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Abstract
Purpose  Sleep constitutes a third of human life, underscoring its importance in health-related and psychophysiological 
research. Monitoring sleep stage evolution is critical for understanding sleep-related issues and diagnosing disorders. This 
study aims to classify sleep stages using a Hidden Markov Model (HMM) based on spectral statistical measures derived from 
raw electroencephalography (EEG) signals. It explores effective feature combinations to enhance classification accuracy 
while maintaining a practical approach requiring minimal inputs.
Methods  We utilized raw EEG signals to extract various statistical features in the frequency domain, identifying combina-
tions that maximize predictive performance. The proposed HMM was employed to classify sleep stages, leveraging these 
spectral features. Unlike many prior studies that focus solely on machine learning (ML) techniques, our analysis emphasizes 
feature significance and model interpretability.
Results  Our approach achieved a multiclass classification accuracy of 76.76% using only EEG recordings. This performance 
demonstrates the utility of spectral statistical features for sleep stage classification, with results comparable to more complex 
ML methods.
Conclusion  The proposed methodology highlights a practical, accurate and interpretable approach to sleep stage classification 
using EEG data. Its simplicity and efficiency make it suitable for both offline and online applications, supporting improved 
diagnosis of sleep disorders and advancing sleep research.

Keywords  Hidden Markov Models · Spectral analysis · Spectral features · EEG · Signal processing · Sleep stage 
classification

1  Introduction

Sleep is a fundamental physiological process essential for 
the overall health and well-being. Sleep disorders are wide-
spread in most of the population and may lead to serious 
health problems affecting the quality of life [1]. In fact, 
about 150 million people worldwide are currently suffering 

from sleep issues [2]. Beyond the immediate impact on sleep 
quality, such disorders have far-reaching consequences on 
physical health, cognitive performance and emotional well-
being. Chronic sleep deprivation and untreated sleep disor-
ders are associated with an increased risk of developing a 
wide range of health conditions, including cardiovascular 
diseases, metabolic disorders, mood disorders and impaired 
immune function.

Sleep, comprising a third of human existence, under-
scores its significance in both the study of health-related 
issues and broader psychophysiological investigations. In 
1968, Rechtschaffen and Kales (R&K) [3] introduced the 
initial sleep stage classification system. This system is one 
of the foundational and widely recognized frameworks for 
categorizing sleep stages based on physiological param-
eters. It primarily distinguishes sleep stages through the 
analysis of electrophysiological signals obtained from 
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polysomnography (PSG). The physiological parameters that 
are used are: EEG, which records brain wave activity, with 
specific patterns characterizing different sleep stages (e.g., 
alpha waves during wakefulness, theta waves in light sleep 
and delta waves in deep sleep), electrooculogram (EOG), 
that measures eye movements, identifying rapid eye move-
ments (REM) and slow rolling eye movements in non-REM 
sleep, and electromyogram (EMG) which assesses muscle 
tone, which decreases progressively during NREM sleep and 
becomes nearly absent during REM sleep.

The R&K system defines 5 sleep stages: Stage W (Wake-
fulness) marked by alpha waves and high muscle tone, Stage 
N1 (Light Sleep) which is a transition from alpha to theta 
waves, accompanied by slow eye movements, Stage N2 char-
acterized by theta waves, sleep spindles and K-complexes 
with minimal eye movement, Stage N3 (Deep Sleep) domi-
nated by high-amplitude delta waves and reduced muscle 
tone, and Stage REM (Rapid Eye Movement Sleep) which 
features mixed-frequency EEG activity, rapid eye move-
ments and significant muscle atonia. Sleep stages are 
scored through visual inspection of 30-s epochs of EEG, 
electroophthalmogram and electromyogram (EMG) record-
ings. The R&K system served as the standard for sleep clas-
sification until 2007, when the American Academy of Sleep 
Medicine (AASM) revised the classification, merging Stages 
3 and 4 into a unified N3 stage, which is now the accepted 
standard in sleep medicine.

The proposed approach involved dividing the patient’s 
EEG into 30 s segments and analyzing the EEG rhythms and 
various parameters for each segment individually. These seg-
ments were then categorized into one of the following sleep 
stages: wake, light sleep (N1), slow-wave sleep (comprising 
stages N2–N4) and REM. From now on we will denote slow-
wave sleep with SWS.

Sleep scoring plays a pivotal role both in sleep research 
and in clinical practice [4]. Traditionally, this process has 
relied on manual scoring by human experts. However, such 
approaches are time-consuming and might result in incon-
sistencies between different scorers. To overcome some of 
these difficulties, several automated methodologies have 
been proposed over the years for the automated sleep scor-
ing. Such methodologies can yield much higher throughput 
and may also be used for continuous monitoring [4].

The arrangement of sleep stages throughout the night, 
known as sleep architecture, is influenced by various bio-
logical, behavioral and clinical factors. Based on [5], using 
Bayesian network modeling, it is revealed that sleep archi-
tecture is influenced by factors such as time of day, total 
sleep time, age and gender. Moreover, it is found that the 
subsequent sleep stage and its duration can be effectively 
predicted by considering the preceding two stages and age. 
The duration spent in each sleep stage depends on both age 
and gender, reflecting variations in biological sleep needs 

over time and differences between men and women [6]. As 
individuals age, there is typically a decline in the overall 
necessity for sleep. Men tend to spend more time in stage 1 
sleep and experience increased nighttime awakenings, lead-
ing to a heightened risk of daytime sleepiness. Conversely, 
women tend to maintain longer periods of slow-wave sleep, 
yet they frequently report difficulties falling asleep, particu-
larly during pregnancy and the early postpartum period, 
when daytime sleepiness often escalates.

