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ABSTRACT 

Yan, Rui 
Automatic sleep scoring based on multi-modality polysomnography data  
Jyväskylä: University of Jyväskylä, 2020, 60 p. (+included articles) 
(JYU Dissertations 
ISSN 2489-9003; 298) 
ISBN 978-951-39-8329-1 (PDF)  
 
Over the past decades, probably due to our hectic lifestyle in modern society, 
complaints about sleep problems have increased dramatically, affecting a large 
part of the world’s population. The polysomnography (PSG) test is a common 
tool for diagnosing sleep problems, but the scoring of PSG recordings is an 
essential but time-consuming process. Therefore, automatic sleep scoring 
becomes crucial and urgent to settle the growing unmet needs in sleep research. 

This thesis extends the previous research on automatic sleep scoring from 
two aspects. One is to extensively explore signal modalities and feature types 
related to automatic sleep scoring. This exploratory work obtains the optimal 
signal fusion and feature set for automatic sleep scoring, and further clarifies the 
contribution of signals and features to the discrimination of sleep stages. Our 
results demonstrate that diverse features and signal modalities are coordinative 
and complementary, which benefits the improvement of classification accuracy. 
The other one is to develop automatic sleep scoring tools that can accommodate 
different datasets and sample populations without adjusting model structure and 
parameters across tasks. Experimental results show that the joint analysis of 
multiple signals can improve the stability, robustness and generalizability of the 
proposed models. Model performance has been verified on multiple public 
datasets, demonstrating good model transferability between different datasets 
and diverse disease populations. 

In summary, this research finding will advance the understanding of 
underlying mechanism during automatic sleep scoring and clarify the 
association between manual scoring criteria and automatic scoring methods. The 
joint analysis of multiple signals enhances model versatility, which inspires the 
construction of cross-model in the field of automatic sleep scoring. Moreover, the 
proposed automatic sleep scoring methods can be integrated with diverse PSG 
systems, thereby facilitating sleep monitoring in clinical or routine care.  
 
Keywords: automatic sleep scoring, polysomnography, multi-modality analysis, 
deep learning, machine learning 
 
  



 
 

TIIVISTELMÄ (ABSTRACT IN FINNISH) 

Yan, Rui 
Automaattinen unen pisteytys multimodaalisen polysomnografian tietojen avulla 
Jyväskylä: University of Jyväskylä, 2020, 60 s. (+artikkelit) 
(JYU Dissertations 
ISSN 2489-9003; 298) 
ISBN 978-951-39-8329-1 (PDF)  
 
Viime vuosikymmenien aikana kiireisen elämäntavan takia modernissa yhteis-
kunnassa unihäiriöistä tehdyt ongelmat ovat lisääntyneet dramaattisesti ja vai-
kuttaneet suureen osaan maailman väestöstä. Polysomnografia (PSG) -testi on 
yleinen työkalu unihäiriöiden diagnosointiin ja PSG-tallenteiden pisteytys on 
välttämätöntä, mutta aikaa vievä prosessi. Siksi automaattisen unen pisteytyksen 
merkitys kasvaa ja siitä tulee tärkeä ja välttämätön menetelmä, jotta voidaan vas-
tata kasvaviin tarpeisiin unentutkimuksessa. 

Tämä väitöskirja laajentaa aiempaa automaattisen unen pisteytyksen tutki-
musta kahdesta näkökulmasta. Yksi on tutkia laajasti automaattiseen unen pis-
teytykseen liittyviä signaalimuotoja ja toimintotyyppejä. Tämän tutkimustyön 
tuloksena saadaan aikaan optimaalisen signaalin fuusion ja ominaisuusjoukot 
automaattiselle unipisteytykselle ja lisäksi se selventää edelleen signaalien ja 
ominaisuuksien vaikutusta univaiheiden erottamiseen. Tulokset osoittavat, että 
erilaiset ominaisuudet ja signaalitavat ovat koordinoivia ja täydentäviä, mikä 
hyödyttää luokituksen tarkkuuden parantamista. Toinen tapa on kehittää auto-
maattisia unen pisteytystyökaluja, joihin mahtuu erilaisia aineistoja ja otospopu-
laatioita säätämättä mallin rakennetta ja parametreja tehtävien välillä. Kokeelli-
set tulokset osoittavat, että useiden signaalien yhteinen analyysi parantaa ehdo-
tettujen mallien vakautta, kestävyyttä ja yleistettävyyttä. Mallin suorituskyky on 
varmistettu useilla julkisilla aineistoilla, mikä osoittaa mallin hyvän siirrettävyy-
den eri aineistojen ja erilaisten tautipopulaatioiden välillä. 

Yhteenvetona voidaan todeta, että tämä tutkimustulos edistää ymmärrystä 
taustamekanismista automaattisen unen pisteytyksen aikana ja selkeyttää manu-
aalisten pisteytyskriteerien ja automaattisten pisteytysmenetelmien välistä yh-
teyttä. Useiden signaalien yhteinen analyysi parantaa mallin monipuolisuutta, 
mikä inspiroi ristimallin rakentamista automaattisen unen pisteytyksen alalla. 
Lisäksi ehdotetut automaattiset unen pisteytysmenetelmät voidaan integroida 
erilaisiin PSG-järjestelmiin, mikä helpottaa unen seurantaa kliinisessä tai rutiini-
hoidossa. 

 
Asiasanat: automaattinen unen pisteytys, polysomnografia, multimodaalisuus 
analyysi, syvä oppiminen, koneoppiminen
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This chapter firstly introduces research background and research motivation, 
then provides an overview of the whole research, and finally gives dissertation 
structure. 

1.1 Research background 

Sleep accounts for about one-third of human lifespan and is thus a vital 
physiological process (Pace-Schott and Hobson 2002). According to 
recommendations of the National Sleep Foundation (Hirshkowitz et al. 2015), the 
appropriate sleep duration is the longest for newborns, about 14 to 17 hours, and 
then gradually decreases to 9-11 hours for school-age children, 7-9 hours for 
young adults and adults, and the recommended sleep duration for the elderly is 
7-8 hours. Besides sleep duration, sleep structure is also an important factor 
affecting sleep health. According to the latest standard developed by the 
American Academy of Sleep Medicine (AASM) (Berry et al. 2016), nocturnal 
sleep is split into five stages: wakefulness (W), non-rapid eye movement (NREM) 
stages 1, 2, 3 and rapid eye movement stage (R). FIGURE 1 displays an idealized 
sleep structure of healthy adults.  

Adequate and high-quality sleep is essential to maintain of some basic 
physiological activities, such as fatigue recovery (Lim and Dinges 2008), memory 
consolidation (Stickgold and Walker 2007), immunity (Park et al. 2016), 
metabolism (Porkka-Heiskanen and Kalinchuk 2011), and endocrine (Cox and 
Olatunji 2016). Conversely, sleep loss or distorted sleep structure has negative 
impacts on our wellbeing, resulting in cognitive deficits, mood disturbances 
(Dinges et al. 1997), neuronal loss (Jan et al. 2010) and even brain atrophy (Van-
Someren et al. 2018; Spira et al. 2016). Moreover, some studies have revealed that 
distorted sleep might be an early indicator of some neurodegenerative diseases 
(Iranzo et al. 2006), such as Alzheimer’s disease and Parkinson’s disease, and 
sleep disturbance may promote the progression of certain neurodegenerative 
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diseases. Therefore, paying attention to sleep health is conducive to the early 
diagnosis of sleep-related diseases and might slow their deterioration.  

Nowadays, probably due to our hectic lifestyle in the 21st century, 
complaints about sleep problems increase dramatically among people. 
According to the international classification of sleep disorders, there are about 80 
types of sleep disorders, including insomnia, hypersomnia, bruxism, sleep apnea 
and sleep-related movement disorders (Thorpy 2017). Among them, insomnia is 
the most common, which affects approximately 30% of the world's population 
(Berry et al. 2016). The prevalence of sleep problems imposes a heavy burden on 
family well-being, public security and global finance. Worse of all, most 
individuals with sleep disorders cannot get timely diagnosis and treatment, and 
thus condition aggravation (Altevogt and Colten 2006), which may be attributed 
to the low awareness of sleep health and limited clinical resources.  

The gold tool for monitoring sleep quality and diagnosing sleep problems 
is polysomnographic (PSG) test. FIGURE 2 gives an example of PSG recordings, 
which generally contains tens of sleep signals, such as electroencephalogram 
(EEG) to measure brain activity, electrooculogram (EOG) to measure eye 
movements, electromyogram (EMG) to measure chin muscle activity, 
electrocardiogram (ECG) to measure heart electrical activity, pulse oximetry, 
respiration, body movement, etc. Rich PSG signals can comprehensively record 
physiological activities during sleep, thus providing accurate diagnosis of sleep-
related diseases. The PSG test is usually performed in a dedicated hospital or 
sleep laboratory for one to two nights, but there are also portable systems for PSG 
tests at home. After the PSG test, sleep technologists will first score sleep 
recordings by marking sleep stages and sleep events (such as abnormal breathing, 
leg movements) according to R&K rules (Rechtschaffen and Kales 1968) or the 
AASM standard (Berry et al. 2016). Then, sleep physicians will review the results 
to determine sleep problems the patient may have. The process of assigning a 
sleep stage to each sleep segment is called sleep scoring, which is the foundation 
of sleep research.  

Due to the pivotal role of PSG test in sleep research, most sleep laboratories 
qualified for PSG tests are in an overloaded state. Tedious manual scoring is 
partially responsible for that busy state. In clinical, sleep scoring is performed 

 

FIGURE 1 Idealized sleep structure of healthy adults. 
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manually, which is labor-intensive and subjective (Malafeev et al. 2018). Previous 
studies have reported that the annotation of an 8-h recording requires 
approximately 2-4 hours (Hassan and Bhuiyan 2016), and the inter-scorer 
reliability is about 80% (Danker-Hopfe et al. 2009). Therefore, with the 
development of computational technology, automatic sleep analysis is crucial 
and urgent to help address the growing unmet needs for sleep research. 

1.2 Research motivation 

Numerous attempts so far have been made in the field of automatic sleep scoring 
to extricate sleep technologists from heavy manual scoring. From the perspective 
of computational methods, these algorithms can be divided into conventional 
scoring methods and deep learning methods. Conventional scoring methods are 
mainly based on explicit feature extraction of sleep samples (Boostani, 
Karimzadeh, and Nami 2017; Hassan and Hassan Bhuiyan 2016; Seifpour et al. 
2018). These conventional methods are easy to explain or present their model 
behaviors, but their classification accuracy highly relies on the effectiveness of 
hand-crafted features. Most recently, algorithms based on deep learning are 
relatively prevalent because they do not require explicit feature extraction and 
are particularly suitable for big data approach (Patanaik et al. 2018; Mousavi et 
al. 2019; Zhang et al. 2019). Moreover, studies based on deep learning have 
introduced some novel classification schemes to mimic the way sleep 
technologists perform manual sleep scoring, such as multiple-input-one-output 
scheme (Chambon et al. 2018), one-input-multiple-output scheme (Phan et al. 
2019a) and sequence-to-sequence model (Phan et al. 2019b). These novel schemes 
utilize the dependence of consecutive epochs and achieve good classification 
performance. 

 

FIGURE 2 Screenshot of a PSG recording 



18 
 

In terms of signal modality, the automatic sleep scoring algorithms 
proposed in previous studies have explored a variety of signals recorded by the 
PSG test, including EEG, EOG, EMG, ECG, airflow and respiratory effort 
(Šušmáková and Krakovská 2008; Supratak et al. 2017; P. Fonseca et al. 2015). 
Although there are numerous approaches to automate sleep scoring, there is no 
automatic sleep scoring algorithm that can establish itself as an industry standard 
neither in research nor in clinical applications. Most studies built their models for 
specific datasets and certain signal modalities, which limits their applications. 
Given different datasets and signal modalities, there are no unified comparison 
standards between studies, and therefore the specific contribution of signals and 
features to sleep scoring is still not univocal. There is no doubt that more 
elaborate exploration is necessary in order to promote the application of 
automatic sleep scoring methods. Here, we list four key issues below. 

 The first one is which fusion of sleep signals can give the optimal clas-
sification results? How to choose signal modality according to the anal-
ysis target?  

 The second issue is which features contribute to the discrimination of 
sleep stages? Are effective features in automatic sleep scoring methods 
consistent with stage characteristics specified in scoring criteria?  

 The third is to explore the impact of temporal dependence on classifica-
tion results? How to use context information to improve classification 
accuracy? 

 The fourth is how does the model perform on other datasets? How to 
tackle the mismatched channels in different sleep studies? 

Finding solutions to the above four issues is the motivation of this 
dissertation. 

1.3 Introductory Overview 

This thesis studies automatic sleep scoring methods by using PSG recordings. 
The whole thesis is divided into two parts. 

The first part focuses on the exploration of underlying mechanisms of 
automatic sleep scoring. In order to investigate the effect of signal modalities on 
sleep scoring, we compare 12 different fusions of PSG signals and further 
demonstrate their performance on the classification of 2 to 5 classes of sleep 
stages. To elucidate features’ contribution to automatic sleep scoring, we exploit 
a wide variety of features, covering statistical features, frequency features, time-
frequency features, fractal, entropy and other nonlinear characteristics. The 
optimal feature fusion used to distinguish each pair of sleep stages is finally 
picked out. Studies of this part are indispensable for revealing interesting 
insights about how automatic scoring models associate specific features and 
signals with different sleep stages. Conclusions have been tested on different 
datasets, which is able to provide a direction for future research. 
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The second part of our research is centred on applications of automatic 
sleep scoring models. Most studies design their models for specific datasets and 
certain signal modalities, and thus task-specific modifications are required if the 
model is used in different tasks. That modification is difficult and even inefficient, 
especially for non-experts facing complex practical conditions. Besides, the 
recorded sleep signals may be different due to the diverse monitoring devices 
and specific experimental motivations. Therefore, we aim to develop a versatile 
and automatic scoring architecture that can handle various numbers of input 
channels and several signal modalities without model modifications across tasks. 
Based on our previous research on conventional automatic sleep scoring methods, 
we further propose two models to automate sleep scoring, one based on 
conventional machine learning methods and the other one based on deep 
learning networks. Model availability and versatility are demonstrated by public 
datasets with disparate attributes. The detailed model structure and 
experimental results will be further discussed in Chapter 3. 

Collectively, articles PI-PIII contribute to the first research part. Article PI 
firstly assesses the performance of several feature selection methods and 
classifiers, and further develops an automatic method to split sleep into five 
stages using multi-modality PSG signals. Based on that, Paper PII constructs an 
automatic sleep scoring toolbox with the capability of multi-signal processing, 
and further investigates classification performance of 12 signal fusions in 
distinguishing 2-5 sleep stages. Article PIII modifies the toolbox, verifies its 
performance on healthy adults and patients with sleep disorders, and further 
clarifies features' contribution in distinguishing stage pairs. 

Articles PIII-PV contribute to the second research part. Using random forest 
to classify the extracted features, article PIII develops an automatic sleep toolbox, 
and verifies its performance in different populations. Article PIV, departing from 
hand-crafted features, aims to construct an end-to-end CNN model to automate 
sleep scoring. Given the dependencies between sleep stages, article PV adds an 
LSTM unit to the CNN architecture to fully exploit the current and context 
information, thereby improving classification performance on diverse sample 
populations. 

1.4 Structure of dissertation 

The rest of this dissertation is organized as follows. 
Chapter 2 reviews state-of-the-art methods in the field of automatic sleep 

scoring, together with their theoretical descriptions. Chapter 3 summarizes the 
five articles included in this thesis. Chapter 4 lists the findings and limitations of 
this study and further discusses the direction for future research. Chapter 5 
draws the summary of the whole research work. 



This chapter starts by introducing basic knowledge of sleep scoring (Section 2.1), 
which is the foundation of automatic sleep scoring. Then, we review recent 
studies related to conventional scoring methods (Section 2.2) and deep learning-
based methods (Section 2.3). The main purpose of this chapter is to give readers 
an idea of various sleep scoring methods and to immerse readers into the topic 
before we review thesis contributions.  

2.1 Manual sleep scoring 

So far, manual sleep scoring is still the most acceptable method in clinical. The 
sleep technologist or physician scores sleep stages and sleep events according to 
R&K rules (Rechtschaffen and Kales 1968) or the AASM standard (Berry et al. 
2016). The earlier R&K rules split sleep into five different stages: non-rapid eye 
movement (NREM) stages 1, 2, 3 and 4 and rapid eye movement stage (stage R). 
But the latest AASM standard merges NREM stages 3 and 4 into N3 due to their 
predominant low-frequency oscillations in brain activity. For the standard 
operation of sleep scoring, the latest AASM standard recommends three EEG 
derivations, namely F4-M1, C4-M1 and O2-M1, or the combination of Fz-Cz, Cz-
Oz and C4-M1 is also acceptable. All electrodes are placed and denominated 
following the international 10-20 system, where M1 is the standard reference 
electrode referring to the left mastoid. In addition to brain activity recorded by 
EEG electrodes, the AASM standard also recommends the use of EOG electrodes 
to record eye movements and the use of EMG electrodes to measure chin muscle 
activity, thereby improving scoring performance. These three signal modalities 
constitute the fundamental part of a polysomnography (PSG) recording. 

After capturing PSG recordings, sleep technologists or physicians firstly 
divide sleep recordings into 30-second intervals called one epoch, and then 
assign a stage to each epoch based on the amplitude and frequency characteristics 
of sleep signals, as described in TABLE 1. In addition to information from the 
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current stage, information from neighbor epochs is also worth considering to 
score the current epoch under certain conditions. We summarize the dependence 
relationship between sleep stages in TABLE 2. What stands out in TABLE 2 is 
that sleep events such as arousals or body movements can also result in a 
degradation of the sleep process, besides natural transitions of sleep stages. 
Therefore, information from neighbor epochs is particularly beneficial for the 
recognition of stage transitions. It should be mentioned that TABLE 1 and TABLE 
2 introduce scoring criteria and stage transition rules according to the AASM 
standard (Berry et al. 2016), but this article does not intend to completely repeat 
the AASM standard. Therefore, for strict scoring criteria, the reader should refer 
to Berry et al.’s research. The main purpose of these two tables is to give the 
reader a general understanding of manual sleep scoring in order to better 
understand the content below. 

TABLE 1 Sleep scoring criteria for healthy adults following the AASM standard, Chap-
ter IV, pp. 16–31(Berry et al. 2016) 

Sleep 
stage 

Rule Description  

Stage W E.2 a) EEG shows mixed beta and alpha activity or predominantly al-
pha activity (8–13 Hz) as the eyes remain closed. 

b) EOG shows eye blinking, reading eye movement or rapid eye 
movement. 

c) Submental EMG is relatively high. 

Stage R I.2; I.3 a) EEG is characterized by low-amplitude, mixed-frequency brain 
activity without K complexes or sleep spindles. Sawtooth waves 
(2-6Hz, sharply contoured triangular) are strongly supportive 
of the presence of stage R. 

b) Rapid eye movement is characteristic of stage R. 
c) EMG usually shows the lowest level of the entire recording. 

Stage N1 F.2; F3 a) EEG is dominated by 4–7 Hz activity (theta wave). Vertex sharp 
wave with duration <0.5 seconds may occur. 

b) EOG often shows slow eye movements. 
c) EMG amplitude is variable but often lower than that in stage W. 

Stage N2 G.2; 
G.note6-7 

a) EEG is characterized by predominant theta activity and occa-
sional quick bursts of faster activity. Sleep spindles (12–14 Hz) 
and K complexes may appear. 

b) EOG usually shows no eye movement activity. 
c) Chin EMG shows variable amplitude, but it is usually lower 

than that in stage W and maybe as low as that in stage R. 

Stage N3 H.2; 
H.note5-6 

a) EEG activity is marked by high-amplitude slow waves (ampli-
tude>75µV; frequency<2Hz). 

b) Eye movements are not typically seen.  
c) Chin EMG is of variable amplitude, often lower than that in 

stage N2 and sometimes as low as that in stage R. 
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2.2 Conventional scoring methods 

2.2.1 System based on expert knowledge 

The algorithm based on expert knowledge is a kind of machine learning method 
that is nearest to manual scoring criteria. The typical characteristic of these 
algorithms is the paradigm of “if-then”. For example, if EEG amplitude>75µV, 
then the sleep stage is SWS. Liang et al. extracted fourteen rules from temporal 
and spectral measures of PSG signals in order to score sleep stages, and achieved 
an accuracy of 86.68% on 17 healthy participants (Liang, Kuo, Hu, and Cheng 
2012). In their recent research, they constructed a genetic fuzzy inference system 
based on nine expert rules, reaching an accuracy of 86.44% on 24 participants 
with or without sleep loss (Liang et al. 2016). The most recent study combined 

TABLE 2 Transition rules of sleep stages following the AASM standard, Chapter IV, 
pp. 16–31(Berry et al. 2016) 

Transition 
pattern 

Rule  Characteristics 

W-N1 F2; F3; F4 Low-amplitude and mixed-frequency EEG, theta activity, vertex 
sharp wave, slow eye movement 

W-R I.2-I.4 Low-amplitude and mixed-frequency EEG, low chin EMG, eye 
movement 

N1-N2 G.2 Sleep spindle, K-complex unassociated with arousal 

N1-R I.2-I.4 Low-amplitude and mixed-frequency EEG, low chin EMG, eye 
movement 

N2-W E.2 Alpha rhythm, eye blink, eye movement, high chin muscle tone 

N2-R I.2-I.4 Low-amplitude and mixed-frequency EEG, low chin EMG, eye 
movement 

N2-N1 F2; F3; F4 Low-amplitude and mixed-frequency EEG, theta activity, vertex 
sharp wave, slow eye movement 

F.5; G.6.b Arousal interrupt followed by low-amplitude and mixed-fre-
quency EEG 

G.6.c Major body movement, slow eye movement 

N2-N3 H.2 ≥20% of an epoch consists of slow-wave activity 

N3-N2 G2 Sleep spindle, K-complex unassociated with arousal 
G5 No arousal, not meet criteria for stage N3 

R-W E.2 Alpha rhythm, eye blink, eye movement, high chin muscle tone 

R-N1 F.6; I.6.b-d Arousal interrupt, slow eye movement, and low-amplitude and 
mixed-frequency EEG 

R-N2 I.6.e non-arousal associated K complex, sleep spindle, no rapid eye 
movement 

R-N3 H.2 ≥20% of an epoch consists of slow-wave activity 
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deep learning models with expert-defined rules, providing a good trade-off 
between model interpretability and classification accuracy (Al-Hussaini et al. 
2019). 

This type of methods is highly interpretable since each of their decisions can 
be traced back to an understandable rule. Therefore, these methods achieve 
complete control of their system. A disadvantage is that the selected rules may 
not be optimal, and the linear model composed of simple paradigms of “if-then” 
is not enough to describe the complex and time-varying sleep patterns. 
Consequently, there are not so many papers that build their models based on 
expert rules exclusively. 

2.2.2 Machine learning based on hand-crafted features 

In recent decades, there has sprung up numerous studies in the field of automatic 
sleep scoring, which indicates increasing attention of sleep practitioners to the 
interdisciplinary cooperation in order to automate sleep scoring. In general, 
scoring methods based on hand-crafted features comprise five common steps, 
including signal preprocessing, feature extraction, feature selection, classification 
and post-processing (Boostani, Karimzadeh, and Nami 2017). Among these steps, 
feature selection and post-processing are optional steps, which appear in some 
papers. The following briefly describes some commonly used techniques in each 
step according to the processing order of sleep signals. 

2.2.2.1 Signal preprocessing  

Signal preprocessing is requisite for the conventional methods based on hand-
crafted features, because sleep signals (especially EEG signals) usually contain 
artefacts from many different sources. Common artefacts may come from power 
line interference (50Hz or 60Hz), electrode shedding, sweat or other 
electrophysiological signals, such as eye movement, muscle activity and cardiac 
signals (Radüntz et al. 2015). These artefacts severely affect the extraction of 
useful information, which may distort the quantitative signal analysis. Therefore, 
in order to eliminate the effect of artefacts and improve signal quality, several 
methods have been exploited in previous articles.  

Digital filtering is a simple and commonly-used method, including the 
finite impulse response (FIR) filter and the infinite impulse response (IIR) filter. 
Digital filtering shows good performance on the elimination of technical artefacts, 
for example, a Butterworth notch filter to remove power line interference (50Hz 
or 60Hz) (Şen et al. 2014), or a bandpass Butterworth filter to screen out undesired 
parts (Khalighi et al. 2016).  

In terms of electrophysiological artefacts caused by eye movement, muscle 
activity and cardiac signal, they are relatively difficult to remove since their 
frequency overlaps with target signal and their appearance is diverse. Therefore, 
more elaborate preprocessing is required, such as wavelet transform (WT) 
(Dimitriadis, Salis, and Linden 2018), short-time Fourier transform and 
independent component analysis (ICA) (Radüntz et al. 2015). It should be noted 
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that elaborate preprocessing is time-consuming and may suffer from 
performance degradation in practical applications. Therefore, in order to 
improve computational efficiency and model feasibility, we chose a coarse 
preprocessing in our studies, which applied only Butterworth filters. Readers can 
refer to the article [PI] for more details. 

In the field of automatic sleep scoring, besides filtering, it is also worth to 
consider signal normalization and feature standardization to eliminate 
individual difference and accelerate algorithm convergence. According to the 
AASM standard, sleep signals also need to be split into 30 seconds per epoch, 
each epoch corresponding to one sleep stage. 

2.2.2.2 Feature extraction 

Feature extraction is essential for conventional scoring methods, which directly 
affects classification performance. Diverse features are responsible for describing 
sleep signals from multiple aspects, thereby providing an accurate analysis. 
There are a wide variety of techniques for feature extraction, including but not 
limited to statistic methods, Fourier transform, wavelet analysis and Hilbert 
transform. The extracted features can be broadly divided into four categories. In 
the following, we briefly present some popular features together with their 
extraction methods. 

Time-domain features are simple but practical, which indicate signal 
changes in amplitude distribution and morphological characteristic. Some 
widespread features are mean, median, standard deviation, skewness, kurtosis, 
percentile and Hjorth parameters. A detailed description can be found in our 
articles [PI and PII] or Şen et al.’s research (Şen et al. 2014). 

Frequency-domain features. Many electrophysiological activities exhibit 
constant variations and rhythmic dynamics. For example, sleep EEG contains 
slow waves (0.5–2.0Hz), delta waves (0–3.99Hz), theta waves (4–7.99Hz), alpha 
waves (8–13Hz) and beta waves (13-30Hz) (Berry et al. 2016). Frequency-domain 
features provide a pithy description for the variant and dynamic temporal 
structure embedded in sleep signals. Commonly-used features are power 
spectral density and power ratios of sub-frequency bands. Their calculations are 
mainly based on the fast Fourier transform (FFT). In order to meet the time-
invariant assumption in the Fourier transform, sleep signals may be divided into 
mini-epoch by Hamming window or Hanning window (Šušmáková and 
Krakovská 2008).  

Time-Frequency domain features are suitable to the analysis of non-
stationary electrophysiological signals because they can provide descriptions 
with balanced resolution both in the time domain and in the frequency domain 
(Wacker and Witte 2013). The most commonly used time-frequency analysis 
techniques are short-time Fourier transform (STFT), wavelet transform (WT) and 
Hilbert-Huang transform (HHT) (Boostani, Karimzadeh, and Nami 2017). For 
sleep EEG, the time-frequency analysis is suitable for capturing sleep events 
(sleep spindles, K-complex and arousals) and analyzing the characteristics of 
rhythm waves (such as delta waves, theta waves, alpha wave and beta waves).  



25 

Nonlinear features provide a complex and dynamic description for 
nonstationary electrophysiological signals, which are widely used in automatic 
sleep scoring methods (Krakovská and Mezeiová 2011; Ebrahimi et al. 2013; Şen 
et al. 2014). Well-known nonlinear measures are energy, entropy and chaotic 
index. Energy is a measure that indicates instantaneous changes of signal 
amplitude. Commonly used energy features are mean energy, mean Teager 
energy, the second differences, the 4th power, and so on (Şen et al. 2014). Entropy 
is a measure used to quantify the irregularity and unpredictability of signals 
(Molina-Picó et al. 2011). Signals with regular distribution have smaller entropy 
value than those with irregular distribution (Boostani, Karimzadeh, and Nami 
2017). The famous entropy features are Shannon entropy, sample entropy, 
approximate entropy, Renyi’s entropy, Tsallis entropy, permutation entropy and 
multi-scale entropy (Liang, Kuo, Hu, Pan, et al. 2012; Liu and Yue 2009; Acharya 
et al. 2005; Khalighi et al. 2013). Chaotic index is to measure the roughness or 
irregularity of signal morphology, for example, Hurst exponent, Katz fractal 
dimension, Petrosian fractal dimension and Higuchi fractal dimension. The 
calculation burden of chaos indices is relatively high, but their estimation value 
or fast calculation methods are widely used in automatic sleep scoring (Jiang et 
al. 2019; Acharya et al. 2005). 

