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SLEEP DISORDER RECOGNITION SYSTEM

ABSTRACT

Electroencephalography (EEG) is the recording of electrical activity
through electrode sensors placed on the scalp. The electricity is recorded
in a waveform that can be classified as normal or abnormal condition.
Measuring EEG signal is not an intrusive procedure, it will not cause any
pain to the test subject and it has been used routinely for several decades.
Neurological assessment through EEG signal provides an objective
method for detecting changes in cortical activity. The EEG signal shows
patterns of electrical activity, each one characterized by a typical
frequency band and amplitude. The normal human EEG shows activity
over the range of 1±30 Hz with amplitudes in the range of 20 ± ȝ9
The lowest amplitude waves and highest frequency, 18 ± 30 Hz is named
Beta (ȕ) rhythm. Alpha (Į) rhythm lies between 8 ±12 Hz with amplitude
of 50 ȝ9Larger regular waves of frequency range 4 ±7 Hz called Theta
(ș) rhythm and a slow wave of less than 4 Hz called the Delta (į) rhythm.
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Furthermore, the EEG spectral analysis is found to be very useful tool to
assess the EEG power in the four states EEG frequency range.

A sleep disorder is a medical disorder of the sleep patterns of a
person which can be interfered normal physical, mental and emotional
functioning. Sleep disorders are becoming common clinical problems
encountered in medical and psychiatry nowadays. Inadequate of nonrestorative sleep can impair the quality of life. Additionally, stressrelated sleep disorder is becoming common nowadays among the society
and it can form a vicious cycle of symptoms. Stress can cause sleep
problems, however, sleep disturbance also increase the stress levels too.
Fortunately, sleep often improves with stress relief and it can also help to
combat stress.

With the advanced development of electroencephalogram (EEG),
researchers make use of EEG to verify the influence of music on human
brain activity. Research has shown that music with a strong beat can
stimulate brainwaves to resonate in synchronize with the beat, with faster
beats bringing sharper concentration and more alert thinking, and slower
tempo promoting a calm, meditative state. Also, research has found that
the change in brainwave activity levels that music can also enable the
brain to shift speeds more easily on its own as needed. This means that

v

music can bring lasting benefits to our mind, even after the person
stopped listening.

With the fundamental of knowledge of signal processing, wavelet
analysis which acts as a basic platform for us before getting know about
the Independent Component Analysis (ICA). The recently developed
Independent Component Analysis (ICA) has been shown to be an
efficient tool for artifacts extraction from the EEG signals recording. In
this study, we used the frequency distribution analysis and FastICA
algorithm to analyze the EEG responses of test subject with different
conditions. It is expected that some features on EEG can be
demonstrated to reflect the different conditions applied to the test
subjects. From the results that we obtained, the results basically are able
to show some independent components obtained from FastICA can
demonstrate more significant difference when different conditions are
applied to the test subject. The computed spectral power of each band is
used to show the types brainwaves emitted at different stages of the
experiment. With the application of the EEGLAB, which is crossimplemented software with the MATLAB, a topographic EEG brain
mapping is used to visualize which specific region of brain is affected
during the experiment.
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CHAPTER 1
1
1.1

INTRODUCTION

Background of Sleep

In general, people spend about one third of our life in sleeping. It is
interesting to find out that the amount of time that we spend on sleeping
is approximately equal to the amount of time that we spend in working.
For instance, when human is at 70 years old, he/she has already spent
about 20 years in sleeping. Although the technology is developing at a
faster pace, most of the scientists still wondering what human do in sleep
and what is the purpose of sleeping. [1]

With the advances of the technology in medical field including the
imaging technology, the scientists are able to develop a few theories
based on the human lifestyle. Sleep, is defined as a state of
unconsciousness from which a person can be aroused. Sleep can be
defined as a naturally recurring state that characterized by reduced or
absent of consciousness, relatively suspended sensory activity and
inactivity of nearly all the voluntary muscles. In this state, the brain is
relatively more responsive to the internal stimuli (the releasing of
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neurotransmitter) if compared to the external stimuli (surrounding
sound). It is important that the sleep should be distinguished from the
coma which is an unconscious state from which a person cannot be
aroused. In general, the patient with coma condition, they are not able to
respond to the external stimuli and will always present in the sleeping
state. [2]
As the beginning on the research for sleeping field, sleep was
thought to be a passive state. However, nowadays sleep is now known to
be a dynamic process and the brains are still in the active mode during
VOHHSLQJ 6OHHS LV DEOH WR DIIHFWV KXPDQ¶V SK\VLFDO as well as mental
health. It is essential for the normal functioning of all the system of the
human body especially the immune system. The effect of sleep on the
LPPXQH V\VWHP ZLOO GLUHFWO\ DIIHFW RQH¶V DELOLW\ WR ILJKW WKH SRWHQWLDO
diseases and endure sickness.

Within the human brain, the state of brain activity during sleep or
wakefulness is resulted from different activating and inhibiting forces.
Neurotransmitter (chemical reaction that involved in nerve signalling) is
responsible for controlling whether one is in the sleep mode or awaked
mode by acting on the neurons (nerve cells) in different parts of the brain.
[1] [2]

3

1.2

Types of Brainwaves

Generally, our human brain actually is an electrochemical organ that is
made up of billions brain cells called neurons. The neurons in the human
brain use electricity to communicate to each other and the combination
of millions neurons will send the signal (action potential) at once to
produce large amount of electric activity in the brain itself. With the
improvement of the current technology, the researchers are able to
speculate that the fully functioning brain can generate up to 10 watts of
electrical power.

Each time a neuron fires an action potential, the electro-magnetic
spark of energy is released from the chain reaction among other neurons.
With the releasing of the spark of energy (electricity), the researchers are
able to capture this signal by using Electroencephalogram (EEG) of the
brainwaves. The ability for capturing the brainwaves is due to its cyclic,
wave like nature pattern. The brainwaves pattern will change according
to the type of activities that are being carried out by the human.
Furthermore, the brainwaves pattern when sleeping is greatly different
from the brainwaves when we are awake. Generally, the brainwaves of
the human can be divided into four categories, ranging from the most
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the other brainwaves such as alpha, beta brainwaves will become less
dominant and the delta brainwaves will take over. For a human, the
brainwaves will never reach the zero bottom lines because that would
mean that the person was brain dead. [3] [4]
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1.3

Sleep Disorders

According to the American Psychiatric Association, sleep disorders are
becoming the major disturbances of normal sleep patterns that lead to
distress and disrupt functioning during the day

[5]

. Not only are sleep

disorder extremely common, affecting virtually everyone at some point
in their lives, but it can also lead to serious stress and other health
consequences. According to a major survey by the National Sleep
Foundation, it found out that more than half of Americans reported
experiencing at least one symptoms of insomnia several times a week. [6]

Sleep disorders are among the common clinical problems
encountered in medicine and psychiatry. Inadequate of non-restorative
VOHHSFDQPDUNHGO\LPSDLU D SHUVRQ¶VTXDOLW\RI OLIH

[7]

. Sleep disorders

may be primary or may result from a variety of psychiatric and medical
conditions. Primary sleep disorders result from an endogenous
disturbance in sleep-wake generating or timing mechanisms, often
complicated by behavioural conditioning. Primary sleep may be divided
into two broad categories which are parasomnias and dyssomnias.
Parasomnias are the unusual experiences or behaviours that occur during
sleep and these include sleep terror disorder, sleepwalking and nightmare
disorder. Dyssomnias is characterized by abnormalities in the amount,

9

quality or timing of sleep and it includes primary insomnia, hypersomnia,
narcolepsy, breath-related sleep disorder (e.g. sleep apnea) and circadian
rhythm sleep disorder.

Insomnia, which is the most common type of sleep disorders
among the human nowadays. Insomnia refers to the inability to obtain
the amount of sleep that requires waking up feeling rested and refreshed.
Insomnia is often a symptom of another problem such as stress, anxiety,
depression or an underlying health condition. It can also be caused by
lifestyle choices, including the medication uptake, lack of exercise, jet
lag or even the amount of caffeine intake. Common symptoms of
insomnia include having difficulty falling asleep at night or getting back
to sleep after waking during the night, sleepiness and low energy during
the day. In addition to insomnia, the most common sleep disorder is
sleep apnea whereby the breathing mechanism temporarily stops during
sleep due to the blockage of the upper airways. These pauses in
breathing interrupt the sleeping and lead to many awakenings each hour.
Most of the people who suffer from sleep apnea do not remember the
awakenings, but they will feel the effects in other ways such as
exhaustion during the day, irritability and depression, and decreased
productivity in daily life. Furthermore, narcolepsy which is a
neurological sleep disorder that leads to periods of intense sleepiness
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during the daytime. People suffering from narcolepsy often experience
overwhelming sleepiness and may fall asleep for brief periods of time
during the day. These sleeping periods may last from few seconds to
several minutes and in some cases may last up to an hour or more.
Narcolepsy is a chronic condition that typically begins during
adolescence. Narcolepsy is frequently accompanied by cataplexy, which
involves a sudden loss of muscle tone and control that can last seconds
or minutes.

