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Abstract—In this paper, an Artificial Neural Network (ANN) algorithm for classifying the EEG spectrogram images in brainwave
is presented. Gray Level Co-occurrence Matrix (GLCM) texture feature from the EEG spectrogram images have been used as
input to the system. The GLCM texture feature produced large dimension of feature, therefore the Principal Component Analysis
(PCA) is used to reduce the feature dimension. The result shows that the proposed model is able to classify EEG spectrogram
images with 77% to 84% accuracy for three classes of brainwave balancing application with an optimized ANN model in training

by varying the neurons in the hidden layer, epoch, momentum rate and learning rate.
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I. INTRODUCTION

Artificial neural network (ANN) is inspired from the
human brain by mimicking the action of neurons in the
brain. ANN is a popular and powerful algorithm in data
mining. The best performance can be achieved by varying
the weights during training process. The feed forward
training algorithm is normally used for the ANN in
Electroencephalogram (EEG) analysis and has been proven
by many researchers to be a great tool for classification,
recognition and prediction in the EEG application [1-3].
According to these research findings, it denotes a promising
result in the biomedical field. Nevertheless, the use of ANN
as a classifier in balancing the brainwave never has been
reported via literature. However, this paper will introduce an
application of ANN for the balance brainwave application.
Brainwaves are grouped into four bands identified as Delta,
Theta, Alpha and Beta frequency bands[4]. Delta is the
lowest frequency band with the highest amplitude while
Beta is the highest frequency band with the lowest
amplitude. Human brain is divided into two main regions
which are the right and left hemisphere. The right
hemisphere is superior in thinking, remembering, perceiving,
understanding and emoting whereas the left hemisphere is
dominant in activities involving analysis, arithmetic,
language and speech [5, 6]. Balance brainwave is using both
the right and left hemisphere of brain simultaneously.
Balanced thinking that simultaneously uses both right and
left will lead to a balanced life and lead to better health [6,
7].
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II.  RELATED WORK

EEG is an example of biosignal and other biosignal are
electrocardiogram (ECG), electromyogram (EMG) and
magnetoencephalogram (MEG). The EEG signals are
characterized by the amplitude (voltage) and frequency. The
frequency varies in each band, the Delta ranges within 0.5 to
4 Hz, Theta ranges from 4 to 8 Hz, Alpha ranges from & to
13 Hz and Beta ranges from 13 to 32 Hz [8]. However, the
raw EEG signals need to be analysed in order to extract
useful information for specific research.

Generally, the EEG signals are processed using the signal
processing approach which extracted based on the time and
frequency. The EEG signal is collected in time based and to
transform this signal into frequency based, the Fourier
Transform (FT) will be employed in this signal. The EEG
signal also can be processed using image processing
approach via the time-frequency based. The Short Time
Fourier Transform (STFT) is one of the popular techniques
to process signal through time-frequency based. The STFT
is to perform an FT on the signal, then mapping the signal
into a two-dimensional function of frequency and time.

There are a few researches using image processing
technique in biosignal. However, there is an example of
using image processing technique in analysing the ECG
signal. The spectrogram image was produced using STFT in
order to recognize heart abnormalities in the ECG waveform
[9]. Next, the spectrogram images need to be further
analysed, for example by using texture analysis. Gray Level
Co-occurrence Matrix (GLCM) is a popular technique in
various applications such as wood, satellite and ultrasound.
There is a study that uses the GLCM as a texture analysis to
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detect sleep disorder breathing in the ECG signal [10].
Usually, the Principal Component Analysis (PCA) is used
for data reduction, classification and regression and it has
been reported elsewhere. There is a study that uses the PCA
for data reduction [11]. The PCA chooses three components
out of the eight components from the GLCM texture feature.
The result demonstrates that the three components give
better accuracy than the eight components.

ANN history begins in the year 1940’s and was initiated
by McCulloch and Pitts’. However, it was popular in the
1980s [12]. ANN is actually a mathematical model to solve
a variety of problems in control, prediction, pattern
recognition, and optimization. There are several issues in
the ANN design, including the number of training samples,
activation function, learning parameters, and network model
and size. Nevertheless, there is no general guideline to
choose the best ANN architecture for a particular size of the
training. Training unconstrained networks using standard
performance measures such as the mean squared error may
produce an unsatisfying result [13]. ANN is highly suited to
process feature rich data [12-16]. There are studies using the
extracted EEG signal features to be fed into the ANN in
various applications. For example, the ANN is employed to
analyzed the epileptic seizure [14], Parkinson disease [15]
and brain-computer interface [16].

