 
	 csh412@snu.ac.kr

1	 Department of Biomedical Engineering, College 
of Medicine, Seoul National University, Seoul 03080, Korea

2	 Interdisciplinary Program in Bioengineering, Seoul National 
University, Seoul 08826, Korea

3	 Institute of Medical and Biological Engineering, Medical 
Research Center, Seoul National University, Seoul 03080, 
Korea

http://crossmark.crossref.org/dialog/?doi=10.1007/s13534-018-0091-2&domain=pdf


74	 Biomedical Engineering Letters (2019) 9:73–85

1 3

comprehensively records physiological changes that occur 
during sleep, and scoring based on the American Academy 
of Sleep Medicine (AASM) scoring manual [6] are the gold 
standard methods in sleep medicine for sleep monitoring. 
However, PSG is performed in sleep clinics with special-
ized equipment and trained personnel. This makes PSG 
expensive and limits its accessibility. For sleep evaluation 
at home in non-specific subjects, PSG is impractical. Hence, 
studies to find alternative methods to measure sleep objec-
tively in non-laboratory settings comparable to PSG have 
been widely attempted [7]. This paper reviews and summa-
rizes the endeavors toward convenient monitoring of sleep 
in home environments.

2 � Sleep monitoring methods

While PSG is the gold standard for sleep monitoring and 
evaluation of related behaviors, many studies have sought to 
monitor sleep in simpler ways. These methods are also based 
on biological signals, which vary accordingly during the 
sleep stages and associated events occurring during sleep. 
In this paper we classified the sleep monitoring methods 
based on the major biological signals that the methods are 
based upon and reviewed the studies performed compared 
to standard PSG.

2.1 � EEG based sleep monitoring

Sleep affects almost every part of body, but the brain per-
forms the central role in controlling all the dynamics accom-
panying sleep, including consciousness. Thus, sleep moni-
toring begins by monitoring changes in brain activity using 
an electroencephalogram (EEG) during sleep periods. Prac-
tically, EEGs are primarily used to classifying sleep stages 
in regular PSG studies for sleep medicine.

2.1.1 � Laboratory PSG

Polysomnography in sleep laboratory is typically done 
with a minimum of 12 channels of biological signals. At 
least three channels of EEGs, two channels of electroocu-
logram (EOG), and one channel of chin electromyogram 
(EMG) are compulsory. The AASM recommended chan-
nels also include for airflow measured with nasal pressure 
or thermal device, respiratory efforts of chest and upper 
abdominal wall measured with respiratory inductance 
plethysmography (RIP) or piezoelectric belt, leg move-
ment measured by EMG, oxygen saturation, heart rhythms 
measured by ECG, and body position [6]. The number 
of channels and combination of recording signals vary in 
every laboratory and their targeted patients. Sleep stages 
are defined based on EEG signals in conjunction with 

EOG and chin EMG. Other channels are used mainly for 
detecting events like sleep apnea and leg movement. To 
record the PSG, about twenty electrodes and sensors are 
attached to the subject and an equal number of wires are 
connected to the recording unit. Thus, PSG is performed 
with professional staff attended. Table 1 summarizes the 
major sleep parameters usually derived from laboratory 
PSG for clinical use.

Sleep stages are divided into five classes: W, N1, N2, 
N3, and R sleep. Stage W is the state of wakefulness before 
and during the sleep. Stage N1 is the lightest sleep stage of 
non-REM (NREM) sleep defined by low amplitude mixed 
frequency EEG activity and usually accounts for less than 
10% of the total sleep period. Stage N2 is the light sleep state 
defined by the recording of EEG with K-complex and sleep 
spindle. Stage N2 takes the largest portion of sleep, usually 
accounting for about 50% of the total sleep period. Stage N1 
and N2 are also collectively called “light” sleep. Stage N3 
is the deepest state of sleep defined by high amplitude slow 
delta waves in the EEG and accounts for less than 20% of the 
total sleep time. N3 is also called “deep” sleep or slow wave 
sleep (SWS). Stages N1, N2, and N3 are collectively called 
NREM sleep. Stage R is the sleep state defined by rapid eye 
movement (REM), recorded in an EOG, and accounts for 
about 20% of the total sleep time. Stage R is the period dur-
ing which dreaming occurs and is also called REM sleep. 
The sleep scoring parameters include total recording time 
(TRT), total sleep time (TST), sleep latency (SL), REM 
sleep latency (RL), wake after sleep onset (WASO), sleep 
efficiency (SE), and time and percentage spent in each stage 
of sleep, as summarized in Table 1.

In addition to sleep scoring data, parameters for associ-
ated events are also derived from PSG. The number and 
index of periodic limb movements are parameters represent-
ing movement events during sleep. Apnea and hypopnea are 
the major respiratory events occurring during sleep. Apnea 
is the temporary cessation of breathing and hypopnea is 
overly shallow breathing. Recording segments are scored 
as apnea when there is a drop of peak signal excursion 
≥ 90% compared to the pre-event baseline in airflow signal 
and it lasts more than 10 s. Apnea is classified into three 
classes depending on the existence of co-occurring inspira-
tory effort. If there is a co-occurring inspiratory effort, it is 
scored as obstructive sleep apnea (OSA). If inspiratory effort 
is absent, it is scored as central sleep apnea (CSA) and if 
inspiratory effort is present partially, it is scored as mixed 
sleep apnea (MSA). Hypopnea is scored when peak excur-
sion drop ≥ 30% last more than 10 s and there is ≥ 3% (or 
4%) oxygen desaturation from pre-event baseline. Respira-
tory event parameters, including the apnea–hypopnea index 
(AHI), reflect the severity of breathing abnormalities by the 
rates and types of apnea, hypopnea, and oxygen desatura-
tion events.
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While PSG is the gold standard for sleep monitoring in 
medical practice, its complexity and inconvenience greatly 
limits its application and prevents the expansion of sleep 
studies into a wider range outside of hospital environments. 
Thus, methods to simplify sleep monitoring while gener-
ating comparable information have been widely studied. 
Since the EEG is the most difficult to obtain in practice, 
many studies have been performed to evaluate sleep without 
using EEG channels and with greatly reduced numbers of 
channels.

