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ABSTRACT. Electroencephalography (EEG) is the study of brain electrical activity for different
physiological state of the brain. The main purpose of this paper is to identify epileptical seizure
signal from EEG signal through combinational classifier. Combinational classifier combine k-
NN classifier with ANN classifier. k-NN classifier for detection of Healthy and Inter-ictal signal
then ANN classifier for the detection of Seizure signal. These three classifier works on same
input values of Fractal Dimension called as Higuchi Fractal Dimension. Higuchi Fractal
Dimension derived three parameters (1) Fractal Dimension, (2) Standard Deviation of Fractal
Dimension and (3) Standard Deviation of scaling factor used as inputs of the k-NN classifier,
ANN classifier and Combinational Classifier respectively for the classification of EEG signal
and Detection of Seizure signal from EEG signal. The findings of this research on the basis of
this three input statistical parameter value performance parameter like Accuracy, Sensitivity
and Selectivity calculated as 92.66%, 89% and 89% respectively and compared its performance
with different statistical feature using other classifier.

RESUME L'&@ectroencéphalographie (EEG) est I'éude de I'activitédectrique du cerveau pour
différents &ats physiologiques du cerveau. Le but principal de cet article est d identifier le
signal de crise &ileptique apartir du signal EEG via un classificateur combinatoire. Le
classifieur combinatoire combine le classifieur k-NN avec le classifieur ANN. Classificateur k-
NN pour la déection du signal Sain et Inter-ictus, puis classificateur ANN pour la déection du
signal Convulsif. Ces trois classificateurs fonctionnent sur les mé@nes valeurs d'entrée de la
Dimension Fractale appelé& Dimension Fractale de Higuchi. La dimension fractale de Higuchi
a dé&ivétrois paramétres (1) la dimension fractale, (2) I'é&art type de la dimension fractale et
(3) I'é&art type du facteur d'&helle utilis€comme entrées du classifieur k-NN, du classifieur
ANN et du classificateur combinatoire, respectivement, pour la classification du signal EEG et
déection du signal convulsif du signal EEG. Les réultats de cette recherche reposant sur ce
paramére de performance & trois entrées statistiques comme Preeision, Sensibilité et
Séectivitésont calculés respectivement &92,66%, 89% et 89% et comparent ses performances
avec difféentes caracté&istiques statistiques utilisant un autre classificateur.
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1. Introduction

Electroencephalogram (EEG) signal is one of the extensively used research field
for the diagnosis of Epileptic Seizure because the characteristic behavior of Epileptic
signal is different from the Healthy EEG signal. In a worldwide, approximately 50
million people has suffered from neuronal chronic disease called as Epilepsy with
unpredictable seizure signal. Mostly seizure prediction algorithm divides into three
parts (a) Processing of EEG signal like filtering before Extraction of statistical
parameter (b) Extraction of statistical parameters (c) Classification based on above
parameter using linear and non-linear classifier. Related work of various seizure
prediction algorithm depicted in section 1.1.

1.1. Related works

Wang et al., (2015) used Independent Component Analysis with Multivariate
Empirical Mode Decomposition for the removal of electrooculography (EOG)
artifacts from multichannel EEG signal as preprocessing of EEG data. This improves
signal to noise ratio and decrease mean square error.

Pachori & Sircar, (2008) used a time order representation of EEG signal which
can be useful for the analysis of multicomponent non-stationary signal. Patel et al.
(2016) decomposed contaminated EEG signal into its IMF with correlation removed
eye blink artifacts from EEG signal. Sharmila and Geethanjali (2016) used DWT
technique for identifying the epileptic seizure from the EEG signals. This paper works
on Nawe Bayes (NB) classifier with K-NN classification techniques for seizure
detection. Here, the K-NN technique was utilized to identify the basic similarity
between the training and testing sets. Then, the values of each attribute were
normalized in order to provide a reduced error rate. The advantages that obtained from
this work were, better accuracy, and reduced computation time. Tibdewal et al. (2016)
analyzed a EEG signal through stationary wavelet transform. Four statistical features
from stationary wavelet transform (Min, Max,Variance and Energy) shows significant
difference from Epileptic and Non-Epileptic EEG signal.

From the survey, it is analyzed that the existing signal processing techniques has
following drawbacks:

- Number of features used for classification of EEG signal is very large.

- Not able to classify three class of EEG signal i.e. Healthy, Inter-ictal and Seizure
signal.

