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ABSTRACT
Electroencephalogram signals commonly known as EEG is a representative signal containing information about the condition of the brain. Currently analysis of electroencephalogram (EEG) remains a challenge owing to limited understanding of the signal origin which leads to the complication of developing evaluation techniques. Despite of these limitations, EEG is still a valuable reflection of many physiological factors modulating the brain. It is a very important tool in the evaluation of some neurological disorders.

A number of proposed methods to quantify the information content of the EEG have established. Some of these methods include Fourier Transform, entropy and Wavelet transform. 

This project is an attempt to analyze EEG signals during different mental conditions such as Normal, Epileptic and Alcoholic by using AR Modelling technique. As human observer cannot directly monitor the information about the state of the human brain therefore the EEG signal parameters, extracted and analyzed using computers are highly useful in diagnose.  
The properties of measured EEG are computed by applying PSD (Power Spectra Density) estimation for selected representative EEG samples. 

This project deals with a comparative study of the PSD achieved from normal, epileptic and alcoholic EEG signals. The power density spectral was estimated using Burg’s method, one of the Auto Aggressive Modelling techniques. With the help of EEG analysis software the data achieved are then extracted and fed to GMM Classifier. Different sets of train and test data were selected to train and test the Classifiers in order to achieve the best Classification rate. The results for these 3 different classes of EEG signals are tabulated.
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CHAPTER 1: INTRODUCTION

1.1 Background and Motivation

Computer technologies have been an important role in configuring biology system. In recent years, the development of present and precise models of biological systems with regards to the dynamic growth of high performance computing system has provide significant support to new concepts to elemental problems of modelling transient behaviour of biological system.

EEG which is known as Electroencephalogram is a trustworthy indication and a crystal clear reflection of many physiological factors modulating our brain. It is an examination used to sense abnormalities associated to electrical activity of the brain. This procedure tracks and records our brain’s wave pattern by using electroencephalograph and a series of electrodes. Small electrodes like metal discs with thin wires are placed on the scalp, and then signals will be transmitted to a computer to record the results. Normal electrical activity in the brain makes a recognizable pattern. Through an EEG, doctors can look for abnormal patterns that indicate seizures and other problems.
In spite of many applications of EEG in clinical neurophysiology, its visual interpretation is very subjective and does not lead to any arithmetical analysis. Thus a number of research groups have proposed various techniques to compute the information content of the EEG. Among these techniques were the Fourier Transform, Wavelet Transform, chaos Theory, Entropy and Sub-band wavelet entropy, whereby these techniques are categorized under non parametric method.  

During the beginning of automatic EEG processing, symbolic representations derived from a Fourier Transform have been applied on a regular basis. This approach is based on past observations that the EEG spectrum contains some characteristic waveforms that fall mainly within 4 frequency bands such as: 
Delta which is not more than 4 Hz, Theta ranges between 4 Hz ~ 8 Hz, Alpha from 8 Hz~ 14 Hz and non but not least, Beta that has a range between 14 Hz ~ 30 Hz. Such methods have shown positive results for various EEG characterizations however Fast Fourier Transform (FFT) has a shortcoming of suffering from large noise sensitivity. In addition, spectral leakage will occur if windowing is applied.
Parametric power spectrum estimation methods such as Auto Regression (AR) modelling reduce the spectral leakage problems and gives better frequency resolution. Moreover, AR method has an advantage over FFT that it needs shorter duration data records than FFT. In addition, it is faster than continues wavelet transform techniques, especially in real time applications 

1.2 Project Objectives
Currently analysis of electroencephalogram (EEG) remains a challenge owing to limited understanding of the signal origin which leads to the complication of developing evaluation techniques. In spite of these limitations, EEG is still a valuable reflection of many physiological factors modulating the brain. It is also a very important tool in the evaluation of some neurological disorders as well as in the evaluation of overall intellectual activities.

The objective of this project is to make use of an EEG analysing computer software like Matlab to analyse EEG signal using Burg’s method (AR modelling techniques) and then present the analyzed EEG signals in graphical format by means of Graphical User Interface (GUI). 

The developed software must be able to analyze EEG signal for 3 different mental states namely: Normal, Alcoholic and Epileptic mental condition. As human observer can not directly monitor the information about the state of the human brain therefore the EEG signal parameters, extracted and analyzed using computers are highly useful in diagnose.

1.3 Scope of the project
In our world, there are about 1% of the people suffering from epilepsy and approximate 30% of epileptics are not able to be resolve by medication. Specific and attentive analyses of the electroencephalograph (EEG) data can provide important acumen and enhanced understanding of the mechanisms causing epileptic disorders. 

In this project, I will make use of a well known EEG analysis software call MatLab for recognition and classification of normal, epileptic and alcoholic mental condition. The Power spectral density (PSD) is obtained by using parametric Burg’s Method which is one of the AR modelling techniques. Feature extraction will then be carry out on the PSD determined for 3 mental conditions after which I will engage a Classifier known as Gaussian Mixture Model (GMM) for classifications on the extracted feature. 

The final product obtained will be presented using Graphical User Interface (GUI). 
AR modelling can also be employed for anticipating future neurological effect and for data compression. 
Simulations based on EEG signal model can be used to exhibit the usefulness of a certain quantitative analysis method and EEG feature extraction.

1.4 Layout of the Project report
This project report starts off with the introduction of the project background which is the analysis of Electroencephalogram signals and how the signal is being collected.

Next this report will touch on the objective, the tools used and activities that need to carry out in order to complete this project. These will be covered in the Objective and Scope section of the project.

After which I will give a literature review on what is EEG follow by its purpose and applications. In this section, I will also talk about 2 classes of abnormal mental conditions and 2 types of PSD analysis method use for spectrum estimation that is currently available when characterizing EEG signal. The type of classifier employed in this project will also be mention. 

In both the Methodology and the Result section, the Matlab Codes for both Burg’s method and GMM classifier will be presented along with the P-value achieved after going through the ANOVA test. A GUI screen shot with the final product obtained will be demonstrated in the Result and Discussion section.

Next, I will proceed to the discussion segment. In this segment I will give an account on the result achieved.

In the conclusion and recommendation section, I will sum up the works that I have done in this project and conclude with my findings. I will also provide some recommendations to the future capstone student who will follow up to where I have left.

Last but not least in the reflection section I will give a review on what I have learnt and the mistakes that I have made throughout the journey of completing this project.
CHAPTER 2: LITERATURE REVIEW

2.1
Definition of EEG
EEG is defined as electroencephalogram. It is a medical imaging practice that monitors the activity of the brain from the electrodes placed on the scalp. On the whole, EEG is characterised as a neurological examination that uses an electronic monitoring device to measure and keep track of the electrical activities in the brain. The brain’s electrical activities are recorded as traces that correspond to a different region of the brain. The recording of activities in the brain is done on a graph.

2 types of EEG signal waveforms:


a)
Normal waveforms.


b)
Abnormal waveforms.

a)
Normal EEG signal waveforms are defined and described by the following condition:
i. Frequency, ƒ (Hz) is the preliminary attribute used to identify normal or abnormal 
EEG rhythms.
ii. Most waves with a frequency of 7.5 Hz and above are treated as normal findings 
in the EEG of a conscious adult while waves with a frequency of 7 Hz and below 
are often categorised as abnormal in conscious adults.
iii. Some waves are recognized by their symmetry, shape and head distribution. 
Certain patterns are normal at specific ages or states of alertness and sleep.
b)
Abnormal EEG waveforms are defined and described by the following condition:
i. Bursts or spikes of electrical activity as seen in EEG readings of patients with 
epilepsy or other seizure disorders.

ii. The pattern and location of the waves identify the specific type of seizure. 

iii. In general, patients with brain disease, brain injury or mental retardation will have 
brain wave patterns showing overall dawdling.

2.2
Frequency and Classification of Waveform

Brain waveforms have been categorized into 4 basic groups namely Alpha, Beta, Theta and Delta.