2.1.2 � Ambulatory PSG

An ambulatory or portable PSG is a device that can perform 
a full PSG outside of the laboratory. It has at least seven 
channels, including EEG [8]. The major difference from 
devices used for laboratory PSG, is that overnight recording 
is performed without the presence of a technologist. These 
devices are called comprehensive portable devices. A study 
compared the validity of a portable PSG against a laboratory 
PSG from the same manufacturer [9]. There was good agree-
ment between portable PSG and laboratory PSG for sleep 
scoring parameters and the apnea–hypopnea index (r = 0.99), 
and 90% of the portable recordings were satisfactory for 

clinical interpretation. This unattended PSG has also used 
to compare sleep at home with sleep in a laboratory in a 
population suspected to have OSA [10]. While the results 
showed equivalent statistics for AHI, sleep monitoring at 
home showed better sleep quality with increased SE (82% 
vs. 75%), longer TST (412 vs. 365 min), shorter SOL (28 vs. 
45 min), and more time in REM sleep (19% vs. 16%) over 
sleep monitoring in a laboratory. These results imply the 
sleep in a laboratory is not same as sleep at home, and sleep 
monitoring at home is preferable because the data is closer 
to a subject’s natural and ordinary sleep behavior. Portable 
PSG is considered to be a viable alternative to laboratory 
PSG, but it requires the involvement of professional staff for 
sensor attachment, limiting the use of the device for wider 
home application.

2.1.3 � Sleep monitoring with EEG only

Since the EEG is the main tool used in sleep stage scoring, 
we might question how accurately we can evaluate sleep 
without using other types of signals. Without using EMG 
and EOG, a single channel EEG of Cz-Pz measured dur-
ing PSG was used for automatic scoring of sleep stages. 
Compared to the laboratory PSG, overall epoch-by-epoch 

Table 1   Representative sleep parameters derived by laboratory polysomnography

Type Parameter Abbreviation Derivation

Sleep scoring data Total recording time TRT​ Time from “light out” to “light on”, in min
Total sleep time TST Time spent in N1 + N2 + N3 + R, in min
Sleep latency SL Time from “light out” to 1st epoch of any sleep, in 

min
REM sleep latency RL Time from sleep onset to 1st epoch of stage R, in 

min
Wake after sleep onset WASO TRT-SL-TST, in min
Sleep efficiency SE (TST/TRT) × 100
Time in each stage N1, N2, N3, R Time in each of N1, N2, N3, and R stages, in min
Percent in each stage N1%, N2%, N3%, R% (Time in each stage/TST) × 100

Movement events Number of periodic limb movements of sleep PLMS Number of limb movements during TST
PLMS index PLMSI (PLMS/TST) × 60, number of movements per hour

Respiratory events Number of obstructive sleep apneas #OSA Number of obstructive apneas during TST
Number of central sleep apneas #CSA Number of central apneas during TST
Number of mixed sleep apneas #MSA Number of mixed apneas during TST
Number of hypopneas #SH Number of hypopneas during TST
Number of sleep apneas #SA #OSA + #CSA + #MSA
Apnea index AI (#SA/TST) × 60, number of apneas per hour
Hypopnea index HI (#SH/TST) × 60, number of hypopneas per hour
Apnea–hypopnea index AHI ((#SA + #SH)/TST) × 60, number of apneas and 

hypopneas per hour
Number of oxygen desaturations #OD Number of oxygen desaturations ≥ 3% or 4% during 

TST
Oxygen desaturation index ODI (#OD/TST) × 60, number of oxygen desaturations 

per hour
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agreements were 96.0% (2 classes: Wake/Sleep), 92.1% 
(3 classes: Wake/REM/NREM), 84.9% (4 classes: Wake/
REM/Light/Deep), and 82.9% (5 classes: wake/REM/N1/
N2/N3) [11]. By combining multiscale entropy (MSE) and 
autoregressive (AR) models [12], the epoch-by-epoch over-
all agreement for the 5-stage classification improved up to 
85.4% compared to PSG. A headband containing fabric sen-
sors to measure a single channel EEG around the Fp1-Fp2 
location was used for sleep stage estimation [13]. The meas-
ured signal includes contributions from eye movements and 
the frontalis muscle. The device scored four stages of sleep 
with a 75.3% agreement rate compared to the PSG score 
and discriminated sleep from wake states with 91.9% accu-
racy, which is better than the 86.0% accuracy of the actigra-
phy device used simultaneously. As a minimally obtrusive 
method for recording EEGs, ear-EEG devices using elec-
trodes in the ear have been proposed and applied for sleep 
stage scoring [14]. Using the same algorithm applied to sin-
gle channel EEG, they showed 82.0% average agreement for 
5-stage classification, comparable to the 85.7% agreement 
of a single surface EEG.

