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ABSTRACT: Electroencephalography (EEG) is the recording of electrical activity along the scalp
produced by the firing of neurons within the brain. The main application of EEG is in the case of
epilepsy, as epileptic activity can create clear abnormalities on a standard EEG study. EEG signals,
like many biomedical signals, are highly non-stationary by their nature. Wavelet analysis has found a
prominent position in the investigation of biomedical signals for its ability to analyze such signals, in
particular EEG signals. Wavelet transform is capable of separating the signal energy among different
frequency bands (i.e., different scales), achieving a good compromise between temporal and
frequency resolution. The present study is an attempt to better understand the mechanisms causing
epilepsy and accurate prediction of the occurrence of seizures. In the present paper we identify typical
patterns of energy redistribution before and during a seizure using multi-resolution wavelet analysis.
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A WAVELET-BASED ENERGETIC APPROACH

1. Introduction

Epilepsy is @ common brain disorder associated with abnormal neuronal activity. About 1% of the world
population suffers from epilepsy and 30% of epileptic patients are not cured by medicine (NINDS 2001). Its
major manifestation is the epileptic seizure which may involve a discrete part of the brain (partial) or the whole
cerebral mass (generalized). EEG is the recording of electrical activity along the scalp produced by the firing of
neurons within the brain. The main application of EEG is in the case of epilepsy, as epileptic activity can create
clear abnormalities on a standard EEG study. Careful analysis of EEG records can provide valuable insight and
improved understanding of the mechanisms causing epileptic disorders.

The Fourier transform (FT) has been the traditional method applied to the analysis of time series signals for
decades. Fourier coefficients are determined by the entire signal support and frequencies are not localized in
time, since the infinite basis functions are used in FT. Consequently, Fourier analysis provides only globally
time-averaged information, whereas it lacks any local behavior within the signal. Hence, it is suitable for
extracting frequency information from stationary signals.

EEG signals like many biomedical signals are non-stationary, and Fourier transform does not give an
effective analysis for such signals. For non-stationary signals one method to partly overcome this difficulty is the
usage of short-time Fourier transform, STFT (the windowed Fourier transform) in which the signal is multiplied
by a sliding window of limited extent, considering the signal as quasi-stationary for such a short period. In
essence, STFT extracts several frames of the signal to be analyzed with a window that moves with time. If the
time window is sufficiently narrow, each frame extracted can be viewed as stationary so that Fourier transform
can be used. With the window moving along the time axis, the relation between the variance of frequency and
time can be identified. However the compromise between the temporal and frequency resolution, established by
the window size, is the same for all frequencies.

The wavelet transformation is well-suited to representing various aspects of EEG signals such as trends,
discontinuities, and repeated patterns where other signal processing approaches fail. Wavelet is an effective
time/frequency analysis tool for analyzing transient signals. In the wavelet transform (WT) case, WT employs a
windowing technique with variable-size windows. Wavelets are mathematical functions that cut up data into
different frequency components, and then study each component with a resolution matched to its scale. They
have advantages over traditional Fourier methods in analyzing physical situations where the signal contains
discontinuities and sharp spikes. The fundamental idea behind wavelets is to analyze according to scale.

Wavelets are functions that satisfy certain mathematical requirements and are used in representing data or
other functions. Approximation using superposition of functions has existed since the early 1800's; Joseph
Fourier discovered that he could superpose sines and cosines to represent other functions. However, in wavelet
analysis, the scale used to look at data has a special role. Wavelet algorithms process data at different scales or
resolutions. If we look at a signal with a large window, we can notice gross features, and if we look at a signal
with a small window, we can catch small features. This makes wavelets interesting and useful.

Wavelets have been traced all the way back to Alfred Haar in 1910; however, the starting point of their
modern history coincides with two publications in the 1980s by Mallat (1989) and Daubechies (1990). Mallat
(1989) identified the important concept of multi-resolution analysis which is the corner stone of modern wavelet
theory, while Daubechies (1990) constructed the first orthogonal wavelet bases that were compactly supported.