Generally, brain wave ranges from 0.5 Hz ~ 500 Hz but most of the clinical EEG signals are carried out on a paper-writing instrument which ranges between 20 Hz to 40 Hz. 

· 
Alpha waves = 8 Hz to13 Hz.


Alpha wave has been thought to indicate both a lack of concentration and relaxed 
awareness.
· 
Beta waves = larger than 13 Hz 


Beta wave is the typical waking rhythm of the brain associated with vigorous thinking, 
active 
attention, focused on the outside world otherwise related to solving concrete 
problems. 

· 
Theta waves = 3.5 Hz to 7.5 Hz 


Theta wave illustrates consciousness slips toward drowsiness

· 
Delta waves = 3 Hz or lower

Delta wave is mainly related with deep sleeps, in a waking status and indicates some 
physical defects in the brain.
2.3
History of EEG

Encephalogram has gone through enormous advancement in more than 100 years of its history. 

In Year 1875, an English doctor named Richard Caton discovered the existence of the electrical currents in human brain. 
In Year 1924, Hans Berger who is a German neurologist, used his standard radio equipment to enhance human brain’s electrical activity. He also discovered the change in the rhythm varies with the individual’s condition of consciousness and that various regions of the brain do not discharge the same brain wave frequency at the same time. 

Mr. Hans Berger put in a lot of effort in contributing many of the present applications of electroencephalography. He pointed out that the brain activities will change in a stable and familiar way when the status of the subject changes from relaxation to alertness. 
Later in Year 1934, Adrian and Matthews had proven the concept of “human brain waves” and identify regular oscillations around 10 Hz to 12 Hz which they name it “alpha rhythm”. 
About 1970, EEG interpretation was largely heuristic and of a descriptive nature. Although several papers have discussed quantitative techniques to assist in EEG interpretation in clinical terms however the situation remained unchanged. 
In Year 1985, Babloyantz have applied certain nonlinear techniques to study the slow wave sleep signal. From that time onwards, applications of EEG to numerous research areas have increased drastically and potential clinical applications such as characterization of sleep phenomena, prediction of epileptic seizures, encephalopathy and monitoring of anaesthesia depth have been reported.

However it was Nathanei Kleithman’s group that started using EEG to distinguish the brain activities during sleep. Up till now, the result represents the best description of the electrical activity and is widely apply in sleep clinics to differentiate sleep disorders.
2.4
Purposes and Applications of EEG in medical field

EEG is capable of showing patterns of normal or abnormal brain electrical activities. Some types of waveforms may be seen after head trauma and seizures in which the rhythm of the brain waves is slower than expected for the patient’s age and level of alertness. 
EEG is an important tool in the handling and diagnosis of various types of brain disorders and diseases. It may also be used to monitor brain activity during surgery as well as to determine brain death.

EEG can be used to manage and support in the diagnosis of the following conditions:

· Alcoholism

· Alzheimer’s disease 

· Brain damage and disease 

· Epilepsy

· Mental retardation

· Mental disorders 

· Parkinson’s disease

· Seizure disorders

· Sleep disorder

· Lumps

According to R. Bickford, research and clinical applications of the EEG in humans and animals are used in: 

· Examination: Alertness, coma and brain death 

· Investigation on sleep disorder and physiology.

· Locate areas of damage following head injury, stroke and tumour.
· Test afferent pathways (by evoked potentials)
· Monitor alpha rhythm

· Produce biofeedback situations
· Control anaesthesia depth 

· Study of epilepsy
· Place seizure origin; 

· Test epilepsy drug effects
· Examine human and animal brain development and test drugs for raging effects.
2.5
Types of abnormal mental conditions

2.5.1
Epilepsy

Epilepsy refers to neurological disorder that assembles the neurons in the brain which indicate in an abnormal condition. It is a condition that creates a temporary disturbance in the message passing between the brain cells. This interruption causes the message in the brain to become halted or mixed up. The nerve cells that are involved in the stages of epilepsy will gives off high frequency discharges that are hardly regulated by the brain. 
Our brain is responsible for all kinds of functions of our body, so different kind of seizure we experience will every much rely upon where in our brain the epileptic activities begin and how extensively and swiftly it extend. For this reason, there are many different types of seizure moreover individuals will experience epilepsy in a way that is unique to them.

Epilepsy affects people regardless of any ages, nations and races. 

Occasionally the cause of epilepsy is clear. It could be due to brain damage originated by a difficult birth, a stern blow to the head, a stroke which cause by the lack of oxygen in the brain or a virus infecting the brain such as meningitis. Very rarely the cause is a result of a brain tumour. 
Epilepsy with an identified cause is known as ‘symptomatic’ epilepsy. 

On the whole, six out of ten patients do not have any known cause to Epilepsy and this is termed ‘idiopathic’ epilepsy. 
Seizures are defined as the characteristics of epilepsy that is used to describe abnormal fits. 

Epilepsy can be categorized into two main classes which depend on the area that is being affected during seizures. These 2 main classes are either Partial seizure or Generalized seizure. Partial seizure refers to the abnormal bursts of energy that occur in one part of the brain whereas Generalized seizure is the abnormal burst of energy that affect the nerve cells throughout the brain.

2.5.1.1
Relationship between Epilepsy and EEG pattern

When individuals have epilepsy, their normal EEG pattern is likely to be interrupted by irregular bursts of electrical energy which are more powerful than normal. For patients with seizure disorders or epilepsy the spikes or bursts of electrical activities in their brain can be observed from the EEG readings recorded. 
2 factors that can classify the exact type of the seizure are the pattern of EEG and location of these waves. The brain wave patterns of other disorders differ broadly. Generally brain wave patterns in patients with brain disease, mental retardation, and brain injury show overall slowing.

Several types of childhood epilepsy have characteristic epileptic EEG patterns that lead to a specific diagnosis and treatment.
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Fig. 1 - Normal EEG 
   
 
             Fig.2 - Epileptic EEG 
2.5.1.2 Applications and Purposes of EGG on Epilepsy
The most important function of EEG in the evaluation of children with epilepsy areas are as follow:

1. Aid in differentiate between generalized seizures from partial seizures and epilepsies.
2. Facilitate physicians to conduct a more specific diagnosis in children with epilepsy.
EEG is sometimes used in:

1. Localize the position of seizure activities in a child with focal epilepsy.
2. Confirm or exclude epilepsy, subsequently a meticulous clinical evaluation.

3. Monitor treatment used in some types of epilepsy.
2.5.2 Alcohol and the Brain

All brain functions including addiction, involve communications among nerve cells in the brain. This communication involves the sending and receiving neuron that communicate across small gaps. 

When alcohol reaches the brain, it causes many physical effects like intoxication and sleepiness via interrupting communication between neurons.

Prolonged exposure to alcohol causes alteration in neurons that can lead to the development of alcoholism.

Although alcohol can affect several parts of the brain but in general alcohol contracts brain tissue and depresses the central nervous system. Alcohol can also destroy brain cells and unlike many other types of cells in the body, brain cells do not regenerate. Excessive drinking over a prolonged period of time can cause serious problems with cognition and memory. 

Alcohol suppresses excitatory nerve pathway activity and increases inhibitory nerve pathway activity. Along with other actions, alcohol boosts the effects of the inhibitory neurotransmitter GABA. Enhancing an inhibitor has the effect of making a person sluggish. In addition, alcohol deteriorates the excitatory neurotransmitter glutamine which in term enhances the sluggishness even farther. 

2.5.2.1 Alcoholism

Alcoholism is known as a chronic disorder characterized by dependence on alcoholic beverages. It is a type of disease. It has a great deal to do with individual’s uncontrollable need for alcohol.

 Alcohol will have an effect on central nervous system. 2 measures of central nervous system function are EEG reading that measures the electrical activities in the brain and elicited activity by means of the event that is related potential which measures electrical response of the brain to external sensory stimuli.
EEG patterns have been shown to be different in both alcoholics and normal mental state.