2.2 � Movement‑based sleep monitoring

Physical quiescence is the first recognizable dominant fea-
ture of sleep before any other accompanying physiological 
modulations occur. Thus, an effort to evaluate the sleep as 
an alternative or complementary method to PSG has begun 
with monitoring of physical inactivity during sleep. With 
miniaturized, low-cost acceleration and gyro sensors, moni-
toring sleep by movement has become the easiest method, 
despite its inherent limitations.

2.2.1 � Actigraphy

Actigraphy (ACT) is a method for collecting data generated 
by body movement using a wrist-watch type device. Most of 
recent devices use a solid-state tri-axis linear accelerometer 
as a measurement sensor. They have their own algorithms to 
evaluate activity levels, movement patterns, and sleep meas-
ures within predefined time windows. Since the American 
Sleep Disorders Association (ASDA) guidelines [15] were 
created in 1995, actigraphy has been accepted as a reliable 
and valid sleep assessment method by sleep researchers and 
sleep medicine clinicians [16] to assist in the evaluation of 
patients with circadian disorders, sleep–wake disturbances, 
and insomnia [17]. Use of ACT devices has continuously 
increased in practice and research, and they have become 
common devices for sleep–wake evaluation [18]. Gener-
ally, ACT is reported with high sensitivities of over 90% for 
recognizing sleep, but rather low specificities of less than 
60% for detecting wake-states. In a study [19] of 77 subjects 
including young and older adults, healthy or chronic primary 

insomniac (PI) patients, and night-workers that sleep during 
the day, sensitivity (0.97) and accuracy (0.86) were high, 
whereas specificity (0.33) was low. Performance was only 
slightly modified by gender, insomnia, and day/night sleep 
timing. Increased age slightly reduced specificity. This low 
specificity is caused by quiet wakefulness or periods of 
lying down, which are recognized as sleep periods due to 
the absence of the movement. Thus, ACT has a tendency to 
overestimate sleep time and underestimate wake time and 
sleep latency. These characteristics produce increased dis-
crepancies when they are applied to groups having increased 
wake time or sleep fragmentation compared to the normal 
population.

ACT has been shown to be the most effective method 
for deriving the effects of various behavioral and medical 
interventions on sleep–wake patterns [20]. Since it is a wrist-
worn device, it can be used throughout an entire day, includ-
ing bedtime, and for several days. Thus, ACT is suitable for 
the assessment of circadian rhythm-related disorders and 
longitudinal sleep–wake patterns. In summary, ACT meas-
ures physical variations rather than physiological variations 
caused by sleep and can only discriminate between sleep and 
wake stages but not the various sleep stages.

2.2.2 � Mobile and wearable devices

Wide acceptance of ACT as a method for evaluating 
sleep–wake patterns in sleep studies has allowed many 
types of electronic devices to be used as a sleep monitor-
ing tools. Six-axis solid-state miniaturized sensors, tri-axis 
linear accelerometers, and tri-axis gyroscopes are included 
as basic sensors in most recent mobile or wearable devices, 
like health trackers, smart watches, and smart phones. Thus, 
sleep monitoring has been integrated into the device func-
tions with their own evaluation software. Some papers 
[21–23] reviewed the application of these devices for sleep 
monitoring.

Mobile devices, like smartphone or tablets, use their 
built-in sensors to monitor sleep by positioning the device 
simply on bed surface. When placed on the bed surface, the 
built-in accelerometer detects lack of movement as an indi-
cator of sleep. Hundreds of sleep-related apps are available 
through the Apple or Android app stores [23]. Many ques-
tions surround the clinical significance of these apps, and 
their applications have limited to health-related domains, 
like facilitation of sleep, pleasant sleep wakening, self-
guided sleep assessment, and social connections.

In contrast to mobile devices, wearable units are applied 
directly to the body on the wrist, neck, or clothing. Many 
types of health trackers and smart watches belong to this cat-
egory. Even though a sleeper must wear the unit, which may 
cause discomfort, it tracks body movements with presum-
ably increased accuracy via solid attachment to the wearer. 
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They can provide ACT equivalent accuracy in sleep–wake 
discrimination. Mantua et al. [24] compared the reliability 
of sleep measures from four wearable devices, Basis Health 
Tracker, Misfit Shine, Fitbit Flex, and Withings Pulse O2, to 
the research-based ACT device, Actiwatch Spectrum, and to 
PSG. They found no differences between these devices and 
a strong correlation with PSG, higher than 0.84, for total 
sleep time (TST) estimation. However, for sleep efficiency 
(SE), only mean values from the Actiwatch correlated with 
PSG, yet this correlation was weak. Studies that validated 
ACT confirmed that overestimating sleep by detecting quiet 
wakefulness as sleep is a general drawback of movement-
based sleep measurements.

2.2.3 � Environmental devices

Movement during sleep can be recognized even without 
attaching sensors directly to the body by installing sen-
sors in the user’s native sleeping environment. These types 
of devices have the advantages of being unobtrusive and 
adequate for longer term monitoring without the user’s 
intervention.

Bed actigraphy (BACT) was implemented by install-
ing four load-sensing cells supporting the bed [25] for 
sleep–wake discrimination. When BACT was compared with 
ACT and PSG, mean epoch-by-epoch agreements between 
the BACT and PSG and BACT and ACT recordings were 
95.2 and 94.3% respectively. The mean absolute differ-
ences in sleep efficiency (SE) estimation were 1.8 ± 0.82 
and 1.9 ± 1.16% respectively. BACT showed better perfor-
mance than ACT in differentiating “wake” from “sleep” 
stages and proved to be sufficiently robust and comparable 
to PSG analysis.