Wavelets have become a tool of choice for scientists, leading to efficient solutions in time and space
frequency analysis problems, as well as a number of other applications. Nowadays wavelet methods of analysis
and representation have a significant impact on the science of medical imaging and the diagnosis of disease and
screening protocols. Wavelet applications in medicine include, but are not limited to, capillary pressure,
coronary artery disease, auditory nerve models, blood flow velocity, ECG timing, distortions and noise detection
of abnormalities, heart rate variability, cardiac arrhythmias, ECG data compression, evoke potentials, epileptic
seizures and epileptogenic foci, classification of EEG, pathological sounds, ultrasounds, and vibrations (blood
flow heart and lung sounds), medical imaging (ultrasonic, magnetic resonance, optical images, computed
tomography and others) electromyography signals and sleep apnea (Aldroubi and Unser, 1996).
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It may be emphasized that wavelet transform has been extensively applied to EEG with different purposes:
analysis and characterization of epileptic activity (such as spikes, slow waves, polyspikes, sharp waves, etc.), in
the perspective of obtaining clues on the processes underlying the onset of an epileptic attack (Attelis et al.,
1997; Bhandari et al., 2007; Gigola et al., 2004; Rosso et al., 2006), development of algorithms for the
prediction and on-line/off-line automatic detection of epileptic seizures (Attelis et al., 1997, Gigola et al., 2004,
Latka et al., 2003) in order to assist clinitians in monitoring hospitalized patients and reviewing EEG recordings
as well as to improve the quality of life of epileptic subjects.

In Inouye et al. (1990) a change of power spectrum in alpha frequency before the spike and wave
complexes was reported. Fisher et al. (1992) reported that frequencies above 40 Hz are poorly visualized on
conventional EEG scalp recordings, and that they have recorded frequency components up to 150 Hz in digitally
recorded EEGs. High frequency increases were largely localized to the region of the seizure focus. In Inouye et
al. (1994) structural changes were observed just before spike occurance during seizure. In Magosso et al. (2009)
wavelet methods were applied to EEG data obtained from epileptic patients suffering from drug resistance
temporal lobe seizures acquired at Bellaria Hospital (Bologna). In this particular paper, Magosso et al. (2009)
analyzed the energy distribution of the EEG to determine if it is altered among the different scales of the wavelet
representation and exhibits distinct patterns of energy redistribution. In the present work, we exploit the same
approach for our data obtained at Kocaeli University’s Medical Hospital in Turkey to characterize the epileptic
attack in quantitative terms and to obtain indications concerning the genesis of the seizure propagates among
adjacent regions of the brain. We have obtained similar results for digitally recorded video EEG recordings for
epileptic patients as Magosso et al. (2009). We have shown that energy distribution of the EEG has altered
among the different scales of wavelet representation at seizure onset and during the seizure.

The paper is organized as follows. The first section gives an introduction. In the second section, wavelets
and energy computation from wavelet coefficients will be introduced, while in the third section analysis of
epileptic EEG will be discussed. In the last two sections, data, methodology, application to EEG and results are
presented.

2. Wavelet analysis and energy computation

The wavelet is a quickly vanishing oscillation function localized both in frequency and time. In both
continuous and discrete forms of wavelet analysis, the signal is decomposed into scaled and translated versions
Wap (t) of asingle function w(t) called the mother wavelet:

Wy ()= w(‘%’") , M

Jal

where a and b are the scale and translation parameters, respectively, with a,b e R and a=0. If asignal f (t) is

a square integrable function of time, i.e. f € L2(R) (the space of finite energy signals), then the continuous
wavelet transform (CWT) of the signal is defined as