Alcoholic subjects can be differentiated from normal mental state subjects base on their EEG alpha activities. Person who takes in alcohol will have greater increase in slow alpha activity as well as a decrease of rapid alpha activity as compared to person with normal mental state.

Alcoholism is characterised by the following elements:
· Loss of control – inability to stop drinking once an individual has begun.

· Craving – a strong will to drink alcohol.

· Physical dependence – occurrence of withdrawal symptoms for example shaking, 
nausea and anxiety after prolong heavy drinking. 
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2.6
Power Spectral Density (PSD) analysis
2.6.1
What is Power Spectral Density (PSD)

Power spectral density, PSD shows the strength of the energy (power) of a time series as a function of frequency. That is to say, it demonstrates strong variations at which frequencies and at which frequencies variations are weak and this might be quite useful for further analysis. 

Scientifically, PSD is described as the Fourier Transform of the autocorrelation sequences of the time series or the square of the Fourier Transform of the time series scaled by a proper constant period. The above definitions of PSD require the existence of Fourier Transform signal which means the signals are square sum-able or square integrable. The unit of PSD is power per frequency and power can be acquire within a specific frequency band by integrating PSD within that frequency range.
PSD is a very useful tool when comes to identifying oscillatory signals in our time series data as well as to know their amplitude. Even though we do not hold any pure oscillatory signals in our data, PSD will still remain useful as we often compute and plot PSD to get a "feel" of data at an early stage of time series analysis. Looking at PSD is like looking at simple time series plot, rather than considering time series as a function of time, we take time series as a function of frequency. Hence it can be say that frequency is a transformation of time and looking at variations in frequency domain is just a different way to look at variations of time series data. 

In our project, PSD will be calculated using AR modelling - Burg’s method.
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     Fig.4 – Example of PSD plot of normal EEG




(Source from www.cjmed.net/html/2006611_60.ht...72da11fb)
2.7
Types of EEG analysis techniques

2.7.1
Non parametric method – Fast Fourier Transform (FFT) using Welch’s Method

Nonparametric methods are those whereby the estimate of the Power Spectral Density (PSD) is made directly from the signal itself. The simplest method employed is known as the periodograms. 

Another advance version of the periodograms is labelled as the Welch's method. A more up to date non parametric technique will be the Multitaper method (MTM).
The FFT-based methods like the Welch’s method are defined as one of the most popular classical techniques. Welch’s method which named after P.D. Welch is used for estimating the power of a signal against frequency which in term reducing the noise compared to the methods it is based upon. 

Welch's method is based on the idea of using periodograms that converts a signal from the time domain to the frequency domain. The time sequences are allowed to divide into 8 segments with 50% overlapping among them after which a data window is applied to each sequence which produces set of averaged modified periodograms. 

A Hamming window will be applied on the blocks of data and modified periodograms of this windowed data is then achieved through PSD estimation. The set of modified periodograms are averaged to get the power spectrum estimate.

The data sequence 
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where 
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Therefore the resulting modified periodograms is:  
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whereby U is the normalization factor for the power in the window function and is selected as
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[image: image5.wmf]=

)

(

n

w

 window function.

The Welch power spectrum is average of these modified periodograms and is given by
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The averaging of modified periodograms will likely to decrease the variance of the estimate relative to a single periodograms estimate of the entire data record. Although overlaps between segments lead to bring in superfluous information, this effect is lessening by the use of a nonrectangular window which reduces the consequence or burden given to the end samples of segments (the samples that overlap).

However, as mentioned above the combination of short data records and nonrectangular windows applied results in reduction in resolution of the estimator. 
In summary, there is a trade-off between variance reduction and resolution. One can manipulate the parameters in Welch's method to obtain improved estimates relative to the periodograms, especially when the SNR is low.
FFT method is not a good spectral estimator as its variance is high and does not decrease along increasing data length. Further more the frequency resolution of FFT method is limited by the available data record duration and independent of the characteristics of the data.

2.7.2 Parametric methods – AR Modelling

Parametric methods can yield higher resolutions than non parametric methods for instance when the signal length is short. These methods use a different approach to spectral estimation for example instead of attempting to estimate the PSD directly from the data, they model the data as the output of a linear system driven by white noise and then try to estimate the parameters of that linear system.
The most commonly used linear system model is the all-pole model, a filter with all of its zeroes at the origin in the z-plane. The output of such a filter for white noise input is an Autoregressive (AR) process. Because of this reason, these methods are sometimes referred to as AR methods of spectral estimation.
The AR methods tend to adequately describe spectra of data that is ‘peaky’ meaning data whose PSD is huge at certain frequencies. The data in many practical applications (such as speech) tends to have ‘peaky spectra’ so that AR models are often useful. In addition, the AR models lead to a system of linear equations which is relatively simple to solve.
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All AR methods yield a PSD estimate given by
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= estimates of the AR parameters obtained from Levinson-Durbin recursion
There are 2 types of parametric method available in the field and they are the Yule-Walker method and the Burg’s method. Due to limited time frame for this project I will only use one of these two AR modelling techniques to analyse the EEG signal for 3 types of mental conditions. 

A brief description of these methods is given on the next page and at the same time I will also provide some of the pros and cons of each individual method and from there the selection of the method for this project will be made.

2.7.2.1 Parametric methods – Yule-Walker Method

The Yule-Walker Method block estimates the power spectral density (PSD) of the input using the Yule-Walker AR method. This method which is also known as the autocorrelation method which calculates the AR parameters by forming a biased estimate of the signal’s autocorrelation function and resolve the least squares minimization of the forward prediction error which resulted in the following equation;

[image: image39.wmf]å

-

-

=

³

+

=

1

0

*

0

)

(

)

(

1

)

(

m

N

N

xx

m

m

n

x

n

x

N

m

r


















         (Eq. 6)
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= biased form of the autocorrelation function which ensure that autocorrelation matrix          

         above is +ve definite.

The input is either a sample-based vector (row, column, or 1-D) or a frame-based vector (column only) demonstrating a frame of repeated time samples from a single-channel signal. The block's output which is a column vector is the estimate of the signal's PSD at Nfft equally spaced frequency points in the range whereby Fs is the sample frequency of a signal.

The equation of the biased form 
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of the autocorrelation estimate is shown as:
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The AR coefficients 
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Yule-Walker method has a small variance but has a very huge bias also. Hence Yule-Walker method is not suitable for data with unknown characteristics. Yule-Walker approach may lead to incorrect parameter estimates involving nearly periodic signals.

The small estimation variances of the parameters will give favourable overall accuracy if the bias is not important. 

Therefore this method is not preferable for this project

2.7.2.2 Parametric methods – Burg’s Method

The Burg method for AR spectral estimation is based on minimizing the forward and backward prediction errors at the same time fulfilling the Levinson-Durbin recursion. On the contrary to other AR estimation techniques, the Burg method refrains from calculating the autocorrelation function but estimates the reflection coefficients directly. The primary advantages of the Burg method are resolving closely spaced sinusoids in signals with low noise levels, and estimating short data records, in which case the AR power spectral density estimates are very close to the true values. In addition, the Burg method ensures a stable AR model and is computationally efficient. 
The accuracy of the Burg method is lower for high-order models, long data records, and high signal-to-noise ratios (which can cause line splitting, or the generation of extraneous peaks in the spectrum estimate).
The spectral density estimate computed by the Burg method is also susceptible to frequency shifts (relative to the true frequency) resulting from the initial phase of noisy sinusoidal signals. This effect is magnified when analyzing short data sequences. Burg’s method is capable of resolving close spaced sinusoids in signal with low noise levels. Hence this method is selected to analyse EEG in this project.
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The different between Burg’s methods from Yule-Walker method is the way PSD, 
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2.8
Gaussian Mixture Model (GMM) Classifier