Polyvinylidene fluoride (PVDF) films are a very thin and 
flexible films that are widely used as film transducers or 
speaker elements. These films are also appropriate for unob-
trusively detecting mechanical loads caused by movements 
in bed. Thin PVDF film sensors located just under the bed 
cover sheet were used for sleep detection [26]. Based on 
body movement recordings, these sensors estimated sleep 
with 92.9% sensitivity, 62.0% specificity, and 89.2% accu-
racy for subjects whose sleep efficiency is higher than 80%.

Modulated Doppler radar of 5.8 GHz was employed [27] 
for movement detection and identified sleep with 88%, 69% 
and 82% in sensitivity, specificity, and accuracy, respec-
tively, compared with PSG. The increased specificity com-
pared to that of ACT is attributed to the radar reflecting from 
larger body parts instead of relying on the motion of a single 
wrist as in ACT.

Non-contact monitoring using near-infrared video was 
used to measure the quality of sleep [28]. Activity levels 
were identified by the accumulated rectified frame differ-
ences from low resolution videos (160 × 120) and of low 

signal to noise ratio (SNR) obtained in darkened room. 
The accuracy of estimating wake/sleep status relative to 
PSG was 92.1%, while the wrist ACT was 91.2%. Video 
methods have also been used for diagnosing attention-
deficit hyperactivity disorder (ADHD) in children during 
sleep [29]. When the duration of gross body movement 
and resting without movement were compared, children 
with ADHD showed more frequent movement and shorter 
resting durations than normally developed children.

2.3 � Respiration‑based sleep monitoring

Respiration is another biological signal widely using in 
sleep monitoring next to EEGs. The first concern of res-
piration monitoring is to identify the abnormal respira-
tory events of apnea/hypopnea and evaluate the severity 
of these breathing disorders. Obstructive sleep apnea is a 
common and serious chronic breathing disorder character-
ized by repeated stops and starts of breathing due to upper 
airway collapse during sleep. In addition to its acknowl-
edged effect on nocturnal sleep quality and ensuing day-
time fatigue and sleepiness, it is also recognized as an 
independent risk factor for several clinical consequences, 
including systemic hypertension, cardiovascular disease, 
stroke, and abnormal glucose metabolism. Its prevalence is 
estimated to be in the range of 3–7% of the population and 
increases in certain subgroups of the population bearing 
higher risk factors [30]. Laboratory PSG includes multiple 
channels for monitoring airflow and respiratory effort sig-
nals and is a standard tool for diagnosing and evaluating 
the severity of sleep apnea syndrome.

While the breathing is uninterrupted, its amplitude 
changes as the sleep becomes deeper with the modification 
of the homeostasis of partial pressures of arterial oxygen 
(PaO2) and carbon dioxide (PCO2) and pH levels. With-
out the volitional influences that appear during wakeful-
ness, these changes differ significantly with specific sleep 
stages [31]. Figure 1 shows the variation of respiratory 
frequency and amplitude for the five sleep stages. Minute 
ventilation and tidal volume decrease as sleep progresses 
from awake to light sleep, slow wave sleep (SWS), and 
finally, rapid eye movement (REM) sleep [32]. Respira-
tion during NREM sleep demonstrates an inherently more 
regular respiratory pattern than wakeful breathing with 
similar mean frequencies. In contrast, respiration during 
REM sleep is typically characterized by an increased fre-
quency and a reduced regularity [31]. These variations of 
breathing patterns with sleep stage create the possibility 
of using respiration signals as an alternative method to 
evaluate sleep stages in an unobtrusive and simpler way 
at home environment.
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2.3.1 � Home sleep apnea testing

Home sleep apnea testing (HSAT) is a simplified method for 
providing the information required to diagnose OSA. AASM 
published clinical guidelines in 2007 and scoring criteria 
in 2015. AASM recommends HSAT utilizing respiratory 
airflow and/or respiratory effort parameters or utilizing 
peripheral arterial tonometry (PAT). This allows subjects to 
sleep conveniently at home while wearing equipment that 
collects information about how they breathe instead of stay-
ing in a sleep laboratory overnight for regular PSG. HSAT 
is supposed to report number of respiratory events and res-
piratory event index (REI), which is an alternative to AHI, 
calculated based on HSAT measured during sleep [6]. This 
method includes channels for blood oxygen levels and heart 
rate monitoring.

While HSAT provide information on respiratory events, 
it does not provide the information on each of the sleep 
stages. Thus, the use of HSAT is targeted only at subjects 
suspected of having moderate to severe OSA without having 
another sleep disorder or other critical medical conditions. 
The simple two-channel HSAT device has a sensitivity of 
80% and specificity of 83% for detecting OSA in unattended 
home settings compared to laboratory PSG results [33]. The 

overall performance of the HSAT device is considered to 
be acceptable to confidently “rule-in” OSA in a population 
with a high probability of OSA. Nonetheless, enhancements 
in the estimation of total sleep time (TST) without using an 
EEG is required to estimate AHI more accurately.

2.3.2 � Sleep stage estimation with respiratory signals

Based on the increased and irregular respiratory patterns 
during REM sleep, REM sleep was estimated with an accu-
racy of 89% and a Cohen’s kappa coefficient (κ) of 0.65 by 
calculating the average rate and variability of respiration rate 
during each epoch and comparing those values with their 
smoothed signals [34]. In this study, they used two channels 
for respiration signals from thermocouple and belt-type sen-
sors measured during PSG. However, respiration is accom-
panied by body movements and thus it can be measured by 
several unobtrusive methods, and sleep stages also can be 
derived from these respiration signals.