Mutual-based features are used to measure interactive information between 
multi-modality signals, which provide a new perspective for the same 
phenomenon beyond the perspective provided by exploiting each modality 
separately (Lahat, Adali, and Jutten 2015). For example, Gharbali et al. applied 
several distance-based features to measure the similarity of PSG signals and 
further investigated their contribution to automatic sleep scoring. In that article, 
they concluded that these measures, especially the similarity of EEG and EOG, 
were useful for automatic sleep scoring (Gharbali, Najdi, and Fonseca 2018). 
Other measures between two signals, such as correlation coefficient, coherence, 
phase angle and mutual information, were also explored in previous studies 
(Šušmáková and Krakovská 2008). 

2.2.2.3 Feature selection  

Feature selection is an optional step in conventional scoring methods. Some 
studies use feature selection methods to find effective subset from candidate 
features, thereby restraining overfitting, shortening training time and 
simplifying classification model. Some feature selection methods have been 
proposed in previous studies. For example, the forward selection process (FSP) 
and sequential backward selection (SBS) are two simple strategies, which check 
the features one by one to verify whether or not the newly added feature 
improves classification accuracy (Peng, Long, and Ding 2005). The feature that 
benefits the improvement of classification accuracy is selected into the optimal 
feature set. These two feature selection methods are simple but prone to fall into 
local minima due to the inability to re-evaluate feature effectiveness (Boostani, 
Karimzadeh, and Nami 2017). In addition, Genetic algorithms (GA) and ReliefF 
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are also commonly used in studies. The results of feature selection are affected 
by the distribution of feature values and the algorithm of feature selection. 

In our study [PI], we investigated four widely used feature selection 
methods, namely ReliefF method, improved distance-based evaluation method 
(IDE), GA and FSP, and further compared their performance in automatic sleep 
scoring. Experiment results showed that different feature selection methods gave 
diverse features subsets, but they all comprised statistic features, frequency 
features, time-frequency features and nonlinear features. The result further 
demonstrated that the rich feature contributed to the enhancement of 
classification accuracy. 

2.2.2.4 Stage classification 

Various classifiers have been explored in studies of automatic sleep scoring, 
including unsupervised classifiers and supervised classifiers. The classifier learns 
classification strategies from extracted features to court the ability of assigning 
appropriate sleep stages to new samples. 

Unsupervised classifiers, also known as clustering, learn classification 
strategies from unlabeled sleep data, thus greatly saving time cost in preparing 
labels for huge amounts of sleep data. The clustering algorithm groups a set of 
samples based on their similarity, so samples in the same group are more similar 
to each other than those in different groups (Alpaydin 2020). Due to the 
complexity of sleep phenomenon, the overlapped information between certain 
stages and the lack of prior knowledge, the applications of clustering methods 
are not optimistic in automatic sleep scoring. Several articles applied clustering 
methods to automate sleep scoring. El-Manzalawy et al. developed an 
unsupervised model using k-means clustering to distinguish sleep-wake states 
and reached an accuracy of 85% on 37 participants (El-Manzalawy, Buxton, and 
Honavar 2017). Rodríguez-Sotelo et al. used J-means clustering on entropy-based 
features, achieving an average accuracy of 80% in the classification of five sleep 
stages (Rodríguez-Sotelo et al. 2014). 

In contrast, supervised classifiers are popular in studies of automatic sleep 
scoring. The widespread classifiers are support vector machine (SVM), random 
forest (RF), K-nearest neighbor (KNN), Naive Bayes (NB) and so on. The classifier 
description can be found in the following related studies. Huang et al. sent twelve 
selected features to the SVM classifier to assign sleep into six stages, obtaining an 
accuracy of 92.34% on thirty recordings (Huang et al. 2020). After extracting 
spectral features using wavelet transform, Hassan and Bhuiyan constructed a 
classification scheme based on RF classifier that yielded an accuracy of 90.38% 
(Hassan and Bhuiyan 2016). They further compared the RF classifier with ten 
other widely used classifiers, including NB, KNN, least-square support vector 
machine and adaptive boosting (AdaBoost), and concluded that RF 
outperformed others on their experiment data. 

In our study [PI], we compared five widely used classifiers, namely KNN, 
NB, RF, SVM and binary decision tree (BDT). Experiment results showed that the 
RF classifier was not very sensitive to outliers of features set, indicating strong 
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robustness of the classifier. Therefore, in our subsequent research, we were prone 
to choose the RF classifier. 

2.2.2.5 Post-processing 

Post-processing of classification results has been explored in some studies to 
improve classification accuracy using context information or expert knowledge. 
The simplest post-processing method was to average probabilities across 
neighbor epochs (Klok et al. 2018). Similarly, a multi-layer perceptron (Patanaik 
et al. 2018) or auto-encoder (Golmohammadi et al. 2019) was constructed to 
reweight probabilities across neighbor epochs. Some papers built smoothing 
rules for sleep stages based on expert knowledge, such as hard smoothing rules 
(Liang, Kuo, Hu, and Cheng 2012) and fuzzy smoothing rules (Tian and Liu 2005). 
The hidden Markov model (HMM) and its variants were common in the post-
processing step, in which HMM was used to capture stage transition rules from 
training data (Li et al. 2018; Jiang et al. 2019). Then, these learned transition rules 
were applied to smooth classification results. These post-processing methods 
were mainly to make up for the insufficiency of conventional classifiers by 
exploiting stage transition rules, and thus corrected some wrong classification 
results. One possible outcome of post-processing was to capture the slow-
changing characteristics of most sleep stages, but to penalize short, abrupt 
changes such as transitory awakening. Therefore, the improved accuracy of some 
stages might come at the expense of others. 

2.3 Deep learning based methods 

Deep learning networks are a branch of machine learning methods based on 
artificial neural networks. In general, as shown in FIGURE 3, deep learning 
architecture consists of three parts: input layer, hidden layer and output layer 
(LeCun, Bengio, and Hinton 2015). The input layer is where the data enters the 
network. A deep learning network usually contains multiple hidden layers, and 
each layer contains multiple processing units called neurons. Each neuron in the 
network owns a weight and a bias, which determine the neuron’s contribution to 
final decisions. Each neuron receives its input, further calculates the input by a 
complicated function determined by weights, biases and activation functions, 
and then passes its result to the next layer. In that way, the input data is calculated 
and refined hierarchically until reaching the final output layer. For a classification 
problem, the final layer is usually a decision layer, which outputs a probability 
matrix where the prediction for each sample corresponds to the class with the 
maximum probability. The network applies a cost function, such as cross-entropy, 
to measure the total error between network’s outputs and expected outputs, and 
then uses gradient descent and backpropagation to iteratively update weights 
and biases of neurons in each layer, thereby minimizing the output error. 
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Deep learning algorithms are very popular in recent years because they 
avoid the problem of vanishing gradient or exploding gradient that occurs 
during backpropagation in traditional neural networks (Balas, Kumar, and 
Srivastava 2020). That character increases the depth of neural networks to 
hundreds of layers, so the network can extract high-level features and thus can 
handle more complicated problems. So far, deep learning networks have made 
dramatic progress in diverse fields including computer vision, natural language 
processing, self-driving car and healthcare. In the field of automatic sleep scoring, 
widely used networks are the convolutional neural network and the long-short 
time memory network. In the following, we will introduce the methodology of 
these two networks, and review their applications in automatic sleep scoring. 

2.3.1 Convolutional neural network  

Convolutional neural network (CNN) also includes an input layer, an output 
layer and multiple hidden layers, but its hidden layers are typically composed of 
a few convolution layers, as shown in FIGURE 3. The convolution layer performs 
convolution operations on its input to extract features (LeCun, Bengio, and 
Hinton 2015). A few parameters of the convolution layer are set by the user, 
including the number of filters, filter shape, stride and the activation function. 
We present a schematic diagram of calculations in a CNN neuron in FIGURE 4, 
where the filter shape is set to 3 3, the stride is 2, and the activation function is 
Relu. From FIGURE 4, it is easy to get that the number of filters directly controls 
the capacity of layer output, thereby determining network complexity. The filter 
shape determines the size of convolution kernels, and thus affects the receptive 
field of convolution operation. The stride controls the overlap of windows, and 
thus determines the dimension of outputs. Therefore, the output of convolution 
layer can be described by Eq.(1). 

 𝑋 𝑓 𝑋 ∗𝑊 𝑏  (1) 
where 𝑋  is the input of layer 𝑙 and also the output of the previous layer, 𝑋  
the output of layer 𝑙, 𝑊  the weight matrix, ∗ the convolution operation, 𝑏  the 
bias, and 𝑓  is the activation function. 

The activation function attaches itself to each neuron in the network, and it 
determines whether the neuron’s output should be activated or inhibited. The 

 

FIGURE 3 An illustration of deep learning architecture.
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use of activation functions increases network nonlinearity, thereby facilitating 
the extraction of high-level features. There are several commonly used activation 
functions. The most popular one in CNN is the rectified linear unit (relu) function 
(Nair and Hinton 2010), which is defined as, 

 𝑓 𝑥 𝑚𝑎𝑥 0, 𝑥  (2) 

The second one is the tanh function, which is defined as, 

 𝑓 𝑥 𝑡𝑎𝑛ℎ 𝑥 𝑒 𝑒 𝑒 𝑒⁄  (3) 

The function softmax is usually used in the output layer, which can be 
described by, 

 𝑓 𝑥 𝑒 ∑ 𝑒 , 𝑖 1, … , 𝐽 (4) 

In general, a convolution layer is followed by a pooling layer to compress 
features and reduce the dimension of outputs. The pooling layer helps to 
improve the network’s nonlinearity and reduce calculation parameters. Two 
common pooling methods are average-pooling and max-pooling, which 
calculate the average value and the maximum value of elements in the pooling 
window, respectively. The user needs to set two pooling parameters: pooling size 
and stride, which respectively determines the size of pooling windows and the 
step length of window shift. 

2.3.2 Recurrent neural network 

Recurrent neural networks (RNN) are a type of artificial neural network, in which 
neurons consider not only the current input but also the previous state 
(Hochreiter and Schmidhuber 1997). Therefore, the RNN can use previous 
information for the current decision. This advantage has brought it a great 
success in sequence data processing, such as natural language processing and 
speech recognition. The most famous RNN variant is the long short-term 
memory (LSTM) unit, which is noted for avoiding gradient explosion that occurs 
in traditional RNNs. A general architecture of LSTM unit is illustrated in FIGURE 
5. 

FIGURE 4 An illustration of the calculation of CNN neurons. 
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The LSTM unit modulates the flow of information through three gates (an 
input gate, an output gate and a forget gate) and remembers the valuable 
information through a cell (Dong et al. 2018). The three gates are controlled by 
sigmoid functions, see Eq (5). The sigmoid function outputs a number between 0 
and 1, where 0 means completely discarded and 1 means completely accepted.  

 𝑓 𝑥 = 𝜎 𝑥 = 1 (1 + 𝑒 )⁄  (5) 

The forget gate controls the cell’s capacity for the current input 𝑥  and the 
previous output ℎ . Its output can be calculated by, 

 𝑓 = 𝜎 𝑊 𝑥 + 𝑊 ℎ + 𝑏  (6) 
Similar to the forget gate, the outputs of input gate and output gate can be 

described as, 

 𝑖 = 𝜎(𝑊 𝑥 + 𝑊 ℎ + 𝑏 ) (7) 

 𝑜 = 𝜎(𝑊 𝑥 + 𝑊 ℎ + 𝑏 ) (8) 

Then, the function tanh creates a new candidate current state for the cell, 

 𝐶 = 𝑡𝑎𝑛ℎ(𝑊 𝑥 + 𝑊 ℎ + 𝑏 ) (9) 

Update cell state by adding new information from the current input, 

 𝐶 = 𝑓 ∘ 𝐶 + 𝑖 ∘ 𝐶  (10) 

Finally, the output of the LSTM unit can be obtained by, 

 ℎ = 𝑜 ∘ 𝑡𝑎𝑛ℎ (𝐶 ) (11) 

where 𝑊 and 𝑏 represent the weight and the bias, 𝑥  the input to the LSTM unit, 
and the operator ∘ denotes the Hadamard product.  

2.3.3 Hyperparameter optimization 

As previously mentioned, deep learning networks contain some parameters that 
need to be set by the user during model constructing, such as the number of filters 
and kernel size in CNN. These parameters are called hyperparameters, which has 

FIGURE 5 An illustration of the LSTM unit. 
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to be tuned by users so that the model can achieve optimal performance. 
Hyperparameter optimization is to find a set of hyperparameters that produces 
the optimal model performance. The most widely used strategies for hyper-
parameter optimization are grid search and manual search, which exhaustively 
search a hyperparameter subset that is manual specified based on the user’s 
judgment or experience. These strategies suffer from the curse of dimensionality 
(Yu and Zhu 2020). Random search is a variant of the grid search, which performs 
a random search in hyperparameter subset instead of the exhaustive search. 
Random search has proven its superiority, especially in the cases that only a small 
number of hyperparameters affect model performance (Bergstra and Yoshua 
Bengio 2012). This algorithm also suffers from the curse of dimensionality since 
it is still a computationally intensive method (Yu and Zhu 2020). Some automatic 
optimization strategies attempt to model hyperparameters and network 
performance by using the previous outcomes, and thus evaluate a promising 
hyperparameter set, such as Bayesian optimization and Tree Parzen Estimator. 
Experimental results have shown these strategies are prone to obtain better 
results in fewer searches compared to grid search and random search (Bergstra, 
Yamins, and Cox 2013; Fernández-Varela, Hernández-Pereira, and Moret-Bonillo 
2018). In addition, some new approaches have also been developed, for example, 
evolutionary optimization (Miikkulainen et al. 2019) and population-based 
training (Jaderberg et al. 2017). 

Although there are many available hyperparameter optimization methods 
and available toolboxes, such as scikit-learn and hyperopt, the selection of 
hyperparameters is still a tricky problem for engineers in the field of machine 
learning. High computational cost and specialized knowledge should be partly 
responsible for that issue. In view of the difficulty of tuning hyperparameters in 
practical applications, the model transferability has become an important 
indicator for the model quality. 

2.3.4 Review of related articles  

Numerous studies based on deep learning have sprung up in the field of 
automatic sleep scoring. Some studies used hand-crafted features as input and 
constructed deep learning networks as classifiers to classify sleep samples 
(Chriskos et al. 2020; P. Fonseca et al. 2020). However, most studies took raw PSG 
signals or spectrograms as input, aiming to build an end-to-end deep learning 
architecture to avoid the defects of hand-crafted features. For example, Chambon 
et al. constructed a two-dimensional convolution neural network to perform 
sleep stage classification from multiple PSG signals (Chambon et al. 2018). A 
combination of CNN and RNN was employed to automate sleep scoring and to 
detect sleep apnea and limb movements, reaching accuracy of 87.6%, 88.2%and 
84.7%, respectively (Biswal et al. 2018). By applying the combination of CNN and 
LSTM to long-term scalp EEG recordings (>12 hours), their algorithm achieved a 
Cohen’s kappa of 0.74 on 650 patients with obstructive sleep apnea (Jaoude et al. 
2020). 
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Moreover, studies based on deep learning had introduced some novel 
classification schemes to exploit the long-term dependency between sleep stages. 
The “multi-input-one-output” classification scheme was common in mining the 
dependence of sleep stages (Chambon et al. 2018; Sors et al. 2018). Phan et al. 
used the CNN architecture to build a “one-input-multi-output” classification 
scheme, which yielded an accuracy of 83.6% on 200 subjects from Montreal 
Archive of Sleep Study (Phan et al. 2019a). In order to explore a good tradeoff 
between information utilization and computational efficiency, a “multi-input-
multi-output” classification scheme was proposed, which utilized attention-
based bidirectional RNN to balance the weight of epochs (Phan et al. 2019b). 

Even though many studies built their models using deep learning network 
in the field of automatic sleep scoring, few studies tested their model on other 
unrelated datasets. Zhang et al. did so, where they trained a model on 5213 
recordings from the SHHS dataset and then tested model performance on the 
patients from the study of osteoporotic fractures (SOF), achieving a kappa value 
of 0.68. And the input channels of these two datasets were matched. In practical 
applications, the recorded sleep signals might be different due to the specific 
monitoring devices and experimental motivations. When the model was used in 
disparate tasks, a task-specific modification was required. That modification was 
difficult and even inefficient, especially for non-experts facing complex practical 
conditions. Therefore, it was necessary to explore a model that can accommodate 
multiple input signals and sample populations. 



The research works included in this thesis are published in the attached five 
articles. The employed PSG recordings are from public sleep datasets, including 
the CAP dataset provided by PhysioBank (Terzano Giovanni et al. 2002; 
Goldberger et al. 2000), the Sleep Heart Health Study (SHHS) (Dean et al. 2016), 
the Sleep-EDF dataset (Kemp et al. 2000; Goldberger et al. 2000) and the ISRUC-
Sleep dataset (Khalighi et al. 2016). The four datasets have disparate sample 
attributes, in which the CAP dataset and the Sleep-EDF dataset consist of healthy 
adults, the SHHS dataset containing old adults with suspicious heart disease and 
the ISRUC dataset covers healthy participants and patients with sleep disorders. 

In this thesis, model performance is evaluated by the following indices. 
Accuracy indicates the fraction of the total number of correct detections in 

the classification of sleep stages. It is defined as,  𝐴𝑐𝑐 =  ∑  (12) 
where 𝑇𝑃  denotes true positives in class 𝑖, 𝑐 the total number of sleep stage, and 𝑁 is the total number of samples. 

Cohen’s kappa (K) is an agreement measure between the proposed model 
and a human expert, which takes into account the chances of random agreement.   𝐾 =   (13) 
where 𝑃 = 𝐴𝑐𝑐 , 𝑃 = ∑ (𝑇𝑃 + 𝐹𝑃 ) × (𝑇𝑃 + 𝐹𝑁 ) (𝑁 × 𝑁)⁄ , and 𝑇𝑃 , 𝐹𝑃  and 𝐹𝑁  respectively denote true positives, false positives and false negatives in class 𝑖. 

Before introducing the included articles, we provide an article overview in 
TABLE 3 to facilitate readers to quickly grasp and understand this dissertation 
as a whole work. From the TABLE 3, readers can easily capture the connections 
and differences of five articles in terms of sample information, model input, 
model architecture, classification accuracy and main contributions. Then, the 
following sections describe research methods, main results and the author's 
contribution to the research. 

3 OVERVIEW OF INCLUDED ARTICLES



34
 

PV 

PIV 

PIII 

PII 

PI 

Paper 

SHHS 
Sleep-EDF 

ISRUC 

SHHS; 
Sleep-EDF 

SHHS 

SHHS 

CAP 

Dataset 

100 
19 
99 

100 
19 

190 

100 

6 

Number 

Subject 

Near-healthy 
Healthy 
Patients 

Near-healthy 
Healthy 

Near-healthy 
Apnea 

Near-healthy 

Healthy 

Attribute 

Time 
series 

Time 
series 

Features 

Features 

Features 

Input 

CNN+LSTM 

CNN 

ReliefF+RF 

ReliefF+RF+
HMM 

ReliefF+RF 

Model 

87% 
86% 
86% 

85.2% 
85% 

86.7% 

85.8% 

86.2% 

Acc. 

 Construct an end-to-end model using CNN and LSTM 
 Verify the impact of LSTM units by comparing classification 

results and visualizing layer outputs 
 Analyze the effects of electrode positions and signal modal-

ity on classification accuracy 
 Evaluate model performance on different datasets and dis-

ease populations 
 Demonstrate model transferability with or without channel 

mismatch 

 Develop an end-to-end CNN architecture to automate sleep
scoring

 Evaluate model performance on two disparate datasets with
different input channels

 Improve the proposed toolbox 
 Analyze the influence of sleep apnea severity on classifica-

tion accuracy 
 Assess features’ contribution to distinguishing stage pairs 

 Build an automatic sleep scoring toolbox
 Evaluate classification performance of 12 signal fusions in

distinguishing 2-5 sleep stages 
 Analyze signals’ contribution in automatic sleep scoring

 Develop an automatic scoring method by fusing multiple 
PSG signals 

 Assess the performance of four feature selectors and five 
classifiers 

 Evaluate classification performance of eight signal fusions 
 Pick out the most discriminative features in sleep scoring 

Contributions 

TABLE 3 An overview of included articles 
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3.1 Study I 

Rui Yan, Chi Zhang, Karen Spruyt, Lai Wei, Zhiqiang Wang, Lili Tian, Xueqiao 
Li, Tapani Ristaniemi, Jihui Zhang, and Fengyu Cong. 2019. “Multi-Modality of 
Polysomnography Signals’ Fusion for Automatic Sleep Scoring.” Biomedical 
Signal Processing and Control 49: 14–23. DOI: 10.1016/j.bspc.2018.10.001 

 
Objective: Adequate and high-quality sleep is vital to our physical and mental 
health. Conversely, sleep loss or sleep distortion can result in catastrophic 
consequences, such as cognitive decline, emotional disturbance, metabolic 
disorders. Therefore, the monitoring and analysis of sleep are crucial in clinical 
applications. In order to ease tedious manual scoring, automatic sleep scoring 
becomes a research hotspot due to its advantage of cost-effectiveness and stable 
scoring performance. Although there are many automatic sleep scoring methods, 
most studies build their model on certain sleep signals. The specific effects of 
multi-modality PSG signals on sleep scoring are not univocal. Therefore, this 
study aims to develop an automatic sleep scoring method by applying multiple 
PSG signals and further to explore signals’ contribution in sleep scoring.  
 
Method: PSG recordings for sleep analysis were provided by the CAP dataset. A 
total of 6047 samples from 6 healthy subjects were analyzed. For each sample, 
four modalities of PSG signals, EEG, EOG, EMG and ECG, were employed to 
automate sleep scoring. To provide a comprehensive description of sleep signals, 
we extracted 232 features, covering statistical features, frequency features, time-
frequency features, nonlinear features and mutual information between two 
signals. Then, we adopted four feature selection methods and further compared 
their performance on feature selection. The adopted feature selection methods 
were ReliefF algorithm, improved distance-based evaluation methods (IDE), 
genetic algorithms (GA) and forward selection process (FSP). Five commonly 
used classifiers were applied to distinguish sleep samples, namely k-nearest 
neighbor classifier (KNN), binary decision tree (BDT), Naïve Bayes (NB), random 
forest (RF) and support vector machine (SVM). By comparing the performance of 
different feature selection methods and classifiers on the same dataset, we can 
find out the most suitable method for automatic sleep scoring, thereby providing 
a direction for the future research. After determining the suitable classification 
method for automatic sleep scoring, we further compared eight fusions of four 
signal modalities to elucidate signals’ contribution to sleep scoring. In addition, 
the most discriminative features of each signal modality were emphasized in the 
article to clarify the contribution of features. 
 
Main results: In terms of the employed CAP dataset, the best classifier, random 
forest, achieved the optimal consistency of 86.24% with manual scoring results. 
The optimal accuracy was reached by fusing multiple features from four signal 
modalities.  
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From the perspective of feature selection, four feature selection methods 
(ReliefF, IDE, GA, and FSP) gave different results, which might be attributed to 
their different evaluation criteria. For example, ReliefF used the distance to 
measure the similarity of features (Kononenko, Šimec, and Robnik-Šikonja 1997), 
while GA was a population-based technique (C. M. Fonseca and Fleming 1993). 
In order to evaluate the effectiveness of features, the selected features were fed 
into a random forest classifier one by one to evaluate its capability to distinguish 
sleep stages. FIGURE 6 presented the top twelve outcomes and their 

 
 
* 1-63: EEG features; 64-87: EOG features; 88-111: EMG features; 112-148: ECG features; 149-187: Coherence; 
188-226: Phase angles; 227-232: Mutual information. 

FIGURE 6 Selected features of different feature selection methods 
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FIGURE 7 Mean accuracy of 10-fold cross-validation from different signals’ fusions 
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corresponding classification accuracy. As can be seen from FIGURE 6, the EOG 
features (P: 80, spectral edge) and the EEG features (P: 9, zero crossings; P: 45, 
relative power spectral of theta wave; P: 63, Spectral entropy) appeared most 
frequently in feature selection results, indicating their stable performance in 
distinguishing sleep stages. The comparison results shown in FIGURE 6 
demonstrated that ReliefF obtained the best feature set since its elements showed 
the highest discrimination accuracy than other selectors. The top twelve features 
in the optimal feature set were respectively EEG features named zero-crossings, 
spectral edge, relative power spectral of theta, Petrosian fractal dimension, 
approximate entropy, permutation entropy and spectral entropy, and EOG 
features named spectral edge, approximate entropy, permutation entropy and 
spectral entropy, and the mutual information between EEG and submental EMG.  

In terms of signal modality, FIGURE 7 displayed the accuracy of different 
signal fusions. The single EEG signal only achieved a classification accuracy of 
77%. Nevertheless, the addition of some features from other signal modalities 
contributed to the enhancement of classification accuracy. As shown in FIGURE 
7, the fusion of two signals modalities significantly improved classification 
accuracy. Adding the third and the fourth signal types promoted classification 
accuracy to some extent. The slight improvement, produced by the addition of 
the fourth signal type, might be attributed to information saturation. However, 
the definitive conclusion still required further investigation. 
 
Contributions in the article 
Rui Yan built the methodology, conducted all experiments, and wrote the 
original draft.  

Chi Zhang, Karen Spruyt, Lili Tian and Xueqiao Li revised the manuscript. 
Lai Wei, Zhiqiang Wang, and Jihui Zhang provided clinical suggestions. 
Tapani Ristaniemi and Fengyu Cong supervised the whole research work. 

3.2 Study II 

Rui Yan, Fan Li, Xiaoyu Wang, Tapani Ristaniemi and Fengyu Cong. 2019. “An 
Automatic Sleep Scoring Toolbox: Multi-modality of Polysomnography Signals’ 
Processing.” In Proceedings of the 16th International Joint Conference on e-
Business and Telecommunications (ICETE 2019), pp. 301-309. DOI: 
10.5220/0007925503010309 

 
Objective: Sleep scoring is an essential but time-consuming process in any sleep 
laboratory. Even though many studies so far have been published in the field of 
automatic sleep scoring, the available software and toolbox are still limited. To 
speed up the process of sleep scoring without compromising classification 
accuracy, this paper aims to develop an automatic sleep scoring toolbox with the 
capability of multi-signal processing. 
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Method: Applying the graphical user interface (GUI) in MATLAB, we created an 
interactive interface to automate sleep scoring and to visualize sleep structure 
and sleep parameters. The proposed interface consisted of a training module to 
allow users to train their own models, an offline prediction module to predict 
sleep structure using a predefined model or a user-specified model, an online 
prediction module to monitor sleep state online, and several parameter panels. 
The interactive interface allowed users to select available signals and the number 
of sleep stages. Once the required parameters were set, the toolbox automatically 
performed the following processes: signal pre-processing, feature extraction, 
classifier training (or prediction) and result correction. After automatic analysis, 
the user interface displayed the predicted sleep structure, related sleep 
parameters and a sleep quality index for reference. To improve classification 
accuracy, a layer-wise classification strategy was proposed according to signals’ 
characteristics in sleep stages. In the correction step, context information was 
taken into consideration by applying a hidden Markov model to study transition 
rules of sleep stages. We employed 100 subjects from the SHHS dataset and 
applied 10-fold cross-validation to evaluate model performance on 100 subjects. 
 