The project will make use of the GMM classifier for classification of EEG hence a brief description of this classifier is presented the following:

GMM is labelled as Gaussian mixture models, it is a procreative model commonly used for clustering and classification purposes. 
GMM based classifier has demonstrated increased interest in many pattern recognition applications. Enhanced performances have been established in many applications however exploiting such classifiers need a lot of storage and complex processing units owing to its exponential estimation and a huge number of coefficients employed which leads to a serious dilemma for portable real-time pattern recognition applications. 
A Gaussian mixture model is a weighted combination of Gaussian probability density functions (pdf) which are referred in this context as Gaussian components of the mixture model describing a class (object category). 
In a GMM classifier, for a given class, the probability density function of the observation vector is represented as follows: 
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The number of mixtures per class is supplied to the classifier. For each class the Expectation Maximization (EM) algorithm is applied to establish the mixture/group means and covariance whereby identical group prior probabilities are estimated. The class-conditional probability density function of each class is determined by substituting the mean vector and covariance matrix of each mixture into the multivariate Gaussian distribution equation and summing all these probability values. 
The class prior probabilities are determined by the proportion of samples belonging to a specific class in the training set.
To classify a new observation, the class posterior probabilities are computed by using the Bayes' rules; the numbers of mixtures per class are iterated from 1 to 10 to determine the best possible number of mixtures per class.
It should be noted that the Gaussian Mixture Classifier makes use of diagonal covariance matrices for the mixtures.
CHAPTER 3: METHODOLOGY 
3.1
Project Flow Chart
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3.2
Materials
All the EEG signals utilized for this project were recorded using 128 channel system equipped with 12 bit A/D resolution.

The EEG data were provided by my project supervisor, DR Raj in which these data were acquired from 2 different sources. EEG recording of normal and alcoholic subjects was provided by University of California while the epileptic EEG recordings were obtained from Bonn University.
In this project we have distributed the 330 sets of data determined (with 200 normal, 100 epileptic and 30 alcoholic) into training(90%) and testing(10%). A total of 10 matrices have been set up  for training the GMM classifier. The average classification rate achieved must be more than 90%.

Some examples of the training matrix established are presented as below:
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Table 1 – Extracted PSD Data Used For GMM Inputs
	Matrix No.
	Data Used (330)

	
	Normal (200)
	Epileptic (100)
	Alcoholic (30)

	1
	1st ~ 20th
	1st ~ 10th 
	1st  ~ 3rd 

	2
	21 ~ 40 
	11 ~ 20
	4 ~ 6

	3
	41 ~ 60
	21 ~ 30
	7~ 9

	4
	61 ~ 80
	31 ~ 40
	10 ~ 12

	5
	81 ~ 100
	41 ~ 50
	13 ~ 15

	6
	101 ~ 120
	51 ~ 60
	16 ~ 18

	7
	121 ~ 140
	61 ~ 70
	19 ~ 21

	8
	141 ~ 160
	71 ~ 80
	22 ~ 24

	9
	161 ~ 180
	81 ~ 90
	25 ~ 27

	10
	181 ~ 200
	91 ~ 100
	28 ~ 30


Table 1 shown above is the selection pattern of extracted PSD data used to input to the GMM classifier.  

The classification rate attained from the above 10 matrices will be tabulated under the Result and Discussion section.
CHAPTER 4: RESULTS AND DISCUSSION
4.1 Peak amplitude detection

The PSD was calculated for normal, epileptic and alcoholic signals using Burgs Method. 
Due to large EEG data obtainable (total of 330 data) for 3 different mental conditions in this project hence I will only show the first ten determined PSD signals for each mental condition.

 The first plot in Fig. 5 shows the PSDs obtained from the first ten signals for the normal stage whereas the second plot which shown in Fig. 6 will be the PSDs from the first ten signals of the epileptic data set and the last plot shows the PSDs from the first ten signals in alcoholic data set. 
In these figure, all PSDs were estimated using Burg’s method. For each of the PSD functions, a circle symbol, cross symbol and a triangle symbol grades the first, second and third most prominent frequencies respectively.  
The 1st, 2nd and 3rd prominent frequencies represent the first, second and third maxima of the PSD function correspondingly. 
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Fig. 5 – Calculated PSDs plot of normal EEG
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Fig. 6 – Calculated PSDs plot of Epileptic EEG












Fig. 7 – Calculated PSDs plot of Alcoholic EEG
4.2 ANOVA Test

The figure below demonstrates the first three peak powers, their corresponding frequencies and their corresponding ratios for the three types of signals using Burg’s method.

The first parameter, f1 Max represents mean and variance of the peak power. 
The second parameter a1 Max indicates the mean and variance of the frequency where 
f1 Max is located. The third parameter, f1 Min, corresponds to the peak power divided by its corresponding frequency.










Fig. 8 – PSD results for 3 types of signal

In tables 2, the parameters are listed in the first column. 
The second column holds the parameter values for the normal mental stage. 
The second and third columns contain the parameter values for epileptic groups and alcoholic respectively. The last column holds the P-value which was calculate using ANOVA test. 
Our results show very low ‘P-value’ which means very close to zero indicating that the results are clinically significant. This test helps to determine whether or not data groups have discernible characteristics, even though they show the identical mean value. 
Table 2 – ANOVA Test Result using Burg’s method
	

	Normal
	Epileptic
	Alcoholic
	P-Value

	f1 Max
	1.705 +/- 0.457
	6.8700 +/- 2.98
	1.3333 +/- 0.479
	0.0001

	a1 Max
	16.685 +/- 3.44
	33.580 +/- 31.3
	16.533 +/- 9.80
	0.0001

	f1 Min
	80907 +/- 2.163E+05
	7.41485E+05 +/- 1.046E+06
	1532.0 +/- 1.621E+03
	0.0001

	a1 Min
	16350 +/- 3.070E+04
	2.04595E+05 +/- 2.811E+05
	92.660 +/-141
	0.0001

	f2 Max
	10.040 +/- 3.02
	25.760 +/- 24.5
	12.167 +/- 8.73
	0.0001

	a2 Max
	29.690 +/- 13.1
	63.720 +/- 30.0
	13.033 +/- 11.1
	0.0001

	f2 Min
	1836.1 +/- 890
	80142 +/- 1.065E+05
	49.483 +/- 64.1
	0.0001

	a2 Min
	751.10 +/- 1.001E+03
	5172.3 +/- 1.735E+04
	10.273 +/- 19.6
	0.0005


4.3 Classification Rate
The below tabulated statistics reflect the classification rate of the 10 different matrices that we have set up for this project to train and test the GNN Classifier. The three extracted features were fed to the GMM inputs to make a distinction for the three different mental conditions. Out of the 330 data obtained, 90% of them were used for training while the remaining 10% were used for testing the classifier.

One of the important characteristics of GMM is its ability to form smooth approximations for any arbitrarily-shaped densities. As the actual data has a multi-model distribution, GMM thus provides a useful tool to model the characteristics of the data. 

Another useful characteristic of GMM is the possibility of employing diagonal covariance matrix instead of full covariance matrix. Hence the amount of computational time and complexity is reduced significantly. 

GMM have been extensively used in many areas of pattern recognition and classification, posing great success in the area of identification and verification.

Fig. 9 – Screen shot of classification rate result using Matlab
Table 3 – Classification Rate of GMM Classifier


For our project, base on the above tabulated data (refer to table 3), the highest achievable classification rate is 100% and the lowest achievable classification rate is 93.9394%. These have enabled us to achieve an average classification rate of 96.9697% which has exceeded our set target mentioned previously in this report.

4.4 Graphic User Interface (GUI)
The Graphic User Interface (GUI) is a pictographic interface that facilitates consumers to access the program. It presents a straightforward and user friendly platform with components such as pull down  menus, dialog boxes, toggle buttons, check boxes radio, drop down list boxes, toolbars, sliders etc that  ease the inconvenience with comparison to text base interface. Last but not least the data can be exhibit in a graphical format or also as a plot or group related components. 
The benefit of the GUI element of any software program is that it offers a standard method for performing a given task each time the consumer requests that option rather than generating a set of commands solely to each potential request. 