Respiratory movement measured unobtrusively with 
5.8 GHz Doppler radar has been used for sleep stage esti-
mation [27]. For periods where there was no significant limb 
or torso movement, respiratory-related movement was the 
predominant recorded signal. Sleep stages were estimated 

Fig. 1   Variation of respiration rate and amplitude of sleep stages. 
The upper part shows the recorded respiratory signals during 1 min 
for each sleep stage and the lower part shows the calculated average 

respiration rate, standard deviation of respiration rate, and average 
amplitude for each sleep stage
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based on breathing frequency and relative amplitude using 
a peak and trough identifying algorithm. Accuracies of 69, 
82, 61, 87, 97, and 98% for Wake, REM, N1, N2, N3, and N4 
sleep stages were reported, respectively, for 14 normal sub-
jects compared to simultaneously recorded PSG results [27].

Pressure images obtained from pressure-sensitive bed 
sheets [35] fabricated by sandwiching a thin piezo-resistive 
fabric between two sheets of e-textile fabric were used to 
record respiratory movements and estimate sleep stages. 
When the subject lies on the bed sheet, the inhaling and 
exhaling movements of the diaphragm causes pressure 
changes that are recorded. Firstly, NREM sleep was recog-
nized based on the regularity of the amplitude and frequency 
in the recorded respiration movements. Since respiratory sig-
nals showed the same irregularity with clear variations in 
the amplitude and frequency during REM and Wake stages, 
REM sleep was recognized after rejecting the Wake stage 
based on the detected body movement for the remaining 
epochs. Results showed 72.2% accuracy for three stages 
(Wake, NREM, and REM) classification compared to PSG 
measurements.

With PVDF film sensors located just beneath the bed 
cover sheet, apneic events were detected with an accuracy 
of 85%, and the estimated AHI showed a correlation of 0.94 
with the AHI derived from PSG [36]. A PVDF film sensor 
size of 30 × 30 cm used for body movement detection was 
also used for estimating sleep stages unobtrusively based on 
recorded respiratory movements [26]. The respiratory move-
ments were extracted from the PVDF data, and four stages of 
sleep (Wake, Light, SWS, and REM) were estimated based 
on the relative magnitudes and variabilities in the respiratory 
frequency. REM sleep was recognized by increases in the 
average respiration frequency and its variability. The epochs 
were determined to be SWS if the variability of respiratory 
frequency was lower than a threshold, which was calculated 
from the smoothed respiratory frequency over 10 epochs. 
Epochs not scored with REM sleep or SWS were regarded as 
light sleep. Compared to PSG results, the method classified 
the four sleep stages with an average accuracy of 70.9% and 
kappa of 0.48, which are comparable to those of ambulatory 
PSG devices. No significant differences were observed in the 
detection performances between the 12 normal and 13 OSA 
subject groups [26].

2.4 � Heart rate‑based sleep monitoring

2.4.1 � Heart rate modulation during sleep

Modulation of autonomic nerve balance during sleep has 
been studied and confirmed in many studies [37–41]. 
Blood pressure (BP) and heart rate (HR) declined sig-
nificantly as the sleep became deeper during NREM sleep 
from wakefulness to N1, N2, and finally, to the SWS stage, 

while during REM sleep, they returned to levels similar to 
wakefulness [38]. Simultaneously recorded sympathetic-
nerve activity (SNA), measured using tungsten microelec-
trodes inserted into the sympathetic-nerve fascicles, also 
declined like BP and HR during the NREM sleep period, 
but increased during REM sleep to values 215% higher 
than the wakefulness level in normal subjects. Sympathetic 
predominance that characterizes wakefulness decreases 
during NREM sleep, becomes minimal in SWS and rapidly 
increases toward mean Wake levels during REM sleep.

Heart rate variability (HRV) is used to investigate the 
modulation of autonomic nerve activity as an efficient, 
noninvasive and unobtrusive method. Variations of HRV 
during sleep stages was well reviewed [42]. Among several 
heart rate variability (HRV) parameters, a low-frequency 
(LF) power representing sympathetic and parasympathetic 
influences and a high-frequency (HF) power of parasym-
pathetic origin are the most representative. The sympa-
thovagal balance can be defined as the ratio LF/HF. The 
study revealed a decrease in LF during NREM sleep, with 
minimal values during SWS and elevated levels similar to 
those of wakefulness during REM sleep [39]. HF increased 
with sleep onset, reaching maximal values during N3 
sleep. The LF/HF ratio changed accordingly, showing a 
similar pattern to LF and shifted toward parasympathetic 
predominance during N3 sleep.

Figure 2 shows the calculated HRV parameters from 
72 heathy subject data collected during past polysomnog-
raphy experiments in the authors’ laboratory. The figures 
clearly show the overall activation of parasympathetic 
rhythms and deactivation of sympathetic rhythms when 
the stages move from REM sleep to deep sleep through 
the Wake and light sleep stages.

These noninvasive HRV parameters agreed with those 
obtained with the direct invasive method and can be uti-
lized for easier and more convenient evaluation of sympa-
thovagal activation.

These modulations appeared dramatically as a decrease 
in HR during the sleep onset (SO) period and progres-
sively during NREM sleep to a minimum in SWS sleep. 
This shift of autonomic balance was similarly observed 
in subjects with obstructive sleep apnea (OSAS) and with 
various sleep disorders (VSD) maintaining relatively 
increased sympathetic tones over normal subjects [37].