W (a.b)=Cpp = | f (t)ﬁw*(%) dt =(f ,wap) (2)

where (-,-) means the inner product and the superscript * means complex conjugate. The factor ]/\ﬂgl is used to
normalize the energy so that it stays at the same level for different values of a and b. The wavelet function
wap (t) becomes narrower when a is increased, and displaced in time when b is varied. Therefore, a is called

the scaling parameter which captures the local frequency content and b is called the translation parameter which
localizes the wavelet basis function at time t =b and its neighborhood. CWT at every possible scale a and
translation b provides a redundant representation of the signal; hence CWT requires a heavy burden of
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computations compared to the discrete wave transform (DWT). DWT provides sufficient information both for
analysis and synthesis of the original signal, with a significant reduction in the computation time. The filters of
different cutoff frequencies can be used to analyze the signal at different scales. The signal is passed through a
series of high pass filters to analyze the high frequencies, and it is passed through a series of low pass filters to
analyze the low frequencies (Addison, 2002).

The DWT is obtained by discretizing the parameters a and b. We may choose a=2"1 p=k27 with
i,j eZ. By substituting this in (1) we get
v, (=229t k). @A)
The DWT can be written as

dj =] f@22w(0t—k)dt =(f ¥ ) @)
where d; . are known as wavelet (or detailed) coefficients at scale j and location k. The wavelet coefficients

dj’k measure the amount of fluctuation about the point t =k 271 witha frequency determined by the dilation
index j.

Appropriate selection of mother wavelet  lets the family {(//J- k) jkez }form an orthonormal basis

for Lz(m). In that case, the original signal can be reconstructed from the resulting wavelet coefficients

accurately and efficiently without any loss of information (Strang, 1996); the number of wavelet coefficients will
be the same as the number of data points in the original signal. In other words, the DWT discards all redundant
information in CWT by employing a set of orthogonal basis functions. Furthermore, the DWT may be
interpreted in terms of a multi-resolution analysis, where a hierarchy of approximation and details of the signal is

constructed in nested subspaces of L2(R).
Multi-resolution scheme provides an effective way of implementing DWT (Mallat, 1989). In this scheme,

the square integrable space L2 (R) is decomposed into a direct sum of the subspaces W j, j from —oo to oo,
L2(R) =W 3 ®W _, DW_; ® W, W, BW, W3 ®---.
If the closed subspaces V j are defined as
VJ ZWj+1@Wj+2 @Wj+3@"', forall jez
where @ indicates direct sum, then the subspaces V; are a multi-resolution approximation of the square
integrable space L® and can be obtained from dilation and translation of a single scale function @j k ). Thus,
the subspaces W ; are the orthogonal complementary of the subspaces V; : V; ;1 =V ; @W; forall j Z

Given asignal f (t), its multi-resolution decomposition formula at level H is defined as

0 H +o0 . . H
fO)= % ag, 2" t-k)+ ¥ T dj 2Pyt =A 0+ X Dj©), ()

k =—0 j=—ook=—0 j=—o0

w(t) is the mother wavelet, while ¢ is a companion function, called the scaling function:

bk =272t k)
are scaled and translated versions of the original scaling function ¢(t). ay x represent approximation or
scaling coefficients at level H, and defined as

ap k =(f. dhk)
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Extending decomposition over all resolution levels, the complete wavelet expansion can be obtained as

~+00 +00 : :
ft)= ¥ X dj, 27%p@ T t-k). (6)
j=—00 k=—0

It expresses the synthesis of the original signal from wavelet coefficients. In each level j, the series in (6)
has the property of complete oscillation (Chui, 1992), which makes the decompaosition useful in applications to
time localization of events.

