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of this data we will focus on Artificial Neural Networks
(ANN). RNAs are widely applied in areas related to
neurophysiology: EEG analysis [5], vigilance analysis [6],
sleep analysis [7, 8], etc.

Abstract
Currently, virtually all new digital polygraphs are equipped
with a more or less efficient automatic sleep analyzer. Interest
in these systems is growing in sleep study services for
significant increase in the demand for recordings and the need
for an automatic analysis system freeing the clinician of
certain counting tasks. The major difficulty for these systems
is the choice of modelling for physiological signals. Different
analysis techniques are used: amplitude analysis, period
analysis, spectral analysis etc. This paper used Fourier
transform for the frequency conversion of EEG signal, which
is further process by Butterworth filter .The sleep features are
characterise by DWT and further sampled to classifier for 5
sleep stage classification. ABC (ARTIFICIAL BEE
COLONY) tuned NN (NEURAL NETWORK) Claimed better
accuracy then random forest ,and neural network classifier.

A night's sleep is divided into several cycles (four to five), of
about 90 minutes, each one respecting the same schema. We
distinguish in each cycle several phases that we can
essentially
recognize
from
the
analysis
of
electroencephalographic tracings (EEG).
Thus, at the beginning of the night, the subject is awake with
his eyes closed. The EEG registers very fast waves (8-12Hz)
and very low amplitudes, called alpha. Then the subject passes
smoothly in stage 1. We then observe on the EEG a slowdown
electric waves up to a frequency of 4 to 6 Hz, these are theta
waves. This stadium is pretty close to wakefulness. Moreover,
when awake, the patient will say that he is not sleeping. Then
the subject switches to stage 2, which can truly be considered
as the early sleep. This stage is found on the EEG by the
appearance of spindles, puffs fast waves (10-15Hz), and K
complexes, large slow waves. Electrical activity is going still
slow down, then appear delta waves (3Hz) of great amplitude.
It is considered that the subject is passed to stage 3 when at
least 20% of the tracing is occupied by delta waves. When this
figure exceeds 50%, it is considered to be in stage 4. The
stages 3 and 4 are often referred to as deep slow sleep.
"Slow", because the waves are very slow, "deep", because a
subject awakened during this period will be completely out of
place in time and space, as if it were deeply buried in his
sleep.

Keywords: ABC, NN, DWT, FT, Random forest, EEG.

INTRODUCTION
In clinical routine, the study of sleep involves the acquisition
and recording of a set of physiological signals during a night's
sleep, followed by visual analysis to establish the diagnosis.
This study is mainly based on three signals:
electroencephalogram (EEG), electro-oculogram (EOG) and
electromyogram (EMG) [1]. Visual analysis consists of
detecting the variations of these signals during the night.
These changes define the states of alertness that are
awakening and the five stages of sleep: stage 1, 2, 3, 4 and
paradoxical sleep (SP) [2]. Each state is characterized by the
presence of one or more indicators corresponding to
elementary activities and certain grapho-elements. According
to these indicators and by applying the standard rules of
Rechtschaffen and Kales [3] the clinician associates at a time
of 30s a label corresponding to the physiological state.

But after a while, the subject's activity changes dramatically.
Cardiac activity and respiratory, regular and slow until then,
accelerates and becomes irregular. Voltage arterial also
undergoes sudden variations. The eyes move very quickly
from left to right or from top to bottom, while at the same
time the subject reaches a level total muscle relaxation (the
muscles of the neck relax), and a depth of increased sleep (the
sound stimulation needed for wakefulness needs to be even
more important only in deep slow sleep). This contradiction in
the symptoms gave his name at this stage, paradoxical sleep.
This visual observation is confirmed on the EEG.

The difficulty of visual analysis lies in several levels. We can
cite for example the rules of interpretation which include a
part of subjectivity. In addition, visual detection can be
difficult because of noises and artefacts due to poor electrode
contact or patient movement. Finally, we must not forget the
time consumed by this analysis can last a few hours.

