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ABSTRACT

Seizure detection becomes complex and difficult task for neurologists from
electroencephalogram (EEG) signals. Therefore, It is essential to develop an automated detection
and classification task to make detection and classification task easier for neurologist for the
clinical diagnosis. This paper presents a novel hybrid Harmony search for optimization of
weights of LLRBFNN (Local Linear Radial Basis Function Neural Network) model. The
preprocessing has been adopted for noise removal and motion artifacts. Further, the Cumulative
sum average filter and TT-transform has been used for noise removal and feature extraction from
EEG elliptic seizure signals. Three features, namely power spectral density, Shannon entropy,
and energy, were extracted. The dataset has been considered from University of Bonn database.
The hybrid HS-LLRBFNN obtained an accuracy of 99.45% and the results are compared with
HS-RBFNN, HS-LLWNN (Local Linear Wavelet neural network) models. Further, the results
depicts the proposed model is appropriate for real-time seizure acknowledgement from EEG
recording.

1. Introduction

Epilepsy neurological disorders incline individuals to experience irregular
electrical activities in the brain. Seizures are a sudden, disordered neurological
functions [1]. The unexpected nature of seizures makes unconsciousness of the
daily life task which leads to an increased risk of injury or death [2, 3]. Abbasi
and Esmaeilpour [4] proposed statistical characteristics EEG signals for
detection of epileptic seizures using “DWT and perceptron neural netwo”.
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Around 2% of populations of the world are identified with epilepsy and
unfortunately, the process of seizure occurrence is very poorly understood. 5,6]
.Yuan et al.[6] proposed a novel feature — diffusion distance (DD) algorithm
in intracranial Electroencephalograph (iEEG) recordings. Guo et al. [7]
proposed a ANN based classifierfor automated and “periodogram and
autoregressive” features was proposed in [8]. Gurwinder et al. [10] proposed
wavelet transformation and spikebased features for detection, and achieved an
accuracy of 98.6% .DWT-based features along with MLPNN model proposed
by Orhan et al. [11] d and achieved an accuracy of 84.2%,. wavelet packet
entropy in [12] achieved accuracy of 98.33%. The automated detection using
k-means clustering utilized for epileptic seizure detection in [13].Gupta et.al
[14] proposed multi-scale Renyil permutation entropy (WMRPE) and improves
signal to noise ratio (SNR) levels. Bogaarts et al. [15] prposed Empirical mode
decomposition (EMD) and DWT compute log energy entropy and K-NN
classifier and achieved an accuracy of 89.4% [16]. In the recent study [17],
with classification accuracy of 96.1% are achieved. LS-SVM classifier [18]
obtained an accuracy of 97.7%. The fragmented feature extraction proposed in
[19] achieved classification accuracy 97.1%. In [20], the analytic TF flexible
“wavelet transform (ATFFWT)” and achieved 97.9%. s[21]. The “kernel
robust probabilistic collaborative representation based classifier (KRPCRBC”
has been proposed in [22] and obtained an accuracy of 99.3%. EMD and
“power spectral density (PSD” has been executed in [23] for classification and
obtained 96.4%. Coifman et al. [24] presented entropy-based wavelet packet
decomposition for detection. There are several methods of decomposition and
classification available, but it is found that the detection and classification are
complex and difficult. Motivated by this above deficiencies we are proposing a
hybrid cumulative sum average filter and TT —Transform for seizure detection
and “HS-LLRBFNN Model” for classification of seizure, non-seizure and
normal categories of EEG signal.

The rest of the paper is divided as follows: Section -2 presents the materials
and methods which includes research step block diagram, proposed cumulative
sum TT-Transform and HS-LLRBFNN model, Section -3 presents results of
the research, section -4 presents discussions on results and section-5 presents
conclusion and reference.All manuscripts must be in English. These guidelines
include complete descriptions of the fonts, spacing, and related information for
producing your proceedings manuscripts. Please follow them and if you have
any questions, direct them to the production editor in charge of your
proceedings at Conference Publishing Services (CPS): Phone +1 (714) 821-
8380 or Fax +1 (714) 761-1784.