III. EEG SPECTROGRAM IMAGE AND GLCM ANALYSIS

An inspiration using time-frequency based is based on
research in acoustic signal [17], sound [18], heart rate from
ECG [19]. There is a study using time-frequency based
approach in analyzing EEG signal in Brain Computer
Interface (BCI) application [16]. Based on this research,
time-frequency based have the same meaning as time-
frequency representation, spectrogram image and lofargram
but in this paper uses the term EEG spectrogram image. In
this paper, uses a STFT to generate EEG spectrogram image
for balanced brain application. After produced an EEG
spectrogram image, GLCM 1is used to extract features.
GLCM is a second order texture analysis in image
processing. The GLCM is used comprehensively in
analyzing images texture in applications such as satellite
[20], acoustic signal [17], ultrasound [21], and as well as
wood recognition [22]. This paper is improvement from the
previous paper [23]. The previous paper emphasizes training
process in ANN, meanwhile this paper employ ANN for
training and testing process. In addition, number of training
to testing ratio is evaluated at 70 to 30 and 80 to 20 to find
the best model. In this paper, the EEG signal is processed by
using image processing technique and confirmed by the
brain dominance questionnaire. Next section will be
described implementing the proposed method in the
experiment.
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IV. METHODS

A. Subjects

The data collections were performed at Biomedical
Research and Development Laboratory for Human
Potential, Faculty of Electrical Engineering, Universiti
Teknologi MARA Malaysia. The EEG signals were
collected from 51 volunteers. The volunteers comprised of
28 males and 23 females with the mean age of 21.7. All
volunteers were in healthy condition and did not consume
any medication prior to the test. This study was approved by
the ethics committee from Universiti Teknologi MARA.

B. EEG Measurement

The EEG data were collected with 2-channel electrodes
Fpl and Fp2 and reference to earlobes Al, A2 and Fz .The
electrodes using gold disc with 256Hz sampling rate and the
connections are in accordance to 10-20 International system.
The EEG signal was recorded for five minutes using the
g.MOBIlab, with wireless EEG equipment. The setup of
EEG measurement is shown in Fig. 1. The impedance was
maintained below 5kQ using Z-checker equipment. Prior to
the EEG recording, volunteers have to answer the eleven
items Brain Dominance Questionaire [24]. Once the
questionaire is completed, the score is calculated to
determine the index of each sample. This index is produced
from the previous experiment [25]. Table I shows the sample
per index. Index 3 is for moderately balanced brain, Index 4
is for balanced brain and Index 5 is for highly balanced
brain. Data for Index 1 and Index 2, corresponding to the
unbalanced brain and less balanced brain, respectively are
not available.The data was collected and processed by using

the MATLAB program.

Wireless
connection

-— 0

Human forehead g-MOBIlab Computer
Figure 1. EEG measurement set up.
TABLE 1. DATA SAMPEL PER INDEX.

Index Description Samples
Index 3 Moderately balanced brain 9
Index 4 Balanced brain 37
Index 5 Highly balanced brain 5

C. EEG Signal Pre-processing

Fig. 2 denotes the flow diagram for the EEG signal analysis
from EEG signal collection up to process classification
using the ANN. EEG signal pre-processing includes the
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artifact removal and band pass filter. Artifacts occur when
the volunteers blink his or her eyes. This artifacts were
removed by the means of a program designed using
MATLAB tools by setting a threshold value. The threshold
was set to eliminate data when the values are less than -
100uV and more than 100uV. The band pass filter was set
for the frequency from 0.5Hz to 30Hz using Hamming
window with 50% overlapping.

EEG Signal

L

Artifact removal

L

Band pass filter

L

EEG spectrogram image for
(8-band, 6-band, o-band, B-band)

L

GLCM

L

Texture feature

L

PCA

L

ANN

Figure 2. Flow diagram for EEG signal analysis.

D. Short Time Fourier Transform (STFT)

The STFT has produced spectrogram images for both Fpl
and Fp2 channels with image size 436 x 342. In STFT
programming, each frequency band is set. The Beta band is
set from 13Hz to 30Hz, Alpha band is set from 8Hz to
13Hz, Theta band is set from 4Hz to 8Hz and Delta band is
set from 0.5Hz to 4Hz. The STFT is done by multiplying
the Fourier Transform (FT) of the EEG signal by window
function.

E. Gray Level Co-occurrence Matrix (GLCM)

There are parameters need to be set in GLCM, including the
grey level, orientation and displacement. In [26] proposed
grey level less than 64 and greater than 24 because grey
level greater than 64 will produce an expensive
computational cost whereas grey level below 24 will
produce low accuracy. Most researchers employ all the four
orientations (0°, 45°, 90°and 135°) in their experiments [26,
27].The displacement, d=1 chosen by many researchers
[27]. In this experiment, the grey level is set with 32, all
four orientations (0°, 45°, 90° and 135" and displacement,
d=1. Subsequently, the texture features were extracted for
each GLCM. In this research, the texture feature is the
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combination of Haralick [27], Soh [28] and Clausi [26]
technique. The 20 texture features are the Inverse difference
normalized, Inverse difference moment normalized,
Information of correlation 1, Information of correlation 2,
Different variance, Different entropy, Sum average, Sum
variance, Sum entropy, Maximum probability, Variance,
Entropy, Homogeneity, Dissimilarity, Energy, Cluster
prominence, Cluster shade, Autocorrelation, Contrast and
Correlation.

