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A bstract - I n th is p aper, a com prehensive quantitative anal ysis 

of electr oencephalogram signals is carr ied o ut. As nat ure of EEG 
signals is non-stationary, the visual inspection of EEG data lac ks 
quantitative analysis and is time-co nsuming and ineffic ient. 
Wavelets pr ovide a solutio n for analyzing and syn thesizing 
signals, imag es, and data exhib iting re gular behavior pun ctuated 
with abru pt chan ges. Attributes from the avai lable database are 
ext racted and analysis of signal with different wavelets is 
p rocessed to de tect and pre dict the typ e of disorders. T his a rticle 
p roposes a met hod for reli able detec tion of epilepsy b y usi ng 
different wavelets asHaa r wavelet, Coi fle t wavelet, D Band sym let 
to the database signals and on the bas is of which w e are ab le to 
prog  nosticate. D b wavelet provides the optim um result s and bes t 
se rves o ur obje ctive. 

Ke ywords–Elect roencephalogram (EEG); Prognosticat ion; 
Wavelet tran sfo rm; Attributes; Skew; Kurtosis.  

 

I.  INTRODUCTION 
 

Electroencephalogram(EEG) is an unique and a valuable 
measure that provides information about the electrical activity 
of human brain.These signals play an important ro le fo r 
examining and diagnosing of neurological disorders, as 
epilepsy, Alzheimer, sleep problems and so on [1]. The 
primeval methods of analyzing EEG signals are based on the 
linear mathematics, though linearity is not appropriate for 
investigation of chaotic and complex seizures. In  real time 
devices such as central nervous system, social behavior, 
chemical reaction, which are complicated and extremely input-
sensitive behavior that cannot be analyzed linearly.  

It is recommended to use frequency – time domain 
methods as discrete wavelet transform analysis to display 
different t b ehavior of the EEG as these signals are  non-linea r 
and a non-stationary signal. Thes e signals can be ea sily 
describ ed in the time and frequency domain and ha ve 
excellent t time resol ution and can be acqui red non- invas ively, 

w hich make s this techni que mo re frequent ly used[2]. I n the 
e arly da  ys of dig ital processing, the mos t co mmonly used 
transform for signal represen tation wa s Fourie r transform. 
H owever, b io-signals, charact  erized b  y a non-stationary time 
behavi or w ould n ot prod uce the f inest re sult i f pr ocessed wit h 
Four ier transform. In this work, wavelet theorem has been used 
for analysis, diagnosis and processing of bio-signals for 
ext racting feature  s, firmnes  s and d e-no ising purp oses. 
Nume  rous wavelet famili es exis t for signal characterization 
and selectio n of suita ble wavelet is a  n op en research is sue[3]. 
A r ange of techniques for signal processing ha ve alread  y be en 
proposed for characterization of non-stationary and non-lin ear 
signals li ke EEG [4].Becaus e of their ver y com plex natur e, 
th ere seem s a necessit y to inve stigate their joi nt time-
frequency localizat ion for mo  re d iscriminatory features. A 
n number of transformat ion methods s such as Wavelet Packe t 
transform (W  PT), Wigne  r Vall ey (W V) decomposition on, 
Wavelet Transform  (W T), et  c, are avail able for the 
representation of a signal in time-frequency domain[5]. 

The techniques used for the detection of seizures are 
div ided in to domain based fi ve gro ups: time-frequency 
domain, t ime domain, frequency domain, sof t computi ng 
domain and nonl inear based methods [7]. I n this paper time-
frequency domain techniques are used to analyze the signals 
us ing wavelet t ransform. Th is paper reviews epilepsy detection 
by the techniques used for EEG signal processing, from 
analysi s of EEG data acquisition le ading to classific  ation 
methods of EEG signal. The techniq ue employed in this paper 
involve s- findi ng ou t the op timal wavelet to analyze the EEG 
signals. Fur ther, Si gnals are statistical ly an alyzed b y 
calc ulating f irst, s econd and highe r or der statistical paramet  ers. 
Section I I pr esents the materi als & methods employed for this 
research wo rk. Sectio  n II I gi ves the de tails of the proposed 
m ethodology ad opted in th is paper. Resul ts are show n in 
section I V and the fi nal conclusi ons are dra wn. 
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II. MATERIALS AND METHODS 

A. Acquisition of Signals 
 Encephalographic signals are acquired by a particular system 
using recording device comprising electrodes, amplifiers with 
filters, A/D converter. A standard International system is 
adopted for acquisition known as 10-20 electrode placement 
system for the designations of electrodes and physical 
placement on the scalp.The head is divided proportional to the 
prominent skull landmarks to cover all regions of the brain [6]. 
Electrode positioning are named as  F (frontal), C (central), T 
(temporal), P (posterior), and O (occip ital) as shown in figure 
1. 