This template provides authors with most of the formatting specifications
needed for preparing electronic versions of their papers. All standard paper
components have been specified for three reasons: (1) ease of use when
formatting individual papers, (2) automatic compliance to electronic
requirements that facilitate the concurrent or later production of electronic
products, and (3) conformity of style throughout a conference proceedings.
Margins, column widths, line spacing, and type styles are built-in; examples of
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the type styles are provided throughout this document and are identified in
italic type, within parentheses, following the example. PLEASE DO NOT RE-
ADJUST THESE MARGINS. Some components, such as multi-leveled
equations, graphics, and tables are not prescribed, although the various table
text styles are provided. The formatter will need to create these components,
incorporating the applicable criteria that follow.

2. Materials And Methods

A. Preprocessing

Cumulative sum average filter [25] has been applied to eliminate noise and
artifacts which has been has been calculated in “one cycle back fashion™.
Mathematically the filter equation for the given signal S (k), is defined as

K
EEGgy (k)= D EEG(l)
1=k-N+1 (1)
The above equation (1) can be written in “recursive form” as

EEGqy (k)= EEGg,, (k 1)+ EEG(k)- EEG(k - N )

Where, N represents number of samples in the signal

)

B. Research flow diagram

The research is following steps such as (1) the EEG signals are collected from
university of Boon and under gone preprocessing through cumulative sum
average filter(ii) the preprocessed signals are fed as input to the TT-Transform
for localization of seizure from the signals. (iii) Further the preprocessed
signals are undergone feature extraction, the proposed HS-LLRBFNN
algorithm acquires the features for classification and corresponding results are
compared with the HS-RBFNN,HS-LLWNN models. The proposed algorithm
flow is shown in Fig.1.

" s EEG Signal

!

Cumulative Sum Average filter

$

TT-Transform

l ,
HS-LLWNN
HS-LLRBFNN I
:

Classification comparison Results

' } ]

b
Seizure ‘ Non-seizure ‘ ‘ Normal ‘

Fig-1 Research flow diagram
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C. Dataset

In this study, EEG signals are collected from University of Bonn, Germany
[26,27]. The dataset includes five sets of single-channel EEG recordings
denoted by “A, B, C, D and E”. The samples dataset is presented Fig. 2.

D. Feature extraction

The features such as “power spectral density(PSD)”, “Shannon entropy[5],
energy [28]” are considered. In this work, PSD[5] referred as power of the
EEG signal ,Entropy is referred as measure of the complexity and energy
depends on the amplitude of the epileptic data.
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Fig-2 Bonn data A,B,C,D,E

Feature extraction of A,B,C,D,E EEG Dataset
Dataset  Entropy  Energy PSD

0.887506 0.569364 0.879636
A 0.852769 0.57378 0.991137
0.916419 0.397825 0.890395
0.938259 0.37203 0.373532
B 0.91062 0.356365 0.355168
0.899218 0.395496  0.3965
0.915593 0.477471 0.477058
C 0.88666 0.561656 0.561779
0.858701 0.453925 0.45397
0.840499 0.061097 0.061349
D 0.863302 0.300907 0.302073
0.818666 0.195486 0.19631
0.853131 0.877219 0.568954
E 0.858506 0.988383 0.573816
0.915385 0.890897 0.397223

2332



Epliptic Seizure Detection and Classification Using Cumulative Sum Average Filter TT-Transform and Harmony Search Algorithm PJAEE, 17 (9) (2020)
Based LLRBFN Model

E. TT-Transform

Inverse of the S-Transform is treated as “TT-Transform” which has good
capability in gathering frequency in diagonal position.

Let “x[ kT], k=0,1,....N-1” signify a time series[29] , related to x(t), with
sampling time interval of T.

The DFT is given by

N-1 —j2znk

X(Lj =3 x(kT)e ™
T/ s ©)
The “S-Transform” is given by

—27%a?

s(t, f)—J.X(a+f) e I e gy

(4)
Using equation (4), the “S-Transform[29] of a discrete time series x(kT)” is
given by “f2>n/NT” and “t 2pT”where T=1/N

m+n 72”2”‘2 2z
S[pT, —] 2 x[ } " o.g N
m=0 (5)
Where p, “m” and “n=0,1,...N-1”". The modified S-Transform is given by

—27°m?  i2zmp
S(pT, —) Z (
m=0

) e e N
Thus, the discrete TT -Transform is given by

+j2xnk

TT(pT,kT) = ZS(pT —)e N
n=0 (7)

The “discrete TT-Transform [30]” which is the inversion of T is given by

X (k) =NZ_1fT(pT,kT)

m+n

(6)

(8)

F. Proposed Harmonic search LLRBFNN model
The proposed harmonic search based LLRBFNN model is presented in this
section for classification. The weights are updated by APSO algorithm.

