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Abstract- Nowadays, brain signals are employed in various scientific and practical fields such as Medical Science,
Cognitive Science, Neuroscience, and Brain Computer Interfaces. The brain signal analysis is faced with complex
challenges including small sample size, high dimensionality and noisy signals. The detection of EEG brain signal in
patient to distinguish between normal and abnormal which are tumor and epilepsy, therefore, a very demanding process
that requires a detailed analysis of the entire length of the EEG data. This paper describes an automated classification
of EEG signals for the detection of normal and abnormal using NSCT and ANN Classifier. Feature extracted from input
EEG signals. The performance of the proposed algorithm has been evaluated using in EEG signals. The results showed
that the proposed classifier has the ability of classifying EEG signals efficiently.
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1. INTRODUCTION

The disease that affects the human brain due to the disorder in neurological central system. The abnormal activity of
brain cells are triggered by this brain diseases. Electroencephalogram (EEG) is currently used for acquiring the abnormal
activities that occur in the brain. The brain diseases can be detected by analyzing the abnormal activities in the observed
signals. The brain signals can be classified into three types: normal signal, abnormal epilepsy. The patients who are
affected by primary epilepsy are 20% and that of the focal epilepsy is 80% as per the report of World Health
Organization 2010. The signals from the brain area are classified into either focal or nonfocal. The signal that comes
from the abnormal brain cells is called as focal signal, and the signal that comes from the normal brain cells is called
non focal signal. Hence, the epilepsy disease is detected by differentiating and detecting the focal signal from nonfocal
signal. Certain signal processing techniques have been developed for detecting the epilepsy disease by differentiating
the focal from nonfocal signals. The severity analysis of the focal signal is also required for the patient before surgery.
The severity may either be “early” or “advance” and the surgery is needed for those patients with “advance” severity
level. The decomposition of EEG signal will help the radiologist to detect the focal behavior of the signal through the
extracted features from each of the decomposed subband layers. Empirical mode decomposition (EMD), linear
prediction decomposition, and nonlinear mode decomposition are the conventional methods for decomposing the EEG
signal in order to detect the focal and nonfocal EEG signals. The stationary property of the EEG signals cannot be
detected and diagnosed using these decomposition methods4. Hence, this study uses dual-tree complex wavelet
transform for decomposing the EEG signals in order to analyze the stationary behavior of the signals. Figure 1a shows
the normal activity of brain using EEG signal in nonfocal mode and the abnormal activity of brain in focal mode.
This article is organized as follows: states the conventional classification methods of EEG signals. proposes an
automated methodology for the classification of EEG signal using machine learning algorithm and discusses the
experimental results performed on an open-access data set EEG signals for epilepsy disease detection. concludes this
article.

2. LITERATURE SURVEY

Many automated EEG signal classification systems using different approaches have emerged in recent years. Among
such studies, Madhava et al5 presented a system for differentiating the focal signals from nonfocal signals using deep
convolutional networks based on time- frequency domain. Artificial neural network (ANN) was applied on EEG signals
for decomposing the signals. Then, the time-frequency features were extracted from the decomposed SST and these
features were classified using ANN classification algorithm. The authors obtained a classification accuracy of 99% on
Bern-Barcelona EEG data set. Rahul Sharma et al6 utilized third-order cumulant function for the automatic detection
of focal EEG signals. The features were extracted from the EEG signals using Nonsubsampled contourlet transform
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(NSCT), method and then these features were classified using Artificial neural network (ANN) classification technique.
The authors obtained a maximum classification accuracy of 99% on Bern-Barcelona EEG data set. Siddharth et al7
developed a method for discriminating the focal signals from non- focal EEG signals using sliding mode singular
spectrum analysis method. The reconstructed component features were computed from EEG signals and those features
were classified using radial basis function neural net- work. The authors tested their proposed method on the EEG
signals of the Barcelona EEG data set and obtained an average accuracy of 99.11%, an average sensitivity of 98.52%,
and an average specificity of 99.7%. Rahul Sharma et al8 presented a bi spectrum method in order to extract 25
magnitude features from EEG signals. These features were obtained by using NSCT method and then the computed
features were classified using ANN classification approach. The authors used 10-fold cross validation approach on the
EEG signals of the Barcelona EEG data set and obtained a classification accuracy of 96.2%.Gupta et al9 implemented
the EMD method on the EEG signals. Then, Sharma-Mittal entropy features were computed from each of the
decomposed subbands. These nonlinear features were classified using ANN classification approach and the authors had
obtained a maximum classification accuracy of 83.18% on the EEG signals available in Barcelona EEG data set. Yuan
et al.10 detected seizure points in the EEG signals using deep learning algorithms. The inter- correlation and intra
correlation features between each of the variation points in the EEG signals were computed, and those correlation
features were classified using multi- view method. Fivefold cross validation method was incorporated for testing the
effectiveness of the proposed EEG signal classification.