- It was highly dependent on the recorded length
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To solve these issues, this paper intends to develop an combinational classification
technique for detecting the epileptic seizure and classification of EEG signal into three
set of class called as class A, class B and class C. Class A for Healthy signal, Class B
for Inter-ictal signal and Class C for Ictal signal or Epileptic signal .In this paper two
classifier are used, one is k-NN classifier for the classification of Healthy and Inter-
ictal signal and other is ANN classifier for the detection of Seizure signal. A
combination of k-NN and ANN classifier called as Combinational classifier shows
results in this paper effectively using only HFD parameter. Higuchi Fractal Dimension
of Satapathy et al paper for the classification of EEG signal works on the dimension
level of EEG signal as a input of three types of classifier. The main objective of this
paper depicted in section 1.2.

1.2. Objectives

The research objectives of this paper are as follows:
- To extract the features of Higuchi Fractal Dimension.

- To classify whether the signal is Healthy and Inter-ictal using K-Nearest
Neighbor (KNN) and then ANN classification technique is implemented for the
detection of Epilepsy. The rest of the section of this paper divides into five parts.
Section 2 describes statistical parameter while Section 3 discuss feature extraction for
the classification of EEG signal. Section 4 describes proposed technique of
combinational classifier(KNN+ANN) with HFD parameter. Section 5 shows results
and performance parameter using KNN,ANN and Combinational Classifier. Lastly
Conclusion and Future Work discuss in Section 6 (Higuchi, 2016; Seker & Ozerdem,
2016).

2. Statistical parameter

2.1. Higuchi fractal dimension

It is a non-linear method in which Geometrical shape at different scale is the
feature input used for the classification presented in the paper of Satapathy et al (2016)
(Petrosian, 1995). According to this paper, HFD parameters can be extracted using
different methods suggested by Petrosian(7) and Higuchi(8) and named accordingly
Petrosian Fractal Dimension(PFD) and Higuchi Fractal Dimension(HFD)(9). PFD
can be calculated as (1).

PFD = log10(S) < (l)
log10(S)+log10 (5573

where S is the series length and S, is the number of sign changes in the signal and
HFD is the slope of line that best fits the curve of In((Xmean(k)) and In(1/k) defined in
equation as(2)
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K1 X(mk)
Xmean = % (2)
where
X k) = iz meit = X |V = D
' [(N —m)/klk

Three scaling features required for classifications are (1) Fractal Dimension FD
that measures the complexity of series (2) SFD is the standard deviation of fractal
dimension and (3) Sy is the standard deviation of scaling factor in which k is the
hopping interval of signal. These feature values as input of the k-NN,ANN and
Combinational classifier.
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Figure 1. Block diagram for HFD parameters

Figure 1 represent features required as input for classification of Healthy, Inter-
ictal and ictal (Seizure) signal.

Algorithm for HED calculation

Input: Input EEG signal;
Output: Signal Features of HFD;
Step I: Generate discrete time sequence x(i) for i=1 to 4096.

Step 11: Construct a new time series Xmk from x(i) where m is the initial time and
k is the hopping interval of the signal x(i) for m=1 to k as(3)
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Xonie = {x(m), x(m+k),.... x(m + int (N_Tm) k} 3)

Step I11: Calculate the length of X(m,k) for each xmk can be calculated as(4)

ED . . -
X(m, k) = %[(Zi:f [x(m+i.k)—x(m+ (i— 1).k)|)]*(%)
).
(4)
Step 1V: Mean value of X(m,k) can be calculated as(5)
_ K1 X(miE)
Xmean - k (5)

Step V: Fractal Dimension FD can be calculated by a least-squares fitting
procedure as

Y=aX+b

where a=FD according to the formula as(6)
_ nYxg Vi)Y Xk VK
e P SEAE ©)
where yi=In(Xmean) and x=In(1/k) for k=1,2,3...... kmax N denotes number of k values
for which linear regression is calculated (2< n < kpqy)-
Step VI: Set Kmax=9.

Step VII: The standard deviation of Fractal Dimension SFD can be calculated as

).

_ [nXyr?-FD Y xkyr—b.X Vil
SFD'\/ (n-2).[n.3 1,2~ (L xx)?] )

where b = %(Z yx — D¢ 2. xi) with standard deviation of scaling factor k as (8).

