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Abstract :- The main aim of the proposed work isto generate an
accurate automated seizure detection model for the performance
evaluation of the improvement on epileptic patients in an
improved manner. Long data sets of EEG signals are recorded for
a long duration of time which has taken from PhysioNet
CHB-MIT EEG datset for this experimental work. Six types of
elements are excerpted from EEG signals by using WPT method
and which is then classified by using CFS method. Then, all the
features are combinely inputted to the rule based twin- support
vector machines (TSVMs) to detect normal, ictal and pre-ictal
EEG segments. The developed  seizure  detection
WPT-KWMTSVM method achieved excellent performance with
the average Accuracy, specificity, sensitivity, G-mean, positive
predictive value, and Mathews correlation coefficients are
97.14%, 97.33%, 97.00%, 97.31%, 96.85%, 95.96% respectively
The average area under curve (AUC) is approximately 1. The
proposed method is able to enhance the seizure detection
outcomes for proper clinical diagnosisin medical applications.
Keywords. EEG Signal, Epileptic Seizure, WPT, CFS,

Rule based TSVMs.

I. INTRODUCTION

Epilepsy is the leading neuronal abnormality of the brain,
produced by concurrent disorder of aclutch of neuronswhich
disturbs millions of human beingsin thewholeworld [1]. The
large data sets of EEG signals must be observed for a long
duration of time for proper identification and analysis of
epileptic seizures. For monitoring of Electroencephalogram
signals of the patient’s is very much monotonous and long
delayed process. Along with that, the recorded EEG signal
may get affected by various types of noise. Therefore, area
time monitoring and therapeutically automatic seizure
detection method may be proposed. In [2] Rafiuddin et al. in
the year 2011, developed an automated epileptic seizure
detection method using 23 numbers of channels on 23
numbers of patients. In this research work, various statistical
parameters are calculated from Electroencephalogram
signals those are extracted from Wavelet coefficients. The
experimented outcome in the form of Accuracy is 80.16%.
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Khan et a. [3] designed an EEG seizure detector in the
year 2012. In this research, 80% of EEG data are used for
training. The relative values of energy are computed from
wavelet coefficients. The proposed method [3] computed
various statistical parameters as Specificity 100%, Sensitivity
83.6%, and accuracy 91.8% for five patients. Hunyadi et a
[4] proposed an automated seizure detection technique using
CHB-MIT EEG data sets. In this proposed method 80% of
data was used for training for 23 numbers of patients. There
are 16 numbers of elements are separated in various discrete
domain. Sensitivity of 83% is calculated over the whole
experimental works. In [5] authors analyzed the CHB-MIT
EEG data sets using stacked auto encoders. In this
experimental work, the method detected 100% of Sensitivity,
considering 6 numbers of patients. In [6], authors
implemented a seizure identification technique for extracting
various discrete domain features, where 25% of data
considered as the training data for 21 numbers of patients. It
was experimented on 18 numbers of channels. The proposed
method computed the various dtatistical parameters like
Specificity of 94.71% and Sensitivity of 89.01%.

Fiirbas et a. [7] proposed an automated seizure
identification method where episcan is used. In this 23
numbers of patient’s EEG data are utilized for experimental
works. The Sensitivity of 67% is achieved. Samiee et al. [8]
in 2015 extracted multivariate textural features from grey
level co-occurrence matrix for epileptic Seizure detection.
This method [8] used 23 patients, 23 channels and 25% of
data for training to complete the whole experimental works.
The proposed method achieved 97.74% of Specificity and
70.19% of Sendtivity. In [9] Zabihi et al. proposed an
epileptic seizure identification method where seven numbers
of features were extracted using 23 numbers of patients and
23 numbers of channels. In this proposed work, 25% and
50% of data are used for training purpose. The calculated
results in form of avg. Specificity, Sensitivity and Accuracy
rates are 93.21%, 88.27% and 93.11% respectively for 25%
training data and for 50% training data, the calculated results
for avg. Specificity, Sensitivity and Accuracy rates are
94.80%, 89.10%, and 94.69% respectively.
A.CHB-MIT-EEG DATA SET

In thiswork, long data sets of EEG signals are recorded for
along duration of time which has taken from PhysioNet [10]
CHB-MIT Electroencephal ogram dataset, mentioned in [11].
The Electroencephalogram signals are recorded from
twenty-three numbers of affected people including both male
and female.
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The age of affected male persons liesin the range of three
to twenty-two years whereas the affected female persons are
in the range of two to Nineteen years. The experimental
analysis is done for individual patients, where minimum
(T ) and maximum (T, ...) time period of seizure events

are recorded. T,,;,, and T,,,... are different for respective
patient, similarly total seizure time and seizure free time are
being recorded. The sampling rate for Electroencepha ogram
signals is 256 Hz and the recorded resolution is 16- bits. To
record all the EEG signals twenty three EEG channels are
utilized.