F. Principal Component Analysis (PCA)

Output from the GLCM texture feature generates big
matrices. In order to reduce big matrices, the PCA was
employed to find optimum features. The optimum features
will reduce the execution time for the classification process.
The first principal components contain most of the useful
information, and the last principal components contain
mostly noise. Therefore, these last principal components can
be removed without significantly affecting the information
content of the GLCM texture feature.

G. Atrtificial Neural Network (ANN)

A feed-forward ANN was used to analysis the EEG
spectrogram image and was trained using Levenberg-
Marquardt algorithm [2, 14]. The system has an § inputs and
1 output. The best ANN model can be obtained by
optimizing four parameters, namely the number of neurons
in the hidden layer, epoch, momentum rate and learning rate
[14] . The optimum parameters can be achieved by finding
the highest accuracy and the lowest mean square error
(MSE) [29]. Many studies refer to MSE as the error goal
[29, 30]. In this experiment, the sigmoid was selected for the
ANN activation function. The parameters to be optimized
vary while the three parameters were fixed. Next, accuracy
and MSE were observed and collected. Finally, the best
model for the experiment was selected for the final
application. This experiment uses two sets of data. The first
set uses 70% of the data for training ANN and 30% of data
for testing the ANN model. The second set using the ratio
80:20 for training and testing the ANN model.

V. RESULT AND DISCUSSION

Spectrogram images produced using the STFT are as
shown in Figs. 3 (a)-(h). These figures illustrate the Delta
band, Theta band, Alpha band and Beta band for both the
Fpl and Fp2 channels. Based on these figures, the
spectrogram is texture shaped and each frequency band
produces different texture. Each EEG sample will produce
eight images for both channels Fpl and Fp2. The number of
spectrogram generated is shown in Table II.
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(€9 (b)

Figure 3. Spectrogram images for (a) Delta band from Fp1 channel
(b) Delta band from Fp2 channel (c) Theta band from Fp1 channel (d)
Theta band from Fp2 channel (e) Alpha band from Fp1 channel (f)
Alpha band from Fp2 channel (g) Beta band from Fp1 channel (h)

components. The graph shows that the percentage gradually
decreases until the last components. The first components
show the highest percent, with 70% eigenvalue of covariance
from original data. Some components have been chosen for
the purpose of classification based on the results of PCA, and
8 principal components were selected because they produced
a high percentage of eigenvalue.
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Figure 4. Graph of eigenvalue in percent

Performance of optimization of the ANN is presented in
Figs. 5 to 8 for data ratio 70:30. In the figures, legend
‘solid’ line and ‘dot’ line represents mean squared error and
accuracy percentage. Fig. 5 illustrates the result for
optimizing the number of neurons in the hidden layer size.
In the figure, the ‘solid’ line shows a decreasing trend with
respect to the number of neurons, while the ‘dot’ line shows
an increasing line with respect to the number of neurons. It
was found that the hidden layer 24, 22, 20, 18, 13, and 10
may produce good prediction outcome. In this experiment,
the network with hidden layer size 10 with accuracy rate
88.5% with MSE 0.0598 was selected.

Beta band from Fp2 channel

TABLE II. NUMBER OF EEG SPECTROGRAM IMAGE.
Index Samples EEG spectrogram image
Index 3 9 72
Index 4 37 296
Index 5 5 40
TOTAL 51 408

0.15

01

mse

0051

100

mse
accuracy(%)

accuracy(%)

The GLCM was generated for grey level=32, matrix
orientations for 0°, 45°, 90° and 135°, with displacement=1
for each spectrogram image and then texture feature from the
combination of Haralick , Soh and Clausi were extracted.
Eighty GLCM texture features were extracted and PCA is
used to reduce this data dimension. Fig. 4 shows the
percentage of eigenvalue produced by 80 principal
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Figure 5. Training performance and prediction accuracy with varying

hidden layer size
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Fig. 6 shows the result of the finding of the optimum
epoch. From this figure, it was found that the epoch value of
10000 and 50000 may produced good outcome. The epoch
10000 was found to be optimum with an accuracy of
88.81% with MSE 0.0937.
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Figure 6. Training performance and prediction accuracy with varying
epoch.