The physiological rhythms of which sleep variation has been
most studied are the cardiorespiratory rhythm and arterial
pressure. This denier decreases as and when from falling
asleep to levels of 5 to 15% below sleep [9]. However, it does
not vary more during sleep paradoxical, even increase a little.
In the same way, the heart rate decreases as the subject sinks

Among the techniques of automatic sleep analysis, Fast
Fourier Transform (FFT) spectral analysis is the most used.
This choice can be explained by the fact that the visual
analysis is essentially based on the detection of some
particular frequency waves. Among the processing techniques
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into sleep to reach its minimum value during the deep slow
sleep. But above all there is a decrease in the variability of this
one [10]. On the other hand, `unlike the blood pressure, the
heart rate becomes completely disordered and accelerates on
average during REM sleep, which can be to be dangerous for
patients who have suffered a myocardial infarction, their heart
no longer having the same ability to track these variations
[11]. With regard to respiration, there is a periodic variation of
the amplitude ventilatory, with a period of seventy to ninety
seconds, during the fall asleep, and as long as sleep is not
stably reached [12]. When that's the case, sleep becomes
extremely regular and the respiratory rate decreases by about
15%. All as for the heart rhythm, a clear change occurs during
the paradoxical sleep. Thus, the ventilation becomes irregular,
with abrupt variations in its amplitude and its frequency. With
regard to blood gases, the partial pressure of CO2 in the blood

is raised during slow sleep but that of O2 remains constant
[13]. As for the temperature body, it decreases during slow
sleep [14, 15]. In addition, falling asleep is easier when it
occurs on the descending portion of the thermal cycle [16].
Finally, muscle tone varies according to the muscles involved.
So the muscles neck and chin are completely relaxed during
the transition to REM sleep. Which explains the fall of the
head of a sleeper sitting. Conversely, the muscles of the trunk
do not do not see their tone evolve during the night. However,
in general, the motions less and less of the body as one sinks
into sleep.
The organization of research is as follows: further sections
discuss the mathematical computation of drowsiness detection
followed by testing on CAP database. The results section
depicts the effectiveness of algorithm and discussion is made
based on it. A conclusion is present at the end.

Figue 1. Process of sleepiness detection

II.

SYSTEM MODEL
The total system can be divided as
I.

III.

Feature Extraction of EEG signals
Post Processing of EEG signals

Preprocessing of EEG signals

I) Pre-processing: EEG frequency domain conversion and Filtering .

Figue 2. Architecture for Detection of Sleepiness
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Fast Fourier Transform

II) Feature extraction

Given a finite energy EEG signal s (t), its Fourier transform is
a function of the frequency (f), defined by:

Frequency Classification

𝑇𝐹{𝑠(𝑡)} = 𝑠̂ (𝑓) =

∞
∫−∞ 𝑠(𝑡). 𝑒 −𝑗2𝜋𝑡𝑓 𝑑𝑡

In the multiresolution analysis, or pyramidal algorithm, the
idea is the same as in the CWT: to obtain a time-scale
representation of a discrete signal, but reducing processing
time significantly. The most compact way of describing this
process as well as processes to determine the Wavelet
coefficients, is the representation of the filters in the form of
operator. For a sequence f [n] representing the signal discrete
to be decomposed, operators H and G are defined according to
the following expressions:

(1)

For the case of discrete time
𝑇𝐹𝑇𝐷{𝑠(𝑛)} = 𝑠̂ (𝑓) = ∑∞𝑛=−∞ 𝑠(𝑛). 𝑒 −𝑗2𝜋𝑛𝑓

(2)

𝑠̂ (𝑓) is a new representation of s (t) (or s (n)), which
facilitates the visualization of the frequency distribution of
energy.

Filtering of EEG signal:

Your frequency response is:
𝐻2
𝑜
𝜔
1+(𝜔 )
𝑝

2𝑛

(4)

(𝐺𝑓)𝑘 = ∑𝑛 𝑔[𝑛 − 2𝑘]𝑓[𝑛]

(5)

These equations represent the filtering of the signal through
the filters digital h [n], g [n]. The factor 2k represents the
subsampling and the operators H and G correspond to a step
in the Wavelet decomposition [17].The decomposition process
begins by applying to the discrete signal a filter low-pass halfband with impulse response h[n]. The filtering of the signal
corresponds to the mathematical operation of convolution of
this one with h[n]. Each filter eliminates the frequency
components above the middle of the bandwidth of the signal.