Nonlinear measures also reflect the sympathovagal 
variations during the sleep stages. The most significant 
finding was the increase in the dominant chaoticity meas-
ured by a Lyapunov exponent and the decrease in degrees 
of freedom estimated by the correlation dimension during 
REM sleep compared to SWS [43]. The increase in domi-
nant chaoticity during REM sleep is regarded as compara-
ble to the increase in sympathetic tone, and the decrease 
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in the correlation dimension might be an expression of 
the withdrawal of respiratory influences.

Instead of their separate use, interactions between 
heart and respiratory dynamics were investigated to dif-
ferentiate physiological states and conditions according to 
sleep stages. The directionality of the coupling between 
respiratory and cardiac system reflects autonomic nerv-
ous activation and varies between sleep stages as well. 
The dominance of the coupling from the respiratory to 
the cardiac system was highest during wakefulness and 
REM sleep and decreased progressively toward bidirec-
tional coupling as sleep moved to light sleep and SWS. 
The dominance of the coupling between the respiratory 
and cardiac systems also increased with the severity of 
OSA [44].

2.4.2 � ECG‑based sleep monitoring

Since heart rate changes as sleep progresses by sympatho-
vagal modulation, the sleep stage at each epoch can be esti-
mated by analyzing the heart rate dynamics of each epoch. 
If the performance of sleep stage scoring using heart rate is 
acceptable, sleep can be monitored as easily and conveni-
ently as heart rate is measured, without using EEG.

ECG recorded with 3-directional acceleration using a 
patch-type device has used for the estimation of “Wake” 
and related sleep parameters. Wakefulness was determined 
based on information about movement from accelerometers 
and autonomic nervous activity estimated from ECG. Wake 
epochs were detected with an accuracy of 91.24% for healthy 
subjects and OSA patients compared to PSG results. Total 

Fig. 2   Variation of heart rate variability (HRV) parameters during the 
sleep stages. The left part shows an example of the variation of heart 
beat intervals over 5 min for each sleep stage. The right part shows 

the average HRV parameters for each sleep stage. HR heart rate, nLF 
normalized low-frequency power, nHF normalized high-frequency 
power, LF/HF ratio of low-frequency power to high-frequency power
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sleep time (TST), sleep efficiency (SE), sleep latency (SL) 
and wake after sleep onset (WASO) were estimated with 
correlations higher than 0.75 compared to those determined 
from simultaneously recorded PSG [45].

For easier estimation of sleep efficiency without overnight 
recording, 5 min of recording of HRV with breathing during 
the waking period before sleep were analyzed and compared 
with the results obtained from the full night PSG recording. 
Since the sympathovagal activation level observed in the 
waking state before falling asleep has been associated with 
sleep, sleep efficiency was estimated via a multiple linear 
regression model with an absolute error of 2.18% and cor-
relation of 0.94 compared to the PSG results [46].

The feasibility of sleep stage estimation using ECGs was 
investigated with the ECG recorded as one of PSG chan-
nels. An algorithm estimating SWS using only heart rates 
was developed to be utilized easily in mobile or wearable 
devices [47]. By quantifying autonomic stability using HR, 
they achieved an accuracy of 90.0% for SWS estimation for 
21 healthy subjects and 24 OSA patients.

HRV parameters calculated from single-channel ECG 
R-peak (RR) intervals were applied to classify REM sleep. 
After 7 HRV parameters were determined to differentiate 
REM sleep from NREM sleep, principal component analysis 
and an adaptive threshold method were applied successively, 
and REM sleep classification was validated with an accuracy 
of 87% and kappa of 0.61 compared to the PSG results [48].

A single-lead ECG was used to investigate the feasibility 
of automatic classification of sleep stages and obstructive 
apneic epochs [49]. Instead of spectral features, median, 
inter-quartile range, and mean absolute deviation values sim-
ply calculated from RR intervals were chosen as features and 
applied for two-class classifications of each of the six sleep 
stages and to detect apneic epochs. Support vector machine 
(SVM) classified each sleep stage with a total accuracy of 
73.1 and 76.9% for healthy and OSA patients, respectively.

The ECG channel was also investigated to differentiate 
subjects with a sleep-related breathing disorder from healthy 
subjects [50, 51]. When SVM was applied to wavelet decom-
posed sub-bands of HRV and the ECG derived respiration 
(EDR), an accuracy of 92.5% for diagnosing OSA having 
AHI > 10 was obtained [50].

AHI was estimated reliably without overnight recordings 
by a single channel RR interval recorded during 150 s of the 
sleep onset period. Variations of the respiration rate were 
calculated from RR interval data and applied as an input to 
AHI predictive model. The predictability of the model was 
validated with an absolute error of 3.65 events/h and correla-
tion coefficient of 0.97 [52]. The method was elaborated by 
using RR interval data recorded in a 75 s experiment that 
consisted of a 60 s baseline measurement and consecutive 
15 s guided deep inspiration breath-hold session. The predic-
tive model estimated the AHI in a separate validation group 

of 92 subjects with an absolute error of 3.53 events/h and 
correlation coefficient of 0.99 relative to PSG results [53].

While the standard ECG recording is done with elec-
trodes placed on the patient’s limbs or on the surface of the 
chest, new methods that make ECG recording less obtru-
sive are being developed. The ECG can be measured with-
out direct contact of electrodes to the skin via capacitive 
coupling between the body surface and electrodes, and this 
method has been successfully applied for recording during 
sleep [54].