The information derived from EEG signals can offer 
crucial insights into sleep structure. For instance, time–fre-
quency analysis techniques, commonly employed in sleep 
analysis, rely solely on EEG data. These techniques enable 
the identification of changes in EEG dynamics throughout 
the night, representing a tridimensional function of EEG 
frequency, EEG power and time. This underscores the poten-
tial of EEG signals to provide comprehensive and informa-
tive data about sleep architecture, further emphasizing the 
importance of investigating the viability of EEG-only sleep 
staging methodologies [7].

Sleep manifests not just in the EEG, but also in the 
rhythms of the heart and patterns of breathing [8]. A study in 
[9] involved the measurement of electrocardiograms (ECGs) 
and breathing patterns in patients with obstructive sleep 
apnea (OSA), which were then compared with actigraphy 
data. As a result, it appears that cardiorespiratory signals can 
offer reasonably accurate means of distinguishing between 
sleep and wake states, akin to the performance of actigraphy. 
Moreover, integrating cardiorespiratory-based sleep staging 
could prove valuable in-home sleep apnea monitoring sys-
tems that lack EEG capabilities, enabling them to differ-
entiate between sleep and wake states. Additionally, neural 
networks have been employed to explore whether transitions 
between sleep stages yield insights into sleep consistency 
and its impact on sleep quality [10]. The classification of 
sleep stages is conducted by first examining the processing 
of EEGs, EOGs, EMGs and ECGs.

What sets the present research apart from the majority 
of studies in the literature, is that it focuses on building an 
HMM solely based on EEG-derived signals. The necessity 
of only EEG recordings, which can be easily retrieved from 
patients, enhances the applicability of our approach. By rely-
ing solely on EEG data, the proposed model necessitates 
the existence of less information to draw direct inferences 
about the distribution of sleep stages. Another new element 
of the present analysis is that the criteria for defining the 
hidden states are established through the computation and 
analysis of statistics derived from spectral features generated 
from the power spectrum of the EEG signals. Finally, our 
methodology involves a novel process: calculating statistical 
characteristics of the EEG signal’s power spectrum using 
Fast Fourier Transform (FFT), and subsequently establishing 
thresholds to classify different sleep stages. This approach, 
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which is up to now unexplored in existing literature, sug-
gests the promising potential of HMMs in the classification 
of sleep stages.

2 � Related Work

In general, HMMs have been used in several fields concern-
ing medical applications [11, 12], seismicity data [13], bio-
logical and environmental modelling [14, 15]. The examined 
phenomenon is usually described using discrete states, while 
through HMM methodology we aim to extract valuable 
information after processing the transition pattern between 
them. Apart from that kind of applications, HMMs have a 
presence in psychology too. They have found particular util-
ity in the realms of learning and memory [16]. Within the 
domain of learning, Markov models exhibit notable adapt-
ability, effectively capturing and structuring the progression 
of knowledge. HMMs have diverse applications across sev-
eral fields due to their capability to model sequential data 
with hidden states. The authors in [17] describe how HMMs 
can be employed in biological sequence analysis and how 
they can be used to analyze RNA sequences. Various articles 
apply HMM to speech recognition, like the one presented in 
[18], where it is explained that speech recognition systems 
that rely on HMMs are contingent upon several assump-
tions. One such assumption is that speech signals can be 
sufficiently represented by a series of feature vectors derived 
from spectral analysis.

Brain functional connectivity, closely related to brain 
activity, provides insights into the interaction between brain 
areas. In [19], EEG-based brain mechanisms of sleep stages 
are explored through functional connectivity, particularly 
focusing on different frequency bands using the phase-
locked value (PLV) method. Brain interactions during sleep 
stages are being analyzed, and the performance of different 
frequency bands for sleep stage classification is being eval-
uated using feature-level, decision-level and hybrid fusion 
methods.

Various neural networks play a role in controlling sleep 
cycles and alertness. Also, deep neural networks are being 
used for processing large data extracted from polysomnog-
raphy in [20]. In [21], various classifiers are developed and 
tested on three distinct datasets, each comprising healthy 
individuals with different sleep patterns. The authors in 
[22] examine the variability in sleep patterns through the 
analysis of heart rate variability within the autonomic 
nervous system. The research reveals that the combined 
duration of different sleep stages, including light, deep and 
REM sleep, follows an exponential distribution character-
ized by a specific time scale, while the duration of brief 
awakenings during sleep adheres to a scale-free power-law 
distribution. In [23], the authors utilized deep learning 

techniques to develop an algorithm for automated sleep 
stage classification, leveraging the time series data of 
instantaneous heart rate (IHR) obtained from ECG signals.

The classification of sleep into distinct stages is a valu-
able technique in the investigation of sleep disorders. In 
[24], FIR filters are employed to extract EEG rhythms, and 
sleep classification is carried out using Random Forests, 
achieving an accuracy of 75.29%. Likewise, in another 
study [25], polysomnogram data are analyzed using Fou-
rier transform (FT). These data are then subjected to statis-
tical processing, along with paired t-tests, to determine the 
likelihood of epileptic seizures occurring during specific 
sleep stages.

