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ABSTRACT 

This work proposes an efficient technique to detect various sleep stages by analysing EEG. Sleep stages such as 
Drowsy or Stage1/Light Sleep/ Slow Wave Sleep or Deep Sleep/Rapid eye movement/ Post deep Sleep stages are 
identified by analysing EEG. An artificial neural network model trained with back propagation algorithm is utilized to 
classify the features extracted by decomposing EEG signals and applying Hilbert transform to compute IMF’s (Intrinsic 
mode function). From these extracted features ANN identifies various sleep stages. The results indicate that the various 
sleep stages are discriminated with an accuracy of 96%. 
 
Keywords: EMD, sleep stage classification, EEG, IMF’s.  
 
1. INTRODUCTION 

Basically, EEG signals are acquired from the 
outer layer of human brain and these are accountable for 
thought process of a person. These signals are typically 
neither linear nor stationary as per mathematical and 
theoretical considerations. The sleep pattern of human 
being has close connection with physical and mental 
health. Basically, the quality of sleep depicts the mental 
condition of a person. Better the quality of sleep, better the 
brain reclines, better is the health. On the adverse part, 
may cause daytime sleep, drowsy and inactive 
participation in work place, hypomnesia or even 
depression.  

Therefore, improvising the quality of sleep is 
mainly matters.  Acquiring Electroencephalogram (EEG) 
signals based on single channel has become more common 
in recording the sleep stages and categorization of sleep 
stage. It can be obtained by arranging the electrodes at C3-
A2 or C4-A1 regions on the head and EEG signals are 
then recorded from the brain. The commonly identified 
brain frequency divisions are Delta band, Theta band, 
Alpha band, Beta band and Gamma band, which fall under 
the ranges as stated below in Table-1. 
  

Table-1. EEG signal ranges of frequencies. 
 

Frequency 

Range (Hz) 
Band Amplitude 

0.5 to 3.0 Delta range 100 

4.0 to 7.0 Theta range 20-40 

8.0 to 13.0 Alpha range 50-100 

13.0 to 30.0 Beta range 5-30 

More than 30.0 Gamma range - 

 
Sleep stages can be basically divided into four 

phases, which can be termed as the following [1]:  
Stage1: Drowsy (transition from awake to 

asleep). 

Stage 2: Light sleep (transition from drowsy to deep 
sleep). 

Stage3 & 4: Deep sleep or slow wave sleep. 
REM: Rapid eye movement 
i) Sleep Stage 1or S1: It is composed of few 

alpha waveforms combined with few theta waves (3 to 7 
Hz). These are followed by slow, slight rolling eye 
movements. Stage 1 is treated as transitional stage from 
awake to drowsy or light sleep. Alpha activity is much 
more significant during the starting stages of the period 
named sleep-onset. These are acquired in the posterior or 
backside regions of the brain more likely at parietal and 
occipital lobes. Active, Normal or fit, healthy are found to 
spend relatively 5% of their total sleep time in S1 or Light 
sleep or Sleep Stage 1. 

ii) Sleep Stage 2: It is composed of mainly the 
background activity containing of very low-voltage, a 
mix-up frequency EEG signals with barrage of peculiar 
waves in the range of 12 to 14 Hz named as sleep spindles. 
These are followed by delineated and negative sharper 
waves named K complexes. These are again further 
immediately accompanied by positive components which 
lasts for a duration of 0.5 seconds or more. Slower 
waveforms named delta waves are however present in 
very low value during sleep stage 2, which accounts for 
not more than 20% of an epoch. Approximately Sleep 
stage-2 constitutes half or 50% of a person’s total sleep 
time. 