For its approximation a function of quadratic magnitude | H
(jω) | 2 that satisfies the function criterion maximally plane in
ω = 0. To provide the slope downward in the characteristic of
the high frequencies, the transmission zeros are located in
infinity.

|𝐻(𝑗𝜔)|2 =

(𝐻𝑓)𝑘 = ∑𝑛 ℎ[𝑛 − 2𝑘]𝑓[𝑛]

(3)

The highest frequency that exists in the discrete signal is π
radians, if the signal is sampled at the Nyquist frequency
(which is twice the maximum frequency that exists in signal
2π). After filtering the signal through the low pass filter, half
of the samples can be removed following the Nyquist rule,
since the signal now has its maximum frequency in π / 2
radians instead of π radians.

where:
|H(jω)| ∶is the transfer function.
N: is the order of the filter.
Ωp: is the cutoff frequency (where the response falls -3 dB
below the pass band).

By discarding a sample of every two, the signal is subsampled by said factor, making the result have half points of
the original. So the scale of the DWT is doubled. It must be
taken into account that the filtering passes low eliminates the
high frequency components but does not modify the scale.
The signal is passed in the time domain through various
filters, which separate portions of high or low frequencies
from the signal. This procedure is repeated several times, and
in each of them is removed a fraction of the signal
corresponding to a certain band of frequencies, obtaining in
each stage a level of coefficients of the DWT.

Ω: is the complex analog frequency (ω = | jω |).
The low-pass Butterworth functions have the form given in
(1) following properties:
1. The frequency range 0 ≤ω≤ 1 rad / s is called the
passband.
2. The frequency range ω / ωp ≥ 1 rad / s is called a blocked
band
3. In ω = ωp rad / s, | H (jω) | = 0.7071H0, independent of
value of n.

For example, in the case of applying the DWT to an
electrocardiographic signal with sampling frequency 240 Hz
and 2048 samples. In a first phase it is divided the signal in
two parts passing the signal through a high-pass filter and one
passes under which produces two different versions of the
same signal: portion of the signal corresponding to the first
level of detail. 0-60 Hz (portion low pass), and 60-120 Hz
(pass-high pass), each of the parties will have 1024 samples.
Subsequently, a portion is taken (usually the low-pass) or
both, and does the same procedure again. If you take the lowpass portion, now will have the same signal with half of the
samples that had (second level of detail), in the frequencies 030 Hz, 30-60 Hz. The low-pass portion is again taken and
passed through the filters high pass and low pass; so that we
now have two sets of signals corresponding to 0-15 Hz, 15-30
Hz. (third level of detail) each one with half of the samples
that had the previous level.

4. In ω = ωp rad / s, the slope of |H(jω)|2 is proportional to
1

𝛼 −2 𝑛.
5. The function | H (jω) | is a monotonic (continuously
decreasing) function of ω. The function defined in (1)
with ωp = 1rad / s is known as the normalized function of
Butterworth. Since 20 log [| H (j1) | / | H (j0) |] =
20log0.70711 = -3.010dB, at the frequency of ωp = 1rad /
s is known as -3dB frequency.
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Figure 3: 7- Discrete level of frequency using DWT

III) Post-Processing

can mention: Artificial Bees Colony (ABC) [22] and [23],
Particle Swarm Optimization (PSO) [24] and [25],
Differential Evolution [26] .