 
Fig. 1. Labelled 10-20 system of electrode placement 

 
Each scalp electrode is positioned near certain brain centres, 
and each electrode position represents a lobe and number 
identifies hemisphere location. ‘C’means central,‘F’ means 
frontal,‘P’means parietal and T’ means temporal lobe of brain. 
The signal acquired by the electrodes from the head surface is 
in microvolt range which is amplified by the amplifiers to 
bring them in Volts range that can be further digitized 
accurately. Thus the computer aided system can be to store and 
display obtained data and can be further processed. 
 

B. Database Selection 
 
The EEG database used in this study was provided by the 
University of Bonn [8]. This gathering contains EEG data 
coming from three different events, to be exact, healthy 
subjects, seizure-free intervals that is the inter-ictal states and 
during a seizure, that is ictal states. The perfect database 
constitutes three classes such as S, Z and F, each having 100 
single channel EEG signals. The various human activities used 
for measuring the brain activ ity were Eye open (Z), Eye close 
(O), during ictal state (F), Seizure (S). 
 

C. Attributes 
 
In this work, statistical parameters such as energy, standard 
deviation and entropy [9] were calcu lated for the different 

categories of signals at each decomposition level.The various 
attributes used are Energy, Standard Deviation, Mean, 
Kurtosis, Skewness SNR and Entropy.The attributes of all the 
signals are calculated and tabulated to be used for 
classification. 
 

III. METHODOLOGY ADOPTED 
 
While recording EEG signal it gets contaminated by noise 
known as Artifacts which are caused byvarious factors, 
likeEOG (electro -oculogram), EMG (electromyogram) andline 
interference. To extract the accurate informat ion from EEG 
signal, it must be noise free and without any 
Artifacts[11].After preprocessing of the signals, waveletsare 
used which divide data into various sub-components of 
frequency, and then each sub-component is analyzed with a 
particular resolution. 
 

A. Wavelet transforms 
 
EEG being a non –linear, non-stationary signal, using wavelet 
transform for the signal analysis is preferred over other 
transforms. Wavelet transformation is divided broadly into two 
major categories: Discrete wavelet transform and Continuous 
wavelet transform. The Continuous wavelet transform is 
normally used for feature detection and analyzing signals, 
whereas the latter is mostly used for compression and 
reconstruction of data. The frequency bands or sub-
bands(subspaces) are scaled versions of a subspace[10]. This 
cause shifts in one of the generating function ψ in L2(R) i.e . 
the mother wavelet generates this subspace in all situations 
The frequency is generated by the functions basically 
called child wavelets. 

 
where a  b define the scale and  the shift is any real number. 
The coefficients are given as: 

 
By using all wavelets coefficients, it is not possible to analyse 
computationally, thus a discrete subset is sufficiently picked to 
reconstruct a signal of the upper half-plane from the 
corresponding wavelet coefficients, thus resulting in use of 
discrete wavelet transform[14]. Therefore, the child 
wavelets are: 
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For finite energy a sufficient condition for the reconstruction 
of any signal x is given as : 
 

 
where, 

 
 
Some of the wavelets used in this research work are briefed in 
the following section : 
 
Haar wavelet –Haar wavelet is a sequence of functions of 
rescaled "square-shaped" family and is considered to be the 
simplest wavelet among all.  
The mother wavelet function  ( )tψ  for haar wavelet is: 

 

𝝍(𝒕) = �

𝟏              𝟎 ≤ 𝒕 < 1/2                             

−𝟏              
𝟏
𝟐
≤ 𝒕 < 1                                    

   𝟎               otherwise

� 

 
The scaling function is : 

 
𝜙(𝘵) = �1       0≤ 𝑡 < 1                

0      otherwise     
� 

 

Daubechies wavelet-This wavelet, is a  family of or thogonal 
wavelets that defiines a discrete wavelet t ransform and is 
classified by a maximum no. of disappearing moments [13].  

 

Coiflet Wavelet- These are a type of discrete wavelets that 
contains some scaling functions with disappearing 
moments[12].Hence the two functions -the wavelet & scaling 
function must be normalized by a factor1/sqrt(2). 
Mathematically, Coiflet wavelet can be represented as: 

 
here N - wavelet index, k - coefficient index , B – wavelet 
coefficient and C – coefficient of scaling function. 