iii) Sleep Stage 3 and 4: Sleep Stage 3 is 
composed of at least 20% but not more than 50% of delta 
waves, whereas more than 50% of delta waves indicate 
Sleep stage-4. Delta waves contain high-amplitude, small 
frequency waves ranging from 0.5 to 2 Hz which have 
amplitude value of more than 75 mV peak to peak. 
Typically Sleep Stages 3 and 4 are combined together 
when physicians or clinicians discuss the architecture of 
sleep and referred it as slow-wave sleep. Out of the total 
sleep time an active, normal, healthy fit young adults 
customarily spend about 20%to 25% time in slow-wave 
sleep [2]. 
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iv) REM: Rapid eye movement is the transition 
stage between Deep sleep and Wakefulness. REM is state 
is associated very often with specific dreams, which is 
relatively defined by low -voltage and mixed frequency of 
EEG activity. A typical sleep activity during night 
comprises of four to six cycles of REM stage, which 
constitutes of 20% to 25% of whole night sleep time. A 
sort of defence mechanism is associated with REM stage 
of sleep. Recent research speculated that the sleep activity 
might have a very prominent task in consolidating the 
memory. The most certain memories are retained and 
build up as the less prominent one’s are erased [3], [4]. 
Thence, it is very much significant to obtain an accurate 
system that monitors and also analyses the behavioural 
properties of sleep. 

The monitoring of sleep related to objective 
behaviour and analysis is most basically achieved by 
researchers by duly observing deciphered sleep stages for 
whole night. Presently, polysomnography (PSG) has 
become pinnacle of excellence in analysing various sleep 
stages, which can be explained as a diversified system that 
maintains a record of various biological signals such as 
electroencephalogram (EEG), electromyogram (EMG), 
electrocardiogram (ECG), concurrently. The biological 
signals once collected, next step focuses on the method 
how could they be scored. Researchers named 
Rechtschaffen and Kales (R and K) [5] primarily proposed 
a novel guide for sleep stage classification, which later on 
has become a glorious standard and is considered as an 
important tool for sleep stages classification in enormous 
labs all over the world despite its demerits [6]. The 
standard stated by R and K was further improvised by 
American Academy of Sleep Medicine [7].  

Various techniques were proposed for the 
extraction of significant features from 
electroencephalogram signals, which accurately captures 
the predominant sleep dynamics. These also include 
statistics based on time-domain approaches [8], as well as 
spectral analysis [9], analysis based on time frequency, 
like Wigner Ville distribution [10] and also wavelet 
analysis [11],etc. HHT-Hilbert Huang Transform [12] was 
introduced by Norden E. Huang during 1990s, which is 
suitable for non-linear and non-stationary type signal 
analysis[13].The HHT comprises of two sections: a) The 
Empirical mode decomposition algorithm and b) Hilbert 
spectral analysis - HSA [14]. This technique is 
conceivably desirable to represent time frequency energy.  

A purposeful way to portray such type of a 
system is in points of the IF or instantaneous frequency. 
These IF’s will uncover the modulations which are of type 
intra-wave frequency. The simplest approach to figure out 
the IF is by applying the Hilbert-Huang Transform. Stating 
an analytic signal in a time series is possible with the help 
of Hilbert transform which constitutes a complex part, 
amplitude and a phase that are dependent on time. The 
phase function’s time derivative is named function of 
instantaneous frequency or IF. Though with the Huang-
Hilbert transform, stating the IF values still involves a 
considerable contrary containing frequency values which 
are all similar to be typically positive and typically 

negative for a particular given time series. Finally, the 
earlier benefits of the Hilbert transform were all 
completely finite to only the narrow type of band-passed 
signals, also attain equal number of so-called peak values 
as well as null or zero crossings. By definition filtering is a 
linear process, reshaping its harmonics along with 
preparing a distortion of the waveform. To improvise this 
position, it is much needed to apply the technique named 
Empirical mode decomposition (EMD) primarily 
described by a researcher named N. Huang in 1998[12], 
prior to Hilbert transform. 