A) RBF:
Among the different architectures of artificial neural networks
we adopted for this study the Multi Layer Perceptrons (MLPs,
Multi Layer Perceptron) [18]. MLPs are most commonly used
in supervised learning approaches, that is, when an association
between two types of data, representing network input and
output respectively, must be learned. In an MLP artificial
neurons are organized in layers. Neurons belonging to the
same layer are not connected to each other. Each neuron
receives its inputs from the previous layer and transmits the
result of its treatment to the next layer. The two extreme
layers correspond to the layer that receives the data (input
layer), and the layer that provides the result of the performed
processing (output layer). The intermediate layers are called
hidden layers, their number is variable. The connectivity
between the successive layers is total and each connection is
weighted by a weight.

Approximation of RBF functions
Let 𝑦 = 𝑓(𝑥) be a function with 𝑥 ∈ 𝑅𝐷 and 𝑥 ∈ 𝑅𝐷 and let
𝐻𝑖 , 𝑖 = 1, … 𝑁 a set or basic functions.
The function f can be written in the form (4.1)
𝑦 = 𝑓(𝑥) = 𝑓̂ (𝑥) + 𝑟(𝑥)

(6)

Where 𝑟(𝑥) is the residue.
The function 𝑓(𝑥) can be approximated by 𝑓̂(𝑥) given by the
form (4.2)
𝑦 ≃ 𝑓̂(𝑥) = ∑𝑁
𝑖=1 𝑤𝑖 ℎ𝑖 (𝑥)

(7)

The goal is to minimize the error by adjusting the 𝑤𝑖 settings
appropriately. A possible choice for the approximation error is
the L2 standard of the residual function 𝑟(𝑥) is defined as:

An improved version of genetic algorithms is used in [19] for
adjusting the structure and parameters of a neural network. A
network of neurons with switches introduced into the links is
proposed to predict the sunspots. While [20] has devised a
flexible method for solve the problem of the traveling
salesman using genetic algorithms to give a maximum
approximation of the problem of cost reduction.

(‖𝑟(𝑥)‖𝐿2 )2 = ∫ 𝑟(𝑥)2 𝑑𝑥

(8)

Approximation of functions by RBF networks The output of
an RBF network is given by equation (4.4)
𝑦̂ = 𝑓̂(𝑥) = ∑𝑁
𝑖=1 𝑎𝑖 ∅𝑖 (𝑥, 𝜇𝑖 , 𝜎𝑖 )

(9)

Using the above equation (4.4), the function 𝑓̂(𝑥) can be
written as:

A genetic approach has been used for learning neural
networks with radial base functions in [21], the algorithm is
used to adjust the weights between the hidden layer and the
exit to classify four problems known databases with a
precision between 91 and 98%. Other evolutionary algorithms
have been applied recently for learning neural networks, we

𝑦 = ∑𝑁
̂ + 𝑟(𝑥)
𝑖=1 𝑎𝑖 ∅𝑖 (𝑥, 𝜇𝑖 , 𝜎𝑖 ) + 𝑟(𝑥) = 𝑦

(10)

The error can be minimized by appropriately adjusting the
weights 𝑎𝑖 , centres 𝜇𝑖 and the widths 𝜎𝑖 .
When the function 𝑓(𝑥) is unknown, and having a set of
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couples outputs (𝑥𝑖 , 𝑦𝑖 ) , 𝑖 = 1 … . 𝑛 ,the RBF network can be
built and it can be learn it to follow the function 𝑓(𝑥) .

The ABC (Artificial Bee Colony) algorithm was developed by
Karaboga and Basturk in 2005[27], inspecting the behaviours
of real bees to find the food source, called nectar, and sharing
information from food sources to others bees in the nest.

Learning this network is an optimization problem to choose
the values of centres, weights and widths to minimize
criterion:
𝐽

2 (𝜇,

𝜎, 𝑎) =

∑𝑛𝑖=1‖𝑦𝑖

− 𝑦̂‖

2

In this algorithm, artificial bees are defined and classified into
three groups, employing bees (bees seeking food), spectators
(observation bees) and scouts (scouts) are responsible for
finding new foods (nectar from new sources)

(11)

𝑖

Learning approach of RBF networks by the algorithm ABCPP Learning neural networks with radial base functions with
N neurons can be considered as an optimization problem
whose objective is to reduce the error between the desired
output of the function to be approximated and the output of
the network.