T Wi =+ WXy + ...+ WinXy,

%

HS Based Learning

Fig: 3 HS Based LLRBFNN Model

2333



Epliptic Seizure Detection and Classification Using Cumulative Sum Average Filter TT-Transform and Harmony Search Algorithm PJAEE, 17 (9) (2020)

Based LLRBFN Model

The HS[31] algorithm has been applied for the optimization of weights of the

LLRBFNN [32] model. Considering the X0 XXy data points are inputs as
feature and the “activation function” Zn of the n' hidden neuron is defined by
a “Gaussian Kernel” as

x-v (nfj

Z,(x)= e[ o0 ©)

2
Where ““n s the parameter for smoothness of the activation function” and

“Cw is the center of the hidden node and «“I* Vi Qe indicates the “Euclidean
distance” and with the desired vector “d”, the “objective function” is termed as
“mean square erro” which is given by
1 N
MSE(e) = WZ(dn —Yn )2
n=1 (10)

G. Harmony Search Algorithm weight optimization

Since the optimization technique HS[31] pursues a best global optimum value,
we are considered for weight optimization of LLRBFNN model.Generate
random vectors (W1, Wz, ..., Wrms) up to the “harmony memory size (HMS)”
and store them in the “harmony memory (HM) matrix”:

For LLRBFNN Model the weight random vector is generated as
w2 W f(wl)

Wy, =| - : :

wt e WIMS | (VS

Step-1 Considering new probability “HMCR (harmony memory considering

rate”;

“0 <HMCR < 1)”, we can write
int(u(0,1)xHMS J+1

Wi < Wi (12)
Step-2 With “PAR (pitch adjusting rate; 0 < PAR < 1)” change
W, < W, +bwx (2rand —1) (13)

Where fand is taken as (0,1) and “BW” is the “maximum change in pitch
adjustment”.
Step-3The weights of the LLRBFNN is updated as

W, old € (L2......, HMS ), rand < HMCR
W = e W,

(14)
Select the best harmonies until the closure criterion is satisfied.
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3. Results

A. EEG Seizure detection
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Fig.4 Cumulative sum average filter and s-transform localization
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B. EEG Seizure classification

1

HS-LLRBFNN
oob T LLRBFNN

— — —HS-LLWNN
— — —HS-RBFNN

0.8

0.7
0.6
3 0
5F
=
04fF
0.3
0.2

0.1

O 1 1 D S— 1
0 100 200 300 400 500 600 700 800 900 1000

No.of Iteration

Fig.5 Mean square error results of classification

Performance measure classification

Classifier Accuracy in (%) Computational time in sec
Training  Testing

LLRBFNN 97.23 96.72 35.1527

HS-RBFNN 97.84 97.12 31.4543

HS-LLWNN 98.27 97.88 23.2578

HS-LLRBFNN 98.89 98.22 18.2117

4. Discussion

Fig.3 shows the seizure EEG signal along with cumulative sum average filter
and S-Transform. The cumulative sum average filter removes the noise signal
in one cycle back fashion. The s-transform shows the location of different
seizures through yellow contours. Fig.4 shows the cumulative sum average
filter and S-Transform and TT-Transform. The TT-Transform gathers the
frequency contents in the diagonal position which shows the localization of
seizures prominently. Further, the TT-Transform has been applied for feature
extarxtion and the features of the dataset A,B,C,D,E are presented in Table-1.
Fig.5 shows the mean square error results of HS-LLRBFNN,HS-LLWNN,HS-
RBFNN and LLRBFNN. It is found that the LLRBFNN takes nearly 800
iteratios to converge , HS-RBFNN took nearly 530 iterations, HS-LLWNN
took 500 iterations to converges to zero. The computational time taken by the
proposed HS-LLRBFNN is 18.2117 seconds which shows the improved
performance of LLRBFNN algorithm. The performace accuracies are presented
in Table-2.
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5. Conclusion

In this research work a novel HS-LLRBFNN model has been proposed to
classify the seizure signal. Bonn dataset has been utilized for the testing and
training process. The EEG signals are denoised through cumulative sum
average filter to have better smoothness of the signal. Further the denoised
signal has been given as input to S-Transform and TT-Transform for
localization of the seizures from the EEG signals. It is observed that the TT-
Transform method performs diagonaal localization , reduces the noise level and
ready for feature extraction. There are therr features such as PSD, Entropy and
Energy has been calculated and presented. The distinct feature entropy plays a
vital role in classification. Further the classification has been done by utilizing
HS —LLRBFNN model and the results aare compared with HS-LLWNN,HS-
RBFNN and LLRBFNN and comparison results are presented. The HS-
LLRBFNN shown an accuracy of 98.89 % along with the lesser computational
time of 18.2117 seconds.