Further finalising the feature extraction 
technique, next step would be to categorize various sleep 
states (like Awake fullness versus sleep, or drowsy versus 
deep sleep, etc.).For sleep stage classification, various 
traditional methods were proposed, namely, LDA [15], 
[16], based on neural networks [17], [18], based on sup-
port vector machines (SVMs) [19], [20], [21],[22], based 
on k-nearest neighbour (k-NN) [23], based on novel 
method named hidden Markov model [24], based on fuzzy 
systems [25], [26], etc., for categorizing various sleep 
stages. One of very significantly applied EML methods, 
which found their applications in different research areas 
was the random forest (RF) introduced and proposed by 
Breiman [27]. Random forest has also been determined for 
the identification of various sleep stages [13]. 

Sleep EEG data utilised in this work was 
obtained from Physio-net bank-Sleep-EDF database, 
which is a publicly available domain. The Sleep EEG data 
thus collected was segmented to an epoch of 10seconds. 
The proposed work adopted an Empirical Mode 
Decomposition for decomposing EEG signals into 
intrinsic mode functions, which are used in extraction of 
features. The features thus extracted were fed to an 
artificial neural network model trained by Feed Forward 
Back Propagation Algorithm. The obtained features 
proved to be best discriminators of deciphered sleep 
stages. 
 
2. METHODOLOGY 

The proposed detection of various sleep stages 
approach comprises of three main components:  

(i) EEG signal segmentation, (ii) feature 
extraction, and (iii) feature classification. 

This section constitutes the technical details and 
novelty in sleep stages detection. 
 
2.1 EEG data 

The EEG data for different Sleep Stages 
considered for this work were obtained from Physio-Net 
using the Sleep-EDF [Expanded] Database [32] [33]. 
These recordings were a collection of EEG sleep signal 
corresponding to 61 males and females for almost 24 
hours, which were sampled at 100 Hz. According to 
Rechtschaffen and Kales, sleep recording comprised of 
Fpz- Cz/Pz-Oz EEG signals instead of C4-A1/C3-A2 EEG 
signals. Its respective hypnogram files contain various 
sleep patterns of each subject. This pattern comprises of 
sleep stages namely: W, 1, 2, 3, 4, R, M and no score, 
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which are assigned binaries 0, 1, 2, 3, 4, 5, 6 and 9 
respectively.  

The EEG Fpz- Cz channel of 30 subjects was 
adopted in this work. Each signal is processed in 10 
second epochs. Each set of data contains EEG segments 
with 100 single channels with a duration of 23.6 sec and 
sampling frequency of 173.61 Hz, thus each segment 
constitutes N equals to 4096 samples. The 128-channel 
system is used to record all these EEG segments and 12-
bit A/D converter is used to digitize them. Eventually 
Sleep Stage1 or S1 or Light sleep is termed as the Drowsy 
state, Sleep Stage2 or S2 depicts the next stage to drowsy 

which is also termed as Light Sleep, Sleep Stage3 or S3 
and Sleep stage4 or S4 are termed as Deep sleep or slow 
wave sleep, and REM stage are the various sleep stages. 
The proposed model is subdivided into three sections: 
 
a) Data Segmentation data Filtering, 
b) Feature extraction depending on spectral as well as 

statistical analysis. 
c) Feature Classification by ANN.  
 

Figure-1 depicts block diagram for detection and 
identification of various Sleep stages. 

 

 
 

Figure-1. Block diagram of sleep stages detection and identification. 
 
2.2 Data segmentation and filtering 

In common practice, records related to sleep were 
acquired by the skilled in accordance to the typical rules, 
therefore the actual sleep EEG data were recouped with 
the sequence of intervals with finite length of generally 20 
or 30 seconds [10]. In this proposed work, each epoch had 
a fixed length of 10 seconds. A typical band pass filter 
with the range of 0.1Hz to 7 Hz was used in order to 
remove the signals other than Sleep range (Delta, Theta), 
each epoch needs to be filtered. After filtering the data, 
Empirical Mode decomposition algorithm was applied on 
each filtered epoch to obtain the small components named 
Intrinsic mode functions. 