To make our project more perfect, we have created and configured a GUI using MATLAB software to demonstrate and present our results in both numerical and graphical images. 
Our GUI consist of an input EEG data and its waveform image, waveform image of extracted EEG data for AR Modelling (Burg’s method), the waveform of AR plot on extracted signal, a display textbox on the values of extracted signal and lastly a classification textbox. 
A screen shot of the GUI for the 3 types of mental conditions is as shown below and the MatLab code for our GUI is attached in the Appendices:



Fig. 11 – Screen shot of GUI for Epileptic condition



CHAPTER 5: PROBLEM ENCOUNTERED AND SOLUTION
The problems that were encountered throughout the process of this project will be discussed in this section.

In most of the situation, I was able to resolve them with on-line forms and project supervisor’s guidance.

a) In the beginning of this project, I faced difficulty in obtaining the MatLab software as 
most of the computer software shops do not have balance stock and the lead time for 
ordering takes a more than a 
month which in terms will affect the progress of my 
final year project. 


Although UniSim offer free access to MatLab work shop but the access timing is not 
convenient for me. Fortunately I managed to borrow it from one of my colleague’s 
friend hence my project can started off well.

b) Initially, I was not very familiar with the MatLab software program. However I was 
able to find some help on-line and got a step-by-step procedure to get me familiarized 
with the navigation of the MatLab software. Nevertheless the MatLab experiment work 
sheet given by my project supervisor also helps me to understand more about MatLab 
software.

c)
After I had received and executed the codes for the GMM classifier given to me from 
my project supervisor, the results obtained were only 2 classes whereas our expected 
output should gave us 3 classes because we are dealing with 3 different mental 
conditions instead of 2.


After some debugging on the codes, we manage to discover that some of the 
command line is missing. The missing command line is actually the one that will 
provide us the third mental condition required in this project. 


Therefore after we added in the missing command line, the desire result was attained.

An example of before and after improvement of the result is demonstrated as shown below: 




       2 classes mental conditions (before)


3 classes mental conditions (after)

Fig. 13 – Example of before and after improvement
d)
I am not familiar with the different methods of modelling techniques hence plenty of 
research and read up on the different methods are essential which take up a lot of time 
luckily my project supervisor is able give me some guidance in this area and because 
of this I am able to complete this project in time.
CHAPTER 6: CONCLUSION AND RECOMMENDATION
This section will focus on the project conclusion and some recommendations for future capstone students on the future enhancement for the EEG signal analysis techniques and Classifiers. 

6.1 Conclusion
Electroencephalogram (EEG) signal can be used to diagnose different mental conditions such as energetic, alcoholic and epilepsy. It has become increasingly popular in the diagnosed of various brain and mental disorders over the years. Analysis of EEG signals remains as one of the most important study in medical field as we need them to find out more information about the mental state of the patients. 

The changes in EEG signals might be quite prominent as in the case of an epileptic patient or an alcoholic subject. In the time domain, only a trained eye can detect these different states. 
This project gives you an idea that changes in the mental states are also visible in the spectral domain. 
We had used the Burg’s method which is one of the Auto Regressive Modelling to represent the power distribution in the frequency domain and compared their performances in Fig 10, 11 and 12.

The study shows clear difference in properties of electrical activities of the brain in normal, epileptic and alcoholic subjects. This also indicates that the behaviour is less random during the alcoholic states.  
Comparing between Fig 10, 11 and 12, it also shows that during the epileptic seizure EEG signal becomes less random while the alcoholic EEG is more complex than the epileptic signal.  Thus the EEG is less complex compared to the normal signifying reduction in active neuronal process in the brain.

This study can be seen as the ground work for more complicated EEG signal classification. This signal classification is another step towards an automated system which is capable of diagnosing different mental states based on EEG signals. Such a system would considerably improve clinical workflows for the reason that it frees up trained personal from routine jobs.
6.2 Recommendation
Recommendation 1: 

Currently there are lots of EEG signal analyses available; we have the non linear parameter method like the Lyapunov Exponent, Correlation Dimension and Hurst Exponent etc. While for AR Modelling we have the Fast Fourier Transform Welch’s method, Yule-Walker method and Burg’s method which I had done in this project. Each analysis techniques may have variations which may give different result so this project can be further improve by doing a comparative study on characterization of EEG.  

Recommendation 2: 
Besides comparative study on EEG analysis techniques, future capstone student can also do a comparative study on different types of Classifiers that is most suitable for classifying EEG signal.

Other than GMM, currently available classifiers includes: Support Vector Machine (SVM), Artificial Neural Network (ANN), Fuzzy classifier etc.
CHAPTER 7: CRITICAL REVIEW AND REFLECTION

During the literature review stage, several trips were made to the National Library in search for reference books to familiarize with the basic concepts of EEG analysis techniques and how EEG data were being collected. Unfortunately, not many reference books on this area of interest were to be found. 
Most of the information about the EEG signal Analysis and MatLab software were gathered through Internet research and from my project supervisor. 

In the initial stage of the project, a lot of time was spent on literature review and also sourcing for the MatLab software needed to accomplish the project objectives. 

The project did not progress as smoothly as expected. A lot of unforeseen problems cropped up along the way. Fortunately, I was able to solve the problems in time with the help of the project supervisor. The predicament that I faced during that period made me realize how important time management and planning is. To complete the project objectives within the specific time frame, I had to take a sabbatical from work as my employers were not supportive of my studies.

I have set certain personal goals to be achieved during the course of this project. A major one of it was to be a competent programmer. As I have mentioned previously in this report, I was never good at any of the programming-based modules that I enrolled for throughout my academic journey. Although this project only required me to code short and simple programs, it was definitely not an easy task for me. Consequently, a substantial amount of time was spent familiarizing with the programs needed for this project. The most challenging part of this project was when faced with error problems during the debugging process. We had to analyze whether the problems that aroused was caused by the inaccuracy of the EEG data or the software coding.  

In due course, this project had posed a remarkable learning experience for me. I have gained knowledge on how important EEG signal analysis is given that approximately 30% of people suffering from epileptic are not able to be resolve by medication because we have too little information on human mental conditions.

I have learnt that developing of a mathematical model in medical field is a continuous process that requires a long time which needs constant refinement. 

Moreover, it has unquestionably increased my self confidence in handling assigned tasks and also taught me how to handle stress efficiently. A lesson that is engraved in me was understanding, the fact that time and project management plays very essential roles in the success of a project. Striving to complete this project has certainly improved my management, programming and report writing skills. This was an unforgettable experience that will remain with me for a lifetime. 
The courses in UNISIM for instance Human physiology and basic computer programming have added a definite advantage which allows the project to proceed up to current stage.
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APPENDICES

Appendix I – Extracted Feature of PSD (Normal)
	f1 Max
	a1 Max
	f1 Min
	a1 Min
	f2 Max
	a2 Max
	f2 Min
	a2 Min
	