Main results: By using the fusion of four modalities of PSG signals, the proposed 
toolbox achieved an average accuracy of 85.76% on 100 subjects, which exceeded 
the accepted benchmark𝐴𝑐𝑐 = 80% among trained human scorers (Danker-
Hopfe et al. 2009). In order to fully explore the performance of the proposed 
toolbox, we conducted a greedy search for several signal fusions referring to 
different sleep stages. The results were shown in FIGURE 8, where the columns 
denoted the mean accuracy of 100 subjects, and the bars represented the standard 
deviation. FIGURE 8 displayed four scoring configurations in different colours. 
For each scoring configurations, twelve signal fusions were analysed. The names 

 
*C: single-modality ECG; M: single-modality EMG; O: single-modality EOG; E: single-modality EEG; &: combination 
signals; 2 classes: wakefulness and sleep (W&S); 3 classes: wakefulness, non-rapid eye movement sleep and rapid eye 
movement sleep (W&NREM&REM); 4 classes: wakefulness, light sleep (containing N1 and N2), deep sleep (SWS) and rapid 
eye movement sleep (W&LS&DS &R); 5 classes: W, N1, N2, SWS and R. 

FIGURE 8 Classification accuracy for different signal fusions and target classes. 
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of fused signals were listed along X-axis in FIGURE 8 where signals’ names were 
shortened to their middle letter.  

FIGURE 8 depicted the uncertainty or variation of classification accuracy 
under each condition. Altogether, the richness of signal types contributed to the 
improvement of accuracy and the reduction of uncertainty, and the required 
signal types varied with the target number of sleep stages. More specifically, If 
sleep recordings were classified into two stages, namely wakefulness (W) and 
sleep (S), all considered signal fusions gave satisfactory results. As the number of 
sleep stages increased, there was a corresponding increase in required signals. 
For the common five-stage classification in sleep scoring, at least two signals from 
the same modality or different modalities could achieve an average accuracy that 
exceeded the accepted benchmark 𝐴𝑐𝑐 = 80%. 

In terms of signal modality, the signal fusions containing EEG signals 
produced higher classification accuracy, indicating a crucial role of EEG signals 
in sleep scoring. Moreover, the discriminative information provided by ECG and 
EMG signals was inferior to that from EEG and EOG signals. Nevertheless, that 
conclusion might suffer from suspicion about the number of features. In our 
experiments, there were two EOG channels, namely EOGR and EOGL, but only 
one EMG channel. That resulted in 102 EOG features, but only 41 EMG features. 
Insufficient description of the EMG signal might be partly responsible for the 
poor classification performance.  
 
Contributions in the article 
Rui Yan built the methodology, conducted all experiments, and wrote the 
original draft.  

Fan Li and Xiaoyu Wang provided suggestions for the construction of the 
proposed toolbox, and tested model performance. 

Tapani Ristaniemi and Fengyu Cong supervised the whole research work.  

3.3 Study III 

Rui Yan, Fan Li, Xiaoyu Wang, Tapani Ristaniemi and Fengyu Cong. 2020. 
"Automatic Sleep Scoring Toolbox and Its Application in Sleep Apnea." In: 
Obaidat M. (eds) E-Business and Telecommunications. ICETE 2019. 
Communications in Computer and Information Science, vol 1247, pp.256-275. 
Springer, Cham. DOI: 10.1007/978-3-030-52686-3_11 

 
Objective: In our previous research, we proposed a sleep scoring toolbox that 
can handle multiple signal modalities and automatically analyze sleep structure. 
Using 10-fold cross validation, the proposed toolbox achieved an average 
accuracy of 85.76% on 100 healthy subjects. However, in clinical applications, 
most sleep studies are conducted on patients with sleep problems. One of the 
most common sleep disorders in sleep medicine centers is sleep apnea, which is 
characterized by repetitive cessations of respiratory flow during sleep (Pagel and 
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Pandi-Perumal 2014). Therefore, the present article aims to extend the toolbox to 
patients with sleep apnea, and to further analyze the impact of sleep apnea 
severity on classification accuracy. 
 
Method: The research method was similar to our previous study, except that 
more non-statistical features were used to effectively track the morphological 
changes of signals. In addition, in order to speed up model training and reduce 
memory requirements, we abandoned the previous layer-wise classification 
strategy, but chose a single random forest classifier to conduct sleep scoring. We 
further evaluated the effectiveness of features extracted by the proposed toolbox. 
The random forest classifier can export feature importance, which was achieved 
by permuting the value of each feature to measure how much the permutation 
decreased model accuracy. In view of that random forest randomly selected 
feature subsets for each decision split, so each experiment was repeated 100 times 
to obtain statistical conclusions. The final importance of each feature was the 
average value of 100 tests. We further tested model performance on patients with 
sleep apnea to investigate the influence of sleep-disordered breathing on 
classification accuracy.  
 
Main results: Our model achieved classification accuracy of 86.7%, 86.1%, 82.1%, 
and 81.9% on healthy subjects and patients with mild, moderate, and severe 
sleep-disordered breathing, respectively. It should be noted that the model was 
trained on 100 subjects with normal sleep breathing, and thus did not contain any 

 

FIGURE 9 Top 15 features in distinguishing specific pair of sleep stages 
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information of patients with abnormal sleep breathing. Comparing the accuracy 
of different sample populations, we can get that the model performed slightly 
better on cases with normal breathing and mild apnea than on those with 
moderate and severe apnea. Nevertheless, even for patients with severe sleep-
disordered breathing, the proposed model provided acceptable per-epoch 
sensitivity and precision. The stable performance on all cases indicated good 
model transferability between healthy people and patients with sleep apnea. 

FIGURE 9 showed the top 15 features in the discrimination of each pair of 
sleep stages, where features were arranged in descending order of discriminative 
ability. FIGURE 9 indicated that the optimal feature subset was a fusion of 
statistical measures (e.g. Percentiles, Hjorth parameters, Zero-Crossing), spectral 
measures (e.g. spectral edge, power spectral density), entropy measures (e.g. 
spectral entropy), fractal measures (e.g. Petrosian fractal dimension) and 
nonlinear measures (e.g. mean curve length, The 4th Power). Moreover, FIGURE 
10 listed the distribution of feature importance when distinguishing each pair of 
sleep stages. What stood out in FIGURE 10 was that EEG features contributed to 
the discrimination of most stages, but they were weak in distinguishing stage 
pairs of N1-R and R-W which might be attributed to morphological similarity of 
EEG activity in these three sleep stages. EMG features showed good performance 
on the discrimination of R sleep and wakefulness, partly due to the conspicuous 
changes of EMG amplitude in stage R and stage W. ECG features exhibited their 
contribution in distinguishing stage pairs of N3-W, N2-W and R-W, indicating 
their good performance on the discrimination of wakefulness and sleep. 

To verify the validity of discriminative features showed in FIGURE 9, we 
visualized several features in FIGURE 11 (b). Comparing the feature’s value with 
raw PSG signals, it was easily to get that there was higher correlation between 
feature values and sleep stages. Moreover, the differences between sleep stages 
were highlighted at the feature level. This comparison in FIGURE 11 not only 

 
*EEG features (color: yellow); EOG features (color: green); EMG features (color: red); ECG features (color: blue); Mutual in-
formation (color: gray). Decreasing importance from left to right. 

FIGURE 10 Feature distributions for distinguishing each pair of sleep stages 
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illustrated the effectiveness of discriminative features, but also explained why 
machine learning methods could achieve accurate and stable results. 

 
Contributions in the article 
Rui Yan built the methodology, conducted all experiments, and wrote the 
original draft.  

Fan Li and Xiaoyu Wang provided suggestions for the construction of the 
proposed toolbox, and tested model performance. 

Tapani Ristaniemi and Fengyu Cong supervised the whole research work. 

3.4 Study IV 

Rui Yan, Fan Li, DongDong Zhou, Tapani Ristaniemi and Fengyu Cong. 2020. ” 
A Deep Learning Model for Automatic Sleep Scoring using Multimodality Time 
Series.” In 28th European Signal Processing Conference (EUSIPCO 2020). 5 pages. 
IEEE, Amsterdam, Netherlands. 

 
Objective: Automatic sleep scoring is crucial and urgent to help address the 
increasing unmet need for sleep research. In practical, due to different monitor 
devices and various experimental motivations, the recorded sleep signals are 
diverse, which result in channel mismatch in automatic sleep scoring. However, 
most of the automatic scoring methods published so far are based on human-
crafted features or designed for specific datasets. When these models are used in 
other datasets, task-specific modifications are required, which are difficult and 
even inefficient in practical applications. Therefore, to facilitate the application of 
automatic sleep scoring, this paper aims to develop an end-to-end CNN 
architecture that can handle various numbers of input channels and several 
signal modalities at the same time without changing any layers or hyper-
parameters across tasks.  

*P4: the 4th power; PFD: Petrosian fractal dimension; lgE: Log energy entropy; ZC: Zero-Crossings. 

FIGURE 11 Comparison of raw signals (a) and extracted features (b). 
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Method: The proposed architecture took multi-modality PSG signals as input 
without the calculation of spectrograms or hand-crafted features. In order to 
accommodate various numbers of input channels, the first convolution layer 
mapped the input into a virtual space with fixed dimensions, which was 
achieved by setting its activation function to a time-independent linear operation. 
It was followed by two integration blocks that included three components: a 
“squeeze and excitation” block to recalibrate channel-wise feature response, a 
convolution layer with a smaller filter size to capture local features and a 
convolution layer with the larger filter size to capture the big contextual features. 
The learnt representations were finally sent to the decision layer that was a fully-
connected layer with 5 units and was activated by a softmax function. The 
decision layer was responsible for providing evaluations of sleep stages. The 
network was trained by minimizing categorical cross-entropy. Model 
performance was evaluated using different signal fusions from two public sleep 
datasets.  

There were 100 recordings from the SHHS dataset, and each recording had 
6 available channels for analysis, namely C3-M2, C4-M1, EOGR, EOGL, EMG and 
ECG. We used 80 recordings for model training and the remaining 20 recordings 
for testing. For PSG data from the Sleep-EDF dataset, there were only three 
available channels Fpz-Cz, Pz-Oz and horizontal EOG. A total of 19 recordings 
were employed, and leave-one-out cross-validation was conducted to evaluate 
model performance on the Sleep-EDF dataset. 
 
Main results: Experimental results showed that our model achieved the overall 
accuracy of 85.2% and 85% on the datasets of SHHS and Sleep-EDF, respectively. 
Even though available channels, amplitude distributions and acquisition 
environments were significantly different between these two datasets, the 
proposed architecture obtained comparable results. This indicated that the 
proposed model could handle various numbers of input channels and several 
signal modalities from different datasets. 

By comparing the proposed model with state-of-the-art methods, we could 
conclude that the proposed approach not only achieved outstanding 
classification performance on both datasets, but also exhibited short runtime and 
low computational cost.  
 
Contributions in the article 
Rui Yan built the methodology, conducted all experiments, and wrote the 
original draft.  

Fan Li and Dongdong Zhou provided suggestions for the model structure 
and revised the manuscript. 

Tapani Ristaniemi and Fengyu Cong supervised the whole research work. 
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3.5 Study V 

Rui Yan, Fan Li, DongDong Zhou, Tapani Ristaniemi and Fengyu Cong. 
2020. ”Automatic Sleep Scoring: A Deep Learning Architecture for Multi-
modality Time Series.” Manuscript submitted to the Journal of Neuroscience 
Methods. 

 
Objective: Studies have found that the transitions among sleep stages are not a 
random process. This finding is consistent with the manual sleep scoring criteria. 
When sleep experts assign a sleep stage to sleep segments, they also check 
previous information and posterior information, as shown in TABLE 2. However, 
conventional classifiers and CNN architectures can only give their decisions 
based on information from the current stage, but can’t remember the context. 
Recurrent neural networks (RNN), especially the long short-term memory 
network (LSTM) units, have demonstrated their good performance in capturing 
temporal correlations of inputs. Therefore, we aim to develop a combination 
architecture of CNN and LSTM to fully exploit the current and context 
information from raw PSG recordings, thereby improving the performance of 
automatic sleep scoring. 
 
Method: The proposed model adopted two-dimensional convolution neural 
networks to automatically learn features from multi-modality PSG signals, a 
“squeeze and excitation” block to recalibrate channel-wise features, together 
with a long short-term memory unit to exploit long-range contextual relation. 
The learnt features were finally fed to a fully-connected layer activated by a 
softmax function to generate discrete predictions for each stage. The network was 
trained by minimizing categorical cross-entropy. 

The model performance was tested on three public datasets: the ISRUC 
dataset, the SHHS dataset and the Sleep-EDF dataset, of which the Sleep-EDF 
dataset consisted of healthy participants, the SHHS dataset containing near-
healthy subjects, and the ISRUC dataset covered healthy participants, patients 
with sleep disorders and patients under the effect of sleep medication. In 
addition, the age distributions, available channels, acquisition environments and 
scoring criteria of the three datasets were also different. For detailed information, 
please refer to Table 1 in the attached article [PV]. In the process of model 
evaluation, 5-fold cross validation was conducted on the SHHS dataset and the 
ISRUC dataset, while a leave-one-out classification strategy was applied on the 
Sleep-EDF dataset. 

 
Main results: For all tasks with different available channels, our model achieved 
outstanding performance on diverse participants, even those with complex sleep 
disturbances (SHHS: Accuracy-0.87, Kappa-0.81; ISRUC: Accuracy-0.86, Kappa-
0.82; Sleep-EDF: Accuracy-0.86, Kappa-0.81). The highest classification accuracy 
was achieved by a fusion of multiple PSG signals.  
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Comparing the results in article PIV and article PV, we can find that the 
addition of LSTM units enhanced classification accuracy and kappa value, but 
did not significantly increase model parameters. Moreover, the proposed model 
exhibited better performance and low computational cost compared to state-of-
the-art methods that used the same dataset. 

Given the rich available channels of the ISRUC dataset, we further studied 
how the electrode location and signal modality affected classification accuracy. 
FIGURE 12 displayed the mean value and the standard deviation of classification 
accuracy for each input configuration. In line with our conclusions in previous 
studies, FIGURE 12 showed that the addition of EEG signals or other PSG 
modalities were conducive to improving accuracy and reducing uncertainty. In 
terms of electrode locations, time series from the C4-M1 channel (shorted to C4 
in FIGURE 12) produced the best performance with the mean accuracy of 0.78 
and the standard deviation of 0.004. Time series from the O2-M1 channel 
(indicating by O2 in FIGURE 12) performed the worst, which might be attributed 
to the poor signal quality caused by uncomfortable electrode location. 

Model transferability was crucial for practical applications since a model 
with good transferability would save considerable training costs, both in training 
time and in training data. Therefore, we tested model transferability among three 
datasets. In terms of channel-matched cases, after the model was trained on the 
SHHS dataset, the trained model was directly tested on the ISRUC dataset. 
Experimental results showed that the direct prediction achieved moderate 
classification accuracy on the test dataset (Accuracy-0.73, Kappa-0.64), while fine-
tuning the trained model with 20% of test data could significantly improve 
classification accuracy (Accuracy-0.84, Kappa-0.79). In the case with channel 
mismatch, the fine-tuning strategy was necessary and resulted in a faster and 
smoother convergence curve compared to the model trained from scratch. In 
addition, classification performance improved by 1.6% on accuracy and 2.7% on 
kappa using the fine-tuning strategy.  

To summarize, the proposed architecture could handle various numbers of 
input channels and several signal modalities without changing model 
architecture or hyperparameters across tasks. Model generalization and model 

 

FIGURE 12 Classification accuracy for different signal fusions 
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transferability were evaluated among different datasets and disease populations. 
Due to the demonstrated versatility, the proposed method could be integrated 
with diverse polysomnography systems, thereby facilitating sleep monitoring in 
clinical or routine care. 
 
Contributions in the article 
Rui Yan built the methodology, conducted all experiments, and wrote the 
original draft.  

Fan Li and Dongdong Zhou provided suggestions for the model structure 
and revised the manuscript. 

Tapani Ristaniemi and Fengyu Cong supervised the whole research work. 



This research work contributes to the development of automatic sleep scoring. 
Sleep is a complex physiological process affected by biological and 
environmental factors, which makes automatic sleep scoring a challenge. This 
thesis approaches the challenge from three aspects. The first is to explore an 
optimal signal fusion by investigating how PSG signals affect the performance of 
automatic sleep scoring. The second is to explore the most effective features in 
distinguishing sleep stages, thereby revealing the underlying mechanism of 
automatic sleep scoring. The third is to develop automatic sleep scoring models 
with good transferability among different datasets and sample populations, 
thereby facilitating clinical applications. Thesis contributions are summarized 
below, followed by research limitations and future work prospects. 

4.1 Contributions 

The thesis provides insights into the reasoning behind automatic sleep scoring 
and further develops automatic sleep scoring models to facilitate practical 
applications. The detailed contributions are listed as follows. 

To reveal the underlying mechanism of automatic sleep scoring, first of all, 
we systematically explore the effect of PSG signals on scoring performance. 
Previous studies have shown that abundant signal modalities are conducive to 
the improvement of scoring accuracy, but up to a certain point (Chambon et al. 
2018; Krakovská and Mezeiová 2011; Šušmáková and Krakovská 2008). We share 
this view and add that the electrode position also impacts scoring accuracy. In 
terms of EEG electrodes, the central electrodes (C3 and C4) perform best in sleep 
scoring, followed by frontal electrodes (F3 and F4), and occipital electrodes (O1 
and O2) are the worst. The divergent performance may be associated with the 
excitation position of EEG patterns and the comfort of electrode locations. For 
signal modality, EEG signals help to recognize most stages. The EMG signals 
contribute to the discrimination of stage R. The addition of EOG and ECG signals 

4 DISCUSSION
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show an auxiliary effect on scoring, especially for distinguishing N1 and R stages 
that are difficult to classify using only EEG signals. Moreover, ECG signals show 
good performance to distinguish wakefulness from sleep (especially, stage N2, 
N3 and R). In summary, diverse signal modalities complement and reinforce 
each other, and thus jointly promote classification performance. 

Evidence from sleep physiology further supports the above conclusion. 
Regulation of the sleep-waking cycle is complex and involves diverse brain 
circuits (Pace-Schott and Hobson 2002). The collective triggering of brain circuits 
or regions produces rhythm waves (EEG activity). Due to functional diversity of 
brain area, the rhythm waves during sleep appear in different brain regions, such 
as alpha rhythm mostly appears in the occipital region and theta activity is often 
maximal over the central and temporal areas (Berry et al. 2016). Therefore, the 
electrode position is associated with the capture of rhythm waves, which in turn 
affects the scoring accuracy. In addition, the release of molecules is accompanied 
by the regulation of the sleep-waking cycle, leading to a series of changes in the 
muscles, eyes and cardiovascular system. Specifically, with the deepening of 
sleep, eye movements become gradually rare, muscles relax, and cardiovascular 
and respiratory behaviors slow down (Trinder et al. 2001). These provide 
theoretical foundations for multimodality signals to act together in sleep scoring. 

The exploration of a mass of features further demonstrates the above 
conclusion, since the elements in the optimal feature set come from multiple 
signal modalities. In terms of feature type, the top 15 discriminative features are 
a fusion of statistical measures (e.g. Percentiles, Hjorth parameters, Zero-
Crossing), spectral measures (e.g. spectral edge, power spectral density) and 
nonlinear measures (e.g. spectral entropy, Petrosian fractal dimension, mean 
curve length). By comparing the feature values in different sleep stages, we found 
that the most discriminative features have the following quality: capturing 
sudden changes of sleep stages, being robust to noise, and being sensitive to a 
certain rhythm wave. Nevertheless, a single feature is hard to achieve good 
classification accuracy, as shown in FIGURE 9 that diverse features exhibit their 
contribution in distinguishing sleep stages. Therefore, a compromise solution is 
to build a collection that covers multiple feature types. To the best of our 
knowledge, this thesis analyzes for the first time the features’ contribution in 
distinguishing stage pairs. This exploratory work helps us understand which 
signal and which feature contribute to the decision, thereby revealing the veil of 
automatic sleep scoring. This experimental conclusion helps us understand 
automatic scoring models and control them. 

This thesis also evaluates the influence of temporal context on classification 
performance by applying HMM for post-classification processing or using LSTM 
units in classification. We found that the addition of temporal context helps to 
the improvement of model performance, but the accuracy improvement of some 
stage comes at the expense of other stages. This conclusion can be drawn by 
comparing Table 4 in Paper IV and Paper V. The comparison shows that the 
addition of LSTM unit improves the accuracy of N1, N2 and R stages, while 
slightly decreases the accuracy of W and N3 stages. Some studies have claimed 
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that contextual input does not always lead to performance improvement, but it 
can improve the recognition of transitional stages (Chambon et al. 2018; Phan et 
al. 2019b). In addition, the length of temporal context is also an issue that needs 
to be quantified because too long temporal context might result in modelling 
ambiguity and a penalization of short stage changes (Chambon et al. 2018). 
Therefore, when HMM is used as a post-classification processing step, it is 
necessary to carefully select the number of hidden states, which is set to three in 
the attached Paper [III] (Esmael et al. 2012; Li et al. 2018). Besides, the HMM is a 
supplement to the classification model, but it cannot change model property. 
Instead, the LSTM unit is integrated into the classifier and affects model 
performance by adjusting weights and biases. Moreover, the LSTM unit 
implicitly remembers useful context information without hand-crafted 
adjustment. However, the visualization of LSTM units needs to be further 
explored. 

Based on the above research, we have developed two sets of automatic sleep 
scoring tools, one based on conventional classification methods and the other 
based on deep learning networks. These two models have the capability of 
multiple signal processing and can adapt to different input channels without 
changing model parameters. The advantage makes the model avoid cumbersome 
task-oriented adjustments to model architecture and parameters, thereby 
facilitating practical applications. In addition, the linked analysis of multiple 
signals is conducive to the exploitation of cross-modality information, so it has 
the potential to detect information that is not discoverable by any single modality. 
The model has achieved promising performance on subjects with different 
characteristics, not only on the healthy participants but even subjects with 
complex sleep disturbances. Due to the demonstrated availability and versatility, 
the proposed method can be integrated with diverse polysomnography systems, 
thereby facilitating sleep monitoring in clinical or routine care. 

4.2 Limitations and future research 

Even though our results are encouraging, our study still suffers from several 
limitations. One of them is that model performance may be affected by data 
attributes, but that is a common defect of machine learning. Since the proposed 
models learn from the training data, they might not perform well when severe 
difference exist in the test data and the training data. For example, a scoring 
model trained on healthy participants may not perform well in the prediction of 
patients’ sleep stages. In that case, fine-tuning the model with a small amount of 
test data can help to improve model performance. Besides, applying a huge 
training dataset can also compensate for this defect since a vast training data 
theoretically benefits to the improvement of model generalization. Therefore, a 
large and high-quality dataset is needed to further improve the generalizability 
of proposed models. 
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Secondly, the work involved in this thesis mainly focuses on healthy adults, 
although model performance has been verified on healthy participants and 
patients with sleep disorders. Given the complex and diverse clinical symptoms 
of suspected patients, it is necessary to test model generalizability on a large 
population with diverse sleep problems before taking models into clinical 
applications. 

Third, this research only contains sleep scoring. However, when sleep 
experts perform manual sleep scoring, they will score sleep stages and sleep 
events together, such as marking abnormal breath, abnormal muscle activity, and 
body movements. The scoring of sleep events plays an important role in the 
diagnosis of sleep diseases. For example, the number of apnea and hypopnea 
during sleep is required to diagnose sleep apnea syndrome, the number of 
periodic leg movements during sleep to diagnose periodic leg movement 
syndrome, and abnormal muscle activity in REM sleep is typical symptoms in 
the diagnosis of rapid eye movement behavior disorder. Therefore, the scoring 
of sleep events needs to be addressed if it is expected that automatic sleep scoring 
completely replaces manual scoring. Fortunately, deep learning networks based 
on big data provide an opportunity to score sleep stages and sleep events 
together. That may be an interesting topic for future research. 

The fourth is the visualization of the deep learning model. We have 
explored discriminative features for conventional classification methods and 
revealed underlying reasoning behind automatic sleep scoring. However, the 
deep learning model proposed in this thesis is still a black box for us, even though 
its good performance has been demonstrated and its layer outputs have been 
visualized. The visualization of deep learning model needs further exploration 
to verify which part of the input contributes to the final decisions and whether 
the features extracted automatically by deep learning model are consistent with 
hand-crafted features or manual scoring standards. This research is important to 
reveal the physiological mechanism of automatic scoring model based on deep 
learning networks, and it is also beneficial to understand and control deep 
learning models. 



This thesis has explored the reasoning behind automatic sleep scoring and 
further developed two sets of automatic sleep scoring tools with the capability of 
multiple signal processing. By exploring diverse fusions of PSG signals, in line 
with other scholars, I advocate the benefits of joint analysis of multiple PSG 
signals to improve classification accuracy, especially in complex practical 
applications. Different signal modalities complement each other, which is 
beneficial for mining interactive information that cannot be discovered in any 
single signal modality. 

Another part of the thesis, departing from a direct application of feature 
extraction for sleep scoring, attempts to find an end-to-end solution for automatic 
sleep scoring. Our research indicates that the input of raw PSG signals results in 
a robust and versatile model, thereby facilitating model applications under 
complex clinical conditions. The versatile models proposed in this thesis are 
capable to accommodate multi-channel and multi-modal signals, which might 
inspire the construction of cross-models in the field of automatic sleep scoring.  

This work contributes to addressing the growing unmet needs for sleep 
research by supplementing and extending previous studies on automatic sleep 
scoring. From a broader perspective, the proposed automatic sleep scoring 
methods facilitate sleep monitoring in clinical or routine care. The increasing 
monitoring of sleep health would promote personal wellbeing and even create 
economic and social benefits. 

 
  

5 CONCLUSION
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YHTEENVETO (SUMMARY IN FINNISH) 

Tässä väitöskirjassa on tutkittu automaattisten unen pisteytysmenetelmien taus-
talla olevaa mekanismia ja kehitetty edelleen kaksi automaattisten unen pistey-
tystyökalujen sarjaa, jotka kykenevät moninkertaiseen signaalinkäsittelyyn. Tut-
kimalla PSG-signaalien erilaisia fuusioita muiden tutkijoiden kanssa kannatan 
useiden PSG-signaalien yhteisen analyysin etuja luokitustarkkuuden paranta-
miseksi, erityisesti monimutkaisissa käytännön sovelluksissa. Eri signaalimoodit 
täydentävät toisiaan, mikä on hyödyllistä vuorovaikutteisen tiedon louhimiselle, 
jota ei voida löytää missään yksittäisessä signaalimoodaalissa. 

Opinnäytetyön toinen osa, joka poikkeaa ominaisuuksien poiminnan suo-
rasta soveltamisesta unen pisteytykseen, yrittää löytää päästä-päähän ratkaisun 
automaattiseen unen pisteytykseen. Tutkimus osoittaa, että raakojen PSG-sig-
naalien syöttö johtaa vankkaan ja monipuoliseen malliin, mikä helpottaa malliso-
velluksia monimutkaisissa kliinisissä olosuhteissa. Väitöskirjassa ehdotetut mo-
nipuoliset mallit pystyvät vastaanottamaan monikanava- ja multimodaaliset sig-
naalit, mikä saattaa inspiroida ristimallien rakentamista automaattisen unen pis-
teytyksen alalla. 

Tämä väitöskirja auttaa vastaamaan kasvaviin unentutkimustarpeisiin täy-
dentämällä ja laajentamalla aiempia automaattisia unipisteytyksiä koskevia tut-
kimuksia. Laajemmasta näkökulmasta ehdotetut automaattiset unen pisteytys-
menetelmät helpottavat unen seurantaa kliinisessä tai rutiinihoidossa. Unen ter-
veyden lisääntyvä seuranta edistäisi henkilökohtaista hyvinvointia ja jopa luo ta-
loudellisia ja sosiaalisia etuja. 
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Objective:  The  study  aims to develop an  automatic  sleep  scoring  method by fusing  different polysomnog-

raphy  (PSG) signals and  further  to investigate PSG signals’  contribution  to the scoring  result.

Methods:  Eight  combinations  of  four  modalities  of PSG signals,  namely  electroencephalogram  (EEG),  elec-

trooculogram  (EOG), electromyogram (EMG),  and  electrocardiogram (ECG) were considered to  find the

optimal  fusion of PSG signals. A total  of 232  features,  covering  statistical  characters,  frequency  characters,

time-frequency  characters,  fractal characters,  entropy  characters  and nonlinear  characters,  were derived

from  these  PSG signals. To select  the optimal features for  each signal fusion,  four widely used feature

selection  methods  were compared.  At  the classification  stage,  five different classifiers  were employed  to

evaluate  the  validity  of the features  and to classify sleep  stages.