Additionally, stress-related sleep disorder is becoming common
nowadays among the society and it can form a vicious cycle of
symptoms. Stress can cause sleep problems, however, sleep disturbance
also increase the stress levels too. According to the Better Sleep Council
(2009)

[8]

, 65 percent of Americans lose sleep due to stress and 16

percent suffer from stress-induced insomnia. Fortunately, sleep often
improves with stress relief and it can also help to combat stress. Stress is
necessary for human survival. When the brain perceives a threat, stress
hormone is released for preparing the body to fight or flee from danger.
In emergencies, the stress response remains a potential lifesaver. But
today, a person is more likely to confront an irate employer than an
angry bear. The stress response, however, remains the same for both
circumstances. The continuous stream of information, events and
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activities associated with modern life results in an almost constant stress
response. Many sleep disorders have insomnia as a symptom and sleep
deprivation will increase the stress response, which in turn makes
sleeping difficult. [9]
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1.4

Music Therapy

In the recent years, a lot of research has shown that music has a profound
effect on human body and psyche. In fact, there is a growing field of
health care known as music therapy, which uses the effect of music to
heal. Those who practice music therapy are finding a benefit in using
music to help cancer patients, patients with sleeping disorder and even
hospitals are beginning to use music to help with pain management, to
help ward off depression, to calm patients, to ease muscle tension and
many others. This is not surprising, as music affect the body and mind in
many powerful ways.

With the advanced development of electroencephalogram (EEG),
researchers made use of EEG to verify the influence of music on human
brain activity. Research has shown that music with stronger beat can
stimulate brainwaves to resonate synchronising with the beat, with faster
beat bringing sharper concentration and more alert thinking, and slower
tempo promoting a calm and meditative state. Also, research has found
that the change in brainwave activity levels can enable the brain to shift
speeds more easily. This means that music can bring benefits to our mind,
even after the person has stopped listening.

13

With the alterations in brainwaves, other bodily functions are
changing as well. Those governed by automatic nervous system, such as
breathing and heart rate can also be altered by the changes of music. This
can mean that slower breathing, slower heart rate and an activation of the
relaxation response. This is a reason that music therapy can help
counteract or prevent damaging effects of chronic stress and thus
improving not only relaxation, but health. Music can also be used to
bring a more positive state of mind whereby in helping to keep
depression and anxiety at normal level. This can help to prevent the
stress response on the body and help to keep creativity. [10]
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CHAPTER 2
2

LITERATURE REVIEW

2.1

Decomposition method

2.1.1

Blind Source Extraction (BSE)

Blind source extraction is formulated as a problem of estimation of one
source or a selected number of the sources with particular desired
properties or characteristics, sequentially one by one or estimation of a
specific group of sources. The problem is formulated as an identification
of the corresponding vector (s) Ʃj of the mixing matrix ƨ and their
pseudo-inverses wj which are rows of the separating matrix W = ƨ+,
assuming only the statistical independence of its primary sources and
linear independence of columns of H. [11]

The basic task of blind source extraction is to estimate the
components of source signals which are linearly combined in
observation. By comparing to the Blind Source Separation (BSS), BSE is
more advantageous. One of the advantages that can obtain from BSE is
WKDW LW FDQ H[WUDFW RQO\ WKH ³LQWHUHVWLQJ´ signals from a noisy signal by
utilizing the desired properties. [12]

15

With the powerful technique of the BSE, extraction of the
microsleep events is able to achieve through this technique. Microsleep
is a frequent encountered condition whereby the subject having
difficulties in remaining awake and fully alert. As our project title is
related to the sleep disorder events, by studying the microsleep event
extraction also helping us by exposing to the types of algorithm so
extract the interest signal instead of the noisy signals. By using the BSE,
the extraction of only one or a few microsleep from the mixtures in order
to further analyze the extracted signal.

Figure 2.1: General Structure of the Blind Source Extraction (BSE)

Figure 2.1 shows a general structure of the blind source extraction
process which it will extract only one source at a time. There are two
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principal stages in this process, extraction and deflation. The mixtures (X)
will undergo first extraction stage in order to have one source recovered,
x1(k). After undergoing the deflation, the contribution of the extracted
source is removed from the mixtures, y1 (k). 7KHQHZ³GHIODWHG´PL[WXUHV
contain linear combination of the remaining sources and this process will
continue until the last source of interest in recovered. [13]

Figure 2.2: Left- Example Microsleep Period and Right- After BSE
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In this microsleep events, there were twelve healthy volunteers
participated in an overnight study. The twelve subjects were subjected to
a real car interactive driving simulator with monotonous driving task in
order to induce the drowsiness and microsleep events. The data set as
shown in the Figure 2.2 (left), the data was collected from 12 scalp
electrodes placed according to the International 10-20 system and all
referred to the left mastoid. The sampling rate in this experiment was
256Hz. The Figure 2.2 (right) showed that the result after performing the
BSE. The results shows artifacts were largely removed through deflation.
However, there were still portions of nonlinear activity in the original
record. [13]

2.1.2

Noisy Component Extraction (NoiCE)

Noisy component extraction (NoiCE) us a special class of blind source
separation (BSS), which only a single source or a subset of sources each
time is recovered instead of recovering all of the sources simultaneously.
This algorithm is achieved based on a combination of blind extraction
structure and a cascaded nonlinear adaptive estimation. In this algorithm,
however, the concept of sequential blind extraction of sources and

18

independent component analysis (ICA) were used, the sources are
statistically independent. [14]

It is worth to emphasize the term of BSS/BES and ICA which are
often confused. Even though they are refer to the same or similar models
and solved with the same or similar algorithms under the assumption of
primary sources which are mutually independent. In fact, the objective
for the ICA and the BSS are different to each other especially for realworld problems. The objective for the BSS is to estimate the original
source signals even though there are not completely mutually statistically
independent. For the ICA objective, it is used to determine
transformation which assures that the output signals are as independent
as possible. On the other hands, the ICA methods use higher-order
statistics (HOS) in many cases, while the BSS method use only second
order statistics (SOS). The HOS method usually will assume mutual
independence but for the SOS method, it will assume the sources have
temporal structure. Another difference between the ICA and the BSS is
that higher-order statistic is not applicable to Gaussian signals while the
second order method does not have such constraints. Therefore, BSS
method does not really replace ICA and vice versa. [11][15][16]

19

Although there are many different source separation algorithms
available, the principle can be summarized by the following four
approaches:

Figure 2.3: Basic approaches for blind source separation with some
priori knowledge

x Approach exploits as cost function some measure of signals
independence, non-Gaussianity or sparseness. When the original
sources assumed to be statistically independent without temporal
structure, the higher-order statistics (HOS) are essential to solve
the BSS problem. In such case, the Gaussian source is not
allowing more than one source.
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x Sources contain temporal structures; each source has a nonvanishing temporal correlation, less restrictive condition than the
statistical independence (HOS) is sufficient to estimate the mixing
matrix and sources. Note that, SOS method does not allow the
separation of sources with identical power spectra shapes.
x Approach on exploiting the non-stationary (NS) properties and
second-order statistics (SOS). In the second-order non-stationary,
we are interested in the source variances which vary in time. The
non-stationary was shown that a simple decorrelation technique is
able to perform the BSS task. In contrast to other approaches, the
non-stationary method allows the separation of coloured Gaussian
sources with identical power spectra shapes. Yet, it does not allow
the separation of sources with identical non-stationary properties.
x Fourth approach is the various diversities of signals, typically the
time, frequency, spectra or time coherence and time-frequency
diversities.[11]

With this noisy component extraction (NoiCE) algorithm,
improvements are made to the existing BSE algorithms which help to
overcome the problems associated with noisy extraction and noise
caused by the deflation.

21

For the extraction procedure, the BSE process for extraction one
single source at a time is similar to the first review on Blind Extraction
of Microsleep events. However, a cascaded nonlinear estimator of the
mixtures which use information about the signal is employed in order to
prevent the newly extracted source signal from being extracted again in
the next processing unit. The using of a nonlinear estimator in a noisy
environment is based on the practice from radar and laser research.
Therefore, a nonlinear estimator is used within the NoiCE structure as
shown in the Figure 2.4.

Figure 2.4: Structure for noisy component extraction (NoiCE)
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As shown in the Figure 2.4, the single extracted signal is passed
through a nonlinear estimator. A standard extraction process is used to
extract one signal (y1(k)) from the mixture in the first step. Then a
nonlinear filter with nonlinearity is used to assist the extraction. The
using of nonlinearity is important in order to support the extraction
process by eliminating the effects of remaining noise. By using the
nonlinear method, the statistical characteristics of the noise is better to
exploit if compare to the linear method which suffer from serious
degradation upon the arrival of samples corrupted with high amplitude
noise.