3. MATERIAL AND METHODS

In this study, shear let transform-based random forest (RF) classification approach is used for the classification of focal
and nonfocal EEG signals. Initially, the features are extracted from the coefficients of the shear let transform. Then
those features are optimized using genetic algorithm and finally the optimized features classified using RF classification
approach. Figure 2 shows the pro- posed EEG signal classification using RF classification approach.

3.1. Materials

This study uses the Bern-Barcelona EEG data set27 for the classification of EEG signals. This is an open-access data
set and was created in the year 2012, which was permitted all the researchers to use the acquired EEG signals. The EEG
signals in this data set are obtained from five patients over a period of 80 hours at the Neurology Department of the
Bern University. This data set contains 7500 pairs of EEG signals and these signals are categorized into focal (3750)
and nonfocal EEG signal (3750). All these EEG signals are quantized at the frequency range of 512 Hz for a time
duration of 20 seconds. Each EEG signal in this data set is represented by its X- and Y-channel, respectively. From this
dataset, 750 focal and 750 nonfocal EEG signals are obtained for evaluating the performance of the proposed method.
The signals used in this study are further spilt into training and testing data set. The training data set contains 150 focal
and 150 non- focal EEG signals. The testing data set contains 350 focal and 350 nonfocal EEG signals. The EEG signals
in both of the training and testing data sets are independent of each other.
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Figurel- Proposed methodology for electroencephalogram (EEG) signal classifications

3.2. Methods

The nonsubsampled contourlet transform (NSCT) is applied on the EEG signal which decomposes the source signal
into approximate and directional sub bands. The features are extracted from those sub bands and then they are finally
classified by ANFIS classification method. Figurel shows the proposed methodology for the classifications of EEG
signal.
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3.3 Nonsubsampled contourlet transform

In this study, three-level decomposition is carried out on EEG signals using NSCT. The NSCT consist of non-
subsampled pyramid filter bank (NSPF) and non- subsampled directional filter bank (NSDF). First, the EEG signals are
passed through NSPF, which decom- poses the signal into low-pass and high-pass signals. The high-pass signals are
passed through NSDF, which produces directional sub bands. At decomposition stage 2, the low-pass sub band signals
are passed through NSPF, which produces low- and high-frequency sub bands. This high-frequency sub band signals
are again passed through NSDF for obtaining the directional sub bands. This pro- cess is repeated for the third-stage
decomposition also. Figure 3 shows the decomposition of EEG signals using three-level NSCT. In this study, MATLAB
toolbox NSCT is used for decomposing the EEG signals into approximation and directional sub bands.