Results:  For  the  database  in the present study,  the best  classifier,  random  forest,  realized the  optimal

consistency  of 86.24% with the sleep macrostructures  scored  by  the  technologists  trained  at  the Sleep

Center. The  optimal accuracy  was achieved  by fusing four modalities  of PSG signals. Specifically, the top

twelve features  in  the optimal feature  set  were respectively EEG  features  named  zero-crossings,  spectral

edge,  relative  power spectral  of theta, Petrosian fractal  dimension,  approximate entropy,  permutation

entropy  and spectral entropy,  and  EOG features  named  spectral  edge, approximate  entropy,  permutation

entropy  and  spectral  entropy, and the mutual  information  between EEG  and  submental EMG. In  addition,

ECG  features  (e.g. Petrosian fractal  dimension,  zero-crossings,  mean  value of R  amplitude and  permutation

entropy)  were  useful for the discrimination among W, S1 and  R.

Conclusions:  Through  exploring  the different  fusions  of multi-modality  signals, the present  study  con-

cluded  that the multi-modality  of PSG  signals’  fusion  contributed  to  higher accuracy,  and the optimal

feature  set was a  fusion  of multiple  types  of features.  Besides,  compared  with  manual scoring,  the pro-

posed  automatic scoring  methods were  cost-effective, which would alleviate  the  burden of  the physicians,

speed  up  sleep  scoring,  and  expedite  sleep  research.

©  2018 The  Author(s).  Published  by  Elsevier  Ltd.  This  is an  open  access  article under  the CC BY-NC-ND

license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Sleep covers almost one-third of the human lifespan [1]. Ade-

quate and high-quality sleep is vital to our physical and mental

∗ Corresponding author.
∗∗ Corresponding author at: School of Biomedical Engineering, Faculty of Electronic

Information and Electrical Engineering, Dalian University of Technology, 116024,

Dalian, China.

E-mail addresses: jihui.zhang@cuhk.edu.hk (J. Zhang), cong@dlut.edu.cn

(F. Cong).

well-being [2]. To study sleep dynamic, Rechtschaffen and Kales [3]

introduced rules for labelling each sleep segment of 30 s  as wake-

fulness (W), NREM stage (S1, S2, S3, or  S4)  or REM stage (R). Each

sleep stage has a certain proportion and plays a vital role in the  recu-

peration of living organisms. Studies have found that the distortion

of sleep structure could lead to catastrophic outcomes. For exam-

ple, REM disturbance slows down the perceptual skill improvement

[4], deprivation of slow wave sleep is associated with Alzheimer’s

disease [5], insufficient sleep duration has detrimental effects on

metabolic health [6], etc. Therefore, assessing sleep behavior and

analyzing sleep structure are crucial in clinical applications.

https://doi.org/10.1016/j.bspc.2018.10.001

1746-8094/© 2018 The Author(s). Published by Elsevier Ltd. This is an  open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/

4.0/).
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A golden tool for quantitatively assessing sleep is  PSG test

that records simultaneously tens of physiological signals contain-

ing EEG, EOG, EMG, ECG, etc. Generally, according to the rules of

Rechtschaffen & Kales (R&K) [3]  and the recently updated Amer-

ican Academy of  Sleep Medicine rules (AASM) [7],  these PSG

recordings are scored mutually by at least one registered sleep

technologist (RST) to get  the sequence of sleep stages. However,

the manual scoring process is  rather time-consuming [8] and

subjective to some extent [9,10]. By contrast, automatic sleep

scoring has shown advantages of  cost-effective and preferable

scoring performance. According to signal types employed in pre-

vious researches, these scoring methods can be divided into two

categories, single-modality processing and multi-modality pro-

cessing.

Single-modality scoring methods mainly based on  EEG since

EEG signals contained valuable and interpretable information

resembling brain activities. Ş en et al.  [11]  extracted 41 param-

eters from channel C3-A2 achieving a classification accuracy of

97.03%, which was fairly high among other related studies. How-

ever, as Diykh et al.  [12] claimed, it was challenging to achieve

such high accuracy. Instead of  traditional linear features, Liang

et al. [13] employed multiscale entropy and autoregressive mod-

els for single-channel EEG and obtained a good performance.

Another new attempt appeared in Dimitriadis and his colleagues’

study [14], in which sleep stages were evaluated by calculat-

ing cross-frequency coupling of  predefined frequency pairs. In

addition, to improve the performance of automatic sleep scor-

ing, multiple EEG channels were investigated in existing studies.

By fusing joint collaborative representation and joint sparse rep-

resentation algorithms [15], a two-stage multi-view learning

algorithm was constructed achieving a mean scoring accuracy of

81.10 ± 0.15%.

According to the R&K rules, multi-modality of  signals (such as

EEG, EOG and EMG) were required for technologists to score sleep

stages. Therefore, numerous studies considered multiple PSG sig-

nals. In Estrada et al.’s research [16],  it concluded that EOG and

EMG served as an  important switching index of different sleep

stages. In addition, using EEG, EMG  and EOG recordings of five

healthy subjects, Özş en [17] developed five different artificial neu-

ral network architectures to train each sleep stage separately. This

separation of training procedure exhibited its superiority as Özş en

claimed. Similarly, the multiple classifiers were used in Zhang

and his colleagues’ study [18] which achieved a high accuracy of

91.31%.

In previous studies, ECG signals, as vital physiological mea-

sures, were mainly used in home sleep monitoring systems [19–21].

To our knowledge, very limited articles explored it together with

EEG, EOG and EMG  in automatic sleep scoring algorithms. In

Šušmáková and Krakovská’s study [22], ECG was  considered to

be negligible compared with EEG, EOG and EMG. By extract-

ing 74 measures from the signals of  EEG, EMG, EOG and ECG,

Krakovská and Mezeiová [23] found the ECG feature named zero-

crossing rate performed well in automatic sleep scoring, but was

still inferior to those from the other three signals. Whereas, four

distance-based ECG features, related to the similarity of  a base-

line ECG epoch to the rest of  epochs, were considered important

in Gharbali et al.’s study [24]. Therefore, new evidence is  needed

to clear the PSG signals’ contribution to automatic sleep scor-

ing.

Based on the above issues, the present study aims to develop

a multi-modality sleep scoring method and to detect PSG signals’

contribution to sleep scoring. Besides, different feature selectors

and classifiers are compared to provide a reference for future stud-

ies in this area. The main contributions of this work are presented

as following:

Table 1
Distribution of sleep stages on dataset.

Sleep stages W  R S1 S2 S3 S4 Total

Number of epochs 449 1405 280 2162 570 1181 6047

1 Developing an automatic sleep scoring method by fusing four

modalities of  PSG signals,

2 Analyzing four types of PSG signals’ contribution to distinguish-

ing sleep stages,

3 Comparing the performance of  different signals’ fusions in sleep

scoring,

4 Evaluating the discrimination ability of the optimal features

selected from different signals’ fusions,

5 Assessing the effect of different feature selectors and classifiers.

The article is organized as follows. Section 2 explains the details

of experimental data and methodology of  this study, together with

a brief description of feature selection methods and classifiers

employed in this study. Section 3 demonstrates the performance

of proposed method, different feature selectors and classifiers. Sec-

tion 4 provides discussions of results and limitations of  this study.

Finally, Section 5 gives conclusions of  this paper.

2. Methodology

2.1. Data description

All-night PSG sleep recordings were provided by PhysioBank

[25] (The CAP Sleep Database [26]). The CAP Sleep Database was

a collection of 108 polysomnographic recordings registered at the

Sleep Disorders Center of the Ospedale Maggiore of Parma, Italy,

which included EEG channels, EOG channels, submental EMG chan-

nel and other electrophysiological signals. A detailed description

and definition of CAP Sleep Database was  given in Terzano et al.’

s study [27]. In the present study, four  types of  PSG signals (EEG,

EOG, EMG  and ECG) were required. However, these measurements

were not  contained in each recording of the database. Given that,

a total number of  6 healthy subjects that contained requisite four

types of PSG signals were selected. The total duration of  all record-

ings combined was 50 h, 33 min  and 30 s with 8.5 h’ average sleep

time for each subject. The age of subjects ranged from 23 to 37

years, with a mean of  32 years and a standard deviation of 5.4

years.

For each overnight sleep recording, a traditional hypnogram fol-

lowed the R&K rules was  available, which represented the  manual

classification of sleep stages by the experts on 30 s  non-overlapping

segments. The hypnograms were used as a reference to evalu-

ate automatic classification results. For  each subject, the following

four modalities of signals were analyzed: one EEG channel (C4,

referred to the left mastoids A1  following the 10–20 interna-

tional electrode placement system), one relative EOG channel (ROC,

referred to LOC), one submental EMG  channel and  one ECG chan-

nel.

All signals were sampled or resampled to 512 Hz. In order to

remove noise and artifacts, a notch filter at 50 Hz, a high-pass fil-

ter with a cut-off frequency of 0.3 Hz and a low-pass filter with

a cut-off frequency of 30 Hz were applied to the signals of EEG,

EOG and ECG [26]. In terms of EMG, a notch filter at 50 Hz, a

high-pass filter with a cut-off frequency of 10 Hz and  a low-pass

filter with a cut-off frequency of 75 Hz were performed [22]. After-

wards, all the signals were divided into 30-second epochs, each

epoch corresponding to a single sleep stage in hypnogram. Table 1

presented the distribution of sleep stages in the present data

set.
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Table  2
List of features from EEG signal.

P Feature P  Feature P  Feature P  Feature

1 minV 11 The 25th percentile 37 Power spectral density 61 Approximate entropy

2  maxV 12 The 50th percentile 38 Spectral edge 62 Permutation entropy

3  SD 13 The 75th percentile 39-42 Absolute power spectral 63 Spectral entropy

4  Mean 14 The 90th percentile 43-46 Relative power spectral

5  Variance 15 HA 47-55 Power ratios

6  Skewness 16 HM 56 PFD

7  Kurtosis 17 HC 57 Mean teager energy

8  Median 18-20 AR coefficients for EEG epoch 58 Energy

9  ZCs 21-32 AR coefficients for rhythm waves 59 Mean curve length

10  The 5th percentile 33-36 Energy for rhythm waves 60 Hurst exponent

Table 3
List of features from EOG signal.

P Features P Features P  Features

64 minV 74 HM 86 Spectral entropy

65  maxV 75 HC 87 Permutation entropy

66  Mean 76-78 AR coefficients

67  SD 79 Power spectral density

68  Variance 80 Spectral edge

69 Skewness 81 PFD

70 Kurtosis 82 Hurst exponent

71 Median 83 Energy

72 ZCs 84 Mean teager energy

73  HA 85 Approximate entropy

Table 4
List of features from EMG  signal.

P Features P Features P  Features

88 minV 98 HM 110 Spectral entropy

89  maxV 99 HC 111 Permutation entropy

90  Mean 100-102 AR coefficients

91 SD 103 Power spectral density

92  Variance 104 Spectral edge

93  Skewness 105 PFD

94 Kurtosis 106 Hurst exponent

95  Median 107 Energy

96 ZCs 108 Mean teager energy

97  HA 109 Approximate entropy

2.2. Methodology and algorithm description

A total of 232 features from 7 different categories (time,

frequency, time-frequency, fractal, entropy, nonlinearity and

mutual-based features) are extracted in the feature extraction

phase. The following section introduces the details of  feature

extraction methods. All the features and their corresponding ori-

gins are listed in Tables 2–5.

2.2.1. Time domain features

Statistical parameters, containing minimum value (minV), max-

imum value (maxV), standard deviation (SD), arithmetic mean

(Mean), variance, skewness, kurtosis and median are derived from

the segments of EEG, EOG, EMG  and ECG. These statistical param-

eters are good indicators of the amplitude and distribution of  time

series. Details of these computations can be found in Ş en et al.’s

research [11].

Hjorth parameters (i.e., activity, mobility and complexity) are

often used in the analysis of  EEG signals [28]. In this article, they

are derived from the segments of  EEG, EOG, EMG and ECG.Hjorth

activity:

HA =  �2
0 (1)

Hjorth mobility:

HM = �1/�0 (2)

Hjorth complexity:

HC = �2/�1

�1/�0
(3)

where �0, �1 and �2 respectively denote the standard value of  time

series xn, its first derivative ẋn, and its second derivative ẍn.

AR coefficients, encoding a signal into several coefficients, are

capable of undermining time-domain dynamics of signals which

cannot be revealed by other features [29]. The following equation

illustrates an AR  model.

x (n) =  −
p∑

i=1

aix (n − i)+ e (n) (4)

where x (n) is a time series, ai denoting AR coefficients, and e (n)

indicates prediction error. In the present study, only  the first three

coefficients were considered.

Zero-crossings is a time-based feature widely used in electronics,

mathematics, image processing and signal processing [11]. Zero-

crossings is  an indicator of  signal’s noise ratio.

(xn−1 <  0 & xn > 0) ‖ (xn−1 >  0 & xn < 0) ‖ (xn−1 /= 0 & xn == 0) (5)

Percentile analysis provides information about the distribution

of signal’s amplitude, which is  helpful to the discernment of sleep

stages. The 5th, 25th, 50th, 75th and 95th percentiles of signal’s

amplitude are calculated in this study.

Table 5
List of features from ECG signal.

P Feature P  Feature P Feature P  Feature

112 Energy 124 Petrosian Fractal dimension 134 Mean RRIs 144 MAD  of detrended RRIs changes

113  The 4th order power 125 ZCs 135 Median RRIs 145 SD of RRIs difference

114  Curve length 126 HA 136 Mean detrended RRIs 146 Approximate entropy

115  Mean teager energy 127 HM 137 Standard deviation of RRIs 147 Permutation entropy

116-118  AR coefficients 128 HC 138 Difference between Max and Min  RRIs 148 Spectral entropy of RRIs

119  Power spectral density 129 Mean of Ramp 139 Inter-quartile range

120  Spectral edge 130 SD of Ramp 140 Mean absolute deviation (MAD)

121  Mean-PSD 131 Mean HR 141 RMS of RRIs changes

122  Median-PSD 132 Mean detrend HR changes 142 Mean of RRIs changes

123  Spectral entropy 133 Mean nondetrend HR changes 143 MAD  of nondetrended RRIs changes
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2.2.2. Frequency and time-frequency features

Power spectral density:  Each epoch is segmented into fifteen non-

overlapping parts (1024 points each) by hamming window. Then,

the fifteen vectors are zero-padded to the length of 2048 points,

respectively. The final spectral density is  achieved by averaging

spectral densities of the fifteen segments [22].

Spectral edge is  defined as the frequency corresponding to 90%

of the total spectral power [30]:

edge∑

f = fmin

P (f ) = 0.9

30Hz∑

f = fmin

P (f ) (6)

where fmin is  0.3 Hz in terms of EEG, EOG and ECG, and 10 Hz in

EMG.

Absolute and relative spectral power are obtained from four fre-

quency bands of EEG, namely, 0.3–4 Hz (delta), 4–8 Hz (theta),

8–16 Hz (alpha) and 16–30 Hz (beta). Here, maximum overlap dis-

crete wavelet is employed to decompose EEG signals. Afterwards,

power spectral density is  calculated within each frequency band.

Then the relative spectral power is  defined as the ratio of  spec-

tral power within the specific frequency band to the total spectral

power. The total spectral powers of EEG, EOG and ECG signals are

computed within the range of 0.3–30 Hz. Whereas, the total spec-

tral power of EMG  is calculated within the range of 10–30 Hz.

Power ratios are computed based on relative spectral powers

in aforementioned frequency bands. The following power ratios

are computed: delta/theta, delta/alpha, delta/beta, theta/alpha,

theta/beta, alpha/beta, alpha/(theta +  delta), delta/(theta + alpha)

and theta/(beta + delta).

2.2.3. Nonlinear-based features

Energy is deemed as a reliable indicator to discern different

activities of sleep stages [11]. It  is defined as,

E =
N∑

n=1

x (n)2 (7)

where x (n) is time series, and N denotes the length of time series.

Mean teager energy (MTE) is a non-linear operator that can effec-

tively track the energy of  signals. It can be derived by the following

formula [31],

MTE  = 1

N

N∑

n=3

(
x (n  − 1)2 − x (n) x (n  −  2)

)
(8)

where x (n) is time series, and N denotes the length of time series.

Mean curve length (MCL) was proposed by Esteller et al. [32] to

provide an estimation of Katz fractal dimension. It  is  widely used

in the identification of  EEG signals’ activities [11]. MCL  is  defined

as

MCL  = 1

N

k∑

n=2

∣∣x (n)− x (n  − 1)
∣∣ (9)

where x (n) is time series, N denoting the length of time series, and

k is the last sample in the epoch.

Hurst exponent is used in time series analysis to present non-

stationary or antistatic signal states observed in sleep [33]. It is

defined as

H = log
(

R/S
)

/log(T) (10)

where T is the duration of the time series, R/S the value of rescaled

range, R the difference between maximal and minimal “accumu-

lated” values, and S is the standard deviation of observed series

x (n) [34].

2.2.4. Fractal feature

Fractal dimension is a chaotic parameter elucidating the com-

plexity of signals. Petrosian fractal dimension (PFD) facilitates the

rapid calculation of  fractal dimension [11]. The rapid calculation is

achieved through transforming the signal into a binary sequence.

It can be estimated by the following formula,

PFD = log10N/
(

log10N + log10

(
N/ (N + 0.4N�)

))
(11)

where N is  the length of  time series, and N� is  the number of sign

changes in the signal derivative.

2.2.5. Entropy-based features

Approximate entropy (ApEn) is a measure used to quantify the

unpredictability or randomness of signals. It has been reported that

the mean value of approximate entropy changed significantly with

different sleep stages[33].

Permutation entropy (Pen) is  a complexity measure of time series

based on comparing neighboring values [11]. More details of  this

measure can be found in Liu and Wang’s study [35].

Spectral entropy is computed based on  the relative power spec-

tral density Pref [22]. It is  defined as

SEN = 1

ln (N)

30Hz∑

f  = fmin

Pref (f ) ln
(

Pref (f )
)

(12)

where N is  the length of  time series, and fmin is set as 0.3 Hz  in terms

of EEG, EOG and ECG signals, and 10 Hz  of EMG.

2.2.6. Mutual-based features

To evaluate the relationship between two signals, the spec-

tral coherence and phase angle are computed between every two

epochs from four modalities of signals. To elaborate frequency

bands, aforementioned four frequency bands (0.3–4 Hz, 4–8 Hz,

8–16 Hz and  16–30 Hz) are further divided as following: 0.3–2 Hz,

2–4 Hz, 4–6 Hz, 6–8 Hz, 8–10 Hz, 10–12 Hz, 12–14 Hz, 14–16 Hz and

16–30 Hz. For EMG  signals, spectral measures are only computed

in frequency bands higher than 10 Hz because a high-pass filter

is used in the pre-processing stage. More details about coherence

and phase angle can be found in Šušmákovác and  Krakovská’s study

[22].

Mutual information that measures the mutual dependence of

two variables is  derived from the signals of  EEG, EOG, EMG  and

ECG. It is calculated based on  marginal entropy and joint entropy

of  two variables. The definition of  mutual information can be found

in Šušmákovác and Krakovská’s study [22].

2.2.7. Heart-beat related features

To extract heartbeat-related features, RR intervals (RRI, the time

interval between consecutive heartbeats or  R peaks) are required.

In order to highlight R wave, the median filters of 200 ms and

600 ms  are used to ECG epochs successively. In the present study,

Pan and Tompkins’ QRS detector [36]  is  employed to locate R peaks.

Then, the amplitude of R waves, heart rates, RR intervals and the

change of RR intervals are calculated. A total of  37 features are

extracted from ECG segments, a detailed description of these mea-

sures which can be found in Noviyanto et al.’s study [37].

2.3. Feature normalization and selection

2.3.1. Feature normalization

After all features extracted, a feature set, with the dimension of

6047 × 232 for four modalities of PSG signals’ fusion, is achieved. In

order to balance numerical ranges and to avoid numerical difficul-
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ties in classification, each feature is  separately normalized to [0, 1]

by the following formula,

p̄i,j =
[
pi,j − min

(
p:,j

)]
/
[
max

(
p:,j

)
− min

(
p:,j

)]
(13)

where pj denotes a vector of each independent feature, and pi,j is

an element in the jth feature vector.

2.3.2. Feature selection methods

Feature selection is  a process of selecting an  effective sub-

set from canonical features to reduce dimension, shorten training

time and simplify learning model. Feature selection methods are

highly dependent on  their defined objective function that heavily

influences selection results. Therefore, to find the most discrim-

inative features, four different feature selectors are considered

in the present article. The employed feature selectors are Reli-

efF algorithm, improved distance-based evaluation methods (IDE),

genetic algorithms (GA) and forward selection process (FSP). A brief

description of these methods is  provided below.

ReliefF is a supervised feature-weighting algorithm of the filter

model that searches for the nearest neighbors of instances from dif-

ferent classes. ReliefF weights features according to how  well they

differentiate instances of  different classes [38]. ReliefF is robust

and also able to deal with incomplete and noisy data [39]. There-

fore, ReliefF, as a widely used feature selector in the multi-modality

analysis, is employed as a prime selector in the present study.

Improved distance-based evaluation methods (IDE) was  devel-

oped by Lei et al.  [40]. The method is  especially useful in feature

selection for the purpose of classification. It  grades features

between [0, 1] in where a higher value indicates a higher discrimi-

native capability. The discriminative feature set can be selected by

setting a threshold for graded results. IDE method has the advan-

tage of simplicity and reliability as other distance-based feature

selectors.

Genetic algorithms (GA) is  a population-based technique. Instead

of single potential solutions, it uses a population of potential

solutions. That strategy is  particularly suitable for multi-objective

optimization. GA has motivated an increasing number of applica-

tions in engineering and related fields due to its capability of  finding

global optima and solving discontinuity and noise problems [41].

Forward selection process (FSP) is  the simplest method among

sequential strategies. It is  a greedy search algorithm that deter-

mines iteratively the effective feature subset by adding one feature

per iteration, on  the condition that the newly added feature

increases the value of  objective function [42]. Once the termina-

tion condition is  satisfied, the selected number of features, which

reaches the lowest error at the first time, will be  chosen as the

dimension of optimal features set [43]. The main drawback of the

sequential approach is  that it gravitates toward local minima due

to the inability to re-evaluate the effectiveness of  features. Once

a feature is added or discarded from the final set of  features, the

results would be irreversible.

2.4. Classification

In order to capture characters of  sleep stages and to predict new

instances, five different classifiers are employed, namely k-nearest

neighbor classifier (KNN), binary decision tree (BDT), naive Bayes

(NB), random forest (RF) and support vector machine (SVM). Their

performances are compared to ascertain the optimal classifier for

automatic sleep scoring. Introduction of  these classifiers is given in

the following.

K-nearest neighbor classifier (KNN) is  a nonparametric classifica-

tion approach. It has been pervasively used in the fields of science

and engineering as a benchmark classifier due to its robust perfor-

mance [18]. An instance is classified based on the majority votes of

its closest training neighbors. The number of closest training neigh-

bors k is crucial for classification results. Generally, the increasing

of k value would attenuate the noise effect in the classification,

whereas it would also obscure the boundaries between classes. In

the present study, different k values are examined. It turns out

k = 5 is the best choice. A peculiarity of  the KNN algorithm is  its

sensitivity to the local structure of data, especially when the class

distribution is  skewed.

Binary decision tree (BDT) is a decision-support tool that used a

tree-like graph or  model of  decisions. It  takes booleans as inputs

and produces booleans as output. Due to its simplicity and ease

of understanding, BDT is  widely used in classification, data mining

and  machine learning [44]. It  adopts multi-stages or consecutive

approaches in the classification procedure. Trees are generated at

the first stage of classification. At the second stage, the test sam-

ple is  discriminated from the root node to the child node with

higher probability. The process is  recursively executed until the

sample is assigned to the leaf node corresponding to a specific

category. The defect of the BDT algorithm is that it is  sensitive to

noise.

Naive Bayes (NB) is a probabilistic classifier based on Bayes the-

orem (from Bayesian statistics) with strong (naive) independence

assumptions between features. It assumes that the presence (or

absence) of  a particular feature of  a class is  unrelated to the  pres-

ence (or absence) of  any other feature [45]. Naive Bayes classifier

is highly scalable, which requires a linear relationship between

the number of  instances and the number features. Maximum-

likelihood training, one of  the probability model of Naive Bayes

classifiers, evaluates a closed-form expression that requires lin-

ear time, rather than expensive iterative approximation used in

other classifiers. An advantage of NB is  that it requires only a small

number of  training data to weight the importance of parameters in

classification.

Random forest (RF) is an ensemble learning method for classi-

fication. It constructs a multitude of trees at the training period,

and the final classification results achieved by the most votes in

the forest [1]. The training algorithm of  random forest applies the

general technique of bootstrap aggregating which selects random

instances with replacement from the training set. The bootstrap-

ping procedure ensures that even though a single tree’s decision

is  highly sensitive to noise, the average decision of  multiple trees

would not be influenced, as long as these trees are not corre-

lated.

Support vector machine (SVM) is  a supervised method with

associated learning algorithms [46]. Generally, SVM implicitly

constructs a hyperplane or  a set of  hyperplanes in a high- or infinite-

dimensional space for its inputs in terms of  kernel function. A

satisfactory separation is  often achieved in the hyperplane with

the  largest distance to the nearest training data point (so-called

functional margin). The distance of functional margin negatively

correlates with classifier’s error rate. Compared with other types of

tree algorithms, SVM is  capable of classifying complicated problems

via different kernels. The main advantage of SVM is  its predominant

generalization capability in statistical learning.

3.  Performance assessment

For a given set of  features, the following 10-fold cross-validation

procedure was performed:

1 All samples were randomly divided into ten equal sized subsets.

2 In ten subsets, a single subset was  retained as test data, and the

remaining nine subsets were used as training data.

3 The cross-validation process was then repeated ten times, with

each of ten subsets used exactly once as the test data.
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Fig. 1. Selected features of different feature selection methods.

*  1-63: EEG features; 64-87: EOG features; 88-111: EMG features; 112-148: ECG features; 149-187: Coherence; 188-226: Phase angles; 227-232: Mutual information.

All assessment indexes were calculated based on the total

results of 10-fold cross-validation. The following indexes used to

evaluate the performance of  the proposed methods.

Accuracy which indicates the fraction of  the total number of

correct detections in the sleep scoring. It  is defined as,

Acc = TP + TN

TP + FN + FP + TN
(%) (14)

where, TP,  TN, FP and  FN respectively denote true positives, true

negatives, false positives and false negatives [11].

Sensitivity which represents the fraction of  positive epochs that

are correctly identified by the algorithm [11].

Sen = TP

TP + FN
(%) (15)

Specificity which denotes the fraction of  corresponding negative

epochs being correctly rejected [11].

Spe = TN

FP + TN
(%) (16)

Positive predictive value which is  the fraction of correct detec-

tions of positive epochs with respect to the total number of  positive

epochs [11].

Ppv = TP

TP + FP
(%) (17)

As described above, a total of 232 features were extracted from

the signals of  EEG, EOG, EMG  and ECG. After normalization, these

features were fed into four different feature selectors in order to

pick out discriminative features. Section 3.1  compared the perfor-

mance of different feature selectors. In Section 3.2, five different

classifiers were compared to ascertain the optimal one for auto-

matic sleep scoring. In Section 3.3, different signals’ fusions were

compared to explore PSG signals’ contribution and to highlight

discriminative features of  different signals’ fusions. Detailed com-

parative analysis was provided below.

3.1. Performance evaluation of  different feature selectors

In order to determine the effective feature selector, a grid search

was carried out in terms of the results obtained from four fea-

ture selectors (ReliefF, IDE, GA and  FSP). The features, selected by

feature selectors, were fed into RF classifier one by one to eval-

uate its capability of distinguishing sleep stages. The top twelve

outcomes and its corresponding classification accuracy were dis-

played in Fig. 1.  As Fig. 1 described, the EOG feature named spectral

Fig. 2. Mean value of 10-fold cross-validation for specific feature selector.

edge (P: 80; Acc.: 55.88%) achieved the highest accuracy that indi-

cated its  outstanding capability of  distinguishing sleep stages. The

comparison results (showed in Fig. 1) demonstrated that the opti-

mal  feature set was obtained by ReliefF, since its elements showed

higher discriminative accuracy than those from other selectors.