Figure 2.5: Mark type 4 (High degree microsleep) Microsleep Data
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Figure 2.5 shows a 3s portion of the recorded EEG time series
whereby all the reference referred to the left mastoid at mark type 4
(high degree microsleep). By referring to the Figure 2.5, the records
show a large amount correlation whereby the band-pass filtering is not
able to use to separate them. Therefore, with the proposed algorithm, it
allows the separation and extraction of the EOG artifacts from all the
EEG components. From the Figure 2.6, the artifacts and nonlinearity of
high degree microsleep signal was isolated from the data and the
corrected data show a low level of noise.

Figure 2.6: Comparison between the extracted signal and the tired but
awake signal
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2.1.3

Annealed Competition of Experts (ACE)

Annealed Competition of Experts (ACE) is a framework for the
analyzing the time series from switching or drifting dynamics and the
adaptive prediction experts specialize on the dynamics of individual
operating modes hidden in the data. Generally, the ACE method is used
to identify the operating modes in cases where the current input to the
ensemble is not sufficient to distinguish between different modes. ACE
XVHV D PRYLQJ DYHUDJH RI WKH H[SHUW¶V SUHGLFWLRQ HUURUV DV VHOHFWLRQ
criterion. In this way, memory is introduced into the expert selection
scheme to utilize the low mode switching frequency compared to the
sampling rate.

However, limitation and problems do exist in this type of method.
First of all, the mode changes occur frequently that is between two
modes changes the dynamic is expected to operate more or less
stationary in one mode for a certain number of time steps. Besides that,
ACE experts having a large prediction error after the training on the
EEG data. Even with the trained ACE experts on EEG data, it can only
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be used to discriminate between different modes and they do not able to
capture the individual dynamic properly.

To conduct the experiment by using the ACE expert method, the
EEG recording is applied to the ACE method. The data recorded
subsampled from 1 kHz to 100 Hz and taking first order differences as
the training data. An auditory stimulus was played based on the first
HLJKW EDUV RI WKH YDULDWLRQ  TXROLEHW  RI %DFK¶V ZKLFK NQRZQ DV
Goldberg Variations. The stimulus consists first of an enlarged period of
silence (90s) followed by 1o alternating sections of music and silence of
the same period length. The result is shown in the Figure 2.7.

Figure 2.7: Segmentation of EEG data recorded from a human subject
during alternating phases of music and silence
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The resulting ACE segmentation into dynamical modes, given
only the unlabeled EEG data nicely corresponds to the two phases.

2.1.4

Independent Component Analysis (ICA)

Independent Component Analysis has been shown to be an efficient tool
for artifact identification and extraction from electroencephalographic
(EEG) and magnetoencephalograpic (MEG) recording. Independent
component analysis (ICA) allows blind separation of sources, linearly
mixed at the sensors, assuming only the statistical independence of the
sources. EEG and MEG are the recording of electric and magnetic fields
of signals emerging from neural currents within the brain. Identification
and removal of artifacts from the recordings and the analysis of the brain
signals poses challenges to the signal processing community. [18]

ICA is a statistical technique that aims at finding linear projections
of the data that maximize their mutual independence. ICA becomes a
useful algorithm in the feature extraction, blind source separation,
special emphasis to physiological data analysis and audio signal
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processing. ICA techniques also attempt to reverse the superposition by
separating the EEG into mutually independent scalp maps.
The ICA analysis procedure includes:

¾ n linear mixtures x1, x2««[n of n independent components:
തതതതത
݊
xj = aj1s1 + aj2s2 «ajnsn , j = ͳǡ

(1)

Where:
 xj (t), si (t) = sample of random variables
 xj (t) = mixture; si (t) = random variable
 time is ignore in this equation

¾ By subtracting the sample mean, it always centers the observable
variables xi. This step reduce the problem to the model zero-mean:
Ʃ = x ± E (x)

(2)

¾ Let x = random vector, whose elements are the mixtures of x1,
x2«[n
¾ Let s = random vector, with component s1, s2«Vn
¾ Let A = matrix contain element aij

x = As

or

x = σୀ 

(3)
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The above equation is known as independent component analysis
or ICA. The problem is to determine both the matrix A and the
independent components s, knowing only the measured variables x. A
source in the ICA problem is an original signal which is then separate
into independent component. [17]

When using the ICA algorithm, there are a few assumptions,
general limits and difficulties need to be aware of.

1. Sensor input.
2. Channel noise which is potentially a rather serious harm to the
ICA algorithm as it effectively doubles the number of independent
sources.
3. Any projection algorithm can only retrieve and denoise signals
within the subspace of the linear space of all components that
define by priori assumption.
4. The number of sources that can be unmixed has to be assumed to
be smaller or equal than the number of sensors.
To apply the ICA algorithms, one has to make sure that the above
criteria are fulfilled. The criterion includes:
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1. The 23 channels and abundant data points per channel to
overcome the limitation.
2. Additive channel noise is due to the general experimental set-up of
an EEG in a non-shielded environment.
3. Assumption of temporal decorrelation/independence and linear
mixing model with high temporal structure.
4. The number of sources has to be less than the number of sensors.
Even though the exact number of sources is unknown, at least the
eigenvalue spectrum of the covariance matrix decayed rapidly.

Figure 2.8: Spectra of selected independent components

With the application of TDSEP to the EEG channels resulting in
approximately 23 independent components. Figure 2.8 shows three
selected components in order to demonstrate the decomposition
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properties of the ICA approach. Figure 2.6 (a) clearly perceived as
artifacts as it consists mainly of 50Hz power line interference. Figure 2.6
E GHSLFWVVWURQJĮ-rhythm, comparably weak ȕcontribution. Figure 2.6
(c) is largely ȕ dominated. [16]

2.2

Wavelet Analysis

Generally, one of the algorithms in processing the signal is the Fourier
analysis. Fourier analysis is breaking down a signal into constituent
sinusoids of different frequencies. Fourier analysis is a mathematical
technique for transforming the view of the signal from time-based to
frequency based.

Figure 2.9: Transformation signal from time-based to frequency-based
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By utilizing this mathematical theory, it is extremely useful for the
signal analysts as the signal frequency content is of great importance.
However, why there are other techniques such as wavelet analysis?
Even though Fourier analysis is very useful in signal processing, it
has a serious drawback which is in the process of transforming to the
frequency domain, the time information is lost. By referring at the
Fourier transform of a signal, it is impossible for the signal analysts to
tell when a particular event took place. If the signal properties do not
change much over the time, the drawback of the Fourier transform is not
very important. Still, most of the interesting signals contain numerous
non-stationary or transitory characteristic such as drift, trends or abrupt
changes. With the non-stationary signal characteristic, the Fourier
analysis is not suited for the signal analysts to analyze the interest signal.

With the effort in correcting the deficiency of the Fourier analysis,
Dennis Gabor (1946) adapted the Fourier transform to analyze only
small section of the signal at a time. The technique is called windowing
the signal. With the Fourier transform adaptation, Short-Time Fourier
Transform (STFT) is used to improve the drawback of the Fourier
analysis. The STFT will map a signal into a two-dimensional function of
time and frequency.
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Figure 2.10: Mapping of signal into 2D function of Time and Frequency

The STFT provide a view for signal analysts between the time and
frequency of a signal. It also provides information about both when and
at what frequencies a signal event occurs. Nevertheless, the obtained
information is only with limited precision where varying the window
size to determine the accuracy of either the time or the frequency.

As a result, a wavelet analysis is a next logical step where by the
windowing technique with variable-sized regions. Wavelet analysis
allows the signal analysts to obtain more precise low-frequency
information with a longer time intervals and high-frequency information
with a shorter time intervals.
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Figure 2.11: Wavelet transformation

Figure 2.12 show a comparison between different types of
algorithm in analyzing the obtained signal. The wavelet analysis does not
use a time-frequency region instead of a time-scale region.

Figure 2.12: Comparison of Wavelet analysis to the time-based,
frequency-based and the STFT
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Commonly a question will be raised up when dealing with the
time-scale region. What is the relationship between a scale and the
frequency? In order to answer this question, a way to do it is to compute
the center frequency, Fc of the wavelet and use the following relationship:
 ܽܨൌ

ி
Ǥο

(4)

Where:
x a = scale
x ¨ = sampling period
x Fc = center frequency of a wavelet in Hz
x Fa = pseudo-frequency corresponding to the scale a, in Hz

By utilizing the wavelet analysis technique, it is capable of
revealing aspects of data that other signal analysis techniques miss such
as trends, breakdown points or discontinuities in higher derivatives.
Additionally, the wavelet analysis affords a different view of data than
those presented by traditional techniques and it is able to compress or denoise a signal without facing degradation problems.

A wavelet is a waveform of effectively limited duration that has an
average value of zero. For instance, comparing the wavelet with the sine
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waves, where the sine wave is the basis for Fourier analysis. Sinusoids
do not have limited duration and they extend from minus to plus infinity
whereas for the wavelets, it tend to be irregular and asymmetric.