The issue of inaccessible algorithms in proprietary soft-
ware is addressed in [26], where a solution involves the 
development of open-source software. This software is 
accompanied by an algorithm that has been trained using a 
dataset comprising 30,000 h of polysomnograms. The per-
formance of this algorithm is then compared with two other 
algorithms using a dataset consisting of patients diagnosed 
with OSA.

A comparable investigation is conducted in [10], wherein 
polysomnograms from 20 patients are examined. These sig-
nals were segmented based on the R&K rules and trans-
formed into frequency data using Laplace transforms. Subse-
quently, they were categorized into five states: Wake, S1, S2, 
SWS and REM. An approach for tracking human sleep–wake 
patterns using HMMs is outlined in [21]. In this study, actig-
raphy, a non-invasive technique for monitoring human rest 
and activity cycles employing accelerometers, is employed 
to collect data from 43 samples. The accelerometer-derived 
data is logarithmically converted and categorized into 
“Sleep” and “Wake” phases. Finally, another study employ-
ing HMMs, focusing on sleep disorders, particularly the 
identification of apnea, is discussed in [20]. This research 
utilizes nocturnal oximetry, a method for monitoring arterial 
oxygen saturation 

(
SaO2

)
 during sleep, which is regarded as 

a robust tool for detecting sleep apnea. The study involves 
the analysis of oximetric data from 128 subjects, classifying 
it into three categories of apnea, namely OSA, hypopnea and 
central apnea.

3 � Methodology

In this section, we present the mathematical models, tech-
niques and preprocessing steps employed for the sleep stage 
classification procedure. To begin, we delve into the math-
ematical underpinnings of HΜΜs. Next, we discuss the pro-
cessing pipeline of the EEG signal and lastly, we provide 
an overview of key aspects in the domain of frequency and 
spectral analysis.



4	 A.Pouliou et al.

3.1 � Hidden Markov Models

An HMM represents a dual stochastic Markov process, 
one of which is hidden and cannot be directly observed, 
but instead, it generates a sequence of observable events. 
An HMM comprises a collection of hidden states, a set of 
observed states and three sets of probabilities: the transition 
probabilities ( P ), the probabilities of emission or occurrence 
of observable states (B) , and the initial probabilities (�) . It 
is conventionally denoted as � , which encompasses these 
three sets of probabilities. The HMMs can be utilized for 
the examination of the following tasks, i.e.,

1.	 Valuation problem: Determining the most efficient 
method for computing the probability P[O|�] , which rep-
resents the likelihood of generating a specific observed 
sequence O =

{
o1, o2,… , oT

}
 based on the probability 

model � . This probability quantifies how closely the 
model aligns with the observations and proves valuable 
when faced with multiple potential models, aiding in the 
selection of the most suitable one.

2.	 Decryption problem: Identifying the best (with the high-
est likelihood) sequence of hidden states, based on the 
observed sequence O and model �.

3.	 Estimation problem: Adjusting the model parameters � 
in a manner that maximizes P[O|�] . This process aims 
to attain the most accurate representation of the phenom-
enon under study, a goal pursued with each respective 
model.

In this research, the second problem of HMMs is solved 
with the help of the Viterbi algorithm. According to the 
Viterbi methodology we determine the sequence of hidden 
states with the maximum likelihood given a sequence of 
observable states. Let

We initiate the algorithm as

Inductively,

(1)
�t(i) = maxX1,…,Xt−1

P
[
X1,… ,Xt−1,Xt = i, y1,… , yt|�

]

=
[
max1≤j≤N�t−1(j)pij

]
bi
(
yt
)
.

(2)�1(i) = �ibi
(
y1
)
, 1 ≤ i ≤ N,

(3)�i(1) = 0.

(4)
�t(i) = [max1≤j≤N�t−1(j)pij]bi

(
yt
)
, 2 ≤ t ≤ T , 1 ≤ i ≤ N,

(5)
�t(i) = arg1≤j≤N max

[
�t−1(j)pji

]
, 2 ≤ t ≤ T , 1 ≤ i ≤ N.

where bi
(
yt
)
 are the emission probabilities of observing yt 

considering that we have the hidden state i. The Viterbi algo-
rithm terminates when

and

Therefore, we lead to the estimation of the sequence of 
the hidden states based on

Incorporating hidden states in the model renders it suf-
ficiently adaptable to tackle a range of complex real-world 
issues, while maintaining the Markov property enables the 
employment of efficient computational techniques.

3.2 � Statistical Signal Analysis

3.2.1 � Fourier Transform

Fourier analysis transforms a signal from its original domain 
(often time) to a representation in the frequency domain and 
vice versa. The discrete Fourier transform (DFT) is obtained 
by decomposing a sequence of values into components of 
different frequencies. Let x0, x1,… , xN−1 be complex num-
bers. Then, the DFT is defined as

where N  is the cardinality of data points, while 
k = 0,… ,N − 1.