Figure-2. depicts the flowchart of the proposed 
work. First stage indicates the data segmentation into 10 
seconds epoch, second indicated the data is filtered into 
the required sleep range for the proposed work, which is 
Delta and theta range: 0.1Hz to 7Hz. Next stage is feature 
extraction process using EMD algorithm, which 
decomposes EEG signals into intrinsic mode functions. 
Further the features are extracted namely: Kurtosis, Inter 
quartile range and Median Absolute deviation from the 
obtained intrinsic mode functions-IMF. Further stage 
depicts the feature classification by neural network model 
trained by Back propagation -BNN. Finally, the data is 
tested with the simulation variable Y, which categorizes 
the tested sleep signal with trained model corresponds to 
S1 or S2 or S3/S4 or REM stage of sleep, if obtained Y=1, 
Y=2, Y=3 or Y=4 indicates the sleep stages S1, S2, S3&4, 
REM respectively. 

 
 

Figure-2. Flowchart of work process. 
 
2.3 Feature extraction 

 
Hilbert–Huang transform  

The HHT adopted here comprises of i) EMD - 
empirical mode decomposition and ii) Hilbert Spectral 
Analysis. 
 
Empirical mode decomposition (EMD) 

The most important concept of Empirical mode 
decomposition technique is that it comprises of distinct 
simple intrinsic modes of oscillations for each time series. 
Either linear or non-linear each of the intrinsic mode, 
serve as a simple oscillation, that contain an equal quantity 
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of peak values, also null or zero-crossings. Also, the 
oscillations are also perfectly symmetric in accordance 
with the so-called ‘local average’ or ‘local mean’. These 
whole functions are called the solo-components or the 
IMF’s or intrinsic functions. The technique of achieving 
IMF’s is termed as “sifting” and its steps are listed as 
below:  
 

1. To find out all the maxima as well as minima 
values of x(t). 

2. To find its upper as well as below or lower 
envelopes, Xup (t) and X low (t) by the method of cubic 
spline interpolation. 

3. To compute point to point, average or mean 
from the upper envelopes and lower envelopes, with the 
help of  m(t)= (X up (t) +X low (t)) /2. 

4. Extraction of the detail which is, d(t) = x(t) – 
m(t) 

5. Then test for the following two criterias of d(t): 
a) if and only if the detail d(t) meets and satisfies 

the above two criterias related to the statement of IMF 
(mentioned earlier), an   IMF is calculated. Then replace 
the value of x(t) with that of residual r(t) = x(t) – d(t); 

b) if the detail d(t) is found to be a non-IMF, then 
replace x(t) by d(t), and 

6.Then reiterate the steps from 1 to 5 till we get a 
single residual, or we get a solo maximum or solo 
minimum residual satisfying following stopping criterion. 
 
Standard derivation 
 

 (SD)=∑ |ⅆk−2(t)−ⅆk⋅(t)|2ⅆ̇k2(t)Tt=0       (1) 

 
Finally, the signal x(t) can be stated as shown 

below: 
 X(t) = ∑ (Ci  + Ni=1 rN)                    (2) 
 

In the above equation, N represents the total 
count of intrinsic modes, rN(t) represents the finally 
attained residue, it can also be elucidated as DC 
component of the respective signal. Here, C j (t) denotes 
the various intrinsic modes, which are orthogonal or 
perpendicular to one another and all of them contains 
null/zero means. Hilbert Transform now can be used for 
every individual or single intrinsic mode function (IMF). 
This is one type of an adaptive method.  

An Intrinsic Mode functions must gratify two 
conditions.  

a) Total count of extrema and the total count of 
null or zero crossings must not vary by more than one  

b) The Local mean or average stated by both the 
maximum envelope’s and minimum envelope’s average 
must be zero 
 
2.4 Hilbert transform 

After the EMD process and obtaining IMF’s, 
which are decomposed form of an EEG signal. 