Figure 2.13: Comparison of Sine Wave and Wavelet (db10)

Fourier analysis is able to break the signal into sine waves of
various frequencies. However, wavelet analysis is able to break the
signal into shifted and scaled versions of the original wavelet.
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CHAPTER 3
3
3.1

METHODOLOGY

Wavelet Analysis

With the help of the wavelet analysis as the fundamental for our
understanding on signal generated by the EEG, a set of raw data was
obtained through the recording of EEG. The raw data actually was from
a motor system experiment whereby the subject is required to move
certain object by using his/her limb in order to allow the EEG to capture
the signal from the scalp of the subject.
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Figure 3.1: Wavelet Toolbox Main Menu and Loading the raw data to
Wavelet 1-D
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With the selection of the One-Dimensional wavelet 1-D option,
we are able to load our interest raw data into the wavelet 1-D in order to
allow the signal of the EEG to be generated.

Figure 3.2: Result of Analyzing the Raw Data (EEG)

There are several families of wavelets that have been proven to be
useful in analyzing the signal by the signal analysts. The wavelet
families included:
¾ Haar
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¾ Daubechies
¾ Biorthogonal
¾ Coiflets
¾ Symlets
¾ Morlet
¾ Mexican hat
¾ Meyer
Among these wavelet families, Daubechies (db) appear to be a
useful wavelet family for us to analyze the EEG signal. As shown in the
Figure 3.2, selection of Daubechies (db) had been chosen and the full
decomposition of the signal appears with the original signal denoted s at
the top. The s signal (original) is equal to the sum of the coarsest
approximation (a5) and the details at levels 1 to 5 (d1, d2, d3, d4, d5),
i.e., Decomposition at level 5: s = a5 + d5 + d4 + d3 + d2 + d1. By
decomposing the original data, we are able to see that at the level d4 and
d5 be less noise compare to the d1, d2 and d3. Therefore, it allows us to
specifically study the signal with less noise interruption.
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Compression

Figure 3.3: Compression of the EEG data

The leftmost of the Figure 3.3 show how the threshold (vertical
black dotted line) has been automatically chosen to 22.74 in order to
balance the number of zeros in the compressed signal (blue curve that
increase as the threshold increase) and the amount of energy retained in
the compressed signal (purple curve that decrease as the threshold
increase). The threshold (x-axis of the graph) means that any signal
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element whose values is less than 22.74 will be set to zero when the
compression is performed.

Figure 3.4: Original and Compressed Signals (Retained energy 82.03% Zeros 81.98%)
Left: Original Size

Right: Zooming Size

By selecting the View Compressed Signal, the original and the
compressed signals with 22.74 thresholds, 82.03% retained energy and
81.98% number of zeros is shown in the Figure 3.4. By performing the
compression on this signal, the signal generated appears to be a smoother
graph with lesser noise. However, the automatic threshold of 22.74
results in a retained energy of only 82.03%. With this result, it might
cause unacceptable amount of distortion, especially in the peak values of
the signal. Fortunately, depend on the design criteria, the wavelet
analysis compression allow the user to choose a threshold that will
retains more of the original signal energy.
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Figure 3.5: Compression of EEG data (Threshold = 8.959, Retained
energy = 97.33, No. of Zeros = 48.37%)

Noted that, as the threshold is decreased from 22.74 to 8.959,
¾ The vertical black dotted line has shifted to the left
¾ The retained energy has increased from 82.03% to 97.33%.
¾ The number of zero (equivalent to the amount of compression) has
decreased from 81.98% to 48.37%.
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Figure 3.6: Original and Compressed Signals (Retained energy 97.33% Zeros 48.37%)
Left: Original Size

Right: Zooming Size

By comparing the threshold at 22.74 and 8.959, we can clearly see
that at the 8.959 threshold, the element of the signal is compressed less
than the element of signal that is compressed in 22.74 thresholds. It
shows that by decreasing the threshold level according to our design
criteria, distortion on the signal problem can be reduced minimally and
retains more of the original signal energy.

With the help to the wavelet analysis interface, we are also able to
study the residual of the signal that was being generated. Residual is
defined as differences between the one-step-predicted output from the
model and the measure output from the validation data set.
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Figure 3.7: Residuals for wavelet 1-D compression

From the Figure 3.7, the displayed statistic includes the measures
of tendency (mean, mode, median) and dispersion (range, standard
deviation). Furthermore, it also provides the frequency-distribution
diagrams (histograms and cumulative histograms) as well as time-series
diagrams which are autocorrelation function and FFT spectrum.
Autocorrelation is the cross-correlation of a signal with itself. In other
words, it is the similarity between the observations as a function of the
time separation between them. The autocorrelation is a mathematical
tool for finding repeating pattern such as the presence of a periodic
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signal which has been buried under noise or identifying the missing
fundamental frequency in a signal implied by its harmonic frequencies.

De-noise
Before we continue to our de-noise signal, let us have a brief idea about
the de-noising signal. The denoise is more easy to understand by looking
at the following figure where a slow sine is corrupted by a white noise (a
random signal or process with a flat power spectral density).

Figure 3.8: Original signal and De-noise signal

With the same raw EEG data, the wavelet 1-D also allow us to
choose for the de-noise option. By selecting on the de-noise option,
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wavelet 1-D de-noising menu is appeared for us to adjust the threshold
according to the design criteria.
3.2

Independent Component Analysis (ICA)

Independent component analysis (ICA) is a recently developed method
in which the goal is to find a linear representation of nongaussian data so
that the components are statistically independent. In order to visualize
the basic theory of ICA, imagine that you are in a room where two
people are speaking simultaneously. You have two microphones which
is hold in different locations. The microphones give two recorded time
signals, which are denoted by x1(t) and x2(t), with x1, x2 as the amplitudes
and t as the time index. Each of these recorded signals is a weighted sum
of speech signals emitted by the two speakers, which denoted by s1(t)
and s2(t). This can be expressed as a linear equation:

x1(t) = a11s1 + a12s2
x2(t) = a21s1 + a22s2

(5)

where a11, a12, a21 and a22 depend on the distances of the microphones
from speakers. It would be very useful if can estimate the two original
speech signals s1(t) and s2(t), using only the recorded signals x1(t) and
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x2(t). This situation is known as cocktail-party problem where it is
always to use visualize how the ICA is used to performed for signals
analysis. [19][20]

7R JHQHUDOO\ GHILQH ,&$ VWDWLVWLFDO ³ODWHQW YDULDEOHV´ PRGHO LV
used for the definition. Assuming the observed linear mixtures x1 «xn
of n independent components:
Xj = aj1s1 + aj2s2 «Djnsn, for all j.

(6)

By leaving the time index t in the ICA model, each mixture xj as
well as each independent component sk is assumed to be a random
variable instead of a proper time signal. The observed values xj (t) are
then a sample of this random variable. Without the loss of generality,
both the mixture variables and the independent components are assumed
to be zero mean. For the convenient purpose, vector-matrix notation is
used instead of the sum like in the Equation (6). The random vector of x
is denoted by the mixtures x1 «, xn and the random vector of s is
denoted by the elements s1«sn. Let us then denote A matrix with the
elements of aij whereby the bold lower case letter indicates vector and
bold upper case letter denote matrices. By using the vector-matrix
notation, the above mixing model is written as
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x = As

(7)

The statistical model in Equation (7) is known as Independent
component analysis or ICA model. The ICA model is a generative model
whereby it describes how the observed data are generated by a process of
mixing the components si. In this ICA model, the independents are latent
variables, meaning they cannot be observed and the mixing matrix is
assumed to be unknown. Random vector x is observable and this is done
under general assumptions.

In the Equation (7) of ICA model, it is easily observed that two
ambiguities hold to the equation. First ambiguity that we can observe is
that we cannot determine the variables (energies) of the independent
components. The reason is that, both s and A being unknown. As a
consequence, we may fixed the magnitudes of the independent
components as they are random variables and the most natural way to do
this is to assume that each has unit variance: E{si2} = 1. Then the matrix
A will be adapted in the ICA solution methods to take into account this
restriction. However, there is still left the ambiguity of the sign, we could
multiply an independent component by -1 without affecting the model.
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This ambiguity is, fortunately, insignificant in most applications.
Furthermore, the second ambiguity that we can observe from the
equation is that we cannot determine the order of the independent
components. As shown in the Equation (7), both the s and A being
unknown once again. Formally, a permutation matrix P and its inverse
can be substituted in the model to give x = AP-1Ps. The elements of Ps
are the original independent variables sj, but in another order. The matrix
AP-1 is just a new unknown mixing matrix, to be solved by the ICA
algorithms. [20]
The starting point for ICA is a simple assumption that the
components si are statistically independent. However, in the basic model,
we do not assume the independent component having nongaussian
distribution. From simplicity, the unknown mixing matrix is assumed to
be square matrix, but this assumption can be sometimes relaxed. Then,
after estimating the matrix A, we can compute its inversely, say W and
obtain the independent component by:

s = Wx

(8)
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3.3

Preprocessing for ICA

Before applying an ICA algorithm on the data, it is very useful to
perform some preprocessing in order to make the problem of ICA
estimation simpler and better conditioned.

