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ABSTRACT Electroencephalography (EEG) is a well Known tool to capture the human brain signals. This paper uses

the time frequency approach known as spectrogram image processing technique for analyzing the EEG sig-
nal, which was generated by the technique Short Time Fourier Transform. The features were extracted by using the Gray Level Co-
occurrence Matrix (GLCM). The four feature mean, variance, standard deviation and range were extracted using the Gray Level Co-
occurrence Matrix (GLCM). The extracted features were given as the input to the Adaptive Resonance Theory-2 (ARTZ2) classifier. Then
the Adaptive Resonance Theory-2 (ART2) classifier was employed to classify the EEG spectrogram image. The results showed that the
Adaptive Resonance Theory-2 (ART2) classifier was able to EEG spectrogram image with accuracy of 96%.

1. INTRODUCTION

The Human brain s a complex system which exhibits a
tich spatiotemporal dynamics [1]. The electrical activity 1.e
the variation of the surface potential distribution on the
scalps reflects functional activities of the brain. This
electrical activity is recorded by affixing an array of
electrodes to the scalp, and measuring the voltage between
pairs of these electrodes the obtained data is called the
Electroencephalogram (EEG) signal [2]. The diagnosis of
the activity of the brain is vital issue. The detection and
classification of the EEG data by visual screening is a
complex and time consuming operation. EEG signals are
non-stationary; hence the visual analysis of EEG signal in
time domain is not sufficient. So the brain waves recorded in
the form of amplitude versus time L¢. time based are usually
translated into frequency based using the Fourier transforms,
The brain wave can also be analyzed with a technique called
time-frequency based which is known as spectrogram image.
The spectrogram image has been used in the study of heart
abnormalities from the ECG signal [3]. The spectrogram
image can be analyzed using texture analysis in image

processing called as Gray Level Co-occurrence Matrix
(GLCM). The GLCM technique is also popular in
biomedical image analysis to detect disease in liver and
brain [4, 5]. The main aim of classification of EEG signal is
for diagnose of the brain signal. In our project we are using
the EEG spectrogram image obtained from the STFT. The
features are extracted from the spectrogram image using the
GLCM technique. The extracted features are classified using
the Adaptive Resonance Theory-2 classifier which is a kind
of neural network classifier which has high stability and
plasticity. The uses of ANN classifiers are done before, but
by using the ART-2 classifiers we can achieve high rate of
accuracy .Thus the classification of EEG spectrogram is
carried out using the Adaptive Resonance Theory-2
algorithm.

2. IMPLEMENTATION

A.DATA COLLECTION:

For the data acquisition, electrodes of 8 mm of silver-
silver chloride fixed on C3 and C4 of the international
system of positioning 10-20 electrode system were used.
Signal amplification was made through amplifier EEG
of 8-channel model Procomp Infinity. The sampling
frequency is of 256 Hz. A digital band-pass filter has
been implemented between 0.5 and 30 Hz in real time to
especially eliminate the noise originating from the
mains and other sources.

B. PREPROCESSING:

As shown in fig 1, the raw EEG signals need to be
cleaned the EEG preprocessing consists of two steps;
artifacts removal and low pass filter. In data
preprocessing, the artifacts is removed by using a
threshold value. The value was set to eliminate the EEG
signal when the values are exceeded 100pV and less
than -100pV. The program was designed using
MATLAB. The Low pass filter was used to remove the
DC components. The preprocessing is necessary to
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clean the EEG signal because the raw signal is
contaminated which when used with good classifier also
provides average results due to the artifacts present in
the signal. Hence the raw EEG signal is preprocessed.