Sp= [% .SFD2.¥ x,2 (8)

2.2. Dataset description
EEG signals that obtained from this dataset which has five sets such as Set A, Set
B, Set C, Set D, and Set E, which are obtained based on the followings:

Set A + Set B — It consist of Healthy EEG signal with eyes open and close
respectively

Set C+ Set D — In this set, the EEG is recorded during the seizure free interval of
hippocampal formation of the hemisphere of the brain (i.e. inter-ictal).
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Set E — In this set, the EEG is recorded during the seizure activity (i.e. ictal).

3. Feature extraction and classification

After getting the input EEG signal, the features such as FD,SFD and Sy, of the test
and train sample data extracted and used for the classification using k-NN and ANN
classifier as shown in fig(2) and (3).

| Feature Extraction | ‘ Feature Extraction ‘

Healthy ||nter—|ctal | | ictal |

Figure 2. k-NN classification

| L oad Test Tata | | L oad Train IData |

| . Feature Extract'u}nl | F eature Extraction |

Treaihy ] [ Totexrictai |

Figure 3. ANN Classification

4. Proposed technique

In a proposed technique combinational classifier are used consist of k-NN
classifier for Healthy and Inter-ictal signal while ANN classifier for Seizure signal
with trainlm function of learning rate of 0.01 as shown in fig(4).Fig(4) shows EEG
data provided by University of Bonn ,Germany as input for the extraction of statistical
parameter. k- NN classifier based on the nearest neighbor distance is best suitable for
the classification of Healthy signal and Inter-ictal (signal before seizure attack).While
ANN classifier is used for the detection of seizure signal at the end with reduced
number of statistical features like FD,SFD and S, for the classification of EEG signal.
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Figure 4. Combinational classifier for detection of epilepsy

5. Results and performance parameter

5.1. Accuracy

It is the ratio of total number of correct classification to the total number of the
applied data segment as (9).

TP+TN

Accuracy (in %) = mrrrverparn < 100 9)
Selectivity
It is the false rejection of the ictal segments as (10)
Lo _ TP
Selectivity (in %) = Tperp < 100 (10)

Sensitivity

Sensitivity is the detection of ictal segment from given EEG sample data as (11)
TP

Sensitivity (in %) = —— x 100 (11)
Specificity
Specificity is the detection of Inter-ictal Segment as (12)
Specificity (in %) = ——— x 100 (12)

Average Detection Rate

ADR is the average of Sensitivity and Selectivity as (13)

Sensitivity+Specificity
2

ADR=

(13)
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Table 1. Classification using HFD parameter for k-NN and ANN classifier and
combinational classifier

k-NN Based Classification | ANN Based Classification Combinational Classifier
Training percent=80% Training percent=80% Training percent=80%
Learning rate=0.01 Learning rate=0.01
Matrix Matrix Matrix
Int Ic
ea | - | 1© Hea | Inter- | Hea | Inter- | 1
lthy | ict f‘ y | fcal Ithy | ictal | |
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97 1 2
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Inte I 12 84 4 r- 2 90 8
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13 7
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Accuracy=98 Accuracy=90.66 Accuracy=92.667
Selectivity=97.01 Selectivity=86.10 Selectivity=89.11
Sensitivity==97 Sensitivity=86 Sensitivity=89
Specificity=67.0068 Specificity=68.38 Specificity=68.01
Average Detection Average Detection Average Detection
Rate=82.0034 Rate=77.19 Rate=78.50

Best Validation Performance is 0.054228 at epoch 12
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Figure 5. Performance plot
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Table 1 shows classifier output with HFD parameter. This shows performance
parameter like Accuracy 98% for the classification of Healthy and Inter-ictal signal
while ANN classifier is suitable for the detection of Seizure signal with Accuracy of
about 90% with computation time of 1sec. For Combinational Classifier, Accuracy
becomes 92% with the same computational time and it will improve further with other
statistical parameters for same training percentage. Fig5 shows performance plot like
Mean square error with 22 epoch with best validation performance at epoch 12.

6. Conclusion and future work

The major motive of this paper is to increase the detection accuracy of seizure
prediction by efficiently extracting the HFD parameter like FD, SFD and S,. HFD
parameter through k-NN classifier gives 98% Accuracy for Healthy and Inter-ictal
signal and it is suitable for this two signal and ANN classifier is best suitable for the
detection of seizure signal only. This approach gives the idea of Combinational
classifier for the classification of EEG signal. This paper efficiently compare ANN
and k-NN classifier through statistical parameter.
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