2.4.3 � PPG‑based sleep monitoring

Heart rate for the calculation of HRV can be measured by 
several methods. The electrocardiogram (ECG) is the basic 
method for heart rate monitoring and but heart rate can be 
recorded in several modes. Since photoplethysmograms 
(PPGs) and ballistocardiograms (BCGs) also represent the 
beating rhythm of the heart, they can be used for the cal-
culation of HRV. Technological progress for unobtrusive 
measurements of these biological signals have made sleep 
monitoring convenient and possible in home environments.

PPGs are widely accepted as low cost, simple, and port-
able for use in smart watches and phones. Since a physio-
logical link between cardiac activity, for example, indirectly 
measured with PPGs, and sleep is relatively well understood, 
sleep monitoring using PPGs has been greatly anticipated 
as an unobtrusive approach. Automatic sleep stage scoring 
based on HRV measured from wrist-worn PPGs combined 
with body movements measured with an accelerometer was 
compared to PSG and ACT [55]. This method discrimi-
nated sleep epochs from wake epochs with an accuracy of 
91.5% and with a “Wake” detection sensitivity of 58.2%, 
which is significantly higher than the 45.5% of sensitivity 
of the ACT simultaneously used. The 3-class classification 
(Wake/NREM/REM) achieved an accuracy of 72.9%, and 
the 4-class classification (Wake/Light Sleep/SWS/REM) 
achieved an accuracy of 59.3%. The moderate epoch-by-
epoch agreement and good agreement in terms of sleep sta-
tistics suggest that PPGs are promising for long-term sleep 
monitoring. Improvements in sleep/wake detection over 
ACT in a wrist-worn device can make PPGs complement 
PSGs in clinical practice.

A single-channel PPG has been used for the estimation of 
AHI. Respiration was derived from PPG baseline variation, 
envelope, and rate. This PPG-derived respiration (PDR) was 
further analyzed and processed by correlating to the satu-
ration reduction. The pulse rate increases and pulse wave 
amplitude decreases during an apnea or hypopnea event, 
and the respiratory component of heart rate variability has 
a tendency to decrease before the apnea or hypopnea events 
[56]. AHI was estimated with a correlation of 0.81 for the 
subject group suspected of having OSA [57].
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2.4.4 � BCG‑based sleep monitoring

A ballistocardiogram (BCG) measures the recoil force 
of the body in reaction to cardiac ejection of blood into 
the aorta and provides information on the timing of each 
heartbeat, like ECG and PPG. Since first observed in 
1877, BCG has been developed in many forms and appli-
cations as an unobtrusive method for measuring heart rate 
and related cardiac functions [58].

BCG was measured unobtrusively by a load-cell-
installed bed, and SWS was detected with an accuracy of 
92.5% and kappa of 0.62 [59]. Among the HRV param-
eters, standard deviations of the RR intervals (SDNN), 
low frequency-to-high frequency ratio (LF/HF), alpha of 
detrended fluctuation analysis, and correlation coefficient 
of the RR interval were effective for SWS classification.

BCGs in combination with ECGs have been used to 
estimate arterial baroreflex activation by calculating the 
correlation between the RJ and RR intervals during an 
epoch [60]. Sleep latency (SL) was estimated with an 
error of 0.25 min based on the strong activation of arterial 
baroreflex after sleep onset.

BCG measured with PVDF film sensor on a bed mat-
tress was used to detect nocturnal waking and estimat-
ing sleep efficiency effectively [61]. With an accuracy 
higher than 96.5% for awakening epoch detection, sleep 
efficiency was estimated with 1.05 and 1.44% error for 
healthy and OSA patients, respectively.

2.4.5 � Based on the cardiorespiratory signals

If the dynamics of respiration in the sleep stages were 
combined with the information available from an ECG, 
estimation performance can be enhanced over that of 
ECG use only. An ECG combined with a respiratory 
effort signal were successfully used for the three-stage 
(Wake/NREM/REM) and four-stage (Wake/Light/Deep/
REM) sleep estimation. After total of 142 features were 
extracted from the ECG and respiratory effort signal, fea-
tures were sequentially modified, selected, and applied for 
sleep stage estimation [62]. They estimated three stages 
of sleep with accuracy of 80% and kappa coefficient of 
0.56 and four stages of sleep with accuracy of 69% and 
kappa coefficient of 0.49. When the movement signal is 
added to cardiorespiratory signals, the performance can 
be enhanced, but the amount of enhancement is not sig-
nificant. Studies using movement with cardiorespiratory 
signals produced similar accuracies of 81% and 69% but 
increased kappa coefficients of 0.62 and 0.56 for three 
and four stage sleep stage scoring, respectively [63].

2.5 � Based on other types of signals

2.5.1 � Peripheral arterial tonometry

Peripheral arterial tonometry (PAT), which measures pressure 
variations at fingertip under an applied sub-diastolic pressure, 
reflects sympathetic tone variations. Sixteen features extracted 
from PAT amplitudes and PAT-derived inter-pulse periods 
(IPP) in each interval were used for the prediction of REM 
sleep [64]. REM sleep epochs were predicted separately from 
the other stages of sleep with an accuracy of 89%. Two series 
of PAT amplitudes and PAT-derived IPP were also used to 
estimate light and deep sleep and achieved accuracy of 82% 
and 80%, respectively [65]. By integrating the movement sig-
nal from ACT with these signals, four stages of sleep can be 
estimated with an overall accuracy of 66% and kappa coef-
ficient of 0.48 [66].