In signal processing, DFT is extensively used in tasks 
such as filtering, spectral analysis and feature extraction. 
It allows analyzing the frequency components of a signal, 
which is crucial in various applications like audio process-
ing, image processing and communications. In spectral 
analysis, DFT is employed for analyzing the frequency 
content of a signal, which is essential in applications like 
vibration analysis, EEG signal analysis in neuroscience 
and power spectrum estimation in electrical engineering. 
In image processing, DFT is used for tasks such as image 
compression, image enhancement and pattern recognition. 
It helps in transforming images from the spatial domain to 
the frequency domain, where operations like filtering and 
analysis become more efficient. Also, DFT plays a crucial 
role in audio processing applications such as speech recogni-
tion, audio compression and equalization. Lastly, in medi-
cal imaging techniques such as magnetic resonance imag-
ing (MRI) and computed tomography (CT) scans for image 

(6)P̂ = max1≤j≤N𝛿T (j),

(7)X̂T = arg1≤j≤N max
[
𝛿T(j)

]
, 1 ≤ t ≤ T .

(8)X̂t = 𝜓t+1

(
X̂t+1

)
, t = T − 1,… , 1.

(9)Xk =

N−1∑

n=0

xne
−i2�kn∕N ,
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reconstruction and analysis, DFT aids in processing the raw 
data acquired from medical imaging devices to generate 
meaningful images [27].

3.2.2 � Power Spectrum

A power spectrum characterizes the frequency content and 
resonances within a system, that is, it describes how the 
intensity of a time-varying signal is distributed in the fre-
quency domain. The graph of the power spectrum for a con-
tinuous signal, is made based on the mathematical formula

where R(�) = lim
T→∞

1

T
∫∞
−∞

x(t)x∗(t − �)dt , represents the 
autocorrelation function and x∗(t) the complex conjugate of 
x(t) . Therefore, the power spectrum is defined as the plot of 
the square of the absolute value of the amplitude of FT with 
respect to the signal’s frequencies.

3.2.3 � Statistical Measures of Power Spectrum

For the power spectrum function, a series of statistical 
characteristics are calculated, namely the Spectral Cen-
troid, Spectral Spread, Spectral Skewness, Spectral Kurto-
sis, Spectral Entropy, Spectral Flatness, Spectral Crest and 
Spectral Slope. The mathematical formulas associated with 
the computation of the aforementioned measures are pre-
sented in Table 1.

We note that sk and fk represent the spectral value and the 
respective frequency of the spectrum at the k-th bin, b1 and 
b2 are the bounds within which  (e.g.) the slope is computed 
for a given data set. Moreover, �1 denotes the spectral cen-
troid, �2 the spectral spread, �f  the mean frequency and �s 
the mean  spectal value. In numerous analyses, characteristic 
EEG features extracted from the frequency spectrum –such 
as Delta, Theta, Alpha, Beta and Gamma rhythms—have 
been utilized as crucial components for effective pattern rec-
ognition and disease classification [28–30]. However, in our 
scenario, these features do not furnish adequate information 
for sleep stage classification. This is due to the fact that dur-
ing sleep, we typically observe only Delta and Theta waves. 
This fact led to experimentation with the aforementioned 
alternative statistical measures.

To analyze the statistical properties of the mentioned 
spectrum characteristics and present the produced results, 
the R processing language is employed. This involves uti-
lizing the Tukey test for statistical analysis and generating 
boxplots for data visualization. The Tukey test (or HSD-
Honestly Significant Difference) statistic is a one-step, 

(10)S(f ) =

|||||||

∞

∫
0

x(t)e−2�iftdt

|||||||

2

≈

∞

∫
−∞

R(�)e−2�if �d�,

multiple-comparison procedure based on the Student’s 
t-distribution that can be used to find means that are signifi-
cantly different from each other. The formula for the statistic 
of the Tukey-test is

where YA and YB represent the larger and smaller of the two 
mean values being compared, while SE is the standard error 
of the sum of the means.

The confidence limits for all pairwise comparisons using 
the Tukey test with a confidence coefficient of at least 1 − � , 
where � corresponds to the significance level, can be com-
puted based on

where ni and nj represent the sample sizes of the compared 
groups, yi. and yj. are the respective mean values, while 𝜎̂𝜀 
is the standard deviation of the entire design. In case where 
we have groups of the same size, formula (12) is modified as

Figure 1 shows a diagrammatic representation of the 
introduced preprocessing procedure followed by the clas-
sification methodology based on hidden Markov modelling.

(11)qs =
YA − YB

SE
,

(12)yi. − yj. ±
qa;k;N−k
√
2

𝜎̂𝜀

�
1

ni
+

1

nj
,

(13)yi. − yj. ± qa;k;N−k
𝜎̂𝜀√
n
.

Table 1   Statistical measures of power spectrum

Spectral statistical measure Mathematical formulas

Spectral centroid
�1 =

∑b2
k=b1

fksk
∑b2

k=b1
sk

Spectral spread
�2 =

�
∑b2

k=b1
(fk−�1)

2
sk

∑b2
k=b1

sk

Spectral skewness
�3 =

∑b2
k=b1

(fk−�1)
3
sk

(�2)
3 ∑b2

k=b1
sk

Spectral kurtosis
�4 =

∑b2
k=b1

(fk−�1)
4
sk

(�2)
4 ∑b2

k=b1
sk

Spectral entropy
entropy =

−
∑b2

k=b1
sk log(sk)

log(b2−b1)

Spectral flatness
flatness =

�∏b2
k=b1

sk

� 1

b2−b1

1

b2−b1

∑b2
k=b1

sk

Spectral crest
crest =

max
�
sk∈[b1 ,b2]

�

1

b2−b1

∑b2
k=b1

sk

Spectral slope
slope =

∑b2
k=b1

(fk−�f )(sk−�s)
∑b2

k=b1
(fk−�f )

2
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3.2.4 � Dataset

The sleep-edf database [31] utilized in this study comprises 
197 full-night Polysomnographic sleep recordings, incorpo-
rating EEG, EOG, chin EMG and event markers. Some of 
these recordings also feature respiration and body tempera-
ture data. Hypnograms, representing sleep patterns, were 
meticulously scored by proficient technicians following the 
R&K manual and are accessible as well.