If the honey bee from a site fails to find the source of food, it
must necessarily become a scout to randomly search for new
sources of food. Employer bees share the information with the
bees in a beehive so that the honey bees can choose a food
source to explore. The process of the ABC algorithm is
presented as follows:
Step 1- Initialization:

ABC Optimization of Neural Network

Start by selecting 𝐹𝑒 percentage of population randomly in the
search space using the following equation:
Network data
collection

𝑈𝑗 = 𝑈𝑗𝑚𝑖𝑛 + 𝑛𝑗 ∗ (𝑈𝑗𝑚𝑎𝑥 − 𝑈𝑗𝑚𝑖𝑛 )

𝑛𝑗 ∈ [0,1]

(12)

Knowing that each bee carries a vector "U" of "n" solution.
Assess them using the objective function, and calculate their
Fitness values, called the amount of liquid by the following
equation:

Training Set

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =
Train with Neural
Network

1

(13)

𝐹𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 +1

𝐹𝑒 represents the ratio of bees in the total population.
Once these populations are placed in the search space, they
take the name of the employing bees.

Optimize parameters using
ABC Extract Class

Step 2- Movement of Employer Bees:
Calculate the probability of choosing a food source by the
equation:
𝑃𝑖 =

Reach Iteration
Times?

No

0.9∗𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑖
max(𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑖 )

+ 0.1

Select a food source and determine its amount of nectar. The
equation of motion of the observing bees is given as follows:
𝑚𝑖𝑗 (𝑡 + 1) = 𝑥𝑘𝑗 + 𝑦(𝑥𝑖𝑗 (𝑡) − 𝑥𝑘𝑗 (𝑡))

Test
data

(14)

𝑦 ∈ [0,1]

(15)

𝑥𝑖𝑗 is the number of iterations, 𝑥𝑖𝑗 is the honeybee used
randomly, j is the size of the solution vector that produces a
series of random variables in the range [ -1.1]; where k∈
{1,2,3, ... N} and j∈ {1,2, ... D} are chosen randomly with 'k'
different from 'i', 'D' is the number of parameters to optimize.

Yes
Train it with Optimized
NN Network Intrusion
Detection model

As 𝑚𝑖𝑗 is the 𝑖 𝑡ℎ position of the bee spectator, 𝑡 is the number
of iterations, 𝑥𝑖𝑗 is the bee used randomly, ′𝑗′ represents the
size of the solution vector which produces a series of random
variables in the range [-1,1]; where 𝑘 ∈ {1,2,3, … 𝑁} and 𝑗 ∈
{1,2, … 𝐷} are chosen randomly with ′𝑘′ different from ′𝑖′, ′𝐷′
is the number of parameters to optimize.

Network Intrusion Detection
model
Output
Output

Step 3- Move Scouts:
If the fitness values of the employing bees are not improved
by a predetermined number of iterations, these food sources
are dropped, and the bee found in this location will randomly

Figure 4: Flow diagram for ABC-BP Neural Network based
network intrusion detection model

2773

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 5 (2018) pp. 2769-2779
© Research India Publications. http://www.ripublication.com
move to explore other new locations. (Employer bees become
Scouts). This explanation is mathematically translated by the
equation:
𝑉𝑖𝑗 = 𝑉𝑖𝑗𝑚𝑖𝑛 + 𝜑𝑖𝑗 ∗ (𝑉𝑖𝑗𝑚𝑎𝑥 − 𝑉𝑖𝑗𝑚𝑖𝑛 )

𝜑𝑖𝑗 ∈ [0,1]

predicted by their importance while their relation is the
function of partial independencies.
In training of N cases, the trees are trained for sampling. This
sampling is a random process that replaces the original data
with the bootstrap sample. Out of M number of input
variables, m variables are chosen in random manner (𝑚 ≪
𝑀), and best split on these predictors split the node. During
the entire operation of training, the value of m is hold for
constant. Generally the value of m is selected M times smaller
than M inputs. Without pruning, each tree grows to the
maximum possible range. This training generates multiple
numbers of trees with the maximum value decided by 𝑁𝑡𝑟𝑒𝑒 .
The length of tree roots (depth of tree) is estimated via
parameter node size (i.e. no. of leaf nodes) that is generally
fixed to unity. In testing phase the input is fed to forest that
runs to all the trees and classification from each individual is
recorded as vote. The instance that gets maximum no. of votes
is declared as winner or output.