The top twelve features in the optimal feature set were respec-

tively EEG features named zero-crossings, spectral edge, relative

power spectral of theta, Petrosian fractal dimension, approximate

entropy, permutation entropy and spectral entropy, and EOG fea-

tures named spectral edge, approximate entropy, permutation

entropy and spectral entropy, and the mutual information between

EEG and submental EMG. The fact that most of discriminative

features were generated from EEG and EOG signals revealed its

indispensable role in automatic sleep scoring.

Fig. 2 showed the mean classification accuracy of  10-fold cross-

validation corresponding to the numbers of features from four

feature selectors. As can be seen from Fig. 2, the automatic sleep

analysis required at least four or  five features. Meanwhile, an

increasing number of features would contribute to classification

accuracy. Fig. 2 also revealed that GA, SFP and ReliefF achieved a

higher classification accuracy at the initial phase that meant they

could select the most discriminative features in the first several

steps. However, GA and SFP showed a clumsy increasing of accuracy

when the number of  features exceeded 20. On the contrary, ReliefF

showed sustained growth, and its  performance was more stable

after the number of  features exceeded 60. Based on the results
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Table  6
Performance of the proposed method for various feature selection methods and

classifier.

Classifiers
Feature selection methods

ReliefF IDE GA FSP

KNN 85.26% 82.69% 81.97% 81.41%

Tree  77.08% 76.25% 75.67% 74.93%

Bayes  64.51% 56.95% 70.49% 74.48%

RF  86.24% 85.29% 84.74% 85.17%

SVM  83.00% 82.37% 78.39% 80.73%

Num.Feature 56 70 20 20

of Fig. 1 and Fig. 2, ReliefF was chosen as a predominant feature

selector in the following experiments.

3.2. Evaluation of different classifiers

After the optimal feature selector determined, the perfor-

mance of different classifiers was evaluated in this section.

Table 6 depicted the mean classification accuracy of  10-fold cross-

validation obtained from five classifiers and their corresponding

feature selectors. Here, the number of features was  determined

based on Fig. 2. In order to decrease the consumption of CPU and

memory, we chose as few features as possible in the condition of

no significant improvement of accuracy. Table 6 revealed that the

optimal performance with the highest accuracy was  achieved by

random forest classifier (RF) with 56 features selected by ReliefF.

The superior performance of RF has been verified in many studies

[20,29].

Table 7 presented the confusion matrix of  the optimal clas-

sification result. NREM-stage S4 was identified with the highest

classification sensitivity of  93.3%. Wakefulness, REM and NREM-

stage S2 were correctly classified with a sensitivity above 80%,

whereas, stage S3 was correctly classified with a sensitivity of

77.6%. Stage S3 was misclassified as its neighbor NREM stage S2

in 27.9% of the instances and misclassified as stage S4 in 11.6%

instances. The least recognizable was stage S1 with a sensitivity of

66.3%. Stage S1 was considered as a transient state between wake-

fulness and “real” sleep. Stage S1 commonly accounted for about

5% of the total sleep duration of a healthy subject. Therefore, the

consensus in scoring S1 among experts was quite obscure, com-

pared with other stages [23]. The confusion matrix showed that

8.5% instances of stage S1  were misclassified as REM sleep, 28.6%

as S2, and 17.8% as wakefulness. According to our interpretation,

the low classification accuracy of  stage S1 and stage S3 may  also

attribute to the imbalanced instances which consequently made

the result inclined to the labels with greater numbers.

To demonstrate the performance of proposed methods, we com-

pared the proposed algorithms with those from the other three

studies. These algorithms were applied to the present dataset,

as described in Section 2.1.  The comparison results were shown

in Table 8, wherein the classification accuracy of 10-fold cross-

validation was shown by the mean value along with the standard

deviation in parentheses. As shown in Table 8, the proposed

methods, with ReliefF as a feature selector and RF as a classifier,

generated the optimal performance in each signal fusion. However,

the results generated by referred algorithms were less satisfactory

than those reported in the cited studies. The divergence of  results

might be influenced by different datasets and limited instances. The

number of  instances in the present article is  the least compared to

those in the three references.

3.3. Comparison of different signals’ fusions

Different fusions of  EEG, EOG, EMG  and ECG signals were

performed to clarify signals’ contribution. Table 9 and Fig. 3 sum-

marized the results of  different signals’ fusions. Table 9 presented

the top twelve features from six different signals’ fusions. These fea-

tures were selected by ReliefF. Closer inspection of Table 9 showed

that features extracted from EEG and EOG achieved a higher clas-

sification accuracy when compared with those from EMG  and

ECG signals. Meanwhile, the features, namely entropy, spectral

edge, Petrosian fractal dimension and zero-crossings showed a cru-

cial role in automatic sleep scoring. In addition, some traditional

features named arithmetic mean, standard deviation and Hjorth

parameters also showed good discrimination in single modality

process.

Fig. 3 showed the accuracy of  different signals’ fusions. EEG

showed the outstanding contribution to sleep scoring. Further-

more, the addition of a few more characteristics from other

modalities of  signals would still be  worth considering. The rich-

ness of signal modalities contributed to the increasing accuracy

of sleep stages classification. According to the results shown in

Fig. 3, the fusion of two  modalities PSG signals showed significant

improvement in the accuracy. The addition of the third and the

fourth modality of  signal improved classification accuracy to some

extent. No significant difference was found among signal types. The

slight improvement, generated by the addition of the fourth signal,

might attribute to information saturation. However, the definitive

conclusion would require further investigations. Besides, the addi-

tion of signals and features was  a challenge for feature selector so

that a preeminent feature selector was requisite.

To further elucidate multi-modality signals’ contributions to

automatic sleep scoring, a feature selection process, for four modal-

ities of signals (EEG, EOG, EMG  and ECG), was performed to

distinguish every pair of  sleep stages. The top 15 features selected

by ReliefF were shown in Table 10, wherein features sorted in

ascending order of discriminative capability. As can be seen from

Table 10, the features from EEG accounts for a large proportion.

Meanwhile, the features from ECG signal showed its contribution to

the distinguishing among W,  S1 and R.  For  mutual-based features,

coherence and mutual information between two signals performed

well in the discrimination of S1-S2, S1-R and S3-S2. In term of EMG

Table 7
Scoring agreement between manual scoring and the proposed method.

Technologists’ score stage
Sen.

Stage W R S1 S2 S3 S4

Proposed

W 394 8 50 35 2  2  80.2%

R  6 1299 24 99 0  0  90.9%

S1  26 8 126 30  0  0  66.3%

S2  21 88 80 1931 159 15 84.2%

S3  0 0 0 57 343 42 77.6%

S4  2 2 0 10  66 1122 93.3%

Ppv  87.8% 92.4% 45.0% 89.3% 60.2% 95.0%

Spe.  99.0% 97.7% 97.4% 93.8% 95.9% 98.8%

Acc.  86.24%
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Table  8
Algorithm performance with different signals’ fusions and its comparison with three references.

EEG EEG, EOG&EMG EEG, EOG, EMG&ECG

Reference 59.2715% (±1.4580%) [10] 82.9519% (±1.4870%) [2] 76.1726% (±3.3857%) [23]

Proposed  76.0531% (±0.9056%) 85.3068% (±0.8244%) 86.244% (±1.0725%)

Table 9
Selected features of different signals’ fusions.

EEG EOG EMG  ECG EEG & EOG

&  EMG

EEG & EOG

& EMG  & ECG

P Acc. P Acc. P  Acc. P Acc. P Acc.  P  Acc.

9  51.43% 80 56.01% 104 40.57% 120 38.88% 80 56.01% 80 56.09%

38  51.38% 81 47.41% 96 37.46% 125 36.74% 228 45.15% 9  51.43%

56  50.91% 72 47.37% 105 37.20% 124 36.56% 62 43.79% 38 51.38%

62  43.79% 82 43.19% 95 31.85% 116 33.59% 82 43.19% 56 50.91%

60  43.09% 86 42.53% 99 31.57% 117 32.95% 86 42.53% 228 45.15%

61  38.96% 85 39.17% 90  31.42% 118 32.89% 85 39.17% 62 43.79%

11  38.60% 74 38.93% 98 30.33% 129 29.24% 61 38.96% 86 42.53%

16  38.35% 87 36.23% 109 30.05% 127 28.89% 74 38.93% 85 39.16%

45  38.10% 66 34.52% 91 30.01% 130 28.39% 11 38.60% 61 38.96%

13  36.76% 64 33.10% 106 29.41% 146 27.42% 45 38.10% 45 38.10%

4  35.65% 67 30.60% 111 28.25% 148 26.84% 87 36.23% 87 36.23%

63  35.64% 75 29.60% 110 28.06% 147 26.77% 63 35.64% 63 35.64%

*1-63: EEG features; 64-87: EOG features; 88-111: EMG features; 112-148: ECG features; 149-187: Coherence; 188-226: Phase angles; 227-232: Mutual information.

Table  10
Selected features for distinguishing specific pair of sleep stages.

*1-63: EEG features (color: yellow); 64-87: EOG features (color: green); 88-111: EMG features ((color: blue)); 112-

148:  ECG features (color: red); 149-187: Coherence (color: gray); 188-226: Phase angles (color: gray); 227-232:

Mutual  information (color: gray).

features, median amplitude (P: 95) and  spectral entropy (P: 110)

behaved well in distinguishing R stage from W  and S1.

4. Discussion

In general, a sleep study records several kinds of signals. Taking

full advantage of multi-modality signals is advisable to perform a

comprehensive sleep assessment. Some studies have reported that

features from multi-modality signals are beneficial to the improve-

ment of scoring accuracy[29]. The effectiveness of  multi-modality

signals’ fusion was illustrated in Fig. 3, Table 8 and Table 10.  More

specifically, EEG signals contain valuable and interpretable infor-

mation resembling brain activities. The changes of  rhythm waves

(such as delta, theta, alpha, beta) reflect the alternation of  sleep

stages leading to the cyclic pattern of  sleep [3,7]. As demonstrated

in Table 10, EEG features contributed to the discrimination of  most

stages. The eyes movement, recorded by EOG, may  be  very fre-

quent in stage W and REM while being rare during NREM stages[16].

Therefore, EOG features have good performance in differentiating

NREM stages from stage W  and  REM. The stage W presents the high-

est muscular activity in contrast to REM stage which has the  lowest

EMG activity[16]. As a result, EMG  features are good at distinguish-

ing stage W and stage R. Heart rate decreases with less variability in

NREM stages, while increases and becomes more unstable during

REM sleep[19]. ECG features are useful for differentiating stage R

and W from the others, as shown in Table 10.  With the deepening of

sleep, the frequency of  EEG signals attenuates gradually along with

rare eye movements, low EMG  activity and slow heart rate. There-
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Fig. 3. Mean value of 10-fold cross-validation from different signals’ fusions.

fore, four modalities of PSG signals contribute to the discriminant of

NREM stage (S1, S2,  S3 and S4). Features extracted from the signals

of EEG, EOG, EMG  and ECG can reveal sleep status from different

aspects, which contributes greatly to a higher scoring accuracy in

the identification of multi-modality signals.

The present study investigated 232 features (time-based,

frequency-based, statistical and nonlinear features) coming from

four modalities of  PSG signals (EEG, EOG, EMG  and ECG) to iden-

tify the most discriminative features fusion. The results point to

the view that the optimal feature set can be reached by joint

fusion of spectral measures (e.g. spectral edge), entropy measures

(e.g. approximate entropy, spectral entropy, permutation entropy),

fractal measures (e.g. Petrosian fractal dimension) and statistical

time-domain features. The good performance of spectral edge has

been reported in several studies [23,30,47]. In Fell and his col-

leagues’ study [47],  it  claimed that delta power and spectral edge

were two clinically well established measures used for monitoring

sleep cycles. Meanwhile, the time-domain feature named zero-

crossings is crucial in automatic sleep scoring [23,47,48]. It has been

observed that the zero-crossings, as a rough estimate of average fre-

quency, decreases as sleep goes deeper [48]. Besides, the relative

spectral power of theta wave with the frequency band of 4–8 Hz

(P: 45) is also important for the automatic sleep scoring since it is

a marker of sleep onset [23].

It has been agreed that the classification of S1 is  an enormous

challenge for virtually every sleep scoring method. From the neuro-

physiological standpoint, S1 is  a transition phase and  a mixture of

wakefulness and sleep, which is  likely to result in the obscurity

of neuronal oscillation between S2 and wakefulness (W). Besides,

in the REM stage, the cortex generates 40–60 Hz gamma  waves,

which also occurs in the awake stage [49]. Due to the resemblance of

wakefulness and REM, stage S1 is  often misclassified as wakefulness

or REM by both automatic sleep scoring and human technologist

scorers [9], as shown in Table 7.  Besides, the unbalanced instances

also account for the poor classification accuracy of S1. The duration

of each sleep stage varies. As a result, different stages may  contain

different numbers of epochs. Specifically, as described in Table 1,

the number of epochs in S1 and S3 is  relatively smaller when com-

pared with other stages. It  can be  seen that sleep data invariably

suffer from the imbalance of  instances. As a result, traditional clas-

sification models are inclined to classify instances into large groups

[50].

5.  Conclusion

This study proposed an automatic sleep scoring method, which

achieved an encouraging accuracy by employing multiple features

from four modalities of  polysomnography signals (EEG, EOG, EMG

and ECG). In addition, different signals’ fusions were investigated

and the optimal features were highlighted by searching a large scale

of features covering statistical characters, frequency characters,

time-frequency characters, fractal characters, entropy characters

and nonlinear characters. The present study concluded that the

optimal feature set was  a joint fusion of multiple characteristics

and that the fusion of  multi-modality PSG signals contributed to the

increasing of classification accuracy. Furthermore, through com-

paring the performance of  different selectors and classifiers, ReliefF

and random forest classifier turned out  to be reliable candidates for

automatic sleep scoring.
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Abstract: Sleep scoring is a fundamental but time-consuming process in any sleep laboratory. To speed up the process 
of sleep scoring without compromising accuracy, this paper develops an automatic sleep scoring toolbox with 
the capability of multi-signal processing. It allows the user to choose signal types and the number of target 
classes. Then, an automatic process containing signal pre-processing, feature extraction, classifier training (or 
prediction) and result correction will be performed. Finally, the application interface displays predicted sleep 
structure, related sleep parameters and the sleep quality index for reference. To improve the identification 
accuracy of minority stages, a layer-wise classification strategy is proposed according to the signal 
characteristics of sleep stages. The context of the current stage is taken into consideration in the correction 
phase by employing a Hidden Markov Model to study the transition rules of sleep stages in the training dataset. 
These transition rules will be used for logic classification results. The performance of proposed toolbox has 
been tested on 100 subjects with an average accuracy of 85.76%. The proposed automatic scoring toolbox 
would alleviate the burden of the physicians, speed up sleep scoring, and expedite sleep research. 

1 INTRODUCTION 

Sleep covers almost one-third of human lifespan. 
Adequate and high-quality sleep is vital to our 
physical and mental well-being (Pagel and Pandi-
Perumal, 2014). However, and likely because of our 
ephemeral lifestyle in modern society, sleep disorder 
complaints increase dramatically among people. 
Assessing sleep behaviour and analysing the sleep 
structure, therefore, become more and more crucial. 
Up to now, the conventional visual scoring method is 
still the main method in most clinical and sleep 
research labs worldwide. 

Visual scoring, mainly based on the rules of 
Rechtschaffen & Kales (R&K) (Rechtschaffen and 
Kales 1968) and the recently updated American 
Academy of Sleep Medicine rules (AASM) (Berry et 
al., 2012), requires at least one registered sleep 
technologist (RST) who has sufficient expertise and 
experience in sleep scoring. Generally, the annotation 
of 8-h recording requires approximately 2-4 hours 
(Hassan and Bhuiyan, 2016a), which is rather time-
consuming. Besides, visual scoring in some degree is 
subjective, as the inter-scorer reliability among 

trained technologists is less than 90% (Danker-Hopfe 
et al., 2009). In contrast, automatic sleep scoring has 
demonstrated advantages of cost-effective and 
preferable scoring performance.  

Electroencephalogram (EEG) signals are mainly 
used in automatic sleep scoring since they contain 
valuable and interpretable information resembling 
brain activities (Boostani et al., 2017). According to 
the morphological characteristics of EEG signals, 
sleep EEG waves are mainly composed by  wave,  
wave,  wave and  wave, K complex, sleep spindles 
and saw-tooth (Niedermeyer and da Silva, 2005). 
These rhythm waves form the foundation of sleep 
scoring. Some studies (Hassan et al., 2015; Hassan 
and Bhuiyan, 2016b) tried to extract statistical and 
spectral features from these rhythm waves to perform 
an automatic sleep scoring. Cross frequency coupling 
estimated between rhythm waves also showed high 
classification accuracy (Dimitriadis et al., 2018). 
Instead of traditional linear features, multiscale 
entropy and autoregressive models for single-channel 
EEG were employed in Liang et.al’ s study, obtaining 
a good scoring performance (Liang et al., 2012). 

Sleep  is  a  complex  process  involving   multiple
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of sleep scoring without compromising accuracy, this paper develops an automatic sleep scoring toolbox with 
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Figure 1: The interface of sleep scoring toolbox. 

organs. Signals recorded from different physical areas 
change with the sleep cycle. The multi-modality 
signals’ contribution to sleep scoring has been 
explored in several studies (Gharbali et al., 2018; Yan 
et al., 2019; Šušmáková and Krakovská, 2008). Öz en 
concluded that as the  sleep deepen, the frequency of 
EEG signals attenuated gradually, along with rare eye 
movements, low electromyography (EMG) activity 
and slow heart rate (Öz en, 2013). Ebrahimi and his 
colleagues found that under the control of 
parasympathetic nervous system and sympathetic 
nervous system, cardiovascular and respiratory 
behaviours fluctuated with the alternation of sleep 
stage (Ebrahimi et al., 2015). It has demonstrated that 
features from multi-modality signals were beneficial 
to the improvement of scoring accuracy (Boostani et 
al., 2017). 

Although there are many studies on automatic 
sleep scoring, the available software and toolbox is 
limited. Given that, this study aims to develop an 
automatic sleep scoring toolbox with the capability of 
multi-signal processing, see Figure 1. The main 
contributions of this work are presented as following: 
a) An automatic sleep scoring toolbox is proposed 

which supports multiple sleep signals and two 
data formats. 

b) An interactive interface is provided which allows 
the user to select the number of target classes, 
change signal types and visualize various analysis 
results.  

c) A layer-wise classification strategy is proposed 
which can significantly improve the classification 
accuracy of minority stages without 
compromising the accuracy of other classes. 

d) A correction procedure is proposed to make 
classification results logical. 

The article is organized as follows: Section 2 explains 
the details of experimental data and methodology of 
this study. Section 3 demonstrates the performance of 
proposed toolbox. Section 4 provides discussions of 
results and limitations of this study. Finally, section 5 
gives conclusions of this paper. 

2 MATERIALS AND METHODS 

2.1 System Overview 

The proposed toolbox consists of a training module, 
an offline prediction module, an online prediction 
module and several parameter panels, as shown in 
Figure 1. Their functions are briefly described in the 
following lines. The specific model structure will be 
introduced in detail in section 2.5. 
Training Module: The objective of the training 
module is to train a classifier based on the user’s 
selection. The user can choose signal types and the 
number of target stages as required. The software 
automatically performs signal pre-processing, feature 
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extraction and classifier training. The output of this 
module is a trained model which can be used to 
predict sleep structures. 
Prediction Module: The aim of this module is to 
predict sleep structure based on the predefined model 
or user-specified model. The module automatically 
checks if the user has trained a model, and allows the 
user to determine if the predefined model is needed. 
Once the model selected, the module automatically 
processes the test data based on model parameters. 
Finally, the application interface displays the 
predicted sleep structure, related sleep parameters and 
a sleep quality index as a reference to sleep quality. If 
a hypnogram (e.g., labels scored by RST) is available 
for the test data, the interface would display both the 
hypnogram and predicted labels together, and 
highlight the disagreement by pressing the button 
named “Comp”.  
Online Prediction Module: The module is similar to 
the offline prediction process except for the real-time 
updating results. The module can be connected to a 
sleep monitoring device in order to realize the real-
time analysis of sleep signals and to visualize sleep 
structures. The updated sleep signal will be saved as 
a TXT file in storage. 

2.2 Description of Experiment Data 

The sleep data for this investigation was provided by 
the Sleep Heart Health Study (SHHS) database. We 
used only the first round (SHHS-1) due to its wide age 
range. The recordings employed in this study were 
selected by considering a Respiratory Disturbance 
Index 3 Percent (RDI3P) < 5 to have near-normal 
characteristics. Moreover, subjects did not use beta-
blockers, alpha-blockers, inhibitors, and did not 
suffer documented hypertension, heart disease, or 
history of stroke. Given that, a total number of 100 
subjects were selected with the total duration of 816 
hours and 43 minutes. The age of subjects ranged 
from 40 to 54 years, with a mean value of 47 years 
and a standard deviation of 4.3 years. Each record was 
scored by the experienced research assistant or sleep 
technologist according to the R&K rules. The sleep 
recordings were segmented into 30-second per epoch 
and labelled as wakefulness (W), non-rapid eye 
movement stage (NREM, containing S1, S2, S3 and 
S4) and rapid eye movement stage (REM). The 
deepest NREM stage, namely S3 and S4, were 
collectively referred to as “slow wave sleep” (SWS), 
based on a prevalence of low-frequency oscillations 
(Berry et al., 2012). A detailed description of SHHS 
was given in the study (Quan et al., 1997) . 

2.3 Pre-processing 

For the predefined model and the following 
experiments, four modalities of polysomnography 
(PSG) signals were considered: EEG channels (C4-
A1 and C3-A2, following the 10-20 international 
electrode placement system), two electrooculography 
(EOG) channels (named: ROC, LOC), one submental 
electromyography (EMG) channel and one 
electrocardiography (ECG) channel. All the 
aforementioned signals were fully included within the 
evaluation process without discarding any recorded 
segments, thereby to have a near-clinical situation. 

In order to remove noise and artefacts, a notch 
filter, a high-pass filter with a cut-off frequency of 
0.3Hz and a low-pass filter with a cut-off frequency 
of 30Hz were applied to the signals of EEG, EOG and 
ECG. In terms of EMG, a notch filter, a high-pass 
filter with a cut-off frequency of 10Hz and a low-pass 
filter with a cut-off frequency of 75Hz were 
performed. The whole night recordings were 
smoothed by its mean value ±5×standard deviation to 
remove the outliers. In order to eliminate individual 
differences, the sleep signals were normalized to [-
100, 100]. Afterwards, all the signals were divided 
into 30-second epochs, each epoch corresponding to 
a single sleep stage. 

2.4 Feature Extraction 

The features, employed in this study, involves a 
variety of traditional and modern characteristics 
serving as distinctive markers for various psycho-
physiological states. They are summarized in Table 1. 
Some of the parameters are introduced in the 
following, and the others can be found in Yan et al.’s 
research (Yan et al. 2019). 

2.4.1 Time Domain Parameters 

Some statistical parameters, such as minimum value, 
maximum value, standard deviation, arithmetic mean, 
variance, skewness, kurtosis and median are derived 
from signal segments. These statistical parameters are 
good indicators of the amplitude and distribution of 
time series ( en et al. 2014). Percentile analysis is 
known as the most effective time domain measures 
for EEG signals (Boostani et al. 2017). Hjorth 
parameters (i.e., activity, mobility and complexity) 
represent the signal power, the mean frequency and 
frequency changes (Vidaurre et al. 2009). 
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Online Prediction Module: The module is similar to 
the offline prediction process except for the real-time 
updating results. The module can be connected d d tototo a a a 
sleep monitoring device in order to realize t t thehehe real-
time analysis of sleep signals and to visuaaalililize sleep 
structures. The updated sleep signal will l l bebebe saved as 
a TXT file in storage. 

2..222  DDeesscccrrriiipppttiioonn oof EEExxxppeerrrimmmeennnttt DDDaattaa 

Thhhe e slsleeeep p dadadata f f foror t thihis s inninveestststigigigaatioiion n n was prpproovidideded by y y 
the Sleep Heart Health Stuuudydydy ( ( (SHHS) database. WeWeWe 
usssededed o o onlnly y y tththe e e fififirsrsrst t t roroounuund d d (SSSHHHHHHS-S-S-1)11) d d due t t to   itiits s wiwwidedede a a agegege 
range. The recordings employed in thththisisis s s studyyy w w were 
selected by considering a Respiratory DiDiDistststurururbbbance 
Index 3 Percent (RDI3P) < 5 to have neararar-n-n-norormamamal l l 
characteristics. Moreover, subjects did not use beta-
blockers, alpha-blockers, inhibitors, and did not 
suffer documented hypertension, heart disease, or 
history of stroke. Given that, a total number of 100 
subjects were selected with the total duration of 816 

filter with a cut-off frequency of 10Hz and a low-pass 
filter with a cut-off frequency of 75Hz were 
pepp rformed. The whole night recordings were 
smsmsmoooo thed by its mean value ±5×standard deviation to 
remooovveve t thehehe outliers. In order to eliminate individual 
difffferee ences, thehehe s s sleleleeppp signals were normalized to [-
10000,00  100]. Afterwarddds,ss  a a alllll the signals were divided 
inininto 30-second epopp chs,, e e each eppoch correspop nding g to 
a a siingngngleee s sleleleepepp s s staaageee. . 

2.4 Featurrre EEExxxttrraaccttiiioonn 

ThThThe e e fefefeatataturururesses, emememplpployoyoyededd i in n n thtthissis s s stututudydydy, , , inninvovovolvlvlveses a 
variety of traddidititiional and modern characteristics 
serving as dissstttinnnctive markers for various psycho-
physiologicaaal l l stttaaates. They are summarized in Table 1. 
SoSoSomemm  of thththe e e parameters are introduced in the 
fofofollll owwininingg,g  andndnd the others can be found in Yan et al.’s 
researrrchchch ( (YaYaYa  n et al. 2019). 

2 4 1 Time Domain Parameters



Table 1: Parameter list.

Type Feature Name 

Statistical measures 

Minimum Value (MinV), Maximum Value (MaxV),  Arithmetic Mean(AM), Median(M), 
Standard Deviation (SD), Variance(V), Skewness(S), Kurtosis(K), The 5th Percentile 
(Pre5), The 25th Percentile (Pre25), The 75th Percentile (Pre75), The 95th Percentile 
(Pre95), Hjorth Parameters HA, HM, HC , Zero-Crossing(ZC) 

Spectral measures 

Power Spectral Density(PSD), Mean Value of PSD (mPSD), Median Value of PSD 
(mdPSD), Power Ratio(PR), Absolute and Relative Spectral Power (APSD, RPSD), Brain 
Rate (BR), Spectral Centroid (Sc), Spectral Width (Sw), Spectral Asymmetry (Sa), 
Spectral Flatness (Sk), Spectrum Flatness (Sf), Spectral Slope (Ss), Spectral Decrease (Sd), 
Edge_D, Spectral Edge Frequency at 90% and 50% 

Nonlinear measures 
Mean teager energy (MTE), Mean Energy (E), Mean curve length (CL), SecD, The 4th 
Power, 

Fractal measures Petrosian fractal dimension (PFD) 
Entropy measures Spectral Entropy(SpE) 
Mutual measures Coherence 

 
2.4.2 Spectral Features 

The calculation of spectral measures is based on 
Fourier transform using hamming window in the time 
domain. The following spectral measures are 
considered. 

Power spectral density is calculated based on the 
following formula. Meanwhile, its mean value and 
median value are also considered. 
 

(1)
 

where  is the frequency, * representing the complex 
conjugate, and N is the length of time series. 

Spectral edge is defined as the frequencies 
corresponding to 90% and 50% of the total spectral 
power (Imtiaz and Rodriguez-Villegas 2014). The 
difference between the two frequencies (edge_D) is 
also considered. 

 

 (2)
 

where p is equal to 0.9 or 0.5, fmin is 0.3Hz in terms of 
EEG, EOG and ECG, and 10Hz in EMG. 