The Polysomnographic sleep recordings encompass EEG 
data (from Fpz-Cz and Pz-Oz electrode placements), EOG 
(horizontal), submental chin EMG and annotated sleep 
stages (events). Additional data such as oro-nasal respiration 
and rectal body temperature are present in some recordings. 
Certain files include annotations indicating sleep stage pat-
terns corresponding to the PSGs. These patterns, also known 
ashypnograms, encompass the following sleep stages: wake 
(W), REM (R), N1, N2, N3 and N4. We note that N3 and 
N4 are considered as one phase (SWS) in most analysis, as 
they do not exhibit significant differences. Also, as we men-
tioned in the introduction, for the purposes of our analysis 
we include N2 to the SWS phase, as these three sleep stages 
correspond to deep sleep. All hypnograms were manually 
scored by trained technicians following the guidelines out-
lined in the 1968 R&K manual, based on Fpz-Cz/Pz-Oz 
EEG recordings.

In this research we used only the EEG from Fpz-Cz and 
Pz-Oz electrode locations from the sleep recordings of two 
individuals. The dataset consists of healthy individuals who 
are not on any medication, which is a key factor for this 
study. In other circumstances, the presence of medical or 
mental conditions could produce different results. None-
theless, the inclusion of patients with mental illnesses that 
affect their sleep cycles, along with extensive comparisons 
to healthy individuals, could be interesting for future work, 
offering valuable insights into the phenomenon being exam-
ined. The full-night recording starts 30 min before the sub-
jects fall asleep and stops 30 min after they wake up. Each 

EEG signal is segmented into 30 s intervals, with a sampling 
rate of 100 Hz. As a result, for every 3000 EEG signal time 
steps there is an event which describes the individual’s sleep 
stage. Ultimately, a timeseries of 2040 events that represent 
the observable states of the HMM is derived.

4 � Results

Initially, the above-mentioned segmentation approach is 
applied. Subsequently, power spectrum diagrams were gen-
erated using Fourier transformations within the MATLAB 
programming environment, presented in Fig. 2. For each 
of the 2040 events we computed the previously mentioned 
statistical properties. This included calculating the mean, 
minimum and maximum values for these properties. Addi-
tionally, we subjected these values to the Tukey test and 
visualized the results through graphical representations.

In the initial phase of our research, the statistical test indi-
cated that there are no statistically significant differences 
between sleep stages N2 and SWS. Consequently, for the 
continuation of the study, we include stage N2 in the class 
(phase) SWS which represents state 3. As a result, the hid-
den states in our model are now four, namely state 1 (Wake), 
state 2 (N1), state 3 (SWS) and state 4 (REM). According 
to this, the examined dataset contains 441 (21.62%), 612 
(30%), 542 (26.57%) and 445 (21.81%) events correspond-
ing to these 4 states, respectively, providing a quite balanced 
dataset.

Now, we proceed to the determination of the system’s 
observable states. Through our graphical analysis, we dis-
covered that the values of five statistical characteristics, 
namely Mean Skewness, Mean Slope, Min Skewness, Max 
Flatness and Min Slope, play a significant role in forming 
the set of observable states. As we earlier mentioned, dur-
ing the experimentation phase, we computed a series of 
eight fundamental spectral features (Table 1). The Mean 
Slope and Min Slope values across all 2040 EEG segments 

Fig. 1   Flowchart presenting the 
developed preprocessing steps 
and classification procedure
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were close to zero. This derives from the properties of 
this spectral feature. EEG signals exhibit a "1/f" power 
distribution, meaning the power decreases with increas-
ing frequency. The slope isn't steep in most EEG signals 
because the power does not drop drastically across the 
frequency spectrum. EEG signals are dominated by spe-
cific frequency bands, such as delta, theta, etc. The over-
lap and relative stability of these bands often produce a 
spectral slope near 0. Therefore, to simplify handling and 
avoid dealing with numbers containing numerous deci-
mal places, we normalized these values. We employed the 
standard transform

where in our case x represents the Mean Slope values.
Next, we analyzed the values of each feature to iden-

tify those that provide notable distinctions between the 
system’s hidden states. The goal of this process was to 
improve the classification performance of the HMM. A 
combination of the Tukey test and boxplot graphical analy-
sis was applied to identify the five statistical characteris-
tics that significantly influence the determination of the 
observable states in our model. After a thorough exami-
nation of the boxplot graphics for each characteristic, we 

(14)xnorm =
x − xmin

xmax − xmin
,

concluded that the selected values—Min Skewness, Mean 
Skewness, Max Flatness, Norm. Mean Slope and Norm. 
Min Slope—are the most effective in accurately determin-
ing the patients' sleep stages. After extensive experimenta-
tion, the construction of the final model’s observable states 
was generated by considering combinations of attribute 
values with respect to the Min Skewness and Max Flat-
ness. Specifically, the final model’s four observable states 
were determined based on:

•	 obs1: Min Skewness > 100 & Max Flatness ≤ 0.8
•	 obs2: Min Skewness > 100 & Max Flatness > 0.8
•	 obs3: Min Skewness ≤ 100 & Max Flatness ≤ 0.8
•	 obs4: Min Skewness ≤ 100 & Max Flatness > 0.8.