3.4 Feature extractions
The focal and nonfocal EEG signals can be differentiated with the help of features that are extracted from the decom-
position sub bands. Characteristic feature vector (CFR), probability density function (PDF), mutual information (MI)

features, energy and pattern spectrum entropy (PSE) features are extracted for the classification of EEG signals.
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Figure 2- Decomposition of electroencephalogram (EEG) signals using three-level nonsubsampled contourlet transform
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Figure 3- Third level decomposition of electroencephalogram (EEG) signal: A, wavelet decomposition of signal; B,
wavelet packet decomposition of signal.
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3.5 Characteristic feature vector

In this study, the CFR features were computed by decomposing the EEG signals with the help of wavelet packet
decomposition (WPD) method. It is the extension of wavelet decomposition (WD), in which the signals can be passed
through low-pass filter (LPF)g(n) and high-pass filter (HPF)h(n) with decimation factor 2. The LPF produces
approximation sub bands and HPF produces detailed sub- bands, at level 1 of the decomposition. At level 2 of the
decomposition, the approximation sub bands are again pas- sed through LPF and HPF, which produces approximation
and detailed sub bands. This process is repeated until level3 coefficients are obtained. The main function of DWT is to
convert the signals from time domain representation into frequency domain representation.
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Figure 4- Level 3 decomposition of electroencephalogram (EEG) signal: A, wavelet packet decomposition (WPD)
of X-channel;(B) WPD of Y-channel

The main limitations of this filter is that its time resolution is reduced and frequency resolution is increased at each of
the consecutive stages of decomposition. The produced frequency resolution bands are not of the same size. This will
create the frequency instability on decomposed sub bands as depicted in Figure 4a. In order to overcome the limitation
of WD, WPD is used for decomposing the EEG signals, in which the signals passed through LPD and HPD produce
approximation and detailed sub bands, respectively. At the level 2 of decomposition, the approximation and detailed
sub bands are passed through LPF and HPF in order to produce equal frequency sub bands. This process is repeated
until level 3 coefficients are obtained as shown.

the WPD of X-channel shows the WPD of Y-channel at the level 3 of the decomposition stages. From the
level 3 sub band decomposition of WPD, the energy factors are computed for each of the sub bands S3j using the
following equation:

Ej = 2,7-=0|53,-(,-)|2 1)

Then, the Eigen vectors are computed using energy factors of each of the individual sub bands at level 3 with the help

of the following equation:
E= ’ 17‘=0 ej? )

The CFR is computed using Eigen vectors and individual energy factors for each of the sub bands at the level 3 of
decomposition using the following equation:

CRF=Zj=0............. 7 3)
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3.6 Mutual information features

The mutual information features are computed between X- and Y-channel of the EEG signals. The MI between X and
Y-channel of the EEG signals is computed using the following equation:

MI 1 = Entropy (X) —Entropy (Y) Joint Entropy (X,Y) .......... 7

The MI between Y- and X-channel of the EEG signal is computed using the following equation:
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Figure 5- Probability density function (PDF) features of X- and Y-channel: A, focal signal; B, nonfocal signal

3.7 Energy features

The energy level of the quantitative sampling points in the EEG signal represent the energy level of the signal for the
given time period. The focal and nonfocal EEG signals can have different energy levels with respect to its sampling
point variations.

The energy feature of X-channel is computed as

El= / Nt xi? (8)

The energy feature of Y-channel is computed as

E2 = /27;01 Yi? (9)
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4.SIMULATION RESULTS

4.1: Normal case
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4.2: Tumor case

Figure 6- Input signal and simulation results of normal case
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Figure 5- Input signal and simulation results of Tumor case
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4.3: Epilepsy case
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Figure 7- Input signal and simulation results of epilepsy case

5. CONCLUSION
This project presented an EEG data classification methodology, makes the decision about the brain state of the patient.
This work uses NSCT for decomposing the EEG signals and then features are extracted from the decomposed subbands.
Then, ANN classification algorithm is used to classify the source EEG signal into focal and nonfocal. The proposed
methodology for EEG signal classification system achieves higher accuracy (99.4%), sensitivity (99.7%), and
specificity (99.7%) with 99.4% of classification rate.

Therefore, the conclusion is that the proposed method can be used to classify EEG signals in an effective manner.
The simulation results of the proposed methodology are compared with conventional methodologies. There are future
improvements that can be done by implementing it using deep learning algorithms. Though they will definitely result
in a more complex analysis yet will give us more accurate classification results for EEG severity diagnosis system in
future. Also the detection capabilities should be identified by analyzing long-term continuous EEG recordings.
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