Fig. 7 illustrates the result of the finding of the
momentum rate. From the figure, ‘solid’ line shows a
decreasing trend until it reaches 0.3 momentum rate, at this
point the trend started to increase gradually. The ‘dot’ line
gradually decreases until it reaches 0.9 momentum rate. The
figure shows a learning rate of 0.2 and 1 may produce a
good prediction outcome. The momentum rate of 0.2 was
found to be the optimum accuracy 89.5% with MSE 0.0586.
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Figure 7. Training performance and prediction accuracy with varying
momentum rate

Fig. 8 shows the result of the finding of the optimum
learning rate. From this figure, it was found that the learning
rate values of 0.2 and 0.6 may produce a good outcome with
a lower point of MSE. The learning rate of 0.8 was found to
be the optimum accuracy 89.2% with MSE 0.0606. Finally,

DOI 10.5013/1JSSST.a.12.05.05

the best network defined by the 10 hidden neurons, 10000
epoch, 0.2 momentum rate and learning rate of 0.6.
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Figure 8. Training performance and prediction accuracy with varying
learning rate

Table III illustrates the confusion matrix for the EEG
spectrogram classification after testing using the ANN with
optimized parameters. From the figure, legend 13, 14 and 15
represent Index 3, Index 4 and Index 5. From this table,
accuracy for the EEG spectrogram according to the Index 3
to Index 5 is 77%.

TABLE IIL CONFUSION MATRIX FOR ANN TESTING RESULT FOR
DATA RATIO 70:30.
Index 3 | Index4 | Index 5
Index 3 17 6 1
Index 4 9 68 5
Index 5 0 7 9

Performance of optimization of the ANN is presented in
Figs. 9 to 12 for data ratio 80:20. Again, the legend ‘solid’
line and ‘dot’ line represent the mean squared error and
accuracy percentage. Fig. 9 illustrates the result for the
optimizing number of neurons in the hidden layer. In the
figure, it was found that the hidden layer 15, 22, 24 and 25
may produce a good prediction outcome. In the experiment,
the network with hidden layer 22 with an accuracy rate of
94.21% with 0.0421 MSE was selected.
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Figure 9. Training performance and prediction accuracy with varying
hidden layer size

Fig. 10 shows the result for the finding optimum epoch.
From this figure, it was found that epoch value of 3000,
30000 and 100000 may produce a good prediction outcome.
The epoch of 3000 was found to be optimum with an
accuracy of 78.5% with MSE 0.1379.
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Figure 10. Training performance and prediction accuracy with varying
epoch

Fig. 11 illustrates the result for the finding optimum
momentum. From the figure, ‘solid’ line gradually decreases
until reaches 0.5 momentum rates, at this point the trend
started to increase. The ‘dot’ line reaches highest peak at
point 0.5 momentum rate. In the figure shows momentum
rate of 0.3 and 0.5 may produce a good prediction outcome.
The momentum rate of 0.5 was found to be optimum
accuracy 85.06% with MSE 0.1109.
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Figure 11. Training performance and prediction accuracy with varying
momentum rate

Fig. 12 presents the result of finding the optimum
learning rate. From the figure, it shows that the learning
rates 0.6 and 0.9 may produce a good prediction outcome.
The learning rate of 0.9 was found to be optimum accuracy
84.15% with MSE 0.1185. Eventually, the best network
defined by 22 hidden neurons, 3000 epoch , 0.5 momentum
rate and learning rate of 0.9.

accuracy(%)

0.1 I L L L L
01 0.2 0.3 04 05 0.6 07 0.8 09 1

Leaming rate

Figure 12. Training performance and prediction accuracy with varying
learning rate

Table IV illustrates the confusion matrix for the EEG
spectrogram classification after testing using the ANN with
optimized parameters. Again, the legend I3, 14 and I5
represent Index 3, Index 4 and Index 5. From this table, the
accuracy for the EEG spectrogram according to the Index 3
to Index 5 is 84%. Based on Table 2 and Table 3, the 80:20
ratio data give a higher percentage of accuracy than the
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70:30 ratio data. It is therefore accepted that the training set
should be larger than the testing set to obtain a higher
percentage of accuracy.

TABLE IV. CONFUSION MATRIX FOR ANN TESTING RESULT FOR
DATA RATIO 80:20.

Index 3 | Index 4 | Index 5

Index 3 16 0 0
Index 4 4 44 8
Index 5 0 1 7

VI. CONCLUSION

In this paper, the classification using the ANN algorithm is
presented with the aim to classify the EEG spectrogram as a
moderate balanced brain, balanced brain and high balance
brain. In order to achieve good result, the ANN model were
optimized in training phase by varying the neurons in the
hidden layer, epoch, momentum rate and learning rate. The
accuracy rate is between 77% to 84%. The experimental
result also shows that the PCA is able to reduce the original
GLCM texture feature data.
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