(16)

Step 4- Update the best food source found so far:
Learn the best fitness value and position, which are found by
the bees, and memorize them.
Step 5- Stop Criterion:
Check the calculation process until the number of iterations
reaches the predefined maximum value or a solution of the
acceptable objective function is found.

B. Random Forest Classifier
A random forest is a classifier comprising of one group of
structured tree predictors [𝑇(𝑥,⊝𝑘 ), 𝑘 = 1, … . ] where the
[⊝𝑘 ] are random vectors of identical distributions and where
each tree delivers a unit vote for the most well-known class
for each entry x.
The main advantage of this structure is that it avoids the
danger of over-learning for any method of prediction based on
induction. BREIMAN, [28] shows that when the number of
trees involved in the prediction forest increases, the
generalization error rate converges to a limit value, of which
an upper bound can be estimated on the basis of the
characteristics intrinsic features of the forest.
If the marginal function of a random forest 𝑇(𝑋,⊝)
𝑚𝑎𝑥
𝑚𝑟(𝑋, 𝑌) = 𝑃⊝ (𝑇(𝑋,⊝) = 𝑌) − 𝑗 ≠ 𝑇 𝑃⊝ (𝑇(𝑋,⊝) = 𝑗)

Figure 5(a): Algorithmic Sequence of Random Forest
Classifier Training Phase

(17)
which represents the confidence level of the ranking
established by the trees of this forest on the population (X, Y),
measured by the difference of probability between the
prediction of the correct class Y and the best class erroneous j
≠ Y, one can define the prediction value of a game of trees {T
(x, Θ)} by the mathematical expectation of this function
𝑠 = 𝐸𝑥,𝑦 [𝑚𝑟(𝑋, 𝑌)]

(18)

The dependency between trees in a forest ρ (⊝,⊝ ') is
measured by the correlation between their gross marginal
function, evaluated for fixed and distinct parameter
values ⊝,⊝ '. By means of these definitions, an upper limit to
the error in generalization (TEG) of any random forest is
given by the relation.
𝑇𝐸𝐺 ≤ 𝜌̅ (1 − 𝑠 2 )/𝑠 2

Figure 5(b): Algorithmic Sequence of Random Forest
Classifier Testing Phase
The energy levels from wavelet decomposition are sourced to
classifiers. The Neural network and random forest both
techniques are well known for this activity in a series of
applications. In this paper, these classifiers describe the sleep
state in five segments. The parameters of classifiers are as
following:

(19)

The tree structured classifiers combine to form a random
forest classifier (Figure 5(a) and Figure 5(b)). The input
objects are sourced to every tree and individual unit vector is
voted by every tree. The mode from individual classes with
maximum number of votes is given as output class by the
forest. More than just prediction the random forest can be
trained to achieve information on data proximities for feature
generation. The variables closer to responsible variables are

Database Acquisition
The
database
is
acquired
from
physionet.org/physiobank/database/sleep-edf. The samples
contains the horizontal EOG, PzOZ EEG with sampling rate of
100 Hz of 25-35 years age
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(f)
Figure 6: Different sleep stages

RESULTS :

Figure 7: Original EEG signal

Figure 8: Filtered EEG signal
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Figure 9: DWT coefficients
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Performance evaluation parameter:
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[30]
EEG
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Bayesian decision 97.89%
[29]
EEG
RF,SVM
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Proposed 1 EEG
WT
Neural Network
97.33%
Proposed 2 EEG
WT
Random Forest 98.5677%
Proposed 3 EEG

NN+ABC

99.08%

Table 2: False and True Positive and Negative Rates
Methods
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True
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.0096

.054
.046

.9145
.9356

.9825
.9963
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