One of the most basic and necessary step involve in ICA
algorithms is known as centering. Centering involve center x i.e.
substract its mean vector m = E {x} so as to make x a zero-mean
variable.
x ĸx ± E {x}

(9)

This preprocessing is made solely to simplify the ICA algorithms.
It does not mean that the mean could not be estimated. After estimating
the mixing matrix of A with centered data, the estimation can be
completed by adding the mean vector of s back to the centered estimates
of s. the mean vector of s is given by A-1m, where m is the mean that
was subtracted in the preprocessing.

In addition, another useful preprocessing strategy in ICA is to first
whiten the observed variables. This could mean that before applying the
ICA algorithm and after the centering, the observed vector x is
transformed linearly so that a new vector [ which is white, i.e. its
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components are uncorrelated and their variances equal unity. Therefore,
the covariance matrix of [ equals the identity matrix:

E {  T} = I

(10)

The whitening transformation is always possible. One popular
method for whitening is to use the eigenvalue decomposition (EVD) of
the covariance matrix E {  T} = EDET, where E is the orthogonal matrix
of eigenvectors of E{  T} and D is the diagonal matrix of its eigenvalues,
D = diag (d1«Gn). Note that E{  T} can be estimated in a standard way
from the available sample x  «x(T). whitening can be done by: [20]

[ = ED -1/2ETx

(11)

෩ . With
Whitening transform the mixing matrix into a new one, $
the Equation (7) and (11),

෩s
[ = ED-1/2 ETAs = $

(12)

෩ is
The utility of whitening resides in the face that new mixing matrix $
orthogonal. This can be seen from
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෩ E{ssT}$
෩T = $
෩$
෩T = I
E {  T} = $

(13)

From here we see that whitening reduces the number of
parameters to be estimated. Instead of having to estimate the n2
parameters that are the elements of the original matrix A, we only need
෩ , which is an orthogonal
to estimate the new orthogonal mixing matrix $
matrix contains n (n-1) / 2 degrees of freedom. For instance, in two
dimensions, an orthogonal transformation is determined by a single
angle parameter. In larger dimensions, an orthogonal matrix contains
only about half of the number of parameters of an arbitrary matrix. Thus
one can say that whitening solves half of the ICA problem. This is due to
whitening is a very simple, standard procedure and it is a good idea to
reduce the complexity of the problem this way.
3.4

FastICA Algorithm

FastICA is an efficient and popular algorithm for independent
component analysis which is based on fixed-point iteration scheme
maximizing the nongaussianity as a measure of statistical independence.

In order to begin with the FastICA, the one-unit version of
)DVW,&$ LV VKRZQ KHUH 7KH ³XQLW´ UHIHUV WR D FRPSXWDWLRQDO XQLW DQ
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artificial neuron, having a weight vector w that the neuron is able to
update by a learning rule. The FastICA learning rule finds a direction
whereby the projection of wTx maximizes nongaussianity. The variance
of wTx must be constrained to unity whereby for whitened data is
equivalent to constraining the norm of w to be unity. The FastICA
algorithm is based on a fixed-point iteration scheme for finding a
maximum of nongaussianity of wTx. It can also be derived as an
approximative Newton iteration (Hyvarinen, 1999a). [21]

g1 (u) = tanh (a1u),
g2 (u) = u exp (-u2/2)

(14)

ZKHUH a1 LVVRPHVXLWDEOHFRQVWDQWRIWHQWDNHQDVa1 = 1. The basic
form of the FastICA algorithm is as follow:

1. Choose an initial weight vector w randomly.
2. Let w+ = E {xg(wTx)} ± E {g¶ wTx)}w
3. Let w = w+Œw+Œ
4. If not converged, go back to 2.
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Note that convergence means that the old and new values of w point in
the same direction are equal 1. It is not necessary that the vector
converges to a single point, since w and ±w define the same direction.
This is due to the independent components can be defined only up to a
multiplicative sign. Not also that it is here assumed that the data is
prewhitened.

The derivation for FastICA is shown as follow. First note that the
maxima of the approximation of the negentropy

of wTx that obtained

at certain optima of E{G(wTx)}. According to Kuhn-Tucker conditions
(Luenberger, 1969), the optima of E{G(wTx)} under constraint E{(wTx)2}
ŒwŒ2 = 1 are obtained at points where

E {xg (wTx)} ± ȕw = 0

(15)

The Equation (15) LV VROYHG E\ 1HZWRQ¶V PHWKRG ZKHUHE\ WKH
function of the left side of equation denoted by F, the Jacobian matrix JF
(w) is then obtained as

JF (w) = E {xxT g¶ wTx)} ± ȕI

(16)
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To simplify the inversion of this matrix, the first term in Equation
(16) is approximated. Since the data is sphere, a reasonable
approximation seems to be E{xxT g¶ wTx ` § E{xxT } E {J¶ wTx)}I.
Thus the Jacobian matrix becomes diagonal and can be esily inverted.
The approximative Newton iteration is then obtained:

w+ = w ± [E { xg (wTx)} ± ȕw]/[ E ^J¶ wTx)} ± ȕ@

(17)

This algorithm can be simplified further by multiplying both side
RI(TXDWLRQ  E\ȕ± E ^J¶ wTx)}. After the algebraic simplification,
the FastICA iteration is then obtained. In practice, the expectation in
FastICA must be replaced by their estimates (corresponding sample
means). In an ideal case, all the data available should be used; however,
this is not an optimal choice as the computation may become too
demanding. The averages can be estimated using a smaller sample whose
size may have a considerable effect on the accuracy of the final estimates.
If the convergence is not satisfactory, one may then increase the sample
size for improving the results.

In order to estimate several independent components, the one-unit
FastICA algorithm need to be run using several units with weight vectors
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w1 « wn. To prevent different vectors from converging to the same
maxima, the outputs wT1x«wTnx are decorrelated after every iteration.
The decorrelation can be achieved in three methods.

A simple way of achieving the decorrelation is a deflation scheme
based

on

a

Gram-Schmit-like

decorrelation.

The

independent

components are estimated one by one during the process. Estimated p
components or p vectors w1«wp is run based on the one-unit fixedpoint algorithm for wp+1. After every iteration step, it is subtract from
wp+1 projection of wTp+1 wjwjM «p of the previously estimated p
vectors. It is then normalized the wp+1:



1. Let wp+1 = wp+1 ± σ୨ୀଵ  ͳ wjwj
2. Let wp+1 = wp+1 /ξͳZS

(18)

In certain applications, it may be desired to use a symmetric
decorrelation in which no vectors are privilege over others. This can be
accomplished by the classical method involving matrix square roots,

Let W = (WWT)-1/2 W

(19)
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Where W is the matrix (w1«wn) T of the vectors. The inverse square
root

(WWT)-1/2 is then obtained from the eigenvalue decomposition of

WWT = FDFT as (WWT)-1/2 = FD-1/2FT. A simpler alternative is the
following iterative algorithm (Hyvarinen, 1999a), [20]

1. Let W =W / ξ ::7
ଷ

ଵ

ଶ

ଶ

2. Let W = W - WWTW
Repeat 2. until convergence.

3.5

(20)

Properties of FastICA Algorithm

The FastICA algorithm has a number of desirable properties when
compared with existing methods of ICA.[11][18][20]
1. Under the assumption of ICA data model. The convergence for
FastICA is cubic (at least quadratic). This is in contrast to other
ICA algorithms which based on gradient descent methods, where
the convergence is only linear.
2. There is no step size parameter to choose if compared to gradientbased algorithms.
3. The algorithm finds directly independent components of any
nongaussian distribution using any nonlinearity g. If compared to
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other algorithms, where some estimate of the probability
distribution function has to be first available and nonlinearity must
be chosen accordingly.
4. The performance of the FastICA algorithm can be optimized by
choosing a suitable nonlinearity g.
5. The FastICA has most of the advantages of neural algorithms. It is
parallel, distributed, computationally simple and requires little
memory space.
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CHAPTER 4
4
4.1

Experimental Setups

Experiment setups

The application of the Electroencephalogram (EEG) device is used to
UHFRUG WKH DFWLYLW\ RI WKH WHVW VXEMHFW¶V EUDLQ 7KH HOHFWULFDO LPSXOVH
generated by the neurons in the brain is able to pick up by the placement
of electrodes on the scalp of the test subject.

With the proposed

condition whereby the test subject is undergone some stressful condition,
the brainwave of the test subject is recorded with the help of Actiwave
EEG recorder.