Absolute and relative spectral power are obtained 
from seven frequency bands of EEG, namely, 0.3-
4Hz (delta), 2-3.9Hz (K complex), 2-6Hz (saw-
tooth), 4-8Hz (theta), 8-12Hz (alpha), 14-30Hz 
(beta), and 12-16Hz (spindle). Absolute spectral 
power is spectral power within the specific frequency 
bands. The relative value is defined as the ratio of the 
absolute value to the total spectral power. The total 
spectral powers of EEG, EOG and ECG signals are 
computed within the range of 0.3-30Hz, and 10-30Hz 
for EMG signals. 

Power ratios are computed based on absolute 
spectral powers in aforementioned frequency bands. 
The following power ratios are computed: delta/theta, 
delta/alpha, delta/beta, theta/alpha, theta/beta, 
alpha/beta, alpha/(theta + delta), delta/(theta + alpha) 
and theta/(beta + delta). 

Brain rate estimates the EEG mean frequency 
weighted over the brain spectrum distribution (Pop-
Jordanova and Pop-Jordanov 2005). 

 

(3)
 

where  is the number of frequency bins,  the sub-
band,  the power of the spectral distribution 
corresponding to frequency band , and  is the 
frequency at bin . 

Spectral centroid is defined as the frequency-
weighted sum of the magnitude spectrum of the signal 
normalized by its unweighted sum, indicating the 
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Figure 2: Layer-wise classifier. 
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2.4.2 Spectral Features 

The calculation of spectral measures is basesesed d d on 
Fourier transform using hamming window in n n thththe time 
domain. The following spectral meaaasususures are 
considered. 

Power spectral density is calculatttededed based on the 
fooolllllowowining g fofoormmmululaa. M Meaeaanwnwnwhihhilele, itits s memeeannn v valalueue a a andnnd 
mmmediddianan v valallueuu  arrre also connnsiiidereddd. 

(1(1(1)))

whwhwhererre e e  i i is s s ththhe e e frfrfreqeequeueuencncncy, * r r repepeprerereseseentnn inining g g thtthe e  coccompmpm lelelex x x 
co jnjug ttate, a ddnd NNNd  i is thththe llengththth of f f titime s s sererriiei s. NNN

Spectral edge is defined as the frfrfreqee ueueuennncies 
corresponding to 90% and 50% of the totalalal s s speppectctrararal l l 
power (Imtiaz and Rodriguez-Villegas 2014). Thhhe   
difference between the two frequencies (edge_D) is 
also considered. 

(2)

Power ratios are computed based on absolute 
spectral powers in aforementioned frequency bands. 
ThTT e following power ratios are computed: delta/theta, 
deltltlta/aa alpha, delta/beta, theta/alpha, theta/beta, 
alphha/a/a/bebeb tatata, alalalphphpha/(theta + delta), delta/(theta + alpha) 
and d d theta/(beta + + + dededeltltlta)a)a). 

Brain rate estimatesss t the EEG mean frequency 
weweeigigighthhteded o ovever r r thhhe e e brbraiain n spsppececectrtrumum d disistrtt ibibbututioion n (P(Popoo -
JooJordddaananovova a annand d d PPop-pp JoJordrdanannovovov 2 2 200005)5). 

(3)

where  is the nununumber of frequency bins,  the sub-
band,  the p  ooower of the spectral distribution 
correspondinng g g ttto frequency band , and  is the 
frfrfrequency atatat bininin . 

SpSpSpececectralalal c c centroid is defined as the frequency-
weigigighththted summm of the magnitude spectrum of the signal 
normalized by its unweighted sum, indicating the 



location of the spectrum centre (Hassan et al. 2015). 
Spectral width is the wavelength interval over which 
the magnitude of all spectral components is equal to 
or greater than a specified fraction of the magnitude 
of the component having the maximum value. 
Spectral asymmetry represents the asymmetry in the 
distribution of the spectrum of eigenvalues of an 
operator. Spectral flatness, measured in decibels, 
provides a way to quantify how noise-like a sound is 
(Dubnov 2004). Spectrum flatness defines the 
planeness properties from an audio signal’s spectrum, 
which shows how the power spectrum of a signal 
deviates from a frequency of a flat shape (Lazaro et 
al. 2017). Spectral slope is a measure of the slope of 
the spectral shape (Hassan et al. 2015). The steepness 
of the decrease of the spectral envelope of the signal 
with respect to its frequency is defined as spectral 
decrease (Hassan et al. 2015). The detailed definition 
of these parameters can be found in Chen et al.’s 
study (Chen et al. 2018). 

2.5 Classification 

It is well-known that the distribution of epochs among 
sleep stages are highly imbalanced. Unfortunately, 
the traditional classifier is kind of sensitive to the 
distribution of data sets. When instances of one class 
in the training set vastly outnumber the instances of 
other classes, the classifier inclines to classify 
instances as belonging to the majority class and ends 
up creating suboptimal classification models in the 
process (Hassan and Bhuiyan 2016c). After studying 
the characteristics of sleep stages, we find that the 
REM, S1 and wakefulness present a certain similarity 
leading to misclassification. For example, the level of 
brain activity and eye movements increase in REM 
stage which is similar to the waking period. In 
addition, S1 is a transition phase of wakefulness and 
sleep, along with the ambiguous neuronal oscillation, 
that makes the detection of S1 is the most problematic 
of the sleep stages. For S2 and SWS, with the 

deepening of sleep, the activity levels of various 
organs decrease to some extent. 

Based on these characteristics of the sleep stages, 
we develop a layer-wise classification strategy (See 
Figure 2) which is used in this toolbox to train and 
predict sleep structures. The strategy uses three 
random forest classifiers. The first layer is a multi-
class classifier dividing the sleep sequences into 
SWS, S2, and others. The second layer is a two-class 
classifier, which aims to distinguish the REM stage 
according to its lowest EMG activity and obvious eye 
movements. The third layer discriminates the 
characteristics of S1 and awake stage. Experiments 
have confirmed that the structure can significantly 
improve the recognition accuracy of the minority 
sleep stages, such as S1, without significantly 
reducing the classification accuracy of other classes. 

2.6 Result Correction 

Studies have found that sleep transition is not a 
random process. However, the traditional classifier 
can only give its decision according to the 
information of the current stage, but can’t remember 
the context. Therefore, a correction process is applied 
to classification results. Firstly, the Hidden Markov 
Model is used to learn the transition rules among 
sleep stages in the training data. Then, the correction 
rule can be derived according to these transition rules 
and some natural characters of sleep. These rules refer 
to the epochs prior to and posterior to the current 
epoch. The development of correction rules is 
inspired by the studies of Liang et al. (Liang et al. 
2012) and Li et al. (Li et al. 2018). More specifically, 
the stage sequences, like [Si-1, Si, Si+1], are smoothed 
by the rules proposed in the study (Liang et al. 
2012) to  correct some sudden changes in predicted 
results. For the stage sequences that do not meet the 
aforementioned smooth rules, the transition rules 
derived from Hidden Markov Model will be used to 
analyse the rationality of the stage transitions. 

Table 2: Sleep parameters and its definition. 

Sleep Parameters Definition 
Time in bed From light off to getting up
Sleep period time From sleep onset to sleep end, in minutes
Sleep efficiency Total sleep time / Bed time
Sleep onset latency From recording start to sleep onset, in minutes
REM latency From sleep onset to the occurrence of the first REM period, in minutes 
Stage shifts/h Number of sleep stage shifts after sleep onset per hour
Waking times Number of awakenings after sleep onset per hour
Waking time Wakefulness after sleep onset, percentage of sleep period time 
Number of REM Number of REM periods
Stage time Specific stage time after sleep onset, in minutes
Stage percentage Specific stage time in percentage of sleep period time

 

An Automatic Sleep Scoring Toolbox: Multi-modality of Polysomnography Signals’ Processing

305

of these parameters can be found in Chen et al. s 
study (Chen et al. 2018). 

2.5 Classification 

It is well-known that the distribution of epepepooochs among 
sleep stages are highly imbalanced. UnUnUnfortunately, m
the traditional classifier is kind of f f sssensitive to the 
diiistttririr bubutitionon  of f f daddatata s setetss. W W Whehehen n ininnstttananceeces s s ofoof o onene c claalassss 
in t t thehehe t traraininininnng g g sesset t vavaststlylyly  ouuutnuuummmbeeer the insnnstatancnceses o o of 
othehher r clclasasssses, t thehe c claalasssssiffifiiiererer incncnclines totot  c clalassssififify y y 
instances as belonging to thhhe e e mammajority class and endndds s s 
uppp c c crerereattatinining g g sususuboboboptpptimmimallal c c clalalassssssififificicicataatiiion momomodeedelslls i i in n n thththe e e 
process (Hassan and Bhuiyan 2016c). AfAfAfteteter  studududyiyy ng 
the characteristics of sleep stages, we finnnd d d thththaat the 
REM, S1 and wakefulness present a certain sisisimimimilalalaririritytyty 
leading to misclassification. For example, the level of 
brain activity and eye movements increase in REM 
stage which is similar to the waking period. In 
addition, S1 is a transition phase of wakefulness and 
sleep  along with the ambiguous neuronal oscillation

2.6 Result Correction 

Studies have found that sleep transition is not a 
rararandndndom process. However, the traditional classifier 
can onoonlylyly g g give its decision according to the 
infooormrr ation ofofof t t thehehe current stage, but can’t remember 
thhhe e e context. Thereforerere, a a a cococorrection process is applied 
tototo classification results. F F Firstlyyy, , the Hidden Markov 
MoMoModdeel isis u useseed d d tototo l leaearnrn t thehehe t t traransnsititioion n n ruuuleles s amamoong 
slslsleeeeeep p p ststagageses i i in n thhhe e e trtraiaiaininininggng d d datata aa. T Thehehen,n,n, thehehe c cororrerectcctiooon 
rule c c caanan be deeeriirived  d acacaccocordrdinining g toto t theheseese traaansnsititioion n rrullles 
and some natural c  hahaharacters of sleep. These rules refer 
totto t t theehe e e epopopochhchs prprprioioior r tototo a a anndnd p p pososteteteriririororor t t to o o thhthe e e cucucurrrrrenenent 
epoch. The deeevelee opment of correction rules is 
inspired by thhhe e e ssstudies of Liang et al. (Liang et al. 
2012) and Li  et aaal. (Li et al. 2018). More specifically, 
thththe e e stage seeequququeeences, like [Si-1, Si, Si+1], are smoothed 
bybyby thehehe r r rululu eees proposed in the study (Liang et al. 
201222))) tototo  cccorrect some sudden changes in predicted 
results. For the stage sequences that do not meet the 
aforementioned smooth rules  the transition rules 



 
*C: single-modality ECG; M: single-modality EMG; O: single-modality EOG; E: single-modality EEG; &: combination signals; 2 classes: wakefulness and 
sleep (W&S); 3 classes: wakefulness, non-rapid eye movement sleep and rapid eye movement sleep (W&NREM&REM); 4 classes: wakefulness, light sleep 
(containing S1 and S2), deep sleep (SWS) and rapid eye movement sleep (W&LS&DS &REM); 5 classes: W, S1, S2, SWS and REM 

Figure 3: The classification accuracy for different signal fusions and target class. 

Table 3: Selected features for distinguishing specific pair of sleep stages. 

Sleep stages SWS-S2 SWS-S1 SWS-R SWS-W S2-S1 S2-R S2-W S1-R S1-W R-W 

To
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Top1 C.Per25 C.Per25 C.Per25 M.ZC C.PFD O.ZC C.ZC O.ZC E.SPE O.ZC 

Top2 M.ZC C.Per75 C.Per75 C.ZC E.PSD O.Sw M.ZC O.Per75 C.PSD O.Per75 

Top3 C.Per75 M.ZC C.Per95 M.PFD C. mPSD E.PR E.SPE E.K O.Ss O.Per25 

Top4 C.ZC C.Per95 M.Per25 C.Per25 E.PR E.PFD C.PFD O.Per25 O.Sf O.PFD 

Top5 C.Per5 M.Sf M.ZC C.PFD C.HM O.edge90 O.Sf O.PFD E.MTE M.ZC 

Top6 C.Per95 E.PSD C.PSD E.PSD M.PFD C. mPSD M.PFD O.HC O.MTE C.ZC 

Top7 C.K C.Per5 E.Per95 C.Per75 O.Sd C.K O.Ss O.HM C.ZC E.Per5 

Top8 O.K M.Per25 C.Per5 M.Sf M.Sf O.Sd E.PFD O.SPE C.Ss O.Ss 

Top9 E.Per5 O.PFD O.Power4 O.edge.D E.PFD O.PFD C.HM O.K O.MaxV O.RPSD 

Top10 M.Per25 E.RPSD M.Per75 O.Sk O.BR E.S C.PSD O.K E.D O.CL 

Top11 M.K C.ZC E.PR E.PR O.PFD O.BR E.edge90 O.CL C.Sf C.PSD 

Top12 O.Per75 C.HM C.K E. mdPSD C.ZC C. mdPSD E.PR O.RPSD O.RPSD E.CL 

Top13 E.Per25 M.HM C.HA M.HM O.edge90 O.HC C.R R O.SecD E.MaxV O.SecD 

Top14 M.HM E.RPSD O.Sf E.PR C.mPSD O.S C.mPSD O.MaxV M.ZC O.Sf 

Top15 E.K O.edge.D C.PFD E.PR O.Sw E.PR M.HM O.Sc C.PFD E.Sc 

EEG features (colour: yellow); EOG features (colour: green); EMG features (colour: red); ECG features (colour: blue). 

2.7 PSG Sleep Quality Index 

Usually, sleep quality is evaluated by the 
standardized questionnaire, such as the Pittsburgh 
Sleep Quality Index (PSQI), the Berlin 
Questionnaire, and so on. These self-report 
questionnaires are subjective, and can be 
easily exaggerated or minimized by the person 
completing them. Furthermore, some items of 
questionnaires are challenging to self-evaluation. For 
example, the PSQI needs to evaluate the time it takes 
to fall asleep and the actual sleep time per night. Some 
papers claimed that the correspondence between the 

objective measurement and a person’s subjective 
assessment of the sleep quality is surprisingly small, 
if existent (Sohn et al., 2012). In order to overcome 
the uncertainty of subjective assessment, the toolbox 
proposed a sleep quality index. The algorithm will 
calculate various sleep parameters (summarized in 
Table 2) according to the predicted sleep stages. 
Based on these sleep parameters, PSG sleep quality 
index is statistically calculated and displayed in a bar 
in the lower-right corner of the interface. Detailed 
sleep parameters can be obtained by pressing the 
button “Detail”. 
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Figure 3: The classification accuracy for different signal fusions and target class. 

Table 3: Selected features f f foroo  distititingngnguiuiuishshshing specific pair of sleep stages. 

Sleep stages SWS-S2 SWS-S1 SWS-R SWS-W S2-S1 S2-R S2-W S1-R S1-W R-W 
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Top1 C.Per25 C.Per25 C.Per2er2er25 5 5 M.ZC C.PFD O.ZC C.ZC O.ZC E.SPE O.ZC 

Top2 M.ZC C.Per75 C.PC.PC.Peeer75 C.ZC E.PSD SD SD O.Sw M.ZZZC C C O.Per75 C.PSD O.Per75 

Top3 C.Per75 M.ZC C.Per95 M.PFD C. mPSmm D E.PR E.SPE E.K O.Ss O.Per25 

TopTopTop4 C ZC.ZC C C.PCC P 9er95 5 5 M.PM.PM.Per2er2er25 5 C PC.Per2er2er25 E.PE.PPR E PE.PFD FD D C PCC.PFD FD OOO.Per2eer25 5 OOO.Sf f f O PO.PFD FD 

TopTopTop5 C PC.Per5er5 M.SM.SM.Sf f f M.ZZC C C C.PC PFD FD FD C.HM gO.edge90 9  90 O.SO Sf f O.POO.PFD FD E.ME.ME.MTE E E M.ZM ZC C C 

Top6 C.Per95 E.P.P.PSD C.PSD E.PSD  M.PFD C. mPSD M.PM..PFD FF O.HC O.MTE C.ZC 

Toppp7 C.K C PC.PC er5 E.Per95 C.Per7775 O.Sd C.K OOO.Ss O.HM C.ZC E.Per5 

TopopTop8 8  O.KOO K MMM.Per2er2er25 5 C.PCC er5erer5 SSM.Sf f f M.SM SM Sf f f O SOO.Sd d d E.PEE PFD FD FD O SO SO.SPE PE C.SCC s s s O.SO SO Ss s 

Top9 E.Per5 O.PFD O.Powewewer4 r4 r4 gO.eOO dge.D E.PFD O.PFD C.HM O.K O.MaxV O.RPSD 

Top10 M.Per25 E.RPSD M.Per75 O SO.SSk k k O.BR E.S C.PSD O.K E.D O.CL 

Top11 M.K C.ZC E.PR E.PR O.PO.O. FD O.BR R R g  E.edge90 O.CL C.Sf C.PSD 

Top12 O.Per75 C.HM C.K E. mdPSD C.ZC.ZC.ZC C. mdddPSD D D E.PR O.RPSD O.RPSD E.CL 

Top13 E.Per25 M.HM C.HA M.HM gO.edge90 0 0 O.HC C C C.R R O.SecD E.MaxV O.SecD 

Top14 M.HM E.RPSD O.Sf E.PR C.mPSD O.S C.mPSD O.MaxV M.ZC O.Sf 

Top15 E K O edge D C PFD E PR O Sw E PR M HM O Sc C PFD E Sc 



3 PERFORMANCE ASSESSMENT 

3.1 Influence of Signal Types 

In order to explore the relationship between signal 
types and classification accuracy, we performed a 
greedy search for several signal fusions referring to 
different target classes. The result was shown in 
Figure 3 where the column denoted the mean 
accuracy of 10-fold cross-validation and the bars 
represented the standard deviation. Four categories 
were considered, highlighted in different colours in 
Figure 3. For each category, twelve signal fusions 
were listed along X-axis where signals’ names were 
abbreviated to its middle letter.  

Figure 3 depicted the uncertainty or variation of 
classification accuracy under each condition. 
Collectively, with the enrichment of signal types, the 
mean value of accuracy increased, and the uncertainty 
decreased to some extent. More specifically, Figure 3 
indicated that the required signal types varied with the 
number of target classes. If sleep recordings were 
classified into two classes, namely wakefulness (W) 
and sleep (S), all considered signal fusions gave 
satisfactory results. With the increasing number of 
target classes, the number of required signals 
increased accordingly. 

From the perspective of signal types, the signal 
fusions containing EEG signals showed better 
identification accuracy, indicating a crucial role of 
EEG signals in sleep scoring. Furthermore, the 
discriminative information provided by ECG and 
EMG channels was inferior to that from EEG and 
EOG signals. 

3.2 Feature Evaluation 

To further elucidate the contributions of features and 
signals, the important features, measured by their 
contribution to distinguishing each pair of sleep 
stages, were derived from random forest classifier. 
The top 15 features were shown in Table 3, where 
features sorted in descending order of discriminative 
capability. As can be seen from Table 3, the features 
from EEG contributed to the recognition of most 
stages. Meanwhile, ECG features demonstrated its 
contribution to the discrimination of SWS from the 
others. For EOG signal, its features were good at 
distinguishing REM stage and wakefulness. In terms 
of feature types, the top 15 features indicated that the 
optimal feature subset was a fusion of statistical 
measures (e.g. Percentiles, Hjorth parameters, Zero-
Crossing), spectral measures (e.g. spectral edge, 
power spectral density), entropy measures (e.g. 

spectral entropy), fractal measures (e.g. Petrosian 
fractal dimension) and nonlinear measures (e.g. mean 
curve length, the 4th Power). 

4 DISCUSSION 

PSG, the golden standard for measuring sleep 
qualitatively, is a traditional technology which is 
time-consuming and has barely changed over the 
years. Burgeoning public interest in sleep quality 
improves a strong impetus for a robust, easily 
implemented and rapid sleep scoring system. Limited 
toolbox or software is available for automatic sleep 
scoring, although there are many theoretical 
researches in this field. In previous studies, some 
portable devices were developed based on ECG and 
respiration. For example, Hermawan et al. 
(Hermawan et al., 2012) developed a real-time sleep 
stage classification device which classified sleep 
recordings into 2 stages (wakefulness and sleep)  with 
an average precision of 0.941. Recently, some deep 
learning-based scoring tools sprouted out, such as 
SLEEPNET (Biswal et al., 2017) and SeqSleepNet 
(Phan et al., 2019). The classification accuracy of 
these deep learning-based tools was about 0.85 with 
the support of tremendous training data and highly 
configured computer (like GPU or server).  

Compared with previous studies, the proposed 
toolbox provides comparable precision and greater 
freedom. The toolbox, based on MATLAB, allows 
users to select the available signal types and the 
number of target classes according to their condition 
and need. Meanwhile, it supports two popular data 
formats (MAT file and EDF file) that make data 
transfer easy. This offline prediction module is 
helpful for researchers, especially the newcomers in 
this field, to accelerate their understanding of sleep 
structures. It can also be used in clinic to speed up the 
annotation of PSG records, thus alleviating the 
burden of the physicians. The online prediction 
module provides the potential to control sleep tasks 
automatically by combining the toolbox with sleep 
experiments. 

Even though our results are encouraging, our 
model still has several limitations. One of them is that 
the performance of proposed toolbox is affected by 
the data property. As our model learns from training 
data, it might not perform well when the trained 
model is applied to the data with different properties. 
For example, a scoring model trained by healthy 
subjects may not perform well for the analysis of 
patients' sleep structure. To achieve better results in 

An Automatic Sleep Scoring Toolbox: Multi-modality of Polysomnography Signals’ Processing

307

mean value of accuracy increased, and the uncertainty 
decreased to some extent. More specifically, Figururure e e 3 
indicated that the required signal types varied wiwiwiththth theh  
number of target classes. If sleep recordingngngs s s were 
classified into two classes, namely wakefufufulnlnlness (W) 
and sleep (S), all considered signal f f fuuusions gave 
satisfactory results. With the increasasasinining number of 
targrgrgetet c clalasssssess, , , ththe e nunuumbmbmbereer o of f rerequququirirreded s sigignanaalslls 
innncrrreaeasesed d d acacaccooordddiiin llgly. 

FrFromom t t thehehe p p pereerspspecectitivevv  o o f sisisigngngnalll typeseses, ththe e sisigngnnaaal 
fusions containing EEG s s siigignals showed bettererr   
idddenentititifificacaatittiononn accccccururacaca y,y,, indddicicicatatatiniing g  a crcrucucu iaiaal l l roroolell  o o of f f 
EEEEG G G sisigngngnalals s s ininin s sleleleeppep s s scoooririringngng. FFurtrtrtheeermmrmororo e,e,e, t t thehehe 
discriminative information provided bybyby E E ECGGG and 
EMG channels was inferior to that from E E EEGEGEG a andndnd 
EOG signals. 

3.2 Feature Evaluation 

To further elucidate the contributions of features and 

(Hermawan et al., 2012) developed a real-time sleep 
stage classification device which classified sleep 
rererecordings into 2 stages (wakefulness and sleep)  with 
annn a a avevv rage precision of 0.941. Recently, some deep 
learninininggng-bbbasasasededed scoring tools sprouted out, such as 
SLLLEEEE PNET (Biiiswswswalalal e  t al., 2017) and SeqSleepNet 
(P(P(Phhhan et al., 2019). Thehehe classification accuracy of 
ththesesese e e dedeepep l leaeaarnrr ininingg-babasesed  d toooolools s wawas s abaa ououout t 00.8585 w w iti h 
thhthe sssuppppporort t ofofof t rererememendndouous s s trrraiaininingng d d datatata a a anand d hihighghghly 
confiiiguuured comomompupuputetter r (l(likike e GPGGPU U oror s seerervvever)rr).  

Compared with h h ppprevious studies, the proposed 
tott oloolboboox x x prprprovvvidddeses c c comomompapaparararabllle e e prprrecccisisisioion n n anannd d d grgrgreaeatett r 
frfrfreeeeeedododom.mm  T T Thehehe t t toolblblboxxox, bababaseesed d d onnon M M MATATATLALALAB,BB  a a allllllowwows 
users to select t t thththe available signal types and the 
number of targrgrgetett classes according to their condition 
and need. MMMeanananwhile, it supports two popular data 
fofoformrmrmats (MMMATTT file and EDF file) that make data 
trananansfss er easyyy. This offline prediction module is 
helpful l l fofofor r r rrresearchers, especially the newcomers in 
this field, to accelerate their understanding of sleep 



that condition, the model might have to be re-trained 
or fine-tuned. 

5 CONCLUSIONS 

This paper proposed an automatic sleep scoring 
toolbox that supported four types of sleep signals and 
two data formats. The toolbox provided an interface 
for user-friendly operation. Sleep recordings could be 
automatically analysed to reveal multiple sleep 
parameters and sleep quality index. A layer-wise 
classification strategy was proposed to improve the 
classification accuracy of minority stages. In 
addition, a Hidden Markov Model was used to make 
classification results logic. Compared with manual 
scoring, the proposed automatic scoring toolbox is 
cost-effective, which would alleviate the burden of 
the physicians, speed up sleep scoring and expedite 
sleep research. 
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Abstract. Sleep scoring is a fundamental but time-consuming process in any 

sleep laboratory. Automatic sleep scoring is crucial and urgent to help address 

the increasing unmet needs for sleep research. Therefore, this paper aims to de-

velop an automatic sleep scoring toolbox with the capability of multi-signal 

processing. The toolbox allows the user to choose signal types and the number 

of target classes. In addition, a user-friendly interface is provided to display 

sleep structures and related sleep parameters. The proposed approach employs 

several automatic processes including signal preprocessing, feature extraction 

and classification in order to save labor costs without compromising accuracy. 

For the phase of feature extraction, a huge number of features are considered 

including statistical characters, frequency characters, time-frequency characters, 

fractal characters, entropy characters and nonlinear characters. Their contribu-

tion to distinguishing between different sleep stages are compared in this arti-

cle. The classifier we used for sleep stages discrimination is the random forest 

algorithm. The performance of the proposed approach is tested on the patients 

with sleep apnea by assessing accuracy, sensitivity and precision. The model 

achieves an accuracy of 82% to 86% for patients with varying degrees of sleep-

disordered breathing, which indicates that sleep-disordered breathing does not 

significantly affect the performance of the proposed model. The proposed au-

tomatic scoring toolbox would alleviate the burden of the physicians, speed up 

sleep scoring, and expedite sleep research. 

Keywords: Polysomnography, Multi-modality analysis, MATLAB toolbox, 

Automatic sleep scoring, Sleep-disordered breathing. 

1 Introduction 

Sleep covers almost one-third of human lifespan. Adequate and high-quality sleep is 

vital to our physical and mental well-being[1]. However, and likely because of our 

ephemeral lifestyle in modern society, sleep disorder complaints increase dramatically 

among people. One of the most common sleep disorders seen in sleep medicine cen-

ters is sleep apnea, which is characterized by repetitive cessations of the respiratory 

flow during sleep[2]. These nocturnal respiratory disturbances can induce sleep-EEG 
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changes, which promotes sleep fragmentation and an increase of arousals[3]. Studies 

have found that the distortion of sleep signals aggravates the burden of sleep 

scoring[4], especially reducing inter-scorer agreement. Clinically, the gold standard of 

diagnosis of sleep apnea is overnight polysomnography (PSG) (sleep study), which is 

carried out in a specialized hospital-based sleep laboratory. Polysomnography records 

simultaneously tens of sleep signals including electroencephalograms (EEG), elec-

tromyograms (EMG), electrooculogram (EOG), electrocardiogram (ECG), pulse oxi-

metry, airflow, respiratory effort etc. Generally, according to the rules of 

Rechtschaffen & Kales (R&K)[5] and the most recently updated American Academy 

of Sleep Medicine rules (AASM)[6], these PSG recordings are scored manually by at 

least one registered sleep technologist (RST) to obtain the sequence of sleep stages 

and related sleep parameters. 

The R&K rules divide sleep into five distinct stages: non-rapid eye movement 

(NREM) stages 1, 2, 3 and 4 and rapid eye movement stage (stage R), while the most 

recently developed standard AASM merges stages 3 and 4 into N3 due to their preva-

lent low-frequency oscillations. Generally, sleep experts divide sleep recordings into 

30-second intervals called one epoch and classify each epoch based on its amplitude 

and frequency characteristics, as described in Table 1. The process of assigning a 

sleep stage to every epoch of polysomnographic recordings is called sleep scoring. 