The obtained signal x(t), in its composite form 
can be expressed as 
 
Z(t)= X(t) + iXH(t)                    (3) 
  
whereXH (t) denotes the Hilbert transform for X(t), 
represented by 
 

XH(t) = 1
π

P ∫ X (s)t−s∞−∞  ds       (4) 

 
and P as the principal Cauchy value for the integral.  

The equation number (2) can then be re-edited in 
an exponential form as 
  
z(t)= A (t) eiψ(t)                     (5) 
 

Where A(t) = √X(t)2 − XH(t)2      (6) 
 
 ψ(t) = tan − 1 (XH(t)X(t) )       (7) 

 
Applying time derivative for (5) gives 
  
z(t)= A (t) eiψ(t)  (iwt) +  eiψ(t)Ȧ (t)    
 (8) 
  
where w(t) denotes the typical instantaneous angular 
frequency, it is stated as instantaneous angle’s time 
derivative. 
 

W(t)=ψ̇(t) = ⅆ∂t tan − 1 (XH(t)X(t) )      (9) 

 
Thence the instantaneous frequency can be stated as 
 f(t) =  W(t)2π                                                                 (10)  

         
Then computing the weighted mean Frequency 

(MF) from the computed Instantaneous frequencies  
 

MF= 
∑ ALi=1 1(i)f(i)2∑ A1Li=1 (i)f(i)                    (11) 

 
A1- denotes Instantaneous Amplitude, 
f- denotes Instantaneous frequency (IF)  
 

Following are the three features which are 
extracted from each of the Intrinsic mode function (IMF). 
 

I. Kurtosis, II. Inter quartile range in each IMF 
(IQR), III. Median Absolute Deviation (MAD) 
 
I. Kurtosis  

The sharpness of the peak of a frequency-
distribution curve is termed as Kurtosis 
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II. The inter quartile range 
 
It is defined as IQR = Q3 –Q1……    (12) 
 

Q1 and Q3 denotes the first and third quartile 
values respectively. 

III. Median absolute deviation -This phenomenon 
is stated as the mean or average of all the possible absolute 
deviations of a set of data regarding the data's mean. 
Typically, for a sample size of N and the average mean 
distribution of x, the MAD or median absolute deviation is 
computed as 
 ∑ |xi − x̅|Ni=1                    (13) 
 

Thus, the process of EMD and HSA decomposed 
the EEG signal into IMF’s and IF’s.  
 
2.5 Feature classification by ANN 

After the features are extracted by Empirical 
Mode Decomposition algorithm, ANN model based on the 
feed forward backpropagation algorithm, need to be 
trained with them to categorize various sleep states of 
brain signals. Artificial neural networks are broadly 
applied to automated classification of deciphered sleep 
stages with the help of an EEG signal [28]. They are well-
known for their better classification competency as well as 
efficiency and relevantly very easy implementation [28]. 
The major part while designing an Artificial neural 
network model is to select the type and particular network 
architecture. Commonly, an Artificial neural network 
comprises of several neuron layers: i) First layer or Zero 

layer or input layer, ii) one or more Middle layers or 
Hidden layers iii) Output layer or Final Layer.  

The total number of middle layers or hidden 
layers and neurons inside them affect the neural network 
classification competency [28]. It is admitted that a typical 
ANN model with two middle layers provides better 
accuracy with any sort of any continuous or complete 
mapping. Also, many of issues in feature classification can 
be resolved by Artificial Neural Network with a single 
hidden layer [28] [29].  