References

Feltane, Amal, "Time-Frequency Based Methods for Non-Stationary Signal
Analysis with Application To EEG Signals” (2016). Open Access
Dissertations. Paper 445. https:// digital commons. uri.edu/oa_diss/445

C Kamath, “A new approach to detect epileptic seizures in
Electroencephalograms using Teager energy”. ISRN Biomedical
Engineering,Hindawi. (2013) https ://doi.org/10.1155 /2013/ 35810 8

C Kamath ,”Teager energy based filter-Bank Cepstra in EEG classification for
seizure detection using radial basis function neural network”. ISRN
Biomedical Engineering, Hindawi. (2013) https
//doi.org/10.1155/2013/498754

R Abbasi, M Esmaeilpour, Selecting statistical characteristics of brain signals
to detect epileptic seizures using discrete wavelet transform and
perceptron neural network. IJIMAI 4(5) (2017),pp.33-38

N.Sriraam, S.Raghu, , K.Tamanna, “Automated epileptic seizures detection
using multi-features and multilayer perceptron neural network”. Brain
Inf. 5, 10 (2018). https://doi.org /10.1186/ s40708-018-0088-8

Shasha Yuan, Weidong Zhou* and Liyan Chen , Epileptic Seizure Prediction
Using Diffusion Distance and Bayesian Linear Discriminate Analysis
on Intracranial EEG, International Journal of Neural Systems, Vol. 28,
No. 1 (2018) 1750043 (12 pages),World Scientific Publishing Company
DOI: 10.1142/S0129065717500435

Guo L, Rivero D, Pazos A, “Epileptic seizure detection using multiwavelet
transform based approximate entropy and artificial neural networks”. J
Neurosci Methods 193(2010), pp.156-163. https
://doi.org/10.1016/j.jneum eth.2010.08.030

MK Kiymik, A Subasi, HR Ozcalik, “ Neural networks with periodogram and
utoregressive spectral analysis methods in detection of epileptic
seizure”. J Med Syst 28(6) (2004),,pp.511-522

2337


https://doi.org/

Epliptic Seizure Detection and Classification Using Cumulative Sum Average Filter TT-Transform and Harmony Search Algorithm PJAEE, 17 (9) (2020)

Based LLRBFN Model

U Orhan, M Orhan, Ozer M, “EEG signals classification using the K-means
clustering and a multilayer perceptron neural network model”. Expert
Syst Appl 38(10), (2011),pp.13475-13481

S Gurwinder, M Kaur, S Dalwinder (2015) Detection of epileptic seizureusing
wavelet transformation and spike-based features. In: 2nd international
conference on recent advances in engineering & computational sciences
(RAECS) 2015, pp 1-4

N Ahammad, T Fathima, P Joseph “Detection of epileptic seizure event and
onset using EEG”. Biomed Res Int 2014:450573

D Wang, D Miao, C Xie ‘“Best basis-based wavelet packet entropy feature
extraction and hierarchical EEG classification for epileptic detection.
Expert Syst Appl 38(11),2011,pp.14314-14320

ML Menshawy, A Benharref, M Serhani “An automatic mobilehealth based
approach for EEG epileptic seizures detection”. Expert Syst Appl
42(2015),pp.7157-7174

Vipin Guptax, Ram Bilas Pachori, Epileptic seizure identification using
entropy of FBSE based EEG rhythms, Biomedical Signal Processing
and Control 53 (2019) 101569

Bogaarts JG et al (2016) Optimal training dataset composition for SVM Based
age independent, automated epileptic seizures detection. J Med Bio-
logical Eng Comput 54:1285-1293

Das AB, Bhuiyan MIH “Discrimination and classification of focal and non-
focal EEG signals using entropy-based features in the EMD-DWT
domain”. Biomed Signal Process Control , (2016) 29,pp.11-21

S Raghu, N Sriraam Classification of focal and non-focal EEG signals using
neighborhood component analysis and machine learning algorithms.
Expert Syst Appl ,2018,113,ppp.18-32

S. Siuly, Y. Li, Y. Zhang, A Novel Clustering Technique for the Detection
ofEpileptic Seizures, Springer International Publishing, Cham, 2016,
pp. 83-97.