PAT has been suggested as an alternative indirect method 
to estimate AHI [67]. Each episode of sleep apnea is accom-
panied by a strong change in sympathetic activity, and this 
change was detected by combining flow decreases measured 
in PAT with an increase in HR as a marker for an apneic event 
and respiratory arousal [68]. One meta-study done over 13 
studies reported an overall correlation of 0.89 between the res-
piratory disturbance index (RDI) from the PAT method and 
AHI from PSG [69].

2.5.2 � EMG and EDA

An electromyogram (EMG) measured from the anterior tibi-
alis muscles during PSG was investigated for its usability in 
sleep–wake classification [70]. Based on the reduced muscle 
tone during sleep, an accuracy higher than 80% was achieved 
with a specificity 71% higher than that of movement-based 
methods.

Electrodermal activity (EDA) refers to the variation in skin 
conductance controlled by sympathetic nervous activation 
and reflects physiological or psychological arousal. The EDA 
signal has been used to detect sleep onset and wake epochs 
during sleep, and the estimated performances were compared 
with ACT and PSG [71]. Sleep onset, offset, and total wake 
period were estimated with mean absolute errors of 4.1, 3.0, 
and 6.1 min, respectively, compared to PSG results. It outper-
formed ACT methods, which was attributed to the detection of 
long awakening periods that accompany physical quiescence 
and often missed in movement-based detection.

3 � Summary

Sleep stage scoring and event detection are characterized 
by substantial uncertainty. When experts have rated the 
sleep stages using PSG, inter-rater reliabilities are reported 
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between 82 and 89% range for five stage sleep scoring [72, 
73]. This can be viewed as an apparent upper limit of per-
formance for any simplified sleep scoring using fewer chan-
nels of biological signals. Table 2 summarizes the reported 
accuracies or correlations of the various methods. 

Single channel EEG exhibits the highest performance 
among the methods using a single-channel biological signal. 
This is because sleep is physiological state of the brain and it 
shares the same signal used for PSG for scoring. Sleep scor-
ing methods based on movement are limited by sleep–wake 
discrimination and show low sensitivities in non-moving 
wake detection, which deteriorates the overall performances. 
In contrast to wearable ACT, movement sensors installed 
on bed showed significantly increased performance, which 
seems to be caused by the movement detected over the whole 
body rather than the simple movement of the wrist. Since 
respiration is accompanied by apparent movements, which 
can be monitored rather easily, it has used for smart sleep 
state scoring as well as breathing disorder detection. Various 
sensors are applied for unobtrusive monitoring of respira-
tion and estimating sleep stages and AHI. Their performance 
for sleep–wake discrimination outperformed wearable ACT 
devices, and there have been several reports of successful 
results for three- and four-stage sleep scoring. Modulation 
of autonomic balance during sleep provided important clues 
for alternative and simpler sleep scoring methods based on 
cardiovascular activities, including ECG, PPG, BCG, and 
PAT, and many studies produced successful results. Since 
these types of signals can be easily integrated with wearable 
devices, they are anticipated to be used in applications for 
sleep monitoring in out of hospital environment. In con-
trast to the methods that record biological signals through-
out the entire night, two studies used short term of ECG 
of 5 min and 75 s for SE and AHI estimation, respectively. 

The performances reported in these studies are very high 
for the studied populations. If sleep quality can be evaluated 
without sleep, it will be a breakthrough for sleep studies and 
extend the methods for the enhancement of sleep quality.

4 � Conclusion

As sleep occupies one-third of our total life, maintaining 
good sleep quality is very important for wellness. Good 
sleep quality also enhances the quality of daytime activities. 
Maintaining good sleep quality begins with sleep monitor-
ing. Sleep monitoring, which used to be done by PSG in 
specialized clinics, is now possible in many simplified and 
innovative ways in home environments. Sleep can be moni-
tored unobtrusively without interrupting our ordinary sleep 
pattern. With continual daily monitoring of sleep, we can 
evaluate daily sleep quality, diagnose sleep related disorders, 
and detect comorbid chronic or mental diseases in earlier 
stages. Quantitative evaluation of sleep is the starting point 
for environmental conditioning and sleep modulation to 
achieve sleep quality enhancement and mitigate the related 
symptoms and diseases. Smarter technologies for sleep mon-
itoring at home will promote sleep from the current passive 
stage to a future active stage to enhance our quality of life.
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SL sleep latency, TST total sleep time, WASO wake after sleep onset, SE sleep efficiency, 3CS 3-class scoring, 4CS 4-class scoring, AHI apnea–
hypopnea index

SL TST WASO N1 N2 N3 REM SE 3CS 4CS AHI References

1ch. EEG 85.01 22.01 85.01 86.01 95.01 96.0 92.1 84.9 [11], [12]1

Actigraphy 0.84 86.0, 95.21 [19], [25]1

Radar 69.0 61.0 87.0 97.0 82.0 82.0 [27]
IR video 92.0 [28]
Respiration 89.0 89.23 72.21 70.92 0.943 [34], [35]1, [36]2, [26]3

ECG 0.81 0.75 0.78 98.54 62.04 90.01 87.02 91.2 92.53 [45], [47]1, [48]2, [50]3, [49]4

PPG 91.5 72.9 59.3 0.811 [55], [57]1

BCG 92.5 96.51 [59], [61]1

ECG & respiration 80.0 69.0 [62]
PAT 80.0 89.01 66.02 0.893 [64]1, [65], [66]2, [69]3

Short term ECG 0.94 0.991 [46], [53]1
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