The experimental result analysis for various sleep 
stages of EEG data, thence, affirm that the adopted method 
is very well standardized and gains moderate control in 
accordance with accuracy in feature classification. We 
admit that the adopted system might be very advantageous 
to the clinicians in their eventual conclusion on their 
respective patient's diagnosis. Implementing such an 
adequate tool, can prepare them conclude on more prompt 
decisions 

An EEG data from 30 subjects has been collected 
while they are sleeping and in rest or awake state [30] 
[31]. A single epoch has been extracted from each subject 
data. The length of the epoch was 10 seconds. 12 features 
were extracted based on the 2nd,3rd,4th and 5th IMF's 
respectively (i.e Kurtosis-4, IQR-4, MAD-4). These 
extracted features are applied as input to a Neural network 
designed with 12 input neurons, one output neuron 
depicting a single sleep stage whether Drowsy/Light 
sleep/Slow wave sleep/REM stage, and one hidden or 
middle layer with 15 neurons. Feed Forward Back 
propagation technique was used to design neural network. 
Figure-3. depicts a typical architecture of neural network. 

 

 
 

Figure-3. Neural Network architecture. 
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3. EXPERIMENTAL RESULTS AND DISCUSSIONS 
The mean or average weighted frequency 

suggests that the IMF's from two to five are helpful to 
categorize four sleep stages namely S1, S2, S3&S4 and 
also REM stage. IMF-1,6 are containing high frequency 
oscillations as well as artifacts. IMF's numbered from 2, 3, 
4 and 5 were considered for the extraction of following 
features; 1. Kurtosis; 2 Inter quartile range; 3. Mean 
absolute deviation. An accuracy of 86.82% was obtained 
by experiment based on the single Fpz- Cz orPz-Oz 
channel, respectively [28]. The proposed method in this 
paper attained an accuracy of 96% in classifying the 
deciphered sleep stages. The final results depicted the 
effectiveness and reliability of the proposed method. 

Four Intrinsic mode function (IMF’s) for each 
stage are obtained, which show a very noticeable 
differences between various sleep stages. The trained 
network is simulated with four sleep stages: S1, S2, 
S3&S4, REM (DR, LS, SWS, REM). 

For this proposed work IMF’s numbered 2,3,4,5 
are utilised in this work, out of 6 IMF’s obtained after 
EMD technique because of negligible values contained in 
IMF 1 and 6. Later these IMF’s are applied in the formula 
for the computation of Kurtosis, IQR and MAD to acquire 
features for sleep stages detection.  

Empirical mode decomposition output of a 
typical EEG signal with its decomposed IMF’s and residue 
is depicted in Figure-4.  

 

 
 

Figure-4. Empirical Mode Decomposition output- IMF’s and residue. 
 

Figure-5. shows the EEG signals related to the 
sleep stages namely Drowsy- S1 sleep stage, Light sleep-
S2 sleep stage, Slow wave sleep-S3& S4/Deep sleep, 
REM stages and Post Deep stage (Transition period 

between Deep sleep and awake). The observation 
determines the lower amplitude deep sleep signals when 
compared to EEG signal related to drowsy and light sleep 
stages. 
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Figure-5. Sleep stages DR, Light Sleep, Slow wave Sleep, REM EEG signals, Post Deep sleep. 
 

The IMF’s extracted by EMD technique for 
different sleep stages: Drowsy/Light sleep/Slow wave 
Sleep/ REM stages are depicted in the Figure-6 below. 
IMF’s 1 to 6 are depicted in figure, among which only 

four i.e. IMF numbered 2 to 5. The Observation found the 
decline in amplitudes of IMF signals from S1 towards 
Deep sleep.  
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Figure-6. IMF’s of Sleep stages S1, S2, S3, S4, REM, Pre-sleep (awake to S1), Post Deep sleep, Pre-deep sleep 
EEG signals. 
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The intrinsic mode functions-IMF’s obtained by 
implementation of the EMD technique, which are further 

applied in extraction of features namely K, IQR and MAD 
for detection of various sleep stages is depicted in Table-2. 

 
Table-2. IMF’s of various sleep stages. 