We divided the 2040 events into two subsets: the first 
(training) and second (test) subsets contained 1700 and 340 
events, respectively. Based on the training subset we esti-
mated the model’s parameters, while for the second subset 
(340 events) we applied the Viterbi algorithm to predict the 
corresponding hidden states. The Viterbi algorithm achieved 
correct predictions for 261 out of the 340 observations, pro-
viding an accuracy rate of 76.76%.

In a subsequent experimentation phase, the generation 
of observable states is investigated using all pairs resulting 
from the combinations of the 5 statistical characteristics, 

Fig. 2   Power spectrum dia-
grams that correspond to the 
EEG signals of the examined 
individuals



8	 A.Pouliou et al.

pairing them two at a time. The following thresholds are 
selected based on the visual examination of boxplot dia-
grams, i.e.:

•	 Mean Skewness ≤ 6, 6 < Mean Skewness ≤ 7.5, Mean 
Skewness > 7.5

•	 Min Skewness ≤ 100, Min Skewness > 100
•	 Norm. Mean Slope ≤ 0.858 , Norm. Mean Slope > 0.858

•	 Norm. Min Slope ≤ 0.7, Norm. Min Slope > 0.7
•	 Max Flatness ≤ 0.8, Max Flatness > 0.8.

After the visual inspection, the Tukey test has been 
employed aiming to validate that the chosen thresholds 
provide statistically significant differentiation which aids 
the identification of different hidden states.

It appears that the models using the observable states 
derived from the pairs Min Skewness—Norm. Min Slope 
and Min Skewness—Max Flatness provided the highest 
performance, achieving an accuracy of approximately 
76.76%. Another notable result was obtained from models 
using the pairs Mean Skewness—Norm. Min Slope and 
Mean Skewness—Max Flatness, which achieved a slightly 
lower but still satisfactory accuracy of 75.59%. In a final, 
third phase, observable states were generated based on 
combinations of the 5 characteristics taken three at a time, 
resulting in the outcomes displayed in Table 2.

When using three statistical features, we have found 
that cardinality of observable states ranges between 2 and 
9. We note that the observable states of the HMM are 
connected to the hidden states based on the emission prob-
abilities ( bi

(
yt
)
 ). As outlined in the methodology, HMMs 

are composed of a series of hidden states, a set of observed 
states and three probability distributions. The number of 
observable states is presented in Tables 2 and 3, as they 

have occurred depending on the pair or triplet of statistical 
characteristics employed for each model instance.

For instance, considering the triplet Mean Skewness, 
Min Skewness and Norm. Min Slope, the maximum possi-
ble number of observable states (combinations) is 12. How-
ever, for 3 parameter combinations, namely (Mean Skew-
ness ≥ 7.5, Min Skewness > 100 , Norm. Min Slope < 0 ), 
(Mean Skewness ≤ 6 , Min Skewness > 100 , Norm. Min 
Slope ≤ 0 ) and ( 6 ≤ Mean Skewness < 7.5, Min Skewness 
> 100 , Norm. Min Slope ≤ 0 ), there are no hidden states 
which correspond to these aforementioned observable states. 
As a result, the cardinality of observable states decreases 
from 12 to 9.

Comparing the results from Tables 2 and 3, it is evi-
dent that the HMM algorithm’s accuracy rates do not sig-
nificantly differ, with the highest percentage still being 
76.76%. We highlight once again, that the highest accu-
racy was achieved when combining values of the statistical 

Table 2   Triple combinations of the spectral statistical features and their performance

Triplets of spectral features Number of observable states Accuracy (%)

Mean Skewness-Min Skewness-
Norm. Min Slope

9 75.59

Mean Skewness-Min Skewness-
Norm. Mean Slope

6 47.94

Mean Skewness-Min Skewness-
Max Flatness

9 75.59

Mean Skewness-Norm. Min Slope-Mean Slope 6 50.88
Mean Skewness-Norm. Min Slope-Max Flatness 6 76.76
Mean Skewness-Norm. Mean Slope-Max Flatness 6 76.76
Min Skewness-Norm. Min Slope-
Max Flatness

3 76.76

Min Slope-Norm. Mean Slope-
Max Flatness

2 47.94

Min Skewness-Norm. Mean Slope-Max Flatness 3 76.76

Table 3   Combination of the statistical characteristics in pairs and 
their performance

Pairs of spectral features Number of 
observable 
states

Accuracy (%)

Mean Skewness-Min Skewness 6 47.94
Mean Skewness-Norm. Min Slope 6 75.59
Mean Skewness-Norm. Mean Slope 3 47.94
Mean Skewness-Max Flatness 6 75.59
Min Skewness-Norm. Mean Slope 3 50.88
Min Skewness-Norm. Min Slope 3 76.76
Min Skewness-Max Flatness 3 76.76
Norm. Mean Slope-Max Flatness 4 22.35
Norm. Min Slope-Max Flatness 2 47.94
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characteristics related to spectral Skewness, Slope and 
Flatness.