EEG SIGNAL
TO TRAIN

\ 4

PRE-
PROCESSING

h 4

ART-2 J TEST EEG
CLASSIFIER SIGNAL

C.

l

RESULTS

Fig 1 Block diagram to classify the EEG signal
using Adaptive Resonance Theory-2

SPECTROGRAM IMAGE:

The processed signal i.e the cleaned signals are
in the time based form. It is translated into the
frequency based form by using the Fourier
transform. One of the mathematical methods with
greater application in signal processing is the
Fourier Transform (FT), Fourier analysis is as a
mathematical technique for transforming our view
of the signal from time-based to frequency-based
using the equation (1)

X(f) = [x@®e ¥t dt (1)

For many signals, Fourier analysis is extremely
useful because the signal's frequency content is of
great importance, but it has a serious drawback. In
transforming to the frequency domain, time
information is lost. When looking at a Fourier
transform of a signal, it is impossible to tell when a
particular event took place, because the analysis
coefficients X(f) denote the distribution of the

signal in the frequency domain for the entire record,
that is, with no time resolution[2].

If the signal properties do not change much over
time that is, if it is what is called a stationary signal
this drawback isn't very important. However, most
interesting signals, like the EEG signals, contain
numerous non-stationary or transitory
characteristics: drift, trends, abrupt changes, and
beginnings and ends of events. These
characteristics are often the most important part of
the signal, and Fourier analysis is not suited to
detect them.

In an effort to correct this deficiency, Dennis Gabor
(1946) adapted the Fourier transform to analyze
only a small section of the signal at a time[2]. This
intuitive solution consists of multiplying the signal
x(t) with a temporal window function h. The
resulting transform, called the Short-

STFT(t,f) = [X(0)h* (1 — t)e ¥Vt dr )

Thus the frequency- time based signal is called as
the spectrogram image. For non stationary signals
like EEG these spectrogram images are used study
the abnormalities of the EEG signals. The
spectrogram image was obtained using the matlab
functions.

. FEATURE EXTRACTION

The spectrogram image was analyzed by using the
texture analysis method using the Gray level co-
occurrence matrix. Thus the features are extracted
using the above four equations. The 160 features
were extracted using the GLCM technique. The
GLCM was calculated by the inbuilt functions
present in the matlab. For each EEG data 160
features were determined .These extracted features
are given as input to the ART-2 classifier, where
the classifier classifies the EEG signal by
comparing these extracted features by the GLCM
texture analysis method[6].

3. CLASSIFICATION.
Adaptive resonance theory based artificial neural
networks (ART) form a particular family of pattern
recognition methods. They were introduced by G.
Carpenter and S. Grossberg to overcome the so-
called stability plasticity dilemma. It is said, that
ART networks solve the stability-plasticity
dilemma: "they are stable enough to preserve
significant past learning but they remain adaptable
enough to incorporate new information"[7]. In other
words: they are always able to learn new patterns
without forgetting the past. The ART network is
able to create stable recognition codes by self
organization in response to arbitrary sequences of
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input pattern. Adaptive Resonance Theory, or ART,
is a cognitive and neural theory of how the brain

autonomously learns to attend, categorize, W,
recognize, and predict objects and events in a X =m ™
changing world[15].
The topol h of ART-2 in fig 2
S ey B n v = () +bf(@) @®)

shows the F1 Feature representation field with M

processing units each one composed of three 0 x<0

layered feedback system: top, middle and bottom. where f(x) = {x x>0

The neurons are represented by the circles. It has a

vigilance parameter p which is used as a threshold where ||W|| denotes the normalised value of W it is given as
value for finding the perfect match. W]l = VX w2 The variables abc,e are the constants.

where I is the output signal from the jth F2 node and is the
LTM trace in the path from the jth F2 node to the i F1 node.

B. The STM equations of Category representation field
F2[7,8]:

The function of the F2 layer is to determine the
winning neuron by competitions, whose weight vectors have
a maximum similarity to input vectors. Suppose the input
vector of node j in F2 is the winner node then,

T =%ipZ;  (j=Mtl...N) 9

The winner node is then taken as

T

7

"=max(T)  (j=M+l....N)  (10)

F2 can also be resetted by using the gated dipole field
network in F2. When a new input reaches the F2 gated
dipole field the nodes are resetted. When node j is the
maximum activated node, other nodes should be deactivated.
The gated dipole can be characterized as

4 j=J
a)= 13 )2 )

Fig 2 Topology of ART-2

While d is the top-bottom feedback parameter should be, 0

<d<1. The constant ¢ and d are related % <L

From this eqn (6.9) the eqn (6.3) can be written as

pl:{ wikdg, J =) (12)
U; J#F]

