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Abstract

The analysis of EEG signals plays a vital role in the detection of Seizure. The EEG signal of a
normal person varies when compared to that of a seizure affected person. A new wavelet is cre-
ated which closely represents a normal EEG wave. The discrete wavelet transform using the new
wavelet family is applied to the input EEG signals. Since the new wavelet represents the normal
EEG wave pattern the reconstruction error isvery lesswhen a normal EEG signal is applied as
an input when compared to that of a seizure EEG signal. This marked difference in the recon-
struction error is used to classify the normal and seizure EEG signals. When continuous wavelet
transform is applied to the input EEG signal using the new mother wavelet, the wavelet coeffi-
cientsare higher in seizure EEG when compared to that of the normal EEG signal.
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| ntroduction banks to segregate the signals into specific ranridee-
guencies using high pass and low pass filters. dtliput
There is a worldwide concern about the growing nemb of high pass filter gives detailed coefficients andput of
of people with epilepsy. Around 50 million peopleand  the low pass filter gives approximation coefficienthe
the world are affected by Epileptic seizure of wh@0%  signal can be reconstructed by adding the detaifedi
of them are living in developing countries. Therfaa- approximation coefficient. The error value can lécu-
jor causes of a seizure are head injury, head mastroke lated by obtaining the difference between the pebsig-
and brain tumor [1]. Children who get high fevesaagiet nal and the reconstructed signal. The error hdetoery
seizure which in the latter stages may become mjule closer to zero [5].
For proper diagnosis long hours of EEG signalstbdse
obtained from the patients and reviewed by the atoct The section 2 of this paper deals with creatingew n
Automatic detection of seizure using EEG signals hawavelet. Section 3 deals with the application of D¥ur
become a notable area of research. The automigiorse decomposition and reconstruction of the signal gisire
detection helps in detecting subtle seizures eveenwhe new wavelet. Section 4 gives details of CWT whise t
patient is unaware of the occurrence of seizuréseFa new wavelet is applied as mother wavelet. Sectigivés
positives in automatic detection are also presennhbvel the concluding remarks of this study.
techniqgues aid in the reduction of false alarms. [2]
Among the methods that are being used in autorsatic ~ Creating a new mother wavel et
zure detection Wavelet transform has gained itsi|aoiy The new wavelet is constructed based on the maoghol
since it gives both time and frequency detailshef $ig- cal features of an EEG signal which has sharp paaés
nal. The computational time is also improved byngsi troughs. Hence a cycle of the EEG signal is comsitie
wavelet when compared to other methods [3]. Tleee and a similar pattern is taken into considerationdé-
two types of wavelet transform. They are continuouyelop a mother wavelet which in turn aids to ackibet-
wavelet transform (CWT) and discrete wavelets fams  ter correlation with the input EEG signal.
(DWT). In CWT the continuous time input signal is d
vided into wavelets for detailed time based freqyen A novel wavelet family ‘eeg wave’ has been creatsithg
analysis using a mother wavelet [4]. The DWT u#es  MATLAB which can perform both CWT and DWT. In
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future, the orders of the wavelet can be increaswter

this family. The families of wavelets can belongotte of

the five wavelet types. They are orthogonal wagelet-

ing FIR filters, biorthogonal wavelets using FIRt€fis,

orthogonal wavelets without using FIR filters bsing a

scaling function, wavelets not using FIR filtersdamot

using a scaling function and complex wavelets reig

FIR filters and without using a scaling functionher
wavelet that is used in this paper is an orthogazaelet

with filter.

The wavelet is hamed as eegwav which is definethey
filter allied with it. The basic filter described lquation 1 is

filter is denoted by G (z) and high pass filted&noted by
H (z) [6].lt is represented by equation 3 and 4.

G(z)= z::_: d2z"
H@ =2, 22"

The decomposition and reconstruction filters a@ghin
Figure 2

®3)

(4)

associated with this wavelet. It helps to constthet four | grigures o=
fiters used by the Discrete Wavelet Transform rie edi view insert Tools Desktop Windew Help ~
eegwav = [(1+e(.2)) (1.5+ e(.2)) (1.5-e(.2)) (@2p] (1) “LcEd= k" 09i- G 0EH D

When using discrete wavelet transform the filtessoai-
ated with this wavelet are first calculated. THefibank
realization is the wavelet coefficients of discretaild
wavelets of a given mother wavelst (t) which is ex-

pressed in equation 2. The mother wavelet is scajed
powers of 2 and shifted by powers of 2.

1 t—k2’
W 4
V2 ( 2 J

In the above equation the scaling parameter istddriay
j and shifting parameter is denoted by k. The Wehand
scaling function of the new wavelet ‘eegwav’ is ajivin
Figure 1.