1. METHODOLOGY

A. Wavelet Packet Decomposition

All the three datasets (DS1, DS2, and DS3) containing
scalp EEG data are demultiplexed at eighth level by WPT,
which isthe appropriate option for processing of EEG signals
compared to Fast Fourier transform and Short-time Fourier
transform [12, 13]. R.Dhiman et a, proposed a model to
demultiplex signal using WPT [14]. The multi resolution
analysisusing WPD for asignal g(t) is specified [15, 16]:

Cs = g(t) (1)
it = Z ho (ke — 28)C7 (2)
eIl =) h(k-20)c? (3)

Here, Cf means the demultiplex coefficient at i ** node of
q®" level, hy(n) and hy(m) are orthogonal filters for
demultiplexing method. 4 (1) is transfer function of HPF
and by (1) is transfer function of LPF, which validates the

following time domain equation :

hy(n) = (=1)"hy(n— 1) (4)

B. Feature Selection

Correlation-based Feature Selection (CFS) method is
implemented to filtrate out the subspace of elements that is
mostly appropriate for the specified classification. The
importance of Correlation-based Feature Selection algorithm
isthat it is very much useful and convenient for calculating
the efficiency of a subspace of features as specified in
Equation 5, which isapplicable in the individual elementsfor
the prediction of class.

kr-
— T (5)
Yk k(k—1)r

Where, Ef ficiency; shows the efficiency of feature

subset T containing k features, 7'z is the average feature

Efficiency, =

class correlation and TFf is the average feature-feature inter
correlation. The correlation between the individual features
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must be computed properly to apply Equation no 5. In the
first step, CFS discretizes numeric features using the
technique of Fayyad and Irani [17] and then implemented
symmetrical uncertainty (SU) for the estimation of degree of
relevance between discrete features. Equation no 6 and 7
indicates the entropy of Q.

1
Fg ()

H(@) = E Py (x) log, (6)

H(Q/P)= =) (7)) s(a/p)log:s(a/v) )
pER qeg
Information gain isthe amount of decrement of entropy for
Q provided by P [18] that is specified in the following
equations:

Gain = H(Q) —H(Q/P) = H(P) - H(P/Q) (8)
=H(Q) +H(P)-H(P,Q) (9)

However, the information gain is more favorable towards
the features having more values acquires more information
than those of lessvalues. Moreover the correlations specified
in Eg. no 5 must be normalized to get the same effect for
further comparison. Therefore, the SU [19] normalizes
information gain’s in the range of [0,1]:

SU EDX{ Gain ] 10
R Q)+ H (P 1
Inthefirst step, CFS calculates feature-feature correlations
and amatrix of feature-class from the training data and then
searches for the feature subspace using various methods of
searching methods. Here, a best fast search techniqueis used
which initiates with a null set of features which produces
every sgingle feature expansions. The subspace with
maximum evauation is considered and the same steps
repeated till the best subset is found.

C. RuleBased Twin-Support Vector Machine

In this research work, for classification of normal, interictal
andictal EEG signals, five number of rule based Twin SVMs
are used. They are TSVM, Knn-TSVM [20], Knn-STSVM
[21] and KWMTSVM [22] is used. There are many choices
of dividing the recorded data into training and test [23] sets.
In this study, cross validation is considered as k= 10. For
statistical parameter evauation, k-fold technique is used by
using training and testing data sets. The average accuracy and
other dtatistical parameters are experimentally computed
after the process repeated for k-times.
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| EEG Data Set | TPis True Positive, TN is True Negative
U FPisFase Positive, FN is False Negative

| Preprocessing | V. RESULTSAND DISCUSSION:

ﬂ The block diagram of the proposed method is shown in “fig
.1”. Six numbers of Statistical parameters are calculated for