 

B. Design flow 
 
The signals are taken from the database available online. 
Inspection for signal distortions among basic evaluation of the 
EEG traces is called artifacts. In comparison to signal 
sequences not going through by any large contamination 
typically it is a sequence with higher amplitude. So  artifacts 

and excessive noise will be eliminated from the signal. After 
the detachment of noise and artifacts, the signal would be 
categorized  into following mentioned the frequencies’ (0.5-3 
Hz)  ϴ(3-8 Hz)  α(8-12 Hz)  β (12-38 Hz)γ(38-42 Hz).  
 
For the final processing of the signal, various wavelets 
transform are used. Once the signal is passed through the 
wavelets, the attributes used for the analysis of the EEG 
signals are selected. 
For all the 300 signals of ictal, normal and inter-ictal, attributes 
from all the coefficients are calculated and normalized in the 
max-min range. The main aim of data normalization is to 
improve the levels of signals of interest, while attenuating or 
rejecting unwanted signals. Finally the attributes of all the 
signals are used for training the classifier and then classifying 
the signals for epilepsy using SVM classifier.  

 
IV. RESULTS AND DISCUSSION 

 
The data taken from Bonn University comprises EEG signals 
for three types of patients – Ictal, Inter-ictal and healthy man, 
with each categories comprising of a dataset of 100 patients. In 
this work we have used different wavelets – Haar Wavelet, 
Symlet Wavelet, Coiflet Wavelet and Daubechies Wavelets to 
divide a single EEG signal into 5 different signals – delta, 
theta, alpha, beta, and gamma in frequency domain . 
Figure 2 shows the Extracted features of Ictal and healthy 
patients respectively. These features are extracted using coiflet 
wavelet. Features includes mean, standard deviation, variance, 
skewness, kurtosis, energy which is scaled to x106, power, 
maximum/minimum value, and entropy. 

Figure 3 shows the results of a single patient (from each 
state i.e. Ictal, inter-ictal and healthy) of EEG using Symlet 
wavelet. Figure 3 (i) shows the categorization of EEG signal o f 
an ictal patient. In this the delta signal has high number of 
peaks which shows high order of randomness and instability of 
mind. The beta and gamma signals have very high frequency 
and rise and drops in the signal values.  

Similarly, Figure 3 (ii) shows the categorization of EEG 
signal of a healthy patient. In this the delta signal has least 
number of peaks which shows low order of randomness and 
stability of mind. The beta and gamma signals have very high 
frequency and less rise and drop in the signal values.  

Figure 3 (iii) shows the categorization of EEG signal of an 
inter-ictal patient. In this the delta signal has high number of 
peaks with respect to the healthy patient but low number of 
peaks with respect to ictal state patient which shows moderate 
order of randomness and less stability of mind. The beta and 
gamma signals have very high frequency and less rise and 
drops in the signal values compared to the ictal pat ient 
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            (a) 

Fig. 2. Extracted Features using coiflet wavelet for (a) ictal        state patient. 

Figure 4 shows the graphs of the extracted features in 
comparison with all three states of mind (i.e. ictal, inter-ictal 
and healthy). The observations noted here are- Skewness and 
Kurtosis value is greatest in Inter-Ictal patient and least in 

Seizure patient. Energy value is greatest in Seizure patient and 
least in healthy individual. Entropy is positive in Seizure 
patient and negative in Healthy individual. 

 

 
                                                      (b) 
Fig. 2. Extracted Features using coiflet wavelet for (b) healthy state patient. 

 
(i) 

 
(ii) 
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(iii) 

Fig. 3. Extracted wavelet coefficients of  (i) ictal state (ii) normal state and (iii) inter-ictal state 

 
 

(a)  

 
(b) 

 

 
(c) 

 
 

   (d ) 
Fig. 4. Extracted features of ictal state –S, normal state-Z and inter-ictal state-

F. (a) Skewness, (b) Kurtosis, (c) Energy (scaled to 106) and (d) Entropy. 

CONCLUSION 
 

The work performed results in a designed system of 
prognostication of the epileptic seizure from EEG signals with 
high accuracy and less computational complexity. Hence we 
concluded from the results demonstrated, that this technique 
can be used for efficient and precise epileptic seizure detection. 
We can observe that: Skewness and Kurtosis value is greatest 
in Inter-Ictal patient and least in Seizure patient. Energy value 
is greatest in Seizure patient and least in healthy individual. 
Entropy is positive in Seizure patient and negative in Healthy 
individual. Further, various classifiers give satisfactory results 
of classification of these signals using various attributes 
calculated from the wavelet coefficients. 