5 � Discussion and Conclusions

The EEG signals recorded during sleep phases play a piv-
otal role in both clinical and research domains. Its signifi-
cance extends to the realms of diagnosing sleep-related 
disorders, advancing our comprehension of the intricacies 
of sleep physiology, and facilitating the formulation of 
efficacious therapies and interventions aimed at enhanc-
ing and sustaining wholesome sleep patterns, consequently 
contributing to the overall health and well-being of indi-
viduals [32, 33].

The examination of sleep can rely on different 
approaches, involving the analysis of distinct signals like 
those from the brain, heart, breath and muscles, either 
individually or in combination. On the contrary, the pre-
sent study focuses exclusively on the analysis of sleep 
EEGs using HMMs. This approach sets our research apart 
from others that typically utilize a blend of EEG, EOM and 
EMG signals to derive their findings, making it a distinc-
tive aspect of this manuscript. An additional innovative 
aspect of the proposed HMM lies in the approach taken to 
generate its parameters. Instead of conventional methods 
[34], we calculated the statistical attributes of the EEG 
power spectrum derived from our dataset. We then used 
these statistics to establish threshold values which are later 
utilized to determine the model’s classes. This involved 
statistical analysis using the Tukey test and visualizing 
the outcomes through boxplot diagrams, which ultimately 
shaped the final observable states. Interestingly, the spe-
cific combination of statistical characteristics appeared to 
influence the model’s performance during the training and 
test process, positively impacting its overall precision.

Throughout the test phase, the proposed model demon-
strated a satisfactory accuracy of 76.76% using a combina-
tion of the statistics from only two spectral features: Min 
Skewness and Norm. Min Slope, or Min Skewness and 
Max Flatness. The achieved accuracy is calculated as the 
ratio of correctly identified events (sleep phases) to the 
total number of events in the test set. Although multiple 
models reach this level of accuracy, we recommend these 
two, as they rely on only two statistical characteristics, 
thus reducing computational complexity and minimizing 
the risk of overfitting. Specifically, these are the mod-
els based on Min Skewness-Norm. Min Slope and Min 
Skewness-Max Flatness. This suggests that it is suitable 
for application in a sleep classification study.

The roles of the maximum, minimum and mean sta-
tistics for the selected spectral features are as follows: 
To compute a spectral feature from an EEG segment, the 

standard procedure involves applying the FFT to several 
overlapping windows within the segment. This process 
generates multiple feature values for each segment. To 
consolidate these multiple values into a single representa-
tive value, we use three key statistics: the mean, maximum 
and minimum. This step is essential for defining feature 
cutoff points and identifying observable states, which 
are necessary for the operation of HMMs. Based on this 
approach, emphasis should be placed on the physiological 
significance of the eight selected spectral features, par-
ticularly spectral slope, skewness and flatness, as these 
provided the most accurate classification results.

The eight selected spectral features have significant physi-
ological meaning in the field of sleep stages [35]. First of 
all, the spectral centroid represents the "center of mass" of 
the power spectrum and reflects the average frequency of 
a signal. In the context of sleep stages, lower values indi-
cate deeper non-REM sleep, corresponding to SWS phase, 
characterized by slow-wave delta activity (0.5–4 Hz). Con-
versely, in lighter sleep stages such as N1 and wakefulness, 
the centroid is higher due to increased alpha (8–12 Hz) and 
beta (13–30 Hz) activity [36]. Spectral spread captures the 
variance or "width" of the spectrum around its centroid, 
indicating the range of frequencies in the signal. In phase 
SWS, the values of spectral spread are reduced because low-
frequency delta waves dominate, producing a concentrated 
spectral profile. Wakefulness has the widest spread due to 
contributions from alpha, beta and gamma bands, reflecting 
the broad and varied cortical activity associated with alert-
ness and cognitive processing.

Spectral kurtosis quantifies the "peakedness" of the power 
spectrum, identifying how much of the power is concen-
trated in sharp peaks [37]. Higher kurtosis is observed in the 
SWS stage due to concentrated delta band, creating a strong, 
single-peak distribution. REM sleep has a lower kurtosis as 
power spreads across both theta and low beta frequencies, 
leading to a less peaked spectral profile. Spectral entropy 
measures the randomness of the frequency distribution. 
In REM sleep, spectral entropy increases as the frequency 
distribution becomes more varied reflecting greater cortical 
processing. Wakefulness typically has the highest entropy 
due to a complex, distributed power spectrum across a range 
of frequencies. Spectral crest assesses the degree to which a 
few frequencies dominate the spectrum. In non-REM sleep 
(SWS), spectral crest is high as delta waves dominate the 
EEG signal, forming a sharp peak in the low frequencies. 
REM sleep shows a moderate spectral crest due to contribu-
tions from theta waves, which are prominent but less domi-
nant than delta waves in deep sleep. Wakefulness tends to 
have a lower spectral crest, as power is more evenly distrib-
uted across multiple frequency bands.