By using down-sampling operations along with low-pass and high-pass filtering, signal decomposition as
in (5) can be efficiently implemented (fast pyramid algorithm). It is important that the two filters are related to
each other, and they are known as a quadrature mirror filter. The high-pass filters are associated with the wavelet
functions Vik (t), while the low-pass filters are associated with the scaling functions i (t). At each

decomposition step this pair of filters decomposes the signal into low-frequency components (approximation
coefficients), and high-frequency components (details coefficients). Filtering is applied first to the original
signal, and then recursively, to the approximation series only. At every iteration, the output of each filter is
down-sampled by a factor of 2 (decimation) halving the data each time. The down-sampling is done to give
speed to the algorithm, reducing the computation at each iteration geometrically (after J iteration the number of

samples being manipulated shrinks by 2M ).
Let the signal be of finite length, say N and N =M Let T, denote the sampling time. Theoretically,
wavelet decomposition may involve all scales from negative to positive infinity as seen in (6). In practice,

wavelet decomposition is applied to discrete signals. Since there is not enough resolution between two
consecutive samples to construct finer details at scales j <0, the sample values of the signal are generally taken

as the signal approximation coefficients at scale j =0 and the analysis is limited only to positive scales (Siddiqi,

2004). The approximated and detailed signals at scale j will have only oM -] samples each, because of the down
sampling operation. Coefficients at each scale j are placed at instant tik = k 2st (k =0, 2M - —1). Hence,

the range of scales that can be investigated is 1< j <M, since the decomposition can proceed only until the

individual details contain a single coefficient.
If the decomposition is done for all resolution levels M, the wavelet expansion will be
M 2M-ig . _
fO=3 ¥ d;, 2@ t-k), @)
j=L k=0
where k starts from 0 since we assume, without loss of generality, that the signal starts from t =0.

Scalograms are the graphical representation of the square of the wavelet coefficients for the different
scales. They are an isometric view of the sequence of the wavelet coefficients versus wavelength. A scalogram
clearly shows more details, identifies the exact location/time and detects low-frequency cyclicity of the signal.
The scalogram surface highlights the location (depth) and scale (wavelength) of dominant energetic features
within the signal. The combination of the various vectors of coefficients at different scales (wavelengths) forms
the scalogram. The depths (location/time) with the largest (strongest) coefficients indicate the position where the
particular wavelength change is taking place. The scalogram provides a good space-frequency representation of
the signal. The scale 'a' is related to the frequency by

=0
= (8)

—h

where f is the frequency of the mother wavelet.

When the family {‘Pj,k (t)= 2j/2‘P(2jt —k )} is an orthonormal basis in L?(R), the concept of energy

is linked with the usual notions derived from the Fourier theory, and the sum of the square of the coefficients of
the series is the energy of the function, i.e. the energy series associated with coefficient series is given by
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Ejk=ldjxl? )
and the overall energy at resolution j is
M- 5
Ei= X djxl (10)

The total energy associated with the entire signal can be obtained as
M M-I 5
Bt =2 X [djxl (11)
j=1 k=0
Energy coefficients as computed by (9) have a different localization and density over the temporal axis,
depending on the scale: at scale j, the coefficients are placed at instants k2 T¢, k =0, -, 2M=J 1. Thus, to

study and to compare the temporal evolution of energy at different scales, it is necessary to recover for the
halved time resolution at each scale due to the down-sampling operation. In the following, two methods which
allow uniformly time distributed atoms of energy to be obtained across all scales will be intoduced. In the last
section these methods will be applied to the analysis of the EEG data.

2.1 Grouping and spreading-out energy coefficients

In this method the original signal will be divided into non-overlapping temporal windows of fixed length
L :ZJTS . Here 2’ is the number of signal samples falling within the window, and an atom of energy within
each window at every resolution level j will be computed. Two different cases have to be considered:

Case a) J > j : Inthis case, at each scale j (j =1, ---, M), the assigned window contains 271 energy coefficients.
The atom of energy within the window n(n=0,1---,Ny, —1) can be computed by grouping all the energy
coefficients falling within the window:
. 0<k<2) 11 n=0,
Ejn =2Ejx J-j1 J-j1 M—J (12)
k @n-12° 1 <k<(@n+12° 71 -1, n=1--,2 -1
The centre point of the corresponding time window will be set according to (12), so the first window will
be centered on 0, and half of the coefficients contained in it are null. Thus for each scale, a series of Ny, energy

atoms are uniformly time distributed with a time resolution At; = 2JTS.