REFERENCES 
[1] J.G otman, “Automatic reco gnition of epileptic seizur es in t he EEG”, 

Elect roen C lin Ne uro., vol.54, pp.530–540, 1982. 

Copy Right © INDIACom-2017; ISSN 0973-7529; ISBN 978-93-80544-24-3 6312



Proceedings of the 11th INDIACom; INDIACom-2017; IEEE Conference ID: 40353 
2017 4th International Conference on “Computing for Sustainable Global Development”, 01st - 03rd March, 2017 

 

[2] Meenaksh i So od, S unil V. Bhoosh an, “Pa rameter-Se lective Bas ed Ca d 
S ystem Fo r Epil eptic Seizure Classif ication”  International Jour nal of 
Ap plied Enginee ring Rese arch IS SN 0973-4562 V olume 10, N umber 12 
(2015) pp. 28751-28769. 

[3] N abeel Aha mmad, T  F athima and Pa ul Josep h, "Detection of Epilep tic 
Seizure Even t  and On set Us ing EEG", BioMe d R esearch International 
Volume vol.2014, A rticle I D 450573. 2014. 

[4] J.C. Rajap akse, A. C ichocki and V.D. Sanc hez, “In dependent c omponent 
analysis and b eyond in brain imagi ng: EEG, ME G, fM RI, and PE T”, I n 
Pro c. of IEEE Co nf. on Neura l Inf ormation Processing, vol.1, pp. 404-
412, 2002 

[5] H. Jok eit and M. Sch acher, “Neurop sychological aspect s of t ype of 
epil epsy and etiologic al fac tors in adu lts”,  Epilepsy & Behavi or, vol.5, 
pp.14–20, 2004. 

[6] A.T T zallas, M.G. Tsipour as and D.I. Fo tiadis, "Automatic seizure 
detection ba sed on time-freque ncy analysis and artificia l neura l 
netw orks", Co mput I ntell Neurosci. vol.7 (3): pp.1-13, 2007. 

[7] E. Ho ffmann, “Brai n Trainin g ag ainst Stres s: The ory, Meth ods and 
Resu lts fro m an Out come Stud y”, versi on 4.2., 2005. 

[8] Andrze jak, K. Lehne rtz, F. Morm ann, C.R ieke, P. Da vid, and C. Elge r, 
“Indicat ions of nonline ar d eterministic and finit e dime nsional st ructures 
in time serie s of brain elec trical a ctivity: Depende nce on rec ording 
re gion and brain s tate”, Phy s. Re v. E., vol.4 (6), 2001 

[9] Lia ng, H.C Wan g, W.L.C hang, “Combin ation of EEG Complexi ty and 
Spect ral Analysis for Epilepsy Diagnos is and Seizure Detection", 
EUR ASIP Journa l on Adv ances in Signa l Processing, pp.853434, 2010.    

[10] H. Ade li, Z Zh ou N, Dadmeh r, "Analysis of EEG r ecords in an epileptic 
p atient using wavelet transform",  J. Neurosci. Met h. vol.123 (1), pp.69–
87, 2003.  

[11] Guerrer o-M osquera, "Sto chastic relevanc e analysis of epileptic EEG 
signal s for c hannel selecti on and classificat ion", Conference 
proceed ings:. Ann ual International Conference of t he IEEE Engineeri ng 
in Medicine and Biology Societ y. Conference07/2013, pp.2104-2107, 
2013 

[12] V. B ajaj and R.B. Pacho ri, "C lassification of Seizure and Non-seizure 
EEG signals using empirical mode decomposition”,IEEE T INF 
TECHNOL B . vol.16 (6), pp.1135-1142, 2012 

[13] A. Su basi, "Applic ation of ad aptive ne uro-f uzzy inferen ce sy stem for 
epileptic seizure detection using wavelet featu re extra ction", Com puters 
in Biology and Medicine, vol.37 (2), pp.227-244. 2007. 

[14]     H. O cak , "Automatic detection of epileptic sei zures in EEG using 
di screte wavelet transform and app roximate entrop y", Ex p. Sy st. Ap pl., 
vol.36(2), pp.2027–2036, 2009 

Copy Right © INDIACom-2017; ISSN 0973-7529; ISBN 978-93-80544-24-3 6313


	A. Acquisition of Signals
	B. Database Selection
	C. Attributes
	A. Wavelet transforms
	B. Design flow