Finally, we describe the physiological meaning of the 
three spectral features that correspond to the models that 
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provided the maximum accuracy considering pairs of spec-
tral statistics. These features are the spectral skewness, slope 
and flatness. To begin with, in SWS skewness is usually pos-
itive, as delta waves dominate the EEG signal, concentrating 
power at lower frequencies [38]. REM sleep, with its higher 
theta (4–8 Hz) activity, tends to have a more balanced dis-
tribution, resulting in lower skewness. During wakefulness, 
skewness is typically lower still, as high-frequency alpha 
and beta bands have a greater presence, creating symmetric 
frequency distributions.

Spectral slope indicates how rapidly power decreases as 
frequency increases, generally computed from a log–log 
power spectrum. In REM sleep, the slope is less steep 
because of increased mid-range theta power. In deep non-
REM sleep, the spectral slope is steeper due to a dominance 
of low-frequency delta activity and minimal high-frequency 
content, reflecting slower cortical activity. In wakefulness, 
the slope flattens further due to significant power in higher 
frequency bands like alpha, beta, and even gamma, which 
are associated with alertness and active brain processing. 
Finally, spectral flatness measures how evenly power is 
distributed across frequencies, distinguishing between con-
centrated (low flatness) and broad (high flatness) spectral 
content. During SWS flatness is low because power is highly 
concentrated in the delta range, reflecting synchronous, slow 
brain activity. In REM phase, flatness increases slightly as 
theta and low-beta bands contribute, distributing power 
across a broader frequency range. Wakefulness has the high-
est flatness as power spreads across alpha, beta and gamma 
bands, indicating a more complex and variable EEG signal.

All eight features clearly offer valuable insights for distin-
guishing sleep stages. However, we prioritize the statistics 
(or feature thresholds) of spectral flatness, skewness and 
slope, as they yielded the most effective state differentiation 
for our dataset. Notably, this is the first study to utilize these 
spectral features for sleep stage classification via a compu-
tationally efficient stochastic method like HMM. While the 
cutoff points might vary with a different dataset, the pre-
processing and classification approach is both robust and 
easily reproducible, facilitating the selection of new feature 
thresholds. This statement summarized the main contribu-
tion of the introduced analysis.

It becomes evident that by employing the Viterbi algo-
rithm, our model can effectively predict the specific sleep 
stages of a patient, while the respective level of accuracy 
should be deemed significant, considering the fact that it 
deals with a multiclass classification task. After dividing the 
2040 events into two subsets—one for training and one for 
test – the model’s parameters were estimated using the train-
ing subset. For the test subset, consisting of 340 events, the 
Viterbi algorithm was employed to predict the correspond-
ing hidden states. In both models, which utilized observable 
states derived from the pairs Min Skewness—Min Slope and 

Min Skewness—Max Flatness, the Viterbi algorithm accu-
rately predicted 261 out of the 340 observations, resulting 
in an accuracy rate of approximately 76.76%. Consequently, 
it holds great promise for research pertaining to the analysis 
of human sleep, especially when dealing exclusively with 
sleep EEG data.

We notice this level of accuracy for other four models 
where the observable states are constructed using triplets of 
spectral features (Table 2). The creation of multiple models 
with identical testing accuracy may stem from the observ-
able states being derived from pairs and triplets of the same 
spectral statistics, which offer the highest distinguishing effi-
ciency for the hidden states. As part of future research, we 
plan to incorporate additional time and frequency features 
derived from other signals, such as EOG or EMG. By apply-
ing the established preprocessing steps to these signals, we 
aim to enhance classification performance further [39].

Certainly, it is important to acknowledge that the devel-
oped model does have certain limitations primarily tied 
to data availability. The sample size of the examined time 
series seems satisfactory, considering that we employ a low-
complexity statistical methodology like the HMMs. How-
ever, applying the current methodology to EEG recordings 
from a larger cohort of individuals presents an intriguing 
direction for further investigation, which we intend to pursue 
in future work. Furthermore, our analysis could employ a 
greater collection of the statistical measures derived from 
the power spectrum or even add time-related measures. It is 
conceivable that additional features processed in a similar 
manner, could yield valuable insights.

Additionally, the ranges we established for categorizing 
each spectral feature may vary based on the numerical scales 
depicted in the boxplots. It would be intriguing to explore 
the use of the Viterbi algorithm in our model with a distinct 
partitioning of the 2040 events. This investigation could 
shed light on the significance of this segmentation, and 
identify under which circumstances the algorithm performs 
optimally, leading to higher accuracy rates. Ultimately, we 
note that the main purpose of the present analysis is the 
introduction of a new combination of statistical measures 
with a Markov-based algorithm, which can provide signifi-
cant predictive performance regarding sleep-related tasks. 
The presented analysis can be easily extended in larger data-
sets or modified classification issues.

Finally, the proposed model has the potential to serve as 
an initial foundation for research on sleep analysis that can 
be expanded to various domains, not limited to stage clas-
sification. For instance, it could be extended to investigations 
of sleep disorders, given that our dataset comprises data 
from healthy individuals, making the outcomes a valuable 
benchmark for distinguishing between normal and abnormal 
sleep patterns. In essence, the innovative development of 
this model offers a valuable resource to enhance the quality 
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of both new and existing sleep studies, with the overarching 
goal of continually refining and advancing their outcomes. 
As future research, it would be intriguing to examine the 
performance of additional AI or ML algorithms emphasiz-
ing low-complexity architectures, which show robustness 
against phenomena of overfitting [40–45].
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