Sleep scoring is a very important step in sleep research and clinical interpretation of 

polysomnography. However, the process of sleep scoring is labor-intensive, as studies 

have revealed that the annotation of 8-h recording requires approximately 2-4 

hours[7]. Following the development of computerized methods, interests have been 

initiated to score automatically polysomnographic recordings, allowing the expert to 

avoid spending too much time on this time-consuming work. Nevertheless, it is a 

challenging problem because of the nonstationary nature of EEG signals and the 

complexity of sleep phenomena.  

Numerous attempts have been made to automate sleep scoring[8, 9]. These meth-

ods were usually composed of two main components: feature generation or extraction 

and classification. For the phase of feature extraction, various signal processing tech-

niques were explored such as wavelet transform[10, 11], empirical mode decomposi-

tion[12, 13], Hilbert-Huang transform[14, 15], Fourier transform[16] and short-time 

Fourier transform (STFT)[9, 17]. Then, diverse features, such as statistic features, 

frequency features and nonlinear features, were extracted from the transformed or 

decomposed signals of EEG, EOG and/or EMG [18, 19]. For classification, support 

vector machine (SVM)[20], random forest[19], K-nearest neighbor classifier[21], 

Naive Bayes[22], artificial neural network[23] etc. have been employed in literatures. 

In these studies, the agreement between automatic methods and human experts ranged 

from 80% to 90%[15, 23]. 

Besides traditional approaches, Liang and his colleagues[24] integrated multiscale 

entropy and autoregressive models for single-channel EEG achieving good perfor-

mance. Another recent attempt proposed by Dimitriadis et.al[22] calculated the cross-

frequency coupling of predefined frequency pairs, which demonstrated the effective-

ness of phase-to-amplitude coupling and amplitude-to-amplitude coupling for the 

automatic classification of sleep stages. In addition, some studies based on waveform 
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detection have emerged, the most famous of which was deep learning methods[25]. 

CNNs were especially promising because they can learn complex patterns and ‘look’ 

at the data in a similar way as a ‘real brain’ although working with raw data required a 

huge amount of training data and computational resources[26]. 

In previous studies, ECG signals, as a substitute for standard techniques for deter-

mining sleep stages, were mainly used in portable sleep monitoring systems[27, 28]. 

Some studies proposed that sleep scoring with ECG is less complex but equally accu-

rate when compared to PSG analysis[8]. Krakovská and Mezeiová [29] found the 

ECG feature named zero-crossing rate performed well in automatic sleep scoring, but 

was still inferior to those from the signals of EEG, EOG and EMG. Yan et.al[19] 

revealed that ECG features were useful in the recognition of stage R and W from 

other stages. Moreover, evidence from sleep physiology also suggested that the au-

tonomous nervous system was regulated in totally different ways during wakefulness, 

slow-wave sleep and REM sleep[30]. Heart rate (HR) and arterial blood pressure 

decreased during non-REM sleep, while increased significantly during REM sleep, 

due to the modulations in sympathetic and parasympathetic activity [31]. Analysis of 

heart-rate variations was beneficial for us to track the transition from wakefulness to 

sleep. Therefore, the authors believed that ECG had promising prospects in automatic 

sleep scoring. 

In our previous study[32], we proposed an automatic sleep scoring toolbox with 

the capability of multi-signal processing. Following automatic signal processing and 

analysis, the proposed toolbox achieved an average accuracy of 85.76% for 100 

healthy subjects. Moreover, a user-friendly interface was provided to display sleep 

structures and related sleep parameters. Given the complexity of clinical conditions, 

the present article aims to extend the toolbox to patients with sleep apnea. More spe-

cifically, this work extends our preliminary work [32] in four aspects. First, the pro-

posed toolbox covers multiple target domains so users can choose the number of tar-

get categories according to their needs. Second, more non-statistical features are con-

sidered to effectively track the variance of signals. Third, our previous study[32] per-

formed feature evaluations based on a single experiment. The random-forest classifier 

accepts the number of features selected at random for each decision split, and there-

fore, it is necessary to perform 100 repeated experiments to obtain reliable results. 

Fourth, we investigate the influence of sleep-disordered breathing on classification. 

Healthy subjects and patients are diverging in their sleep structures, and therefore, it is 

important to examine whether these dissimilarities give rise to any difference in clas-

sification performance. To evaluate the performance of the proposed toolbox, various 

parameters such as accuracy, sensitivity and precision, will be considered in the fol-

lowing article. 

The article is organized as follows: Section 2 gives an overview of the proposed 

toolbox. Experimental data and corresponding methodology are described in Section 

3. Section 4 demonstrates the performance of the proposed toolbox and the model 

transferability between patients with different degrees of sleep apnea. Section 5 pro-

vides discussions of the results and limitations of this study. Finally, conclusions are 

given in Section 6. 
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Table 1. The characteristics of adult sleep records during each sleep stage[6] 

Sleep stage Description  

Stage W a) The EEG shows mixed beta and alpha activities as the eyes open and close, 

and predominantly alpha activity (8–13 Hz) when the eyes remain closed. 

b) The EOG channels show eye blinking, reading eye movement or rapid eye 

movement. 

c) Submental EMG is relatively high tone. 

Stage N1 a) The EEG pattern is characterized by low amplitude, predominantly 4–7 Hz 

activity (theta wave). Vertex sharp waves with duration <0.5 seconds may 

occur in stage N1. 

b) The EOG often shows slow eye movements in stage N1. 

c) The EMG amplitude is variable but often lower than in stage W. 

Stage N2 a) The EEG is characterized by predominant theta activity and occasional quick 

bursts of faster activity. Sleep spindles (commonly 12–14 Hz) and K com-

plexes may appear here. 

b) The EOG usually shows no eye movement activity. 

c) The chin EMG shows variable amplitude, but it is usually lower than in stage 

W, and maybe as low as in stage R sleep. 

Stage N3 a) The EEG activity is marked by high-amplitude slow waves. 

b) Eye movements are not typically seen during stage N3 sleep.  

c) The chin EMG is of variable amplitude, often lower than in stage N2 sleep 

and sometimes as low as in stage R sleep. 

Stage R a) It is characterized by relatively low-amplitude, mixed-frequency EEG activity 

without K complexes or sleep spindles. Sawtooth waves (2-6Hz, sharply con-

toured triangular) are strongly supportive of the presence of stage R sleep. 

b) Rapid eye movements are characteristic of stage R sleep. 

c) The chin EMG usually shows the lowest level of the entire recording. 

2 System Overview 

The toolbox proposed in this article aims to accelerate the process of sleep scoring, 

alleviating the burden of physicians. With this consideration in mind, we design a 

user-friendly operation interface, as shown in Fig.1, in order to facilitate operations 

and visualize analysis results.  The interface consists of a training module, an offline 

prediction module, an online prediction module, several parameter panels and visuali-

zation panels. The following lines briefly describe the operation of the toolbox and 

the functions of the main modules. To run the proposed toolbox, a MATLAB envi-

ronment was required which can be found at this link https://www.mathworks.com/. 

If you have enough training data and want to train your model, the training module 

can help you. It should be mentioned that the user needs to select the signal type (mul-

tiple choice), the target number of stages (single selection) and the power frequency 

noise (a number). The software then automatically performs signal pre-processing, 

feature extraction and classifier training. The trained model would be stored in a fold-

er named "Current Results" in the current working directory. 

If you want to evaluate the sleep structure for new sleep recordings, the prediction 

module can help you whether or not you have a trained model. This module automati-

cally checks if the user has a trained model (searches for a folder named “Current 
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Results”). If no model is found in the folder, it would allow the user to specify a fold-

er or load a predefined model. Once the model is determined, the module will auto-

matically process the test data based on model parameters. Finally, the application 

interface displays the predicted sleep structure, related sleep parameters and the esti-

mated sleep quality index. If a hypnogram (e.g., labels scored by RST) is available for 

the test data, the interface would display both hypnogram and predicted labels togeth-

er. The disagreement between hypnogram and predicted labels would be highlighted 

by pressing a button named "Comp". Clicking the "Detail" button would pop up a 

new panel to display related sleep parameters. A button named “HR” is used to ana-

lyze the variance of heartbeat during sleep.  

The online prediction module is similar to the offline prediction process except for 

the real-time updating results. This module can be connected to a sleep monitoring 

device to perform real-time analysis of sleep signals and real-time visualization sleep 

structures. The real-time update sleep signal will be saved in the memory as a TXT 

file. 

 

Fig. 1. The interface of sleep scoring toolbox 
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3 Materials and Methods 

3.1 Experiment Data 

The all-night sleep recordings are provided by the Sleep Heart Health Study (SHHS) 

database, of which only the first round (SHHS-1) is selected in this study. The Sleep 

Heart Health Study (SHHS) is a multi-center cohort study held during 1995-1998 to 

investigate whether sleep-disordered breathing is associated with a higher risk of var-

ious cardiovascular diseases. In that study, 6441 individuals aged 40 years or older 

were recruited to undergo an overnight PSG and physical examination. Full details of 

SHHS study designs can be found in Quan et al.’s study[33].   

Subjects employed in the present study did not use beta-blockers, alpha-blockers, 

inhibitors, and did not suffer documented hypertension, heart disease, or history of 

stroke. Patients with or without sleep-disordered breathing were randomly selected 

from the SHHS1 dataset. Table 2 summarized the characteristics of the employed 

subjects.  

Each record was scored by an experienced research assistant or sleep technologist 

according to the R&K rules. Sleep recordings were segmented into 30-second per 

epoch and labelled as wakefulness (W), non-rapid eye movement stage (NREM, con-

taining N1, N2, N3 and N4) and rapid eye movement stage (R). According to the 

recently updated AASM standards, NREM stages 3 and 4 were merged into N3 in the 

present article.  

Table 2. Subject characteristics 

Category  Number Age AHI range AHI Epoch 

Normal breathing 100 46.86 (4.22) AHI<5 2.11 (1.46) 97,514 

Mild sleep apnea 30 48.50 (4.37) 5≤AHI<15 8.95 (2.62) 28,995 

Moderate sleep apnea 30 48.53 (3.57) 15≤AHI<30 22.08 (4.83) 28,953 

Severe sleep apnea 30 48.07 (4.86) AHI30 41.38 (10.34) 28,713 

3.2 Signal Pre-processing 

For the predefined model and the following experiments, four modalities of poly-

somnography (PSG) signals were analyzed: two EEG channels (C4-A1 and C3-A2, 

following the 10-20 international electrode placement system), two electrooculog-

raphy (EOG) channels (ROC and LOC), one submental electromyography (EMG) 

channel and one electrocardiography (ECG) channel. All of the aforementioned sig-

nals were fully included in the evaluation process without discarding any recorded 

segments, thereby to have a near-clinical situation. 

In order to remove noise and artefacts, a notch filter, a high-pass filter with a cut-

off frequency of 0.3Hz and a low-pass filter with a cut-off frequency of 30Hz were 

applied to the signals of EEG, EOG and ECG. In terms of EMG, a notch filter, a high-

pass filter with a cut-off frequency of 10Hz and a low-pass filter with a cut-off fre-

quency of 75Hz were performed. If the sampling frequency is less than twice the cut-
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off frequency, the corresponding filtering process would be skipped. Overnight night 

recordings were smoothed by their mean value ±5×standard deviation to remove out-

liers. In order to eliminate individual differences, sleep signals were normalized to [-

100, 100]. All signals were divided into 30-second epochs, each epoch corresponding 

to a single sleep stage. Signal interruption due to electrode fall-off or amplifier failure 

can be identified by judging the standard deviation of epochs. If std(𝑥𝑒𝑝𝑜𝑐ℎ) < 0.01, 

the epoch was judged as an interruption and was eliminated. 

3.3 Feature Extraction 

This study considers a variety of conventional and neoteric characteristics serving as 

distinctive markers for various psycho-physiological states. They are summarized in 

Table 3. Some of the parameters are introduced in the following, and the others can be 

found in our previous studies[19, 32]. 

In order to reduce the influence of extreme values, percentiles, instead of the max-

imum and minimum values, are used to measure the signals’ amplitude. Besides, vari-

ance, skewness, kurtosis etc. are calculated which have proven to be good indicators 

of the amplitude distribution[11]. 

The calculation of all spectral measures is based on the short-time Fourier trans-

form (STFT). The signal epoch is separated by a 3-second hamming moving window 

with 2-second overlap. Each partition is zero-padded to 5 times the length of sampling 

points, then a Fourier transform is calculated. The final spectral density is achieved by 

averaging spectral densities of the twenty-nine partitions.  

Given the important role of rhythm waves and sleep events, the relative spectral 

power and spectral entropy are computed in the corresponding sub-frequency bands. 

Table 4 lists the EEG rhythm waves and sleep events together with their frequency 

ranges. Power ratios are computed based on the relative spectral power of rhythm 

waves and sleep events. The following power ratios are computed: delta/theta, del-

ta/alpha, delta/beta, theta/alpha, theta/beta, alpha/beta, alpha/(theta + delta), del-

ta/(theta + alpha) and theta/(beta + delta).  

Nonlinear features are good methods to quantify the complexity of time series. 

Some nonlinear measures are described as follows. 

The second difference of raw signal is defined as, 

 D =  1 (𝑁 − 2) ∑ |𝑥(𝑛 + 2) − 𝑥(𝑛)|𝑁−2
𝑛=1⁄    (1) 

where 𝑁 is the length of time series 𝑥(𝑛). 

The fourth power of raw data, 

 P = 𝑙𝑜𝑔10 ∑ 𝑥(𝑛)4𝑁
𝑛=1  (2) 

Entropy is a concept addressing irregularity or predictability. The greater entropy is 

often associated with more randomness and less system order. Recently, several dif-

ferent estimators of entropy have been introduced to quantify the oscillation of time 

series. In this paper, spectral entropy, Shannon entropy, Tsallis entropy (q = 2) and 
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Renyi entropy ( = 2) [34]  are considered. Their corresponding definitions are listed 

below. 

Spectral entropy, 

 𝑆𝑝𝐸 =
1

ln(𝑁)
∑ 𝑃(𝑓) ∗ 𝑙𝑛(𝑃(𝑓))30𝐻𝑧

𝑓=𝑓𝑚𝑖𝑛
 (3) 

where 𝑁 is the length of the time series, 𝑃(𝑓) indicating the power spectral power, 

and 𝑓min is set as 0.3Hz in terms of the signals of EEG, EOG and ECG, and 10Hz of 

EMG. 

Table 3. Parameter list 

Type Feature Name 

Statistical 

measures 

The 5th, 25th, 75th, 95th percentile (Pre5, Pre25, Pre75, Pre95), Vari-

ance(V), Root mean square(Rms), Skewness(S), Kurtosis(K), Hjorth 

parameters(HA, HM, HC), Zero-Crossing(ZC) 

Spectral 

measures 

Power spectral density(PSD), Mean value of PSD (mPSD), Median value 

of PSD (mdPSD), Power ratio(PR), Relative spectral power(P), Mean of 

instantaneous frequency(Ifq), Mean frequency(mF), Median frequen-

cy(mdF), Brain rate (BR), Spectral centroid (Sc), Spectral width (Sw), 

Spectral asymmetry (Sa), Spectral flatness (Sk), Spectrum flatness (Sf), 

Spectral slope (Ss), Spectral decrease (Sd), Spectral edge frequency at 

90% and 50%(edge90, edge50), Difference of spectral edges(Edge_D) 

Nonlinear 

measures 

Mean Teager energy (MTE), Mean energy (E), Mean curve length (CL), 

the second differences(SecD), The 4th Power(P4) 

Fractal 

measures 
Petrosian fractal dimension (PFD) 

Entropy 

measures 

Spectral entropy(spE), Shannon entropy(dnE), Renyi entropy (ryE), Tsal-

lis entropy(tsE), Log energy entropy(lgE) 

Mutual 

measures 
Coherence(Ch), Coefficient (Cf) 

 

Table 4. Rhythm waves and events of sleep EEGs 

Name Frequency band 

Slow wave activity  0.5–2.0 Hz 

Delta 0–3.99 Hz 

Theta 4–7.99 Hz 

Alpha 8–13 Hz 

Beta 13–30 Hz 

Sawtooth waves  2-6Hz 

Sleep spindles 12–14 Hz 

K complex 0.5–1.5 Hz 
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Shannon entropy, 

 ShnE =  − ∑ 𝑝𝑖𝑙𝑛(𝑝𝑖)
𝑁
𝑛=1  (4) 

where 𝑝𝑖 = 𝑛𝑖 𝑁⁄   is the histogram distribution of the time series 𝑥, 𝑁 the length of 

the signal 𝑥, and 𝑛𝑖 is the number of samples within the 𝑖𝑡ℎbin.  

Tsallis entropy, 

 TslE =  
1

1−𝑞
(1 − ∑ 𝑝𝑛

𝑞𝑁
𝑛=1 ) (5) 

where 𝑞 is entropic index. 

Renyi entropy[15], 

 RyiE =
1

1−
𝑙𝑜𝑔2(∑ 𝑝𝑛

𝑁
𝑛=1 ) (6) 

where  is the Renyi’s entropy order.  

3.4 Feature normalization 

After all of the features extracted, post-processing is performed, which helps reduce 

the influence of signal noise. The outlier of each feature is defined as the element that 

is more than three standard deviations from the mean. All outliers would be replaced 

by their nearest non-outlier value. 

In order to balance numerical ranges and reduce the impact of variability between-

subjects or within-subjects, each feature vector of individuals is separately normalized 

to [0, 1] by the following formula, 

 �̅�𝑖,𝑗 = [𝑝𝑖,𝑗 − 𝑚𝑖𝑛(𝑝𝑗)] [𝑚𝑎𝑥(𝑝𝑗) − 𝑚𝑖𝑛(𝑝𝑗)]⁄  (7) 

where 𝑝𝑗  denotes an independent feature vector from an individual, and 𝑝𝑖,𝑗  is an 

element in the 𝑗𝑡ℎ feature vector. 

3.5 Classification 

In order to capture the characters of sleep stages and to predict new instances, the 

present article employs a random forest (RF) classifier because it is relatively parame-

ter-free, robust to outliers, fast to train and resistant to overfitting[35]. This study 

designs a classifier with 200 trees, where each tree is created using a randomly select-

ed set of 𝑚 features (𝑚 =  √𝑀, where 𝑀 is the total number of features.). These fea-

tures will be used to design decision nodes of each tree. Those decision nodes divide 

test samples into specific categories, and the final classification results are achieved 

by the most votes in the forest. Moreover, the RF classifier is able to store the out-of-

bag information for each node, which provides an estimation of the importance of 

each feature. The classifier is trained using 10-fold cross-validation. The test set is 

completely independent, so the test set consists of data that the model has never seen 

before.  
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3.6 Result Correction 

Studies have found that sleep transitions are not a random process. However, tradi-

tional classifiers can only give their decisions based on information of the current 

stage, but can’t remember the context. The objective of this phase is to utilize the 

strengths of the hidden Markov model to complement the weaknesses of conventional 

classifiers. Firstly, hidden Markov model (HMM) is trained using the classification 

results of validation dataset. The HMM parameters, namely transition matrix, emis-

sion matrix and initial matrix, are described as follows. Concerning the initial matrix, 

all states have equal probabilities to be the initial state. 

The transition matrix A =  {𝑎𝑖𝑗} stores the probability of stage 𝑠𝑗 following stage 

𝑠𝑖. 𝑎𝑖𝑗 can be calculated by the following formula, 

 𝑎𝑖𝑗 =
∑ 𝑆𝑖→𝑆𝑗

∑ 𝑠𝑡=𝑆𝑖
𝑁
𝑡=1

 (8) 

where 𝑠𝑡  denotes sleep stage of each epoch, 𝑁  the number of epochs, and 𝑆𝑖 , 𝑆𝑗 ∈

{𝑊, 𝑅, 𝑁1, 𝑁2, 𝑁3}. 

The emission matrix[36] is calculated from the confusion matrix C =  {𝑐𝑖𝑗} where 

𝑐𝑖𝑗 represents the probability of classifying stage 𝑆𝑖 as stage 𝑆𝑗. 

 𝑎𝑖𝑗 =
𝑁𝑠𝑖→𝑠𝑗

𝑁𝑠𝑖

 (9) 

where 𝑁𝑠𝑖
 denotes the total number of stage 𝑆𝑖, 𝑁𝑠𝑖→𝑠𝑗

the number of stage 𝑆𝑖 classified 

to stage 𝑆𝑗, and 𝑆𝑖 , 𝑆𝑗 ∈ {𝑊, 𝑅, 𝑁1, 𝑁2, 𝑁3}. 

After determining the HMM model, the Viterbi algorithm[37] is used to find the 

most likely sequence of states through the trellis. The correction algorithm takes a 

sequence of observations (classifier output) as input and returns a sequence of states 

as output (correct stages). The correction process refer to the observations prior to and 

posterior to the current epoch, which makes the corrected stages avoid unreasonable 

stages transitions. More specifically, the stage transition [𝑊, 𝑅, 𝑁2] would be correct-

ed to [𝑊, 𝑁1, 𝑁2]. The study by Liang et al.[38] illustrated some unreasonable transi-

tions. Experiments have proved that these unreasonable transitions can be corrected 

by the proposed method. 

3.7 PSG Sleep Quality Index 

In order to provide an objective estimation of sleep quality, the toolbox proposes a 

sleep quality index which is built according to items of the Pittsburgh Sleep Quality 

Index (PSQI). PSQI is a standard self-report questionnaire for assessing sleep quality 

during the previous month[39]. The self-report questionnaire is relatively subjective 

and can be easily exaggerated or minimized by the person completing it. Therefore, 

the toolbox calculates various sleep parameters (Table 2 in reference [32]) from the 

predicted sleep structure. Afterwards, statistical scoring is performed based on these 

sleep parameters. The score is then normalized into a range of [0, 9] that is PSG sleep 
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quality index.  The PSG index is displayed in the bar in the lower-right corner of the 

interface. Detailed sleep parameters can be obtained by pressing the button “Detail”. 

4 Performance Assessment 

To demonstrate the generalizability of the proposed toolbox, the proposed model was 

tested on subjects with normal, mild, moderate and severe sleep-disordered breathing. 

Model performance was evaluated by accuracy, sensitivity and precision. Accuracy 

indicated the fraction of correct detections. Sensitivity represented the proportion of 

positive epochs that are correctly identified. Precision is the proportion of epochs 

predicted as belonging to the positive class to epochs that actually belong to the posi-

tive class. Their definitions[11] were listed below. 

 𝐴𝑐𝑐 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁
(%) (10) 

 𝑆𝑒𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
(%) (11) 

 𝑃𝑟𝑒 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
(%) (12) 

where 𝑇𝑃 , 𝑇𝑁 , 𝐹𝑃and 𝐹𝑁  respectively denote true positives, true negatives, false 

positives and false negatives. 

4.1 Influence of Signal Types 

In order to explore the relationship between signal types and classification accuracy, 

we performed a greedy search on signal fusions for two to six sleep stages. The re-

sults were shown in Fig.2 where the column denoted the mean accuracy of 100 nor-

mal sleep-breathing subjects and the bars represented the standard deviation. Four 

target domains were highlighted in different colors in Fig.2. For each target domain, 

twelve signal fusions were considered and displayed along X-axis where signals’ 

name was abbreviated with its middle letter. 

As can be seen from Fig.2, with the enrichment of signal types, the mean value of 

accuracy increased, and the uncertainty decreased to some extent. More specifically, 

Fig.2 indicated that the required signal types increased with the fineness of sleep scor-

ing. If sleep recordings were classified into two stages, namely wakefulness (W) and 

sleep (S), all considered signal fusions gave satisfactory results. As the number of 

sleep stages increased, the number of required signals increased accordingly if a satis-

factory accuracy was desired.  

From the perspective of signal types, the signal fusions containing EEG signals 

showed better classification accuracy, indicating that EEG signals played a vital role 

in sleep scoring. The discriminative information provided by ECG and EMG channels 

was inferior to that from EEG and EOG signals. Nevertheless, the richness of signal 

modalities contributed to the increasing accuracy of sleep stages classification, but up 

to a certain point. 
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4.2 Feature Evaluation  

To further elucidate the features' contribution to automatic sleep scoring, the im-

portance of features, measured by their contribution to distinguishing each pair of 

sleep stages, were derived from the random forest classifier. Given random-forest 

classifier randomly selected a subset of features for each decision split, and therefore, 

we performed 100 repeated tests for each experiment. The final importance of each 

feature was the average of 100 tests. The top 15features was highlighted in Fig.3, 

where features were sorted in descending order of discriminative ability. 

Fig.3 indicated that the optimal feature subset was a fusion of statistical measures 

(e.g. Percentiles, Hjorth parameters, Zero-Crossing), spectral measures (e.g. spectral 

edge, power spectral density), entropy measures (e.g. spectral entropy), fractal 

measures (e.g. Petrosian fractal dimension) and nonlinear measures (e.g. mean curve 

length, The 4th Power). Varied features captured signals from multiple aspects, there-

by improving accuracy. 

Fig.4 listed the distribution of feature importance in distinguishing each pair of 

sleep stages. As can be seen from the Fig.4, the features from EEG contributed to the 

recognition of most stages. EMG features were good at distinguishing stage R and 

wakefulness, partly because of the apparent change of EMG amplitude in stage R and 

stage W. ECG features were inferior to those from the signals of EEG, EOG and 

EMG, which is consistent with the previous studies[29]. Nevertheless, the ECG fea-

tures showed their contribution in distinguishing stage N3, R and W. 

 
*C: single-modality ECG; M: single-modality EMG; O: single-modality EOG; E: single-modality EEG; &: combination sig-

nals; 2 classes: wakefulness and sleep (W&S); 3 classes: wakefulness, non-rapid eye movement sleep and rapid eye move-

ment sleep (W&NREM&REM); 4 classes: wakefulness, light sleep (containing N1 and N2), deep sleep (N3) and rapid eye 

movement sleep (W&LS&DS &REM); 5 classes: W, N1, N2, N3 and R 

Fig. 2. The classification accuracy for different signal fusions and target class[32]. 
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4.3 Performance on transfer learning 

Table 5 presented the confusion matrix of classification results. Except for stage N1, 

all other stages were correctly classified with a precision of 80% or more. Stage N1 

was considered as a transient state between wakefulness and “real” sleep, so it usually 

 

Fig. 3. Selected features for distinguishing specific pair of sleep stages 

 

*EEG features (colour: yellow); EOG features (colour: green); EMG features ((colour: red)); ECG fea-

tures (colour: blue); Mutual information (color: gray). Decreasing importance from left to right. 

Fig. 4. Feature distributions for distinguishing each pair of sleep stages 
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contained information of two or three sleep stages. As a result, the scoring of N was 

quite obscure, even for sleep scoring experts[29].  

The model's generalizability was assessed by patients with mild, moderate, and se-

vere sleep-disordered breathing. It was worth noting that the model was trained on 

100 subjects with normal sleep-breathing. Therefore, all patients with sleep-

disordered breathing consisted of information that the model had never seen before. 

Table 6-8 displayed the confusion matrix of test subjects. As can be seen from tables, 

the model performed slightly better in normal and mild apnea cases than in moderate 

and severe cases. Nevertheless, even for patients with severe sleep-disordered breath-

ing, the proposed model could provide per-epoch sensitivity and precision comparable 

to state of the art, indicating that the proposed model had good transferability between 

healthy populations and patients. 

Table 5. Confusion matrix for AHI<5 subjects 

Table 6. Confusion matrix for 5<AHI<15 subjects 

Table 7. Confusion matrix for 15<AHI<30 subjects 

 Technologists’ score stage 
Pre. 

 Stage W R N1 N2 N3 

P
r
o
p

o
se

d
 W 18370 134 716 504 23 93.0% 

R 589 15817 504 1727 0 84.9% 

N1 274 98 750 382 0 49.9% 

N2 1177 906 1044 38035 2726 86.7% 

N3 11 2 0 2202 11523 83.9% 

Sen.  90.0% 93.3% 24.9% 88.8% 80.7%  

Acc.       86.65% 

 Technologists’ score stage 
Pre. 

 Stage W R N1 N2 N3 

P
r
o
p

o
se

d
 W 5849 70 328 155 13 91.2% 

R 119 4261 163 315 0 87.7% 

N1 122 32 303 161 0 49.0% 

N2 325 459 333 11110 930 84.4% 

N3 3 0 0 501 3443 87.2% 

Sen.  91.1% 88.4% 26.9% 90.8% 78.5%  

Acc.       86.1% 

 Technologists’ score stage 
Pre. 