the performance evaluation. In the proposed method, various
Frequency domain Time domain features classifiers are used like SVM. TSVM. KNN-TSVM
featuresusing DWT KNN-STSVM, and KWMTSVM for the evaluation of
statistical parameters. It is experimented on 23 numbers of
Tineans Tmode, Skewness, Ho, . Sample Entropy patients. Table-l shows that KWMTSVM classifier
(Sp ) Kurtosis, hurst exponent(Hurst, ), outperforms in al aspects of performance evaluation for
H.om every set of experimental works. Table-ll shows the
evaluated performance parameters using KWMTSVM
B classifier in which Accuracy, Specificity, Sensitivity,
G-mean, PPV & MCC are found out as 97.14%, 97.33%,
Feature Extraction 97.00%, 97.31%, 96.85%, 95.96% respectively. The
ﬂ performance evaluation of the proposed method is aso
compared with the existing methods for the seizure detection
ZFWW&E Tablel : Observation_of Statistical_parametersin
proposed methods which isshown in Table-111.
U Satistical | KWMTSVM | KNN-STS [ KNN-T | TSV | sv
VM SVM M M
Parameters
Correlation based Feature Selection (%)
U Accuracy 97.14 95.18 9148 | 88.69 | 75.8
Specificity 97.33 9525 | 9206 | 8754 | 749
EWMTSVM | .
NormalEEG || Interictal EEG Sensitivity 97 9426 | 9065 | 834 | 805
G-mean 97.31 93.39 913 | 8575 | 788
Il EEG PPV 96.85 925 | 97| 829 782
MCC 95.96 9085 | 8595 | 8167 | 775
Fig.1. Block Diagram of the proposed method
1. PERFORMANCE MATRIX: g 1(;% Comparative Analysis of PerformaceMatrix
2 60
This research work evaluates the performance of the § 29
proposed methods using various statistical parameters [24] E o L
Accuracy (Ac), Specificity (Sp), Sensitivity g = = 2
(Se),G-mean(GM), Positive Predictive(PPV), Mathew’s Ll 2 E &
Correlation Coefficient(MCC), AreaUnder Curve(AUC) and S = =
also execution time are considered for the validation of the =
proposed method which are specified from Equation no (11) R R N T
to Equation no (16). TSVM | STSVM| SVM
HAC 75.77 88.69 91.48 95.18 97.14
TP = Sp 74.89 87.54 92.06 95.25 97.33
A= [11) = se 80.5 | 83.4 | 90.65 | 94.26 97
T'P + T'N + F'P + F'N mGMm 78.8 85.75 91.3 93.39 97.31
S — TN (12) HppVv 78.23 82.9 90.7 92.55 96.85
P TN' _|_ FP MCC | 77.45 81.67 85.95 90.85 95.96
5 i (13)
® TP+FN
Gy = ||Ss % 5?, (14) Fig.2. Comparanveanquss of quormance matrix using
‘ various classifiers
TP
PPV =——— (15)
TP+FP
(TP TN)— (FN X FP)
MCC = (16)
T1xT2
_
Where, T1= (TP+FN)(TP+FP)
T2 = /(TN + FN)(TN + FP)
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Fig. 6. Comparative analysis of performance
evaluation of Existing methodswith the proposed
method
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Fig. 5. Scatter plot of the proposed method differentiating
Normal EEG, Ictal EEG and Pre-ictal EEG signals
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Table-1l : Evaluated performance parametersusing KWMTSVM classifier

METHOD KWMTSVM CLASSIFIER

PATIENT INDEX | FEATURE SETS Ar Sp s, Gy PPV MCC

1 Tinean, Trngas, skewness H, 939+112 | 949+102 | 958%+1.17 | 949+129 | 9761142 | 96.8+1.30

2 Sample Entropy (3mgz), Trmgds, 96.711.14 95.911.40 94.911.30 97.21+1.03 9551151 97.2+1.35
H mok

3 Kurtosis, hurst exponent(Hurstexy), | 09+127 | 938+153 | 962+112 | 97.9+161 | 909+150 | 928+172
Hf:"‘.“!

4 Tmson, Togs, Hoom 97.9+102 | 987+160 | 960t162 | 97.8+151 | 931+101 | 943+1.08

5 skewness, hurst exponent 9871157 | 9724170 | 97.71150 | 99.0+164 | 944+132 | 957%1.02
(Hurstayy), kurtosis

6 Tisan, skewness, H 0z 99.611.63 99.4+1.22 97.411.20 95.811.73 96.911.75 95.7+1.35

7 Kurtosis, hurst exponent(Hurstsxy), | 0874187 | 9624130 | 982+145 | 987+169 | 989+182 | 940+1.26
Hf:"‘.“!

8 Tinogs, Skewness, H o 949+132 | 975+120 | 939t175 | 981t120 | 9851+163 | 945t151

9 T msan, Sample Entropy (3myE), 9371165 | 980%145 | 9991+150 | 929+167 | 99.2+150 | 96.8+1.40
Tﬂ". odsa, Heom

10 Tineon, Trngas, skewness, Ho, . 958+1.73 | 969175 | 9571135 | 9971149 | 980t155 | 95.8+1.37

1 Tmean, Tinggs, Heom 99.7+169 | 989+182 | 940%t126 | 9881170 | 97.9t125 | 98.61+1.59

12 Sample Entropy (3mzE), T made, 989+120 | 985+163 | 935t151 | 93.7+105 | 9701192 | 968t155
Hf:"‘.“!

13 T'mean, Kurtos's, hurst 97.8+150 | 9931135 | 988+148 | 945+164 | 9851109 | 959+175
exponent(H urstaxy), H com

14 hurst exponent(Hurstsxy), Heom, | 010+135 | 099+152 | 995+138 | 989t155 | 929+102 | 959+165
Tﬂ".: da,