As the title is referring to Sleep Disorder Recognition System, we
are proposing a stressful and fatigue condition in daytime which will
result to a mild sleep disorder. As mentioned in preceding section, sleep
disorder can be ranged from a mild to severe cases. For example the
VHYHUH FDVHV OLNH DSQHD RU QDUFROHSV\ VXEMHFW¶V VOHHSLQJ SDWWHUQ DQG
condition will become primary observation during the conduction of the
EEG experiment. For that reason, we are narrowing our focus to mild
sleep disorder which is more common on the society nowadays. Besides
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analyzing the EEG signal on the mild sleep disorder, we are also
proposing a way to improve the sleeping condition with the help of
music. Music is able to induce relaxation to the human mind and to
reduce sympathetic nervous system activity as well. It can also decrease
anxiety, blood pressure, heart and respiratory rate via muscle relaxation
and distraction from thoughts.
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Figure 4.1: International 10 -20 System Electrode Placement

The main purpose of the experiment is to recognize the sleep
pattern and analyze the effect of music that applied to the test subject
during sleeping. Before start measuring the EEG signals through the
experiment, the test subject is required to be at least 12 hours incessant
wakefulness after a day of normal activity. Along this experiment, the
type of electrodes that we utilized was EEG gold-plate electrodes which
use to deteFW WKH EUDLQZDYH¶V VLJQDOV 7KH ((* JROG-plated electrodes
were placed according to International 10 ± 20 System electrode
placements. Before any placement of the electrodes at interested point,
10 percent and 20 percent of the distances are measured from inion to
nasion, from left to right pre-auricular points and around the
circumference of the head, as shown in Figure 4.1. There are five
channels; C3, C4, O1, O2 and A1 (mastoid point) selected for the
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collection of EEG signals. Generally, C3 (left central) and C4 (right
central) are selected for electrode placement during sleeping. In addition,
the O1 and O2 channel are selected as our interested point as these
locations are related to the electrical activity in primary and secondary
visual areas. In order to allow the measurement to be repeatable,
following steps are developed in order to fulfill the repeatability results.

1. Measure the distances from inion to nasion, from left to right preauricular points and the circumference of the head.
2. The position of C3, C4, O1 and O2 are marked with marker.
3. Clean the site with alcohol or any suitable cleaning agent and fix
the electrodes in position according to International 10 ± 20
system electrode placement. Medical tape is used to fix the
electrode in position.
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Figure 4.2: Materials used to record the EEG brainwaves. 1:
Adhesive Paste; 2: Actiwave CombiDock; 3: Goldplated EEG electrode; 4: 4-Channel EEG recorder; 5:
Surgical tape; 6: Abrasive skin preparation paste

After positioning the electrode in correct location, the CamNtech
Actiwave EEG system is used to perform the task of data collection. In
the CamNtech EEG system, the Actiwave recorder (4 channels) is used
to collect the brain signals and the CamNtech Interface dock is function
as a reader to read/write the data from the recorder or into the computer,
which is shown in Figure 4.2. With the embedded system in Actiwave
EEG device, undesirable noise and interference from the environment is
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filtered in order to provide a more accurate and precise results for
analytical purposes.

 Test subject is required to rest and relax but remain awake.
 EEG data is recorded by Actiwave EEG recorder for 5
^ƚĞƉϭ
minutes.
 Test subject is required to concentrate watching movie for
20 minutes.

EEG data is recorded by Actiwave EEG recorder for 5
^ƚĞƉϮ
minutes immediately after watching the movie.

 For observing the sleep pattern without music, test subject
is required to sleep around 30 minutes.
 EEG data is recorded by Actiwave EEG recorder for 5
minutes while test subject still remain in sleeping
condition.
^ƚĞƉϯ
 For observing the effect of music to the test subject's
brainwaves, step 1 to step 3 is repeated by listening to
music after the step 2 is completed.

Figure 4.3: Steps to be taken for the EEG collection

The procedures of the experiment can be divided into three steps
and is shown in Figure 4.3. For stage 1, it is used to show the transition
of frequency from active activity to a relax activity. At the stage 1
experiment, the test subject is required to relax during the recording of
the EEG signals, shown in Figure 4.4.
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Figure 4.4: Test subject is resting with the EEG recorder attach to brain
scalp location
In the stage WKHWHVWVXEMHFW¶VEUDLQZDYHXVXDOO\ZLOOLQFUHDVHLQ
amplitude after watching movie through the computer screen. Therefore,
20 minutes of movie is subjected to the test subject and record his/her
brainwave immediately after the movie. This is shown in the Figure 4.5.
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Figure 4.5: Test subject is subjected to 20 minutes of movie
and followed by 5 minutes recording of the rainwaves.

Last but not least, the stage 3 involves the recording of brainwave
which is in sleeping condition and is shown in Figure 4.6. The test
subject is required to sleep for 30 minutes in order to obtain the sleeping
pattern for the analysis purpose. After the 30 minutes of sleeping, the test
VXEMHFW¶V EUDLQZDYH LPPHdiately record with the EEG Actiwave 4channel recorder.
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Figure 4.6: Test subject required to sleep for 30 minutes
of movie and followed by 5 minutes recording of
the brainwaves

Generally, the human brainwaves will become slower and increase
in amplitude during the transition from waking to sleeping. The step 3
also provides us a way to compare the effect of music to the sleeping
condition to those without music stimulation. At the step 3, a repetition
for step 1 and step 2 is required for music stimulation and without music
stimulation. As the experiment is repeated for twice, the results in step 1
and step 2 (under wakefulness condition and after 20 minutes movie
stimulation) will not be detail analyzed as our main purpose is to observe
the effect of music to the sleeping pattern.
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CHAPTER 5
5
5.1

Results and Discussions

Frequency Determination of EEG Signals with Spectra
Analysis

The EEG recordings were exported to European Data Format (EDF)
files and converted into Matlab format in order to be analyzed in Matlab
software, in which all the signal processing was performed. With the
developed toolbox and graphic interface of EEGLAB, is a Matlab
toolbox for processing data from electroencephalography (EEG),
magnetoencephalograhy (MEG) and other electrophysiological signals.
EEGLAB implements

Independent Component

Analysis

(ICA),

time/frequency analysis, artifacts rejection and several modes of data
visualization. It allows the user to import their electrophysiological data
in binary file formats, preprocess the data, visualize the activity in single
trial and perform ICA.

With the application of the EEGLAB, we have selected the spectra
analysis method in order to identify the types of brainwave emitting by
the test subject in each stages of the experiment. Spectral analysis is a
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mathematical approach to quantify the EEG signals and it does not
provide a biophysical model of EEG generation. The purpose of using
spectral analysis is the decomposition of EEG signals into constituting
frequency components. In the experiment setup procedures, we have
decided to record the test suEMHFW¶V EUDLQZDYHV LQ WKUHH GLIIHUHQW
conditions which included awaked state, after 20 minutes of movie state
and during sleeping state. Furthermore, in order to have a better insight
of the EEG power changes across the brain region, a topographic EEG
brain mapping was performed using the EEGLAB toolbox. [22]

A
(I)

B
(I)

(II)

(II)
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C
(I)

(II)

Figure 5.1: ((*/$% RI 6SHFWUD SRZHU ȝ92/Hz) versus Frequency
(Hz). 5.1A represent awaked state, 5.1B represent after 20
minutes of movie state and 5.1C represent sleeping state.
Topographic brain maps of the normalized power without
music stimulation and with music stimulation is shown in C
(I) and C (II) respectively.

The FastICA algorithm was applied to the recorded EEG signals in each
stages of experiment which included awaked state, after 20 minutes of
movie state and during sleeping state. The spectra power was computed
for each EEG components as shown in Figure 5.1.

As shown in the Figure 5.1A, the result shows significant
LQFUHDVHGDPSOLWXGHRIȝ92/Hz in the frequency range between 9Hz to
13Hz. The increased amplitude in the frequency range between 9Hz to
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13Hz implied that the test subject was in awaked state instead of
sleeping state. The spectra power shown in Figure 5.1A showed that the
test subject was in awaked condition with higher amplitude compared to
other condition e.g. sleeping condition.