 

  
Sleep stages IMF's 

 
S.No S1 /Drowsy S2 S3&S4 REM Post deep sleep 

1 1.3366 4.175 3.2984 3.8074 2.4847 

2 0.5182 2.088 1.28 1.5381 1.4993 

3 0.2219 1.018 0.5014 0.5255 0.5241 

4 0.11 0.401 0.3163 0.2273 0.246 

5 0.1015 0.148 0.0722 0.1517 0.1025 

6 0.0316 0.044 0.0316 0.0435 0.0372 

 
For training the ANN model, a set of 30 Sleep 

stage1subject’s EEG data and 30 subject’s awake stage 
EEG data were used for training the neural network. Out 
of the 30 subjects corresponding to sleep and non-sleep 
datasets, a ratio of 80:20 is used to train & test the model 
i.e. 20 were used for training the model and 10 were used 
for testing, which finally discriminates various sleep 
stages whether S1 or Awake. 

Similarly, training is performed individually for 
identifying each sleep stage in same manner as mentioned 
above to identify the remaining three stages of Sleep. This 
finally accounted a total of 120 datasets of sleep and 30 
datasets of non-sleep were used to train ANN model with 
all four stages of sleep. When tested with a new database 
other than trained, the model proved to be potential and 
compatible in identifying the particular state of brain 
whether stage of sleep or awake, and the stage of sleep. 
The testing performed achieved 8 subjects correctly out of 
ten and 2 subjects as wrong, which resulted in an accuracy 
of 96%, depicted in Table-3.  

Table-3. Train and Test sets of ANN model. 
 

Sleep stage 
Train set 

(Data sets) 

Test set  

(Data sets) 

S1 20 10 

S2 20 10 

S3& S4 20 10 

REM 20 10 

Non-sleep or 
Awake 

20 10 

 
Table-4. Depicts the performance-based 

comparisons of various proposed methods with different 
algorithms. All of the methods mentioned in the table IV 
obtained the data from Sleep-EDF dataset. As shown in 
table, the proposed method attained an improvement in 
accuracy of up to 4% in comparison with other methods. 

 
Table-4. Train sets and Test sets for training ANN model in Feature classification. 

 

Train set Test set Output Accuracy 

80 data sets of sleep 
stages; 20 data sets of 

awake stage total =100 

40 sets of sleep stages; 
10 sets of awake stage 

total =50 

Out of 50 test data 40- True 
positive 

10- False negative 
96% 

 
Table-5 depicts the performance comparisons of various methods used in classification of features with their corresponding 
accuracy. 
 

Table-5. Performance comparisons. 
 

Authors Achievement method 
Data sets -based on Sleep-

EDF 

 Features Type of Classifiers Accuracy attained 

Herrera al [34] EEG signals Symbolic Representation SVM 69.8 
Huang et al [33] Features acquired from Forehead EEG SVM 77.12 

Ronzhina et al [28] PSD-Power Spectrum Density ANN 81.42 
A.R. Hassan et al 

[32] 
Spectral Features 

Boosted Decision 
trees 

82.83 

Proposed method Spectral and Statistic Features ANN 95 
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4. CONCLUSIONS 

Physio net banks Sleep-EDF data base a publicly 
available domain was utilised for collecting data for the 
proposed technique, signals corresponding to various 
Sleep stages were analysed and inspected in this proposed 
work. The adopted system and techniques attained in this 
work were majorly used for EEG signal processing, which 
aids to acquire a novel approach that provides physicians 
the opportunity to diagnose various sleep signals in brain. 
An EMD - Huang Hilbert transform based feature 
extraction and ANN model using Back propagation 
algorithm-based feature classification were used.  

The adopted system bears the competency as well 
as potential of granting various credible merits such as 
quick diagnosis, highest accuracy of 96%, better 
sensitivity and specificity. More significant results and 
accuracy could be acquired by training the ANN model 
under different circumstances of the subjects for Sleep 
pertaining to different conditions like day time sleep and 
mid-day sleep and night time sleep. 
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