	2
	18
	15439.96806
	8038.44442
	11
	27
	2026.680745
	254.3287732
	1

	2
	17
	10021.67813
	9721.198742
	11
	27
	1458.627581
	385.2876031
	1

	2
	18
	19748.75329
	13352.04039
	11
	27
	2178.201001
	416.7293866
	1

	2
	18
	19754.08946
	21208.06642
	10
	27
	3018.321701
	498.181729
	1

	2
	18
	10058.44784
	26244.97615
	8
	27
	1327.727554
	540.7712514
	1

	1
	17
	158712.0835
	9710.508018
	8
	29
	1729.786422
	396.3194457
	1

	2
	17
	63673.60695
	20785.51703
	11
	66
	3151.729164
	2.455853274
	1

	2
	17
	13629.81865
	9768.278938
	11
	27
	1838.546028
	401.5633222
	1

	1
	18
	32551.28253
	17483.81749
	12
	27
	2174.423619
	313.2240557
	1

	2
	17
	9662.052628
	107187.4898
	10
	27
	3275.468114
	1259.496254
	1

	2
	17
	15552.44906
	143780.7141
	9
	28
	3904.025389
	1501.003044
	1

	2
	17
	3772.219935
	8919.347362
	8
	27
	1397.378687
	494.9224025
	1

	1
	17
	165816.7095
	22702.53365
	8
	27
	1040.993566
	522.872142
	1

	1
	17
	85342.15813
	129953.7367
	8
	27
	2416.689914
	1386.594281
	1

	2
	17
	8207.526108
	142100.8058
	9
	27
	3375.404028
	1266.772973
	1

	1
	17
	206613.1608
	5082.587358
	8
	27
	1188.249859
	364.2540397
	1

	2
	17
	13788.8593
	159257.4705
	9
	27
	3642.994838
	1210.211005
	1

	2
	17
	7047.12572
	10451.18522
	9
	27
	1582.988814
	581.8290697
	1

	1
	15
	129117.689
	53277.90032
	8
	25
	1826.306252
	881.7053794
	1

	2
	15
	7076.90614
	38912.90028
	8
	25
	1563.622106
	691.7340312
	1

	1
	15
	27486.3083
	20657.54758
	7
	25
	2015.789725
	952.7946864
	1

	2
	15
	12528.9568
	44019.18265
	8
	24
	2157.685731
	1094.970613
	1

	2
	16
	4799.208536
	16837.98068
	8
	24
	1136.867128
	404.2566885
	1

	1
	16
	160455.5607
	50723.87219
	8
	25
	1462.987208
	862.2080881
	1

	2
	15
	10751.74518
	44384.76454
	8
	25
	1365.824849
	801.2764364
	1

	1
	16
	223002.8703
	17561.09743
	8
	24
	743.3438931
	620.2668078
	1

	1
	16
	159944.2016
	52053.98241
	8
	25
	1243.544515
	867.380795
	1

	1
	15
	174331.2219
	7013.247697
	8
	26
	1535.162116
	816.3745173
	1

	2
	16
	5199.363801
	6636.202624
	8
	24
	1276.909513
	703.1777448
	1


Appendix II– Extracted Feature of PSD (Epileptic)

	f1 Max
	a1 Max
	f1 Min
	a1 Min
	f2 Max
	a2 Max
	f2 Min
	a2 Min
	

	6
	20
	908801.4323
	376633.0665
	13
	77
	146008.9025
	19.36510344
	2

	7
	24
	774365.3566
	660454.0674
	16
	75
	116473.4186
	70.11706265
	2

	7
	22
	334859.3823
	338310.4801
	13
	75
	59953.02348
	28.12074429
	2

	10
	19
	299946.0145
	26363.24596
	16
	26
	17256.9601
	4921.887012
	2

	8
	102
	664804.3438
	75.98404899
	76
	108
	12.01729457
	69.52739346
	2

	9
	114
	96943.75677
	2.51797544
	78
	0
	0.922630759
	0
	2

	2
	20
	388207.452
	62604.45098
	12
	26
	18890.36314
	33835.69852
	2

	10
	19
	2656063.617
	244775.4611
	15
	78
	75945.02143
	3.479532851
	2

	9
	17
	1361925.297
	212072.0295
	14
	76
	120400.6882
	7.707218406
	2

	9
	25
	239066.9963
	1024864.897
	14
	75
	157282.9678
	73.37701187
	2

	9
	21
	391024.378
	210267.2134
	15
	76
	146049.5633
	18.47976029
	2

	9
	99
	1771958.086
	29.91022903
	78
	105
	11.76910214
	28.80488911
	2

	10
	18
	3838930.221
	882568.0015
	14
	24
	233979.0702
	152172.9653
	2

	2
	19
	141010.4058
	11897.73001
	18
	29
	11775.30827
	3323.065691
	2

	2
	17
	367763.6313
	42427.94784
	11
	86
	27069.89686
	1.776428275
	2

	2
	20
	107082.5157
	2466.507273
	15
	68
	1925.93452
	1.476863196
	2

	8
	24
	1489865.779
	821453.5561
	17
	80
	110336.6653
	245.9319366
	2

	2
	18
	111696.8132
	16636.00016
	13
	26
	11920.84723
	7578.217648
	2

	7
	15
	1087217.98
	363904.9996
	13
	77
	311961.2525
	3.49711481
	2

	10
	19
	452891.785
	70968.33749
	15
	77
	31541.82137
	2.751629113
	2

	7
	119
	72628.57935
	2.279390481
	87
	0
	0.992402628
	0
	2

	7
	22
	117421.8255
	62252.24942
	16
	77
	31125.34321
	5.841614878
	2

	7
	21
	247397.3383
	53822.5272
	14
	76
	28922.91444
	3.339766276
	2

	8
	16
	357280.1948
	123286.7101
	15
	76
	123283.0273
	13.63579718
	2

	6
	16
	698074.4405
	111820.6628
	13
	22
	104182.949
	59097.54271
	2

	10
	20
	673658.0048
	43595.80858
	16
	28
	24459.84981
	4471.907071
	2

	8
	23
	928627.0867
	805435.6294
	15
	76
	165420.3125
	72.66022894
	2

	7
	88
	2136103.471
	22.74312582
	76
	94
	8.010086419
	19.50826298
	2

	3
	18
	289329.4285
	32359.42612
	12
	24
	11087.67863
	9705.902608
	2

	11
	17
	483698.9349
	480716.725
	14
	77
	447882.2587
	12.96539241
	2


Appendix III – Extracted Feature of PSD (Alcoholic)