 Stage W R N1 N2 N3 

P
r
o
p

o
se

d
 W 5290 169 411 469 13 83.3% 

R 133 4089 135 286 0 88.1% 

N1 87 175 273 295 0 32.9% 

N2 498 460 367 11268 1000 82.9% 

N3 23 2 0 654 2856 80.8% 

Sen.  87.7% 83.5% 23.0% 86.9% 73.8%  

Acc.       82.1% 
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Table 8. Confusion matrix for AHI>30 subjects 

5 Discussion 

Burgeoning public interest in sleep health had provided a strong impetus for the study 

of automatic sleep scoring. To the best of our knowledge, limited toolbox or software 

was available for automatic sleep scoring, although there were many theoretical stud-

ies in this field. In previous studies, some portable devices were developed based on 

ECG and respiration. For example, Hermawan et al. [28] developed a real-time moni-

toring device that classified sleep into 2 stages (wakefulness and sleep)  with an aver-

age precision of 0.941. Recently, some deep-learning-based scoring tools sprouted 

out, such as SLEEPNET [40] and SeqSleepNet [41]. The classification accuracy of 

these deep-learning-based tools was not less than 0.85 with the support of tremendous 

training data and highly configured computer (like GPU or server). Compared with 

previous studies, the proposed toolbox provided comparable or better precision and 

greater freedom. Even for the subjects with severe sleep-disordered breathing, the 

model performance met or exceeded the accepted benchmark of 𝐴𝑐𝑐 = 80% between 

trained human scorers[42]. In addition, the proposed toolbox evaluated all epochs, 

including severely contaminated or distorted epochs, thereby to have a near-clinical 

condition. 

The MATLAB-based toolbox allowed users to select the available signal types and 

the number of target classes. Based on our aforementioned analysis, it was worth 

adding multi-modality sensors, if a satisfactory accuracy was desired. This conclusion 

was consistent with previous research that claimed features from multi-modality sig-

nals were beneficial to the improvement of scoring accuracy[9], but up to a certain 

point. Compared to our previous results[32], the importance of features from 100 

repeated tests was slightly different from the results from a single experiment. One 

possible explanation was that the random forest randomly selected features for deci-

sion splits. Besides that, it can also be attributed to changes of features. In the present 

article, we refined the frequency bands of EEG signals and calculated more non-

statistical features for EEG rhythm waves and sleep events in the present paper, 

thereby making the contribution of EEG signals even more prominent. Unfortunately, 

after 100 repeated tests, we did not find an ECG feature in the first 15 features, alt-

hough some ECG features performed well in several tests. That may be attributed to 

the characteristics of the classifier. The random forest classifier tended to select fea-

 Technologists’ score stage 
Pre. 

 Stage W R N1 N2 N3 

P
r
o
p

o
se

d
 W 5735 177 352 440 3 85.5% 

R 266 3490 129 226 0 84.9% 

N1 122 172 247 165 0 35.0% 

N2 735 582 406 11439 678 82.7% 

N3 30 0 1 727 2591 77.4% 

Sen.  83.2% 79.0% 21.8% 88.0% 79.2%  

Acc.       81.9% 
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tures containing many distinct values over those containing few distinct values[43]. 

Compared to changes of EEG and EMG signals during sleep, changes of heart rate 

seems to be slow and gradual. Nevertheless, we found that the ECG features per-

formed relatively well in distinguishing stage N3, R and W, as shown in Fig.4. 

From the perspective of applications, the proposed toolbox would be helpful for re-

searchers, especially the newcomers in this field, to accelerate their understanding of 

sleep structures. It can also be used in clinic to expedite the annotation of PSG rec-

ords, thereby alleviating the burden of the physicians. The online prediction module 

provides the potential to automatically control sleep tasks by combining the toolbox 

with sleep experiments. 

Even though our results are encouraging, our model still has several limitations. 

One of them is that the performance of proposed toolbox is affected by the data prop-

erty. Since our model learns from the training data, it might not perform well if the 

test data and training data have different properties. For example, a scoring model 

trained by healthy subjects may not perform well on patients. In that case, the model 

might need to be re-trained or fine-tuned if a good precision is desired. 

Another complaint about the proposed algorithm might be worse N1 precision. A 

possible cause is the obscure character of stage N1. From the neurophysiological 

standpoint, N1 is a transition phase between wakefulness and sleep, which contains 

information of two or three sleep stages. The recognition of stage N1 is also an enor-

mous challenge for other published models, even for sleep scoring experts[7]. Anoth-

er reason affecting the precision of stage N1 might be unbalanced instances. It is 

caused by the natural asymmetric distribution of sleep stages. In this article, we did 

not consider any sample-balance strategy, such as resampling, since according to our 

study, the improved precision of stage N1 comes at the expense of other stages. We 

believe that preserving the natural sleep structure best represents how the model 

would perform in a production setting. 

The proposed model performs slightly better in normal and mild apnea cases than 

moderate and severe cases. This can trace back to different pathological manifesta-

tions of patients with normal breathing and patients with severe apnea. Studies have 

shown that patients with severe sleep apnea suffer from sleep fragmentation and an 

increase of arousals, which pose a challenge to sleep scoring. Other physiological 

changes in sleep apnea can’t be excluded. Some studies found significant changes in 

EEG spectral power as disease progression [44]. Other studies have shown that pa-

tients with severe obstructive apnea had higher activity level in the sympathetic nerv-

ous system[45], which modulate the activity of brain and cardiopulmonary system. In 

addition to pathological factors, another explanation for the model's poor performance 

in severe apnea cases is model-mismatch. The author believes that the model accuracy 

can be further improved by training with sufficient data on severe apnea cases. 

6 Conclusions 

This study proposed an automatic sleep scoring toolbox with the capability of multi-

signal processing. It allowed users to choose the signal type and target domain ac-
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cording to their needs. Sleep recordings can be automatically analyzed in batches or 

individually. In addition, different signals’ fusions and a huge number of characteris-

tics were investigated in present studies to highlight their contribution to automatic 

sleep scoring. The performance of the proposed model has been tested on patients 

with varying degrees of sleep apnea. The patient-specific accuracy ranged from 82% 

to 86%, indicating good generalizability of the proposed model. Compared with man-

ual scoring, the proposed automatic scoring toolbox was cost-effective, which would 

alleviate the burden of the physicians, speed up sleep scoring and expedite sleep re-

search. 
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Abstract—Sleep scoring is a fundamental but time-
consuming process in any sleep laboratory. Automatic sleep 
scoring is crucial and urgent to help address the increasing 
unmet need for sleep research. Therefore, this paper aims to 
develop an end-to-end deep learning architecture using raw 
polysomnographic recordings to automate sleep scoring. The 
proposed model adopts two-dimensional convolutional neural 
networks (2D-CNN) to automatically learn features from multi-
modality signals, together with a “squeeze and excitation” block 
for recalibrating channel-wise feature responses. The learnt 
representations are finally fed to a softmax classifier to generate 
predictions for each sleep stage. The model performance is 
evaluated on two public sleep datasets (SHHS and Sleep-EDF) 
with different available channels. The results have shown that 
our model achieves an overall accuracy of 85.2% on the SHHS 
dataset and an accuracy of 85% on the Sleep-EDF dataset. We 
have also demonstrated that the proposed architecture not only 
is able to handle various numbers of input channels and several 
signal modalities from different datasets but also exhibits short 
runtimes and low computational cost.  

Keywords—polysomnography, automatic sleep scoring, multi-
modality analysis, deep learning, transfer learning 

I. INTRODUCTION 
Adequate and high-quality sleep is vital to our physical 

and mental well-being. Nowadays, and likely because of our 
ephemeral lifestyle in modern society, complaints about sleep 
disorders increase dramatically among people. An effective 
way to diagnose sleep disorders and monitor sleep quality is 
overnight polysomnography (PSG), which is carried out in a 
specialized hospital-based sleep laboratory. A PSG test 
simultaneously records dozens of sleep signals including 
electroencephalograms (EEG), electrooculogram (EOG), 
electromyograms (EMG), electrocardiogram (ECG), pulse 
oximetry, airflow, respiratory effort etc. The standard method 
of analyzing PSG recordings is based on the criteria proposed 
by Rechtschaffen and Kales (R&K)[1] and the recently 
updated American Academy of Sleep Medicine (AASM) 
standards[2]. 

Based on the amplitude and frequency characteristics of 
sleep signals, the R&K rules divide sleep into five distinct 
stages: non-rapid eye movement (NREM) stages 1, 2, 3 and 4 
and rapid eye movement stage (stage R), but the recently 
updated AASM standard merges stages 3 and 4 into N3 due to 
their prevalent low-frequency oscillations. The process of 

assigning a sleep stage to each sleep segment is called sleep 
scoring, which is a fundamental step in sleep research. 
However, the process of sleep scoring is labor-intensive, as 
studies have revealed that the annotation of an 8-h recording 
requires approximately 2-4 hours[3]. With the development of 
computerized methods, there is a growing interest in 
automatic scoring of PSG recordings.  

Numerous attempts so far have been made to automate 
sleep scoring[4]. Conventional machine-learning methods 
mainly consist of two main components: feature extraction 
and classification. For the step of feature extraction, diverse 
features, such as statistic features, frequency features and 
nonlinear features, are extracted from the transformed or 
decomposed signals of EEG, EOG and/or EMG[5]. For 
classification, support vector machine, random forest, K-
nearest neighbor classifier, Naive Bayes, artificial neural 
network etc. have been employed in the existing literature[6], 
[7]. In these studies, the agreement between automatic 
methods and human experts ranged from 0.8 to 0.9 and that 
value highly relied on the validity of employed features. 

Most recently, in the field of automatic sleep scoring, there 
have sprung up many algorithms that adopted deep learning 
networks since it did not require explicit feature extraction and 
was especially suitable for big data approach[8]. 
Convolutional neural network (CNN) had been used on raw 
EEG signals to extract features automatically[9], which 
offered competitive scoring performance on a large multi-
center sleep dataset. PSG signals were also transformed into 
time-frequency images using short-time Fourier transform[10] 
or wavelet transformation[11], given the superiority of CNNs 
in image processing. Moreover, deep learning algorithms had 
introduced some novel classification schemes to mimic the 
way sleep experts performed manual sleep scoring, such as 
one-input-multi-output scheme[12] and sequence-to-sequence 
model[13]. The novel classification schemes were impossible 
for conventional machine learning paradigms. Attempts on 
deep learning had yielded exciting results, although training 
models from scratch required a huge amount of training data 
and computational resources[14]. 

In practice, however, some sleep studies may only focus 
on a small cohort, in which case the network's performance 
would decline significantly. Besides, different in monitor 
devices and specific experimental motivations cause channel 
mismatch, limiting model application across tasks[15]. To 
solve the above problems, this work proposes a deep learning This work is supported by the scholarship from China Scholarship Council 

(Nos. 201606060227). 



approach that consists of a very low number of layers, thus 
resulting in low computation cost compared to other deep 
learning approaches. Moreover, the proposed approach 
constructs an end-to-end structure without computing 
spectrograms or hand-crafted features. One of the most key 
contributions of this study is that the proposed model can 
handle various numbers of input channels and several signal 
modalities from different datasets without changing the model 
structure and hyperparameters to accommodate channel 
mismatch. 

The article is organized as follows: Section 2 details the 
experimental data and the proposed deep learning architecture. 
Section 3 demonstrates the performance of the proposed 
model. Section 4 discusses the results and limitations of this 
study. Finally, section 5 gives conclusions. 

II. MATERIALS AND METHODS 

A. Sleep Datasets 
This study employed two common datasets to evaluate the 

proposed deep-learning architecture. The first one was from 
the Sleep Heart Health Study (SHHS)[16], in which only the 
first round (SHHS-1) was selected in this study. The SHHS 
dataset was a multi-center cohort study to investigate whether 
sleep-disordered breathing was associated with a higher risk 
of various cardiovascular diseases. Subjects employed in the 
present study were selected by restricting the Respiratory 
Disturbance Index 3 Percent (RDI3P) < 5 to have near-normal 
characteristics. In addition, the selected subjects did not use 
beta-blockers, alpha-blockers, inhibitors, and did not suffer 
documented hypertension, heart disease, or history of stroke.  

The second one was the Sleep-EDF dataset[17], [18], of 
which the Sleep Cassette (SC) subset was adopted. It consisted 
of 20 subjects aged 25-34 years. Each subject had two PSG 
recordings from two consecutive day-night periods, except for 
one subject (subject 13) who had only the first-night data. PSG 
recordings from the second night were employed in this study, 
and thus 19 recordings were included. TABLE I summarized 
the characteristics of employed recordings.  

Each recording was scored by an experienced research 
assistant or sleep technologist according to R&K rules. Sleep 
recordings were segmented into 30-second per epoch and 
labelled as wakefulness (W), non-rapid eye movement stage 
(NREM, containing N1, N2, N3 and N4) and rapid eye 

movement stage (R). According to the recently updated 
AASM standard, NREM stages 3 and 4 were merged into N3 
in the present article. As signals sampled at different rates, we 
up-sampled those with sampling rates lower than 125 Hz to 
accommodate data from different datasets. In order to remove 
noise and artefacts, a simple filtering process, including notch 
filters, low-pass filters and high-pass filters, was performed. 
The filtered frequency bands of each signal were summarized 
in TABLE II. In addition, the long awake period before and 
after sleep was trimmed so that the number of awake epochs 
was not dominant in sleep cycles. Except that, the whole sleep 
recording was fully included in the analysis without 
discarding any recorded segments, thereby to have a near-
clinical situation. To eliminate individual differences, sleep 
signals were normalized by mapping its mean to 0 and its 
deviation to 1. Then, signals were divided into 30-second per 
epoch, and each epoch corresponds to one sleep stage. 

B. Model Architecture  
The proposed method expands raw EEG signals to multi-

modality PSG signals consisting of EEG, EOG, EMG and 
ECG. The idea is to mimic the way sleep experts perform 
manual sleep scoring. When sleep experts label a 30-second 
PSG epoch, they visually inspect amplitude and frequency 
characteristics of EEG signals and sleep-related events such 
as spindles and K-complexes [1]. They also check eye 
movements and muscle activity levels as a reference for 
labelling some stages, such as stage R[1], [2]. Recent studies 
have revealed that analysis of heart-rate variations enables us 
to track the transition from wakefulness to sleep[19]. Similarly, 
the proposed model jointly processes multi-modality signals, 
thereby providing a comprehensive analysis. 

The proposed model, shown in Fig. 1, utilizes CNNs to 
extract features from raw PSG signals. The size of input data 
is N × 3750 × C × 1 where N is the number of samples and C 
is the number of input channels. The first convolutional layer 
filters the input data using 8 kernels of size C × 1 with a stride 
size of 1 point. The activation function of the first layer is a 
time-independent linear operation that projects diverse inputs 
into an optimal virtual space by adjusting weights and biases 
during model training. The dimension of virtual space is 
determined by the kernels of the first convolutional layer. To 
reduce the change of model parameters in transfer learning, 
we fix the dimension of virtual space. A permutation layer[20] 
is followed to hold channel information of virtual space and to 
transfer subsequent operations to the time domain. 

The third layer is an integration block with three key 
components: a “squeeze and excitation” block to estimate 
channel weight[21], a convolutional layer with a smaller size 
to capture local features and a convolutional layer with a larger 
size for capturing the big context. Given the local receptive 
field of convolution operations, a global average pooling is 
used to squeeze global information which is then excited to 
generate channel-wise statistics[21]. We employ two CNNs 

TABLE II.  FILTERED FREQUENCY BANDS FOR EACH SIGNAL. 

Signals Frequency Band 

EEG 0.5Hz-30Hz 

EOG 0.5Hz-10Hz 

EMG 10Hz-fs/2a 
ECG 0.5Hz- 30Hz 

a. fs denotes sampling frequency. 

TABLE I.  THE DESCRIPTION OF SUBJECTS FROM TWO DATASETS. 

Parameters SHHS Sleep-EDF 

Subjects 100 19 

Age 46.86 (4.22) 28.74(2.99) 

Power Frequency 60Hz 50Hz 

Employed Channels C3, C4, EOGR, 
EOGL, EMG, ECG 

Fpz-Cz, Pz-Oz, 
 EOG (horizontal) 

A
m

pl
itu

de
  EEG [-26.0, 20.7] [-208.2, 204.5] 

EOG [-17.3, 17.7] [-478.5, 449.6] 

EMG [-22.3, 22.0] -- 

ECG [-39.0, 44.2] -- 

Sa
m

pl
in

g 
Fr

eq
. 

EEG 125Hz 100Hz 

EOG 50Hz 100Hz 

EMG 125Hz 1Hz 

ECG 125Hz -- 



with small and large filter sizes to extract nonlinear features 
from the input data. Previous research[22] found that smaller 
filters are better to capture local contexts (e.g., when certain 
EEG patterns appear), while larger filters are better to capture 
big contexts. The outputs of these two CNNs are weighted and 
then concatenated into the final output of integration block. 
Two integration modules are adopted, each followed by a 
max-pooling layer with a size of (1,4), a dropout layer with a 
drop rate of 0.15 and a batch-normalization layer.  

There is a dropout layer with a drop rate of 0.5 before the 
decision layer. The decision layer is a fully-connected layer 
with 5 units, which is activated by the softmax function. The 
output of the proposed architecture is a probability matrix with 
size N × 5, where N is the number of samples and 5 is the 
number of sleep stages. The stage prediction for each sample 
corresponds to the stage with the maximum probability in the 
probability matrix. 

C. Model training 
Only PSG recordings from the SHHS dataset were used to 

determine the structure and hyperparameters of the proposed 
model. The whole dataset was split into train, validation and 
test sets. We used PSG recordings from 20 subjects as the final 
test set, and recordings from 80 subjects for training and 
validation. It should be noted that only the data from the 
training set and validation set was used in the process of 
parameters selection and model training, and thereby the test 
set was completely independent. In order to find the best 
hyperparameters for the proposed architecture, we performed 

a random search using a Python package named hyperopt[23]. 
For each set of hyperparameters, we used 5-fold cross-
validation to train and evaluate the classifier (64 subjects for 
training and 16 subjects for evaluation). TABLE III 
summarized the distribution of each hyperparameter value. 
The parameter set leading to the highest accuracy and the least 
variability was adopted. Finally, the optimal model was 
achieved by using Adam optimizer with a learning rate of 
0.002 and a batch size of 256. The network was trained by 
minimizing categorical cross-entropy. The code was written 
in Keras[24] with a Tensorflow backend[25].   

D. Transfer learning on small datasets 
Usually, training of deep learning networks required large 

amounts of data, which was expensive and difficult for many 
sleep studies. Thus, model transferability became crucial 
because it made deep learning research on a small cohort a 
reality. To demonstrate the transferability of the proposed 
model, we evaluated model performance with the SHHS 
dataset as the source domain and the Sleep-EDF dataset as the 
target domain. The proposed model was firstly trained using 
data from six channels of 80 subjects from the SHHS dataset 
and then transferred the model to three channels of data from 
the Sleep-EDF dataset. Note that we adopted not only 
different signal modalities but also different numbers of 
channels for the source and target domains on purpose because 
we wanted to enforce more channel mismatches.  

To evaluate the efficiency of transfer learning in the target 
domain, a leave-one-out cross-validation was conducted. It 
means that for each iteration, there are 18 recordings for fine-
tuning the entire pre-trained network and one independent 
recording for testing. It’s worth mentioning that fine-tuning 
does not change the model structure and hyperparameters, but 
only adjusts weights and biases of notes. That iteration repeats 
19 times. The aggregated performance of 19 recordings will 
be reported in the next section.  

III. PERFORMANCE ASSESSMENT  
Model performance was evaluated by accuracy, sensitivity, 

precision, Cohen’s kappa and F1 score. The detailed definition 
can be found in previous studies[7], [26], [27]. 

A. Performance on the SHHS dataset 
To illustrate model performance, TABLE IV showed the 

confusion matrix obtained by test subjects from the SHHS 
dataset, where we can verify the distribution of samples that 
were correctly or incorrectly classified. As can be seen from 
Table IV, the overall classification accuracy was 85.2%, 
which exceeded the accepted benchmark = 80% among 
trained human scorers[28]. The most correctly classified stage 
was wakefulness with a precision of 92.6%. It was followed 
by N3 (88.0%), R (86.2%) and N2 (85.1%). Stage N1 was the 
hardest to classify with 35.2% of samples correctly assigned. 
34% of samples were misclassified as N2, 19% as R and 12% 
as W. That result was consistent with previous results. Stage 
N1 was considered as a transition state between wakefulness 
and "real" sleep, thereby including information from two or 
three sleep stages. As a result, the scoring of N1 was quite 
obscure, even for sleep scoring experts[29]. Closer inspection 
of TABLE IV showed that most misclassifications occurred 
in contiguous stages in the sleep cycle. For example, N3 was 
most often misclassified as N2, and rarely as N1. This error 
was mainly due to similar electrophysiological characteristics 
between adjacent stages, rather than defects of model design. 

TABLE III.  DISTRIBUTION OF HYPERPARAMETERS. 

Hyperparameter Distribution 

Fi
rs

t 
C

N
N

 Filters  [4, 6, 8, 16, 32] 

Strides  [1, 2, 3, 5, 7] 

In
te

gr
at

io
n 

B
lo

ck
 Filters  [4, 8, 16, 32, 64, 128] 

Smaller Kernel size [2, 4, 8, 16, 32] 

Bigger Kernel size [32, 64, 128, 256, 512] 

Strides  [1, 2, 3, 5, 7] 

Activation  {‘relu’,’ tanh’} 
Pooling Size [2, 3, 4, 5] 

Dropout Rate [0.05, 0.15, 0.2, 0.25, 0.3, 0.4, 0.5] 
Learning Rate [0.001, 0.002, 0.003, 0.004, 0.005, 0.01] 

Optimizer {‘Adam’, ‘SGD’} 
Batch Size [64, 128, 256, 512] 

 
(a)                                                (b) 
Fig. 1. Overview of the proposed architecture. 



B. Transfer learning 
Model generalizability was tested on the Sleep-EDF 

dataset. As shown in TABLE I, the available channel, 
amplitude distribution and acquisition environment were 
significantly different between the two datasets, which may 
limit the use of models proposed by some studies. TABLE V 
displayed the performance of the transfer learning scenario 
(indicated by Sleep-EDFb) compared to the model trained 
from scratch using only the Sleep-EDF data (shown by Sleep-
EDFa). The results in TABLE V showed that the proposed 
model outperformed all other state-of-the-art results on the 
Sleep-EDF dataset, whether training from scratch or using 
transfer learning. Moreover, despite the serious channel 
mismatch, transferring the knowledge of the source domain 
(the SHHS dataset) to the target domain (the Sleep-EDF 
dataset) brought up the accuracy compared to a network 
trained from scratch using only data from the target domain. 

TABLE V also listed the model architecture, its approach, 
input channels, input types, the number of subjects and other 
parameters for comparison. As can be seen from TABLE V, 
our method achieved a comparable or better performance 
compared to state-of-the-art methods that used the same 
dataset but more complex model structure. For example, the 
deep-learning architecture proposed in Sors et al.’s study [30] 
had up to 106 parameters, while the proposed architecture did 
not exhibit more than 104 parameters. Note that this was at 
least two orders of magnitude lower than the architecture 
proposed by Sors et al. Moreover, to the best of our knowledge, 
the proposed model was the first one that can handle different 

numbers of input channels without changing model structure 
and hyperparameters. The compact and versatile structure was 
conducive to clinical applications. 

IV. DISCUSSION 
In this work, we presented a convolutional network to 

automatically classify sleep stages which would help alleviate 
the burden of practitioners. Most automatic methods reported 
so far were based on hand-crafted features or designed for 
certain datasets. Thus, it was hard to find a method that 
generalized correctly to other datasets, especially when the 
channel did not match. To solve this problem, we proposed a 
compact end-to-end recognition structure that can handle 
various numbers of input channels and several signal 
modalities without changing any layer or hyperparameter 
values. Experimental results have demonstrated that the 
proposed model exhibited strong classification performance 
and low computational cost on both datasets compared with 
state-of-the-art results. More importantly, the proposed model 
showed potential transferability on data with different 
channels. As shown in TABLE V, transfer learning brought a 
slight accuracy improvement compared to a network trained 
from scratch using only data from the target domain, and the 
authors believed that using a huge and high-quality source 
dataset contributes to performance improvement of transfer 
learning.  

Few studies tested their models on recordings collected 
from different record environments and hardware platforms. 
Zhang et al. [28] did so, demonstrating generalizability by 
testing model on two novel datasets without using transfer 
learning. In this article, it was impossible to directly test model 
performance on the Sleep-EDF dataset due to different 
channel numbers and signal modalities. Phan et al.[15] 
evaluated different fine-tuning strategies of transfer learning 
using the SeqSleepNet+ model and the DeepSleepNet+ 
architecture. However, they only used two signal modalities 
(EEG and EOG) and the same number of input channels. The 
proposed model can simultaneously handle four commonly 
used signal modalities without limiting the number of input 
channels. In addition, we adopted a “squeeze and excitation” 
block[21] to adaptively recalibrate channel-wise feature 
responses, thereby making full use of channel information.  

TABLE V.  PERFORMANCE COMPARISON. 

Ref. Dataset Subject Input Channel Input Type 
Deep Learning Architecture 

Approach 
Result 

Structure Layer Accuracy K Macro F1 Micro F1 

Ref[31] SHHS 1000 
EEG: C3, C4 
EMG 
2 EOGs 

Time series 1DCNN 37 CNN One-to-one 0.78 0.83 0.76 -- 

Ref [30] SHHS-1 5728 C4-A1 Time series 1DCNN 12 CNN Many-to-one 0.87 0.81 0.78 0.87 

Ref [32] Sleep-EDF 20 Fpz-Cz Time series CNN+LSTM -- Many-to-one 0.84 0.78 0.78 -- 

Ref [12] Sleep-EDF 20 EEG 
EOG Spectrogram 2DCNN 2 CNN One-to-many 0.82 0.75 0.75 -- 

Proposed 

SHHS 100 

EEG: C3, C4 
2 EOGs 
EMG 
ECG 

Time series 2DCNN 5 CNN One-to-one 

0.85 0.79 0.76 0.85 

Sleep-EDF a 19 EEG: FpzCz, PzOz 
1 EOG 0.84 0.77 0.78 0.84 

Sleep-EDF b 19 EEG: FpzCz, PzOz 
1 EOG 0.85 0.79 0.80 0.85 

LSTM: Long short-term memory unit which is an artificial recurrent neural network (RNN) architecture. 

Sleep-EDF a: The model was trained from scratch. 

Sleep-EDF b: The model was fine-tuned for the Sleep-EDF dataset. 

TABLE IV.  CONFUSION MATRIX OF TEST RECORDINGS FROM THE 
SHHS DATASET.  

 Technologists’ score stage 
Pre. 

 Stage W N1 N2 N3 R 

Pr
op

os
ed

  W 3369 68 119 3 80 92.6% 
N1 125 187 92 0 128 35.2% 
N2 139 184 7986 804 275 85.1% 
N3 0 0 325 2392 0 88.0% 
R 34 106 467 2 3018 83.2% 

Sen.  91.9% 34.3% 88.8% 74.7% 86.2%  
Acc.       85.2% 



Even though our results are encouraging, the proposed 
model is still subject to several limitations. Firstly, our model 
requires to be trained with a sufficient amount of sleep data to 
improve generalization. Secondly, it is worth to explore the 
addition of different deep learning modules, such as a 
combination of CNN and LSTM, since studies have found that 
the use of temporal context can significantly improve model 
performance. Thirdly, more fine-tuning strategies will be 
explored in our future work. For example, training only the 
first and decision layers can help speed up the use of transfer 
learning in the target domain.  

V. CONCLUSION 
This paper proposed an automatic sleep scoring model 

based on raw PSG recordings. The deep-learning network was 
composed of two parallel convolution layers with different 
filter sizes for capturing both fine and coarse temporal features, 
and a “squeeze and excitations” block to recalibrate channel-
wise feature responses. Experiments on two common sleep 
datasets showed that the model achieved comparable 
performance and low computational cost compared to state-
of-the-art methods. In addition, our results proved that the 
proposed model was able to handle various numbers of input 
channels and several signal modalities from different datasets 
without changing model architecture and hyperparameters. 
The versatile model can be integrated with diverse sleep 
monitoring devices, thereby facilitating sleep research in 
clinical or routine care. 
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