A. The STM equations of feature representation field
F1(7,8]:

The input is given to a three layered feedback system
which has the nodes wi, X, ;, Vi, pi, i the Short term
memory activities of the Fl field are given by the

dimentionless equations (3 to 8
1 ( ) C.Weight regulation equations|7,8]

v The weights are updated adaptively by the adaptive filters

U = Py T ©) in the Long term memory (LTM).
w =s; +au, ) The weight equation from F2—F1 is given as
dz;
C d—]tl =d(p - z) (13)
o=t ) g0y ©)
j=M+ The weight equation from F1—F2 is given as
P Yy - 4, -2) (14)
i —_= L =7
= — 6 pi ij
I © d
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Vi

When F2 has a winning neuron j forj#j" then W= poowp =S Fauy
dz; dz; =y L
d—;’ =0 and d—? =0 Pi u;‘ Tt 5 %=
Qi:m s v =f)+bf(a;)

If j =] then the weights are concluded as
Step 5: Calculate the F2 activation layer using

dz; U;
i (M v =z 7
= d-d) (- 5.) (1s) = Lnh
Step 6: If reset is true , perform steps 7 and 8
P _ g1 -4) (L - 2;.) (16)
dt 1-d "

Step 7. Find the winning neuron j in the F2 layer with

. L maximum activation
The weights Z;; and Zj; are initially taken by the

equations . Step 8: Test for the vigilence by calculating,
Zij . 0 and ZL] . m »
where 1= 1,2,..., M; j =M+1,....... M+N) et |Vl
D. The orienting subsystem reset equation[7,8] i =u tdty;
o . : u; +Cp;
When a similarity is not determined the F2 is resetted. The == —
matching equation is defined by e+ Ul + [lcPll
ro= = Lt =12...M (17) If ||ri]|< (p-e) then y; = -1 hence inhibit j, Reset is true.
e+UlI+lcPll Perform step 5

Set threshold p, 0 < p < 1||ﬂh¢| is the m odulus of
similarity, if ||R|| < p then the orienting subsystem resets
the field F2.

If || i ||2 (p-¢) then calculate the equations;

Wi = Si +au i
i
E. Implementation of the learning algorithms of ART-2[11, X = et W
12, 14,16] _ b
o el
Step 1: Initialize the parameters) a, b, c, d, e, a, p). Also v = f(x ) +bf(q)
specify the number of epochs of training and the number of
learning itertation w have takena=b=28,¢=0.1,d = 0.?, e If reset is false proceed with step 8
=0, a=0.5, p=0.75. The values of ¢ and d should satisfy
the equation % < 1. The a is the learning rate; p is the Step 8: Perform steps 9 to 11 for specified number of
vigilance parameter which should be 0.7 < p < 1; the learning iterations
weights are initialzed using the Equation
7. =0 and 7 . Where M is the Step 9: Update the weights for winning unit j:
K ¥ =
attribution of the training pattern. 7; = adu; + {1+ ad(d - 1)}z

Zij = adui + {1 + ad(d - 1)} Zi/

o Step 10: Update the F1 activations:
Step 2: For each training pattern perform step 3 to 12 for

number of epochs time. (nep = 100 ;

U P (nep ) U = e+T|V|| ; w; =S; +au;

Step 3: Update F1 unit activation pi=w +dt; X = erﬁ;/”

u; =0 ;0 W =S i

pf=0 _ x.lz w; qi:ef”P“ ;o v =f0q)+bf(q)

l RN 7] - |

3 =0 Doy =f(x) Step 11: Check for the stopping condition of weight
updation ; whether the number of stop iterations is reached

Step 4: Update F1 unit equations again using following or not.

equations
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Step 12: Check for the stopping condition for number of Original Signal
epochs ; whether the number of stop epochs is reached or T
not.