	f1 Max
	a1 Max
	f1 Min
	a1 Min
	f2 Max
	a2 Max
	f2 Min
	a2 Min
	

	1
	11
	1598.02817
	92.22799021
	7
	20
	43.76951911
	8.997700817
	3

	1
	12
	273.1151925
	94.64309631
	7
	22
	30.46458438
	7.030449764
	3

	1
	11
	2437.751515
	26.85022982
	8
	32
	23.15080529
	3.745815677
	3

	1
	13
	392.0880121
	39.79680092
	8
	22
	20.67848926
	9.668634903
	3

	2
	40
	923.5715227
	17.5481143
	33
	0
	11.06109086
	0
	3

	2
	10
	462.5164991
	173.6456554
	9
	19
	173.0105906
	103.3761443
	3

	1
	36
	463.1158248
	6.043892595
	30
	0
	4.623731501
	0
	3

	1
	12
	586.6991234
	32.00575445
	8
	21
	23.10546349
	7.148387744
	3

	1
	11
	1164.533879
	61.22211924
	8
	20
	49.65513668
	12.77828294
	3

	1
	13
	892.1008701
	33.06659786
	9
	22
	28.25506722
	13.9090333
	3

	1
	17
	254.9335113
	22.00705314
	10
	25
	10.27753411
	9.079585653
	3

	1
	12
	3076.864144
	48.48682518
	8
	21
	33.12746238
	8.431475749
	3

	2
	12
	178.3051744
	660.3762237
	6
	19
	98.51293747
	37.19407601
	3

	2
	12
	504.3144751
	129.9187384
	7
	20
	68.01597558
	24.78318353
	3

	1
	10
	1593.505498
	208.4391375
	7
	21
	128.163657
	15.1059184
	3

	1
	15
	5185.255905
	72.87359193
	10
	0
	54.18816309
	0
	3

	2
	38
	1042.633323
	10.23345574
	31
	0
	6.957835857
	0
	3

	2
	10
	463.0292809
	390.0816953
	6
	21
	100.8316937
	6.252455064
	3

	1
	17
	810.1907961
	10.62554806
	12
	0
	9.919040241
	0
	3

	1
	12
	1983.091872
	62.47774336
	7
	21
	34.33749771
	7.884644665
	3

	2
	0
	61.71914964
	0
	0
	0
	0
	0
	3

	2
	38
	895.6074132
	4.831013791
	33
	0
	4.088087329
	0
	3

	1
	9
	2851.982214
	328.3387554
	8
	0
	316.8561143
	0
	3

	1
	24
	6668.185664
	17.35341126
	21
	0
	16.82731842
	0
	3

	1
	26
	860.9628638
	11.48929662
	19
	0
	8.223801186
	0
	3

	1
	12
	2141.539798
	41.18851299
	9
	21
	37.16055628
	18.48615972
	3

	1
	18
	2443.246362
	23.83015828
	13
	0
	19.92193725
	0
	3

	2
	11
	117.4857433
	35.82466831
	7
	19
	27.47213505
	6.261461109
	3

	2
	21
	771.5276556
	75.74747797
	15
	0
	59.12004589
	0
	3

	1
	13
	4861.567839
	48.6181387
	9
	25
	42.71599724
	8.058882796
	3


Appendix IV – MatLab Codes for determining PSD using Bug’s method
Process the data with Burg's method to determine PSD
clear ('all');
close ('all');
DEBUG = 0; 0 = off, 1 = on
Integer specifying the order of an autoregressive (AR) prediction model for the signal used in estimating the PSD

AR_prediction_model = 20;
A cell with the different EEG stages
stages = {{'Normal', 'Epileptic', 'Alcoholic'}};
Process all the stages
for cnt_stages = 1:length(stages{1})
Prepare to load the data
fnames = dir(['..\..\' stages{1}{cnt_stages} '\*.txt']);
numfids = length(fnames);
burg_time = cell(1,numfids);
burg_frequency = cell (1,numfids);
How many data sets to load
if 0 == DEBUG
loop = numfids;
else
     loop = 1;
     end
 Loop over the data sets in one stage
    for K = 1:loop
 Load a particular data set
 burg_time {K} = load (['..\..\' stages {1}{cnt_stages} '\' fnames(K).name]);
 Estimate the frequency
 burg_frequency{K}= pyulear(burg_time{K},AR_prediction_model);
 if 1 == DEBUG 
 figure
 semilogy (burg_frequency {K});
 fid = fopen (['timeDomain_' stages{1}{cnt_stages} '.txt'], 'w', 'n');
 time_down = decimate (burg_time{K},5);
 fprintf (fid, '%5.3f %5.3f \n', [[0:length (time_down)- 1]'*11/length(time_down),    

 time_down*2/max (abs (time_down))]');
 fclose (fid);
 end
 end
    if 0 == DEBUG
        save (['burg_' stages{1}{cnt_stages} '.mat'], 'burg_frequency')
    end
Appendix V – MatLab Codes for PSD Feature Extraction

Perform feature extraction on PSD 
clear('all');
close('all');
Constants
noMin = 2;
noMax = 2;
Variables
complete_cnt = 1;
Differnet stages used to name the files with the PSD
stages={{'Normal' , 'Epileptic' , 'Alcoholic '}}
Decide on how many PSDs to process for each stage 
len = 3;
for cnt_stages=1: len
load(['burg_' stages{1}{cnt_stages} '.mat']);

Loop over all stages
for cnt = 1:length(burg_frequency) 

Call the pack detection function
[maxtab, mintab] = peakdet(burg_frequency{cnt}, 0.5);

Ensure that both maxtab and mintab have a minimum size
[m n]=size(maxtab);
if m<noMax 
maxtab(m+1:noMax,:)=zeros(noMax-m,2);
end
[m n]=size(mintab);
if m<noMin 
mintab(m+1:noMin,:)=zeros(noMin-m,2);
end        

Assemble the training array
complete_array(complete_cnt,:) = ...
[maxtab(1:noMax,1); maxtab(1:noMax,2);... % Maxima vector
mintab(1:noMin,1); mintab(1:noMin,2);... % Minima vector
cnt_stages]';%(bitget(cnt_stages, 2:-1:1)*2-[1 1 ])']';   % Classification vector
complete_cnt = complete_cnt+1;
    end;
end;
Normalize the complete array
complete_array_norm = complete_array;
for cnt = 1:8
complete_array_norm(:,cnt)=complete_array(:,cnt)./max(complete_array(:,cnt));
end;
Appendix VI – MatLab Codes for GMM Classifier



Demo of GMM used for classification:
clear all;
close all
load wstrain8
load wstest8 
nin = 8;   % No of inputs
class = 3; % which layer (R,G or B) and if its area or peri
rand('state', 4231);
randn('state', sum(100*clock));
Fit a mixture of Gaussians to each class. Use spherical 
ncentres = 1; % Variable
mix1 = gmm(nin, ncentres, 'full');
mix2 = gmm(nin, ncentres, 'full'); 
mix3 = gmm(nin, ncentres, 'full');
data = wstrain8(:,1:8);  %No.of inputs (columns)
label = wstrain8(:,9);  %class 
Initialise models

options = foptions;
options(14) = 20;   

Initialise the model parameters from the data  
mix1 = gmminit(mix1, data(label==1, :), options);    % mixture model 1
mix2 = gmminit(mix2, data(label==2, :), options);    % mixture model 2
mix3 = gmminit(mix3, data(label==3, :), options);    % mixture model 3
Train each model

options(1) = 1;  % Print error values
options(5) = 1;  % Prevent collapse of variances
options(14) = 1000; % Number of iterations
mix1 = gmmem(mix1, data(label==1, :), options);
mix2 = gmmem(mix2, data(label==2, :), options);
mix3 = gmmem(mix3, data(label==3, :), options);
Generate Test data

test = wstest8(:,1:8);
test_label = wstest8(:,9);