The computed result is shown in Figure 5.1B whereby the test
subject was required to pay attention to 20 minutes of movie clip after
he/she completed the stage 1 experiment. After 20 minutes of movie
VWLPXODWLRQWRWKHWHVWVXEMHFW¶VEUDLQZHDUHDEOHWRREVHUYHDVLJQLILFDQW
amplitude changed in the frequency range between 9Hz to 13Hz when
compare to the Figure 5.1A. When the test subject is asked to relax at the
stage 1 of the experiment, the computed power spectra amplitude is
DSSUR[LPDWHO\ ȝ92/Hz. However, after the stage 2 of the experiment
whereby the test subject was subjected to 20 minutes of movie clip, the
FRPSXWHGVSHFWUDSRZHUDPSOLWXGHLVDURXQGȝ92/Hz in the frequency
range of 9Hz to 13Hz. From the results that we obtained and compared,
we are able to prove that vision stimulation through computer screen is
DEOHWRLQFUHDVHWKHDPSOLWXGHRIWKHWHVWVXEMHFW¶VEUDLQZDYH7KLVUHVXOW
also implies that any form of electronic gadgets such as iPad,
L3KRQHVPDUSKRQH DQG FRPSXWHU H[SRVXUH ZRXOG LQFUHDVH XVHU¶V
brainwave amplitude significantly. Therefore, it is advisable to turn off
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or avoid the exposure of this type of radiation that would eventually lead
to mild sleep disorder. [23]

For the Figure 5.1C, the test subject was in sleeping stage during
the recording process. From the computed result that we obtained though
((*/$%ZHDUHDEOHWRWHOOWKDWWKHWHVWVXEMHFW¶VEUDLQZDYHV EHFRPH
slower in term of frequency and increase in amplitude during the
transition from waking to sleep. From the observation of Figure 5.1C, we
are able to scrutinize that the lower frequency e.g. 1Hz to 4Hz recorded
higher spectra power amplitude compare to the higher frequency e.g.
10Hz to 15Hz which recorded low amplitude. This showed that the test
VXEMHFW¶VEUDLQZDYHEHFRPHVORZHULQWHUPRIIUHTXHQF\DWWKHVOHHSLQJ
stage.
Furthermore, the increase in amplitude during the transition from
waking to sleeping is shown in Figure 5.1B (red square) and Figure 5.1C
(red square), respectively. At awaked state of the test subject shown in
Figure 5.1B, the spectra power amplitude LV DERXW ȝ92/Hz in the
frequency range between 1Hz to 4Hz. During the sleeping stages of the
test subject shown in Figure 5.1C, the computed spectra power
amplitude in the frequency range of 1Hz to 4Hz is recorded around
ȝ92/Hz. From the comparison between these two figures, the results
demonstrate that the human brainwaves become slower in frequency
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range and increase in amplitude during the transition from waking to
sleeping.

In order to have a better insight of the EEG power changes across
the brain region, a topographic EEG brain mapping is used to visualize
which specific region of brain is affected during the experiment. As
shown in the Figure 5.1A(I) which is the stage 1 experiment, it shows a
statistically significant mean power at the Occipital region at frequency
range of 10Hz to 15Hz. The increased mean power in Occipital region of
the test subject was due to vision of the test subject on an object during
the recording of the EEG signal. However, the result was improved after
the second repetition for music stimulation whereby the test subject is
asked to close his/her eyes during the recording of the EEG signals. This
is shown in the Figure 5.1A(II) whereby the mean power of the brain
mapping is more distributed at the frequency range of 10Hz to 15Hz
across the brain region.

For the stage 2 of the experiment, the test subject was given 20
minutes of movie clip and required the concentration of the test subject
on the movie for 20 minutes. After 20 minutes of movie clip, the
brainwave of the test subject was immediately recorded. The topographic
brain maps after movie stimulation show a significant power increase in
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the Occipital region of the test subject. As mentioned in an earlier
section, occipital region of the human brain is responsible for the vision
stimulation and it will become active if the vision of the test subject was
stimulated. As shown in the Figure 5.1B(I) and 5.1B(II), the occipital
region of the test subject is dominantly active in the frequency range of
8Hz to 13Hz if compare to other region.

For the Figure 5.1C(I) and 5.1C(II), we are able to detect that the
music stimulation is playing a role during the sleeping stage by the test
subject. Theoretically stated that the sleeping frequency is in between
0Hz to 4Hz, therefore, the brain mapping on the sleeping stage will be
only concentrated in the frequency range of 0Hz to 4Hz. Figure 5.1C(I)
showed the mean power across the scalp without music stimulation
during the sleeping of the test subject and Figure 5.1C(II) showed the
mean power across the scalp with music stimulation during sleeping.
With the comparison between these two results, the brain mapping with
music stimulation along sleeping showed a significant decrease in mean
power across the brain region. This would mean that the music
stimulation is beneficial to the activation of human brain whereby it is
able to induce a better sleep condition to the test subject. [21]

75

5.2

Identification Brainwaves of EEG signals under Different
Condition by Applying FastICA

A

C

B

D

Figure 5.2: Awaked EEG signals. FastICA component spectra (A)
and After FastICA component spectra with Filtering range of
1 ± 4Hz (B), 4 -7 Hz (C) and 8 ± 12Hz (D).

FastICA algorithm was applied to each of the channels before any
preprocessing steps such as filtering. After performing the FastICA
algorithm, the independent components of each stages of experiments is
plotted with spectra power versus frequency. As shown in the Figure 5.2,
the Figure 5.2A showed each of the A components was plotted in spectra
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power versus frequency during the stage 1 experiment whereby the test
subject was awake during the recording of EEG signals.

In order to identify the types of brainwave emitted by the test
subject during awaked state, a filtering process is taken into our
consideration for the classification of the types of brainwave. From the
result obtained after the filtering process in Figure 5.2, we are able to
identify that the test subject was emitting the (8Hz ± 12Hz) and theta
rhythm (4Hz -7Hz) during the recording of the EEG signal at awaked
state. This can be showed in Figure 5.2C and 5.2D whereby the
FRPSXWHGVSHFWUDSRZHUDPSOLWXGHLVDSSUR[LPDWHO\ȝ92/Hz (between
4 ± +] DQGȝ92/Hz (between 8 ± 12Hz), respectively. However, as
shown in the Figure 5.2B, the computed spectra power amplitude is
decreasing from the range of frequency 1Hz to 3Hz showing us that the
VXEMHFW¶V EUDLQZDYH LV QRW GRPLQDWHG E\ WKH GHOWD UK\WKm due to
decreased amplitude. From the results that we obtained, we are able to
conclude that the test subject is apparently in awaked but drowsiness
state.
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B

C

D

Figure 5.3: After 20 minutes movie of EEG signals. FastICA
component spectra (A) and After FastICA component
spectra with Filtering range of 1 ± 4Hz (B), 4 -7 Hz (C) and
8 ± 12Hz (D).

As shown in the Figure 5.3, the Figure 5.3A showed each of the
components was plotted in spectra power versus frequency during the
stage 2 experiment whereby the test subject was required to watch 20
PLQXWHV RI D PRYLH FOLS $IWHU  PLQXWHV RI PRYLH WKH WHVW VXEMHFW¶V
brainwave was immediately recorded for 5 minutes.

From the result obtained after the filtering process in Figure 5.3,
we are able to identify that the test subject was emitting the alpha rhythm
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(8Hz ± 12Hz) and theta rhythm (4Hz -7Hz) during the recording of the
EEG signal after 20 minutes of movie clips. This can be showed in
Figure 5.3C and 5.3D whereby the computed spectra power amplitude is
DERXW ȝ92/Hz (between 4 ± +]  DQG ȝ92/Hz brainwaves, the
spectra power amplitude for movie stimulation in alpha rhythm (8-12Hz)
LVDSSUR[LPDWHO\ȝ92/Hz, Figure 5.3D whereby the alpha rhythm for
DZDNHG VWDWH LV DSSUR[LPDWHO\ ȝ92/Hz, Figure 5.2D. As the test
subject was subjected to movie for 20 minutes, the spectra power
amplitude is increase with the activation of the brain region by the movie
stimulation. This can be concluded that activation of the brain region by
vision stimulation is able to increase the amplitude of the brainwaves
emitted by the test subject.
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B

C

D

Figure 5.4: During sleeping of EEG signals. FastICA component
spectra (A) and After FastICA component spectra with
Filtering range of 1 ± 4Hz (B), 4 -7 Hz (C) and 8 ± 12Hz
(D).

As shown in the Figure 5.4, the each of the components
was plotted in spectra power versus frequency during the stage 3
experiment whereby the test subject was sleeping for 30 minutes
followed by the recording of 5 minutes EEG signals.

From the results that we obtained in Figure 5.4, we are able to
LGHQWLI\ WKDW WKH WHVW VXEMHFW¶V EUDLQZDYe is dominated by the alpha
rhythm and theta rhythm. This can be shown in Figure 5.4B and 5.4C
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whereby the filtered range is adjusted to 1 ± 4Hz, 4 -7Hz, respectively.
'XULQJ VOHHSLQJ WKH IUHTXHQF\ RI WKH WHVW VXEMHFW¶V EUDLQZDYH ZLOO
become slower and increase in amplitude. As we compare the Figure
5.4B and 5.4D, the amplitude for delta range (1-4Hz) is higher than the
amplitude for alpha range (8-12Hz). This result concretely showed us
that the test subject was in sleeping state as the delta brainwave recorded
the highest amplitude among other types of brainwaves. [24]
5.3

Pattern Recognition of EEG Signals at Sleeping Stages by
Applying FastICA

A

81
B

Figure 5.5: Awaked ICA EEG and filtered raw data with frequency
range of 8 ± 12Hz

With the application of the FastICA algorithm, the algorithm is able to
remove artifacts which are useless to the analysis of EEG data. Raw
EEG data collected using Actiwave and the filtered raw data with
frequency range of 8 ± 12Hz is shown in Figure 5.5. The result showed
in the Figure 5.5 was collected at the stage 1 of the experiment whereby
the test subject was asked to relax and rest during the recording of EEG
brainwave. From the filtered result of Figure 5.5B, the alpha rhythm
brainwave consists of regular waveforms that have sharp points at the
top or bottom or even sinusoidal. The alpha rhythm is usually repetitive
waveform propagation and with higher amplitude such as waxes wanes
between 8 ± 12Hz. Furthermore, the alpha rhythm which is in the
frequency range of 8 ± 12Hz usually has lower amplitude. The
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frequency of the brainwave is inversely proportional to amplitude of the
brainwave at selected range. With the result that we obtained from the
filtering process of 8 -12Hz frequency, the EEG pattern under awaked
condition can be then identified.