W(t) = (2)
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Figure 1. The scaling and wavelet function

There are four filters. Two low-pass filters arécotated.
One is for decomposition and the other is for retoe-
tion. Similarly two high pass filters are computkxt
decomposition and reconstruction purpose. The lassp
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Figure 2. Decomposition and Reconstruction filters

The signal under analysis is x (t). The waveleffenent
is denoted byy which is expressed in equation 5. The

input signal length is 2N.
jdt

= 1
Vik :Lo X(t)@w(

HenceY,,is the convolution of the signal with the

t—k2'
2]

(5)

mother wavelet which has undergone dilation, réfiec
and normalization [7]. The new wavelet is formediurch
a way that it closely represents a normal EEG wave.

Application of DWT using the new wavelet for classifi-
cation of seizure EEG

The normal EEG and Seizure EEG signals are obtained
from the database given by Epilepsy Centre praaehie
University of Bonn [8]. The DWT uses filter bank$iah
segregates the input signal into approximation cethil
components [9]. The approximation gives the low fre
guency content of the signal and details give iga fre-
guency contents. The new mother wavelet ‘eegwav’
closely resembles the normal EEG wave pattern. &élenc
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using this mother wavelet discrete wavelet tramsfis

performed on the input signal. The input signalésom-
posed into approximation and detail components.s&he struction is proper.

Prince/Hemamalini/Kumar

The error between the original and reconstructgdagiis
calculated. If the error is less it indicates ttieg recon-
If the input signal is a nainEEG

components are then added to get the reconstrgied signal then the reconstruction error is less stheeeeg-

nal.

The input signal is shown in figure 3 which givee de-

tails of how it is subdivided into low frequencydahigh
frequency components. Low frequency component (apzalculated using the formula given in equation 6.

proximation) is A2 and high frequency components- (d

tail) are denoted by d1 and d2. Then finally theore
structed signal is also displayed in the last row.

Signal, Approsimat on A2 and Detai s D2 and 01, Recorsiruc:ed Signal
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Figure 3. Decomposition and reconstruction of an EEG

signal
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wav closely represents normal EEG signal. If thpiin
signal is a seizure EEG signal then the reconsbrutr-
ror is comparatively higher. The reconstructionoeris

error = max (abs(x1-(A2+D1+D2))) (6)
The reconstruction error values for normal and aipab
signals are plotted in figure 4. It clearly indiesitthat the
reconstruction error for normal EEG signal is mpkkser
than 1 and error for seizure signals are greader ih

Application of CWT using the new wavelet for classifi-
cation of seizure EEG

The novel mother wavelet ‘eegwav’ is also usedtinlys
the EEG signal using continuous wavelet transforhe
continuous wavelet transform gives the detailsirogtat
which the frequencies occur [10]. The wavelet dordiit

of a seizure affected EEG is much higher when coetpa
to normal EEG signal which indicate that highegérency
signals are produced at the time of seizure[11]G Ekf)-
nals are generally low frequency signals. Hencigurg 5
shows the output when a continuous wavelet transfor
is applied to a seizure affected EEG and a nornib E
signal. The axes which represent the scale givedéie
tails of frequency. The higher scale values reprsse
low frequency components and vice versa. EEG signal
are generally low frequency signals. Hence it can b
seen in the higher values of scale and are present
throughout the entire time scale. The CWT of seizur
affected wavelet has a higher wavelet coefficiehemw
compared to normal EEG signal [12] as highlighted i
the figure given below. The highest wavelet coéfit
for a seizure affected EEG signal is usually mdrant
900 where as the highest value of the wavelet mieffit

Figure 4. Plot showing the wavelet reconstruction error is usually lesser than 900 .
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Figure5. CWT of Seizure EEG and normal EEG using the ‘* EB& wnother wavelet
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The EEG signal of a person when a tonic seizure haReferences

occurred is shown in Figure 6. The pre ictal (befo
the occurrence of seizure), ictal (at the timeakgre) 1.
and post ictal stages can be vividly seen in themi
signal. Figure 7 shows the CWT of the above EEG sic2.
nal. The lower values of the scale axis indicagghbr
frequency components. Hence during the Ictal stac
the wavelet coefficients are higher at lower scaé

ues when compared to pre-ictal and post-ictal stage
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Figure 6. EEG signal during the occurrence of Tonic sei-
zure
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Figure 7. CWT using ‘eegwav’ of EEG signal during the 12.

occurrence of Tonic seizure

Conclusion

The novel wavelet which is named as ‘eegwav’ which
closely represents the normal EEG has been sugltgssf
used to classify the seizure EEG and normal EEGaksg
The EEG signal was decomposed using discrete wavele
transform into approximations and detail componéertien
reconstruction is done by adding approximation @etails.
The reconstruction error is calculated by subfngdiie sum
of the approximation and details from the origisgnal.
Since the mother wavelet represents normal EEGetin-
struction error was very less when compared tauBeEEG
signals. The ‘eegwav’ wavelet was also used inicootis
wavelet transform. The wavelet coefficients arehéigfor
seizure EEG when compared to the wavelet coeffiieh
normal EEG.
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