15 Sample Entropy (SmgE), Tmade, 98.0+172 | 9571180 | 9891147 | 9871190 | 93.01143 | 9751150
H mok

16 Timean, hurst exponent(Hurst s yy), 96.51+1.45 97.8+1.12 97.911.82 96.711.24 96.911.40 94.911.30
Hf:"‘.“!

17 T node, Skewness, H o 9290+167 | 9924150 | 968+140 | 969%+127 | 968%153 | 97.3+137

18 Sample Entropy (Smzz), T mads, 99.7+149 | 98.1+155 | 958+137 | 975+145 | 984t165 | 9611167
Hf:"‘.“!

19 Tinson skewness, H o 9891192 | 9791125 | 9861159 | 9891129 | 9951160 | 955%155

20 hurst exponent(H stz xp), 9791165 | 9391112 | 9591165 | 9781165 | 9941139 | 9811140
skewness, H::m

21 Sample Entropy (Smzz), T made, 9874190 | 93.0+143 | 975+150 | 97.9t124 | 980t166 | 93.1t1.04
H mak

22 Tinson, skewness, H ,.; 98.0+155 | 989+175 | 99.7+125 | 991+174 | 989+119 | 99.0+1.35

23 Sample Entropy (SmgE), hurst 9871170 | 99.0t165 | 985+1.07 | 9691108 | 97.5+148 | 94.91+1.05
exponent(Hurstsop), Hogm

Average Six numbers of features are extracted 97.14 97.33 97.00 97.31 96.85 95.96
using WPT, CFS, KWMTSVM
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Table-lll Comparative Analysis of existing methods and the proposed method
Reference No. Year Method Ac Sp Se GM PVV MCC
(%) (%) (%) (%) (%) (%)

2 2011 Statistical parameters 80.16 Not Not Not Not Not
calculated from EEG signal recorded recorded recorded recorded recorded
considering the wavel et
coefficients

3 2012 Relative values of energy & 91.8 100 83.6 Not Not Not
normalized coefficients of recorded recorded recorded
variations calculated from
Wavelet coefficients

4 2012 Sixteen numbers of features, Not Not 83 Not Not Not
extracted in time and frequency | recorded recorded recorded recorded recorded
domain

5 2014 Unsupervised feature learning Not Not 100 Not Not Not
using Stacked auto encoders recorded recorded recorded recorded recorded

6 2014 Features were extracted intime | Not 94.71 89.01 Not Not Not
and freguency domain recorded recorded recorded recorded

7 2015 Automatic method for Seizure Not Not 67 Not Not Not
detection using Episcan recorded recorded recorded recorded recorded

8 2015 Multivariate textural features Not 97.74 70.19 Not Not Not
were extracted from grey level recorded recorded recorded recorded
co-occurrence matrix for
epileptic Seizure detection

9 2016 An epileptic seizure detection 93.11 93.21 88.27 Not Not Not
method in which seven numbers recorded recorded recorded
of features were extracted (
considering 25% training data)

9 2016 An epileptic seizure detection 94.69 94.80 89.10 Not Not Not
method in which seven numbers recorded recorded recorded
of features were extracted (
considering 50% training data)

Proposed 2019 Six numbers of features are 97.14 97.33 97.00 97.31 96.85 95.96

method extracted using WPT, CFS,
KWMTSVM

V. CONCLUSION

In this research work, an unprecedented Seizure detection
algorithm has been proposed for the analysis of multivariate
non-stationary EEG signals. All the three datasets (DSL,
DS2, and DS3) containing scalp EEG data are first of all
decomposed by Wavelet Packet Transform (WPT). Then,
Correlation-based Feature Selection method is used for the
selection of the features. Finaly, all the features are inputted
to different rule based Support Vector Machines like SVM,

TSVM, KNN-TSVM, KNN-STSVM, and KWMTSVM for
the evaluation of statistical parameters. In this experimented
work, it is observed that, KWMTSVM outperformsin every
aspects compared to other classifiers. The outcomesin terms
of Accuracy, Specificity, Sensitivity, G-mean, PPV & MCC
are found out as 97.14%, 97.33%, 97.00%, 97.31%, 96.85%,
95.96% respectively for KWMTSVM. The proposed method
will be experimented on short data of EEG signal in future.
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