A

B

Figure 5.6: After 20 minutes of movie ICA EEG data and filtered with
frequency range of 8 ± 12Hz
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The results showed in Figure 5.6 was collected at the stage 2 of
the experiment whereby the test subject is required to pay attention to a
movie clip for 20 minutes duration. From the observation of the Figure
5.6B, which is the unfiltered result, the amplitude of the waveform is
significantly increase if compare to the Figure 5.5A. Theoretically, the
frequency of the human brainwaves will be gradually increased after the
activation of the brain parts. For example, doing a mind mapping will
HYHQWXDOO\LQFUHDVHWKHDPSOLWXGHRIRQH¶VEUDLQwaves or even watching
a movie can be stimulate the activation of the human brain. In order to
prove the statement is undeniable, an exciting and emotional movie is
VHOHFWHGIRUWKHSXUSRVHRIVWLPXODWLQJWKHWHVWVXEMHFW¶VEUDLQZDYH$V
we observed the filtered A new EEG signals, we are able to differentiate
and conclude that the movie stimulation is actually increased the test
VXEMHFW¶V EUDLQZDYH LQ WHUP RI DPSOLWXGH )URP WKH FRPSDULVRQ RI
Figure 5.5B and 5.6B, there is obvious increasing amplitude at the
movie stage with the same frequency range of 8 - 12Hz.
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A

B

Figure 5.7: Sleep ICA EEG and filtered with frequency range of 0 ±
4Hz

Lastly, the Figure 5.7 is shown whereby the data was collected at
the stage 3 of the experiment whereby the test subject is in sleeping
condition. In this result, the test subject was not given any music
stimulation during the sleeping process. From the observation of the
FigurH$ WKH DPSOLWXGH RI WKH WHVW VXEMHFW¶V EUDLQZDYH LVKLJKHU LI
compared with the awaked state or at movie condition. This result again
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proves that the statement for the frequency of brainwave is inversely
proportional to the amplitude is true. On the other hands, the Figure
5.7B showed the filtered result with the filter range of 0 ± 4Hz
frequency. By visually inspecting, the sleeping pattern is able to identify
with the sleeping pattern of sleep spindle and K-complex at the red
square shown in Figure 5.7B. Sleep spindles often represent the periods
where the brain in inhibiting processing to keep the test subject in a
restful state. Along with the K-complex, it is an indication for the onset
of stage 2 sleeping. [17]

A

86

B

Figure 5.8: Sleep ICA EEG and filtered with frequency range of 0 ±
4Hz with Music Stimulation

For the experiment result with the music stimulation to the test
subject, the awaked state and the movie condition result will be almost
similar to the experiment without the music stimulation. However, the
difference will be more significant in the sleeping state whereby the test
subject was listening to certain types of relaxing music during the
recording process, which is shown in Figure 5.8. By putting the music
to the test subject during the whole sleeping process, we are able to
identify that the amplitude is become lower and more synchronize with
each other compare with the amplitude without the aid of music
stimulation. This result can be shown by comparing the Figure 5.7A and
5.8A. On the other hands, the signals after the filtering process shown in
Figure 5.8B is appear to be less noiseless if compared to the Figure 5.7B.
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CHAPTER 6

6

CONCLUSIONS AND

RECOMMENDATIONS
ICA is a very general-purpose statistical technique in which observed
random data are linearly transformed into components that are
maximally independent from each other, and simultaneously have
³LQWHUHVWLQJ´GLVWULEXWLRQV,&$FDQEHIRUPXODWHGDVWKHHVWLPDWLRQRID
latent variable model. The intuitive notion of maximum nongaussianity
can be used to drive different objective functions whose optimization
enables the estimation of the ICA model. A computationally very
efficient method performing the actual estimation is given by the
FastICA algorithm. The FastICA algorithm is suitable for extracting
different types of artifacts from the EEG data, even in where these
disturbances are smaller than the background brain activity.

The results showed the application of FastICA on the EEG signals
data by emphasizing the power spectra analysis, human topographic
maps and pattern recognition through the filtering process. From the
results of the power spectra analysis to the EEG signals data, the
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independent components of each stages experiments is plotted against
the frequency range. This technique was proved to be useful in assessing
the brainwave frequenc\ RI RQH¶V GXULQJ FHUWDLQ DFWLYLW\ ,Q RUGHU WR
assess the EEG changes during the different stages of experiment,
topographic EEG brain mapping was plotted. This brain mapping
technique is then used to visualize which specific region of brain is
affected during the experiment. Last but not least, the sleeping pattern is
recognized by comparing the music stimulation to the test subject. From
the result that we obtained, the result with music stimulation show a
slower waveform with less noise and this imply that the music is
affecting the human brain during the sleeping stages. The difference of
the waveform will become significant if compared to no music
stimulation to test subject.

In this project, we were required to purchase a new EEG system in
order to capture the EEG signals for our analysis purposes. During the
consideration of new EEG system, there were two criteria that we need
to consider in purchasing a new EEG system. FirstO\WKH((*GHYLFHV¶
sensitivity will be our main concern. The sensitivity of the device will
determine how well the EEG system capture and amplify the signals in
order to be used for signal processing. For the amplification, the system
has to make sure that the noisy signal will not be amplified too much that
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eventually create a disturbance to the real EEG signals. Besides that, the
EEG channels were also one of our considerations when considering the
new EEG system. The numbers of channels available provide us the
range of experiment setup in order to record the EEG signals. The
numbers of channels also directly proportional to the price of the system
that is available in the market. From the information that we gathered,
we found out that the Au (Gold) plated-electrode provide the highest
sensitivity to the recording of EEG signal through the scalp of a human.
From the criteria that we considered, we finally decided to purchase an
EEG system known as Actiwave from camntech. The Actiwave range of
miniature biomedical waveform recorders are designed to capture the
EEG signals in daily living. With the ultra miniature recorders which are
available with either 1, 2, 3 or 4 channels of recording capability, the
EEG waveforms can be recorded discreetly without the need for a large
belt mounted recorder or lengthy wires.

In the progress of conducting the sleeping disorder experiment,
there are a few challenges that faced by us. The challenges that we faced
is the unfamiliarity with the signal processing techniques that is
employed to analyze the signals. Before selecting the sleep disorders
topic as our project title, the techniques that commonly used in signals
processing are not thoroughly exposed to us in any of the course subjects.
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However, with the online database information, we managed to learn
certain technique to process our EEG signals in order to achieve the task
of the project. Besides that, we also received advices from our project
supervisor that helping us to narrow down the scope of algorithms which
will be used to process the EEG data. In addition, challenges such as the
types of ICA algorithms to be used for EEG decomposition. From a
theoretical point of view, all ICA algorithms maximize the independence
in a approximate sense, while the degree to which EEG data actually fit
ICA assumptions is unknown. The ICA algorithms (including infomax,
JADE and FastICA) return near equivalent components if the simulated
dimensional data set is relatively low. However, the physiological
differences in the results of the same or different ICA algorithms has not
been systematically tested and reported. Therefore, different ICA
decompositions may give slightly different results. From the most of the
ICA algorithms, we have selected the FastICA to be our main algorithm
in processing the EEG signals data. The FastICA has most of the
advantages

of

neural

algorithms.

It

is

parallel,

distributed,

computationally simple and require only small memory space. Besides
that, FastICA algorithm finds directly independent components of any
nongaussian distribution using nonlinearity. This is in contrast to many
algorithms where some estimate of probability distribution function has
to be first available.
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EEG wave classification research appears to be on going in the
promising direction which is the automatic identification of candidates
with possible sleep disorders. A natural way to diagnose the sleep
GLVRUGHUVLVWKHILUVWXVHD VOHHSVWDJHU WRFODVVLI\SDWLHQWV¶VOHHSVWDJHV
and then let the physicians to observe the pattern. Moreover, the study of
the effects of music on the mind and brain has been a subject of interest.
The interconnection between the music and the physical, mental health
of human beings has been studied. In order to path the future work for
the sleeping disorder recognition system, a level of melatonin deserves a
special mention. Melatonin, which is the hormone produced in the pineal
gland and the retina, has been tied into the circadian clock. With the
amount of the secretion of melatonin level by the test subject, a more
comprehensive system will be developed in order to classify the types of
sleep disorders. With the aim of music effect, the melatonin secretion
level is expected to be secreted more if compared to a subject who is not
receiving any music stimulation.
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