After the network is trained by the learning algorithm the
classification is done by the unsupervised method of the
Adaptive resonance theory-2. The extracted features from
the GLCM were used as the input to the classifier to test and
evaluate by ART-2 neural network. The performance
measures of accuracy of classifier are given by the
sensitivity, specificity and the total accuracy of these

algorithms will also be presented using as training and o
testing data sets. 0 500 1000 1500 2000 2500 3000 3500 4000 4500

Fig 4 Original EEG signal
4, RESULT AND CONCLUSION 60— OrondSina

50

The raw EEG signals are shown in the fig 3 which is

time based signals. The preprocessing of the signal is ©

done using two steps one is artifact removal and the %
other is low pass filter. In data preprocessing, the 2
artifacts is removed by using a threshold value. The 1

value was set to eliminate the EEG signal when the
values are exceeded 100V and less than -100pV. The
program was designed using MATLAB. The low pass
filter was used to remove the DC components. The fig 4
shows the preprocessed EEG signal. After the 30
preprocessing the spectrogram image of the EEG signal 40,
is obtained which is the Frequency —time based system.

The 160 features were extracted using the GLCM

technique. These features were given as the inpgt to the Fig 5 Processed EEG signal
Adaptive resonance theory-2 classifier with the

following parameters given in table 1.The classification

-20

! ! ! ! ! ! ! !
500 1000 1500 2000 2500 3000 3500 4000 4500

is shown in the fig 7.
B - -
.. Clazsification
Table 1 : parameters for the learning algorithm of ART-2
Create Database
Values
Parameters assigned Training
Vigilance parameter
& ¢ 0.75 Select an Query
(p)
Learning rate (o)) 0.5
Clagsifiy
a 8
b 8 Plot Graph
C 0.1 Exit
d 0.9
e 0 . .
Fig 6 menu window
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O

Fig 7 classification using ART-2

Fig 6 and 7 shows the matlab code implementation
and classification output. The menu window the
EEG signals are stored in the data base. The 50%
of the data is used for training the remaining 5% is
used for the testing, after selecting a test signal the
classify signal classifies the test signal which is
taken as object 1 as person 1. The plot of ROC is
obtained which is shown in fig 8.

ROC for classification by logistic regression

True positive rate

01 1 1 1 1 1 1 1
02 03 04 05 06 07 08 09 1

False positive rate

Fig 8 Roc for classification

A ROC graph is a plot with the false positive rate
on the Xaxis and the true positive rate on
the Y axis. It gives the increasing rate of specificity
and sensitivity at the learning process of the
classifier. After the learning process it was at 90%
which tremendously gave an higher accuracy after
the learning process was complete. This graph
gives the probability of the sensitivity and
specificity at the time of the learning of algorithm
ART-2. For all the sets of EEG data the
performances were obtained as the specificity of

95.4% , sensitivity of 97.3% and a overall
accuracy of 96.67% was obtained.

Peformance chart

100%

90% [

80%

70% [

60% [

50% [

Recognition Rate

40%

30%

20% [

10%

0%

No of Trails

Fig 9 Performance chart

In the performance chart shown in the fig 9 we had
taken two trials by varying the vigilance parameters of
the classifier. In the first trail the classifier gave an
accuracy of 95% and the same input signals when
classified again with the same classifier by varying the
vigilance parameter gave an accuracy of 98%. By
taking the average of the two trails the overall accuracy
of the classification is given as 96%.

5. CONCLUSION

The EEG signal is one of the diagnose tool to detect the
brain activitydetect it is usually corrupted with unwanted
interference. The artifacts and interfaces are removed by the
preprocessing of the signal. The spectrogram image is
obtained foor the cleaned EEG signal. Using the technique
of GLCM feature extraction the features are extracted. These
features are applied to the Adaptive Resonance Theory-2
neural network which classifies the EEG signal. Neural
Network is applied for EEG signal characterizing, noise
reduction. The neural network architecture is used to detect
and characterize the EEG signal. The most important
advantage of the proposed method is the reduction of data
size as well indicating and recognizing the main
characteristics of signal. Furthermore, it can reduce memory
space, shorten pre-processing needs, the network size and
increase computation speed for the classification of an ECG
signal. In order to achieve a stable classifier the Adaptive
resonance theory-2 classifier is used. By using the ART-2
algorithm to classify the EEG signals an overall accuracy
was 96% was obtained
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