D.S.T. Behara, A. Kumar, P. Swami, B.K. Panigrahi, T.K. Gandhi, Detection
ofepileptic seizure patterns in EEG through fragmented feature
extraction, 20163rd International Conference on Computing for
Sustainable GlobalDevelopment (INDIACom) (2016) 2539-2542.

M. Sharma, R.B. Pachori, U.R. Acharya, A new approach to
characterizeepileptic seizures using analytic time-frequency flexible
wavelet transformand fractal dimension, Pattern Recogn. Lett. 94
(2017) 172-179.

M. Diykh, Y. Li, P. Wen, Classify epileptic EEG signals using weighted
complexnetworks based community structure detection, Expert Syst.
Appl. 90 (2017)87-100.

Z. Yu, W. Zhou, F. Zhang, F. Xu, S. Yuan, Y. Leng, Y. Li, Q. Yuan,
Automaticseizure detection based on kernel robust probabilistic
collaborativerepresentation, Med. Biol. Eng. Comput. (2018).

A. Mert, A. Akan, Seizure onset detection based on frequency domain metricof
empirical mode decomposition, Signal Image Video Process. (2018).

2338



Epliptic Seizure Detection and Classification Using Cumulative Sum Average Filter TT-Transform and Harmony Search Algorithm PJAEE, 17 (9) (2020)

Based LLRBFN Model

R.R. Coifman and M.V. Wickerhauser, “Entropy-based algorithms for best
basis selection,” IEEE Transactions on Information Theory, vol. 38, no.
2, pp. 713-718, 1992.

P.K.Nayak ,S.Mishra, , P.K.Dash, R.Bisoi, “Comparison of Modified TLBO
Based optimization and extreme learning machine for classification of
Multiple Power Signal Disturbances” Neural Computing And
Application ,Springer Journal, Volume 27, Issue 7, pp 2107-2122. Oct.
2016

R.G. Andrzejak, K.Lehnertz, , F. Mormann, ‘Indications of nonlinear
deterministic and finite dimensional structures in time series of brain
electrical activity: dependence on recording region and brain state’,
Phys. Rev. E, 2001, 64, (061907)

Bonn University EEG Database, http://epileptologie-
bonn.de/cms/frontcontent.php ?idcat=193 &lang=3, Online (accessed:
15.7.2018).

Acharya UR, Molinari F, Vinitha SS, Chattopadhyay S, Kwan-Hoong N, Suri
JS (2012) Automated diagnosis of epileptic EEG using entropies.
Biomed Signal Process Control 7(4):401-408

Chien-Chun Huang, Sheng-Fu Liang, Ming-Shing Young and Fu-Zen Shaw,
A Novel Application Of The S-Transform In Removing Power line
Interference From Biomedical Signals”, Physiological Measurement,
Vol.30, pp: 13-27, 2009.

C. Simon, M. Schimmel and JJ. Danobeitia, “ On The TT-Transform And Its
Diagonal Elements”, |IEEE Transactions On Signal Processing
Vol.56, No.11, pp.5709-5713, Nov.2008

L. D. S. Coelho and V. C. Mariani, “An improved harmony search algorithm
for power economic load dispatch,” Energy Conversion and
Management, vol. 50, no. 10, pp. 2522-2526, 2009.

S. Mishra, P.Sahu & M. R. Senapati, “MASCA- PSO based LLRBFNN Model
and Improved fast and robust FCM algorithm for Detection and
Classification of Brain Tumor from MR Image” Evolutionary
Intelligence, ISSN 1864-5909, Springer
https://doi.org/10.1007/s12065-019-00266-x,July,2019

2339


http://epileptologie-/

	Epliptic Seizure Detection and Classification Using Cumulative Sum Average Filter TT-Transform and Harmony Search Algorithm Based LLRBFN Model
	1Sreelekha Panda, 2Satyasis Mishra, 3Mihir Narayana Mohanty
	1 Raajdhani Engineering College, Bhubaneswar, India 2 Dept. of ECE, Centurion University of Technology and Management, Odisha, India 3 Dept. of ECE, ITER,Siksha ‘O’ Anusandhan University, Bhubaneswar,  Odisha, India Email:: 2s.mishra@cutm.ac.in