test_probs = [gmmprob (mix1, test) gmmprob(mix2, test) gmmprob(mix3, test)];% Convert to 1 of N encoding
target = [ test_label==1 test_label==2 test_label==3]; %No. of outputs
fh1 = conffig (test_probs, target);
Appendix VII – MatLab Codes for GUI
function varargout = wsgui(varargin)
% Begin initialization code - DO NOT EDIT
gui_Singleton = 1;
gui_State = struct('gui_Name',       mfilename, ...
                   'gui_Singleton',  gui_Singleton, ...
                   'gui_OpeningFcn', @wsgui_OpeningFcn, ...
                   'gui_OutputFcn',  @wsgui_OutputFcn, ...
                   'gui_LayoutFcn',  [] , ...
                   'gui_Callback',   []);
if nargin && ischar(varargin{1})
    gui_State.gui_Callback = str2func(varargin{1});
end
if nargout
    [varargout{1:nargout}] = gui_mainfcn(gui_State, varargin{:});
else
    gui_mainfcn(gui_State, varargin{:});
end
% End initialization code - DO NOT EDIT
% --- Executes just before wsgui is made visible.
function wsgui_OpeningFcn(hObject, eventdata, handles, varargin)
handles.signal=0;
handles.exsignal=0;
handles.filename=0;
handles.features=0;
% Choose default command line output for wsgui
handles.output = hObject;
% Update handles structure
guidata(hObject, handles);
% --- Outputs from this function are returned to the command line.
function varargout = wsgui_OutputFcn(hObject, eventdata, handles) 
% Get default command line output from handles structure
varargout{1} = handles.output;
 % --- Executes on button press in pushbutton1.
function pushbutton1_Callback(hObject, eventdata, handles)
set(handles.text21,'String','Processing...');
[filename, pathname] = uigetfile( '*.txt');
handles.filename=filename;
a=load(filename)
axes(handles.axes1)
plot(a)
title('Unknown EEG Signal','fontsize',10)
handles.signal=a;
 set(handles.text21,'String','End');
guidata(hObject, handles);
function edit1_Callback(hObject, eventdata, handles)
% --- Executes during object creation, after setting all properties.
function edit1_CreateFcn(hObject, eventdata, handles)
if ispc && isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor','white');
end
 function edit2_Callback(hObject, eventdata, handles)
% --- Executes during object creation, after setting all properties.
function edit2_CreateFcn(hObject, eventdata, handles)
if ispc && isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor','white');
end
 % --- Executes on button press in pushbutton2.
function pushbutton2_Callback(hObject, eventdata, handles)
set(handles.text21,'String','Processing...');
str1=get(handles.edit1,'String')
str2=get(handles.edit2,'String')
a=str2num(str1)
b=str2num(str2)
handles.exsignal=handles.signal(a:b);
axes(handles.axes2)
plot(handles.exsignal)
[Par,y]=pburg(handles.exsignal,10)
title('Extracted Signal','fontsize',10)
axes(handles.axes3)
plot(y,20*log10(Par))
title('AR plot of Extracted Signal','fontsize',10)
 set(handles.text21,'String','End');
guidata(hObject, handles);
 % --- Executes on button press in pushbutton3.
function pushbutton3_Callback(hObject, eventdata, handles)
 set(handles.text21,'String','Processing...');
       AR_prediction_model = 20;
        burg_time =handles.exsignal;
        DEBUG = 0; % % 0 = off, 1 = on
        % Estimate the frequency
        burg_frequency= pburg(burg_time,AR_prediction_model);
        if 1 == DEBUG 
            figure
            semilogy(burg_frequency);
            fid = fopen(['timeDomain_' stages{1}{cnt_stages} '.txt'], 'w', 'n');
            time_down = decimate(burg_time,5);
            fprintf(fid, '%5.3f %5.3f \n', [[0:length(time_down)-1]'*11/length(time_down), time_down*2/max(abs(time_down))]');
            fclose(fid);
        end
noMin = 2;
noMax = 2;
% Call the pack detection function
        [maxtab, mintab] = peakdet(burg_frequency, 0.5);
        % Ensure that both maxtab and mintab have a minimum size
        [m n]=size(maxtab);
        if m<noMax 
            maxtab(m+1:noMax,:)=zeros(noMax-m,2);
        end
        [m n]=size(mintab);
        if m<noMin 
            mintab(m+1:noMin,:)=zeros(noMin-m,2);
        end        
        % Assemble the training array
        psdfeatures =[maxtab(1:noMax,1); maxtab(1:noMax,2);mintab(1:noMin,1); mintab(1:noMin,2)]';
        set(handles.text13,'String',num2str(psdfeatures(:,1)));
             set(handles.text10,'String',num2str(psdfeatures(:,2)));
             set(handles.text11,'String',num2str(psdfeatures(:,3)));
             set(handles.text12,'String',num2str(psdfeatures(:,4)));
             set(handles.text17,'String',num2str(psdfeatures(:,5)));
             set(handles.text14,'String',num2str(psdfeatures(:,6)));
             set(handles.text15,'String',num2str(psdfeatures(:,7)));
             set(handles.text16,'String',num2str(psdfeatures(:,8)));
              set(handles.text21,'String','End');
              if(handles.filename(1)=='O')
                  psdfeatures(:,9)=1;
              end
              if(handles.filename(1)=='Z')
                  psdfeatures(:,9)=1;
              end
              if(handles.filename(1)=='S')
                  psdfeatures(:,9)=2;
              end
              if(handles.filename(1)=='a')
                  psdfeatures(:,9)=3;
              end
              load data;
              [m,n]=size(complete_array);
              a=m+1;
              complete_array(a,:)=psdfeatures
              y1=max(complete_array(:,1));
              complete_array(:,1)=complete_array(:,1)/y1;
              y2=max(complete_array(:,2));
              complete_array(:,2)=complete_array(:,2)/y2;
              y3=max(complete_array(:,3));
              complete_array(:,3)=complete_array(:,3)/y3;
              y4=max(complete_array(:,4));
              complete_array(:,4)=complete_array(:,4)/y4;
              y5=max(complete_array(:,5));
              complete_array(:,5)=complete_array(:,5)/y5;
              y6=max(complete_array(:,6));
              complete_array(:,6)=complete_array(:,6)/y6;
              y7=max(complete_array(:,7));
              complete_array(:,7)=complete_array(:,7)/y7;
              y8=max(complete_array(:,8));
              complete_array(:,8)=complete_array(:,8)/y8;
              handles.features=complete_array(a,:)
        
  guidata(hObject, handles);
% --- Executes on button press in pushbutton5.
function pushbutton5_Callback(hObject, eventdata, handles)
load wstrain4.txt
% Work with 2-d data
 nin = 8;   % No of inputs
class = 3; % which layer (R,G or B) and if its area or peri
% Fix the seeds 
rand('state', 4231);
randn('state', sum(100*clock));
 % Now fit a mixture of Gaussians to each class. Use spherical 
% Gaussians as we assume we don't know the data structure.
ncentres = 1; % Variable
mix1 = gmm(nin, ncentres, 'full');
mix2 = gmm(nin, ncentres, 'full'); 
mix3 = gmm(nin, ncentres, 'full');
data = wstrain4(:,1:8);  %No.of inputs (columns)
label = wstrain4(:,9);  %class 
% Initialise models
options = foptions;
options(14) = 20;   
% Initialise the model parameters from the data  
%(No. of Mix = No. of outputs)
% mix1 = normal, mix2 = mild, mod,severe and prolif
mix1 = gmminit(mix1, data(label==1, :), options);    % mixture model 1
mix2 = gmminit(mix2, data(label==2, :), options);    % mixture model 2
mix3 = gmminit(mix3, data(label==3, :), options);    % mixture model 3
 % Now train each model
options(1) = 1;  % Print error values
options(5) = 1;  % Prevent collapse of variances
options(14) = 1000; % Number of iterations
mix1 = gmmem(mix1, data(label==1, :), options);
mix2 = gmmem(mix2, data(label==2, :), options);
mix3 = gmmem(mix3, data(label==3, :), options);
% Generate test data
%[test, test_label] = gmmsamp(mix, n);
test = handles.features(:,1:8);
test_label = handles.features(:,9);
test_probs = [gmmprob(mix1, test) gmmprob(mix2, test) gmmprob(mix3, test)];% mmprob(mix3, test) ];
% Convert to 1 of N encoding
target = [ test_label==1 test_label==2 test_label==3 ];% test_label==3];  
%No. of outputs
C = conffig(test_probs, target);
C
result=''
if(C(1,1)==1)
    result='Normal'
     str=['The possible condition of the patient is ',result,'. It does not show signs of epileptic or alcoholic condition.']
end
if(C(2,2)==1)
        result='Epileptic'
         str=['The possible condition of the patient is ',result,'. The patient is not mentally stable.']
end
    if(C(3,3)==1)
    result='Alcoholic'
     str=['The possible condition of the patient is ',result,'. The patient is not mentally stable.']
    end
 set(handles.text19,'String',result);
  set(handles.text20,'String',str);
          guidata(hObject, handles);[image: image19.png]
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                 Fig.3 – Alcoholic EEG 


(Source from http://kdd.ics.uci.edu/databases/eeg/alcoholic.gif)
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Fig. 10 – Screen shot of GUI for


      Normal condition








Fig. 12 – Screen shot of GUI for


         Alcoholic condition








Matrix no.�
Training and Testing Pattern �
Classification Rate (100%)�
�
1�
�
100�
�
2�
�
93.9394 �
�
3�
�
96.9697�
�
4�
�
93.9394�
�
5�
�
96.9697�
�
6�
�
96.9697�
�
7�
�
96.9697�
�
8�
�
96.9697�
�
9�
�
96.9697�
�
10�
�
100�
�






(Source from � HYPERLINK "http://www.biogetic.com/research.html" ��www.biogetic.com/research.html�)        





 (Source from 


  http://www.complexity.org.au/ci/vol05/watters/watters.html)
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