Case b) j >J: This means that coefficients at some scale have a time resolution lower than L. In other words
there is a scale j * within the decomposition (1< j*<M ) such that j*=J. In this case again (12) can be used
for each scale j >J as before to group energy coefficients within a window. At scale j*=J no processing is

required for energy coefficients, because they have the desired time resolution. However for coefficients at scale
j >J we use

E.
= _Fjk _ n =0, oM _
Ejv"_zj—J k_round(zj_Jj, n=0,---,2 1, (13)
where the function round(x ) rounds x to the nearest integer.
Therefore the total energy within a time window n can be obtained by
A M
Etot,n :_ZlEj,n ' (14)
J =

237



A.H. SIDDIQI and H.K. SEVINDIR

and the relative energy associated with the resolution j in the time window n can be obtained by
E' n
p] n= L (15)
Etot n

2.2 Averaging energy coefficients

In this method atoms of moving average energy will be computed. Series of moving average energy can be
computed according to the following equation

0<k <270 _q, -

E.,=——YE., . (16)
SR IR flx(n j+1<k <f|x( j+231,n:1,--~,2M -2,
2!

where the functions fix(x ) rounds x to the nearest integer towards zero.

The total means energy within a time window n(n =0,1,---, 2 —27 ) is given by
E_tot,n :Z'Jyl:lE_j,n ' a7
and the relative mean energy is defined as
. Ej,
Pjn = = (18)
Etot,n

3. Analysis of epileptic EEG

EEG is a record of electrical potential generated by cerebral cortex nerve cells (Latka et al., 2003). Careful
analysis of EEG records can provide valuable insight and improved understanding of the mechanisms causing
epileptic disorders. Wavelet transformation, which is known as mathematical prism or microscope, is being
exploited for the analysis and proper understanding of the EEG records (Attelis et al., 1997; Magosso et al.,
2009; Adeli et al., 2003; Furati et al., 2006; Gigola et al., 2004; Mallat, 1989). Siddigi et al. (2009) have
analyzed EEG’s of epileptic and normal persons through energy distribution among different approximate and
detailed levels. Any redistribution may indicate change in the characteristics of the EEG signal which in turn
may represent specific events in the course of seizure. It may be remarked that if the information of a signal in
general, or an EEG signal in particular, carrying specific information consists of different components, each
individual component makes a different contribution to the total signal. For instance, each person’s voice is of
different wavelet frequency scale characteristics; that is, the individual frequencies make a different contribution
to the total energy of the voice. Therefore the signal can be distinguished by the characteristics of its energy
spectrum.

To set up the correlation between target signal and the wavelet energy spectrum we must build up a model
database (Bhandari et al., 2007; Furati et al., 2006; Gencay et al., 2002; Iske and Randen, 2006; Manchanda et
al., 2007; Percival and Walden, 2000; Rivera, 2003; Siddigi, 2004; Siddiqi et al., 2007; Yue et al., 2005; Yue
and Tao, 2006) combining a series of specific models that are distinguished from one another. In the model
database each model should have a group model signal. The energy spectrums of these model signals are
obtained by applying wavelet transform. It may be emphasized that wavelet transform has been extensively
applied to EEG with different purposes: analysis and characterization of epileptic activity (such as spikes, slow
waves, polyspikes, sharp waves, etc.), in the perspective of obtaining clues on the processing underlying the
onset of an epileptic attack (Gigola et al., 2004; Attellis et al., 1997; Rosso et al., 2006).

Development of algorithms for the prediction and on-line/off-line automatic detection of epileptic seizures
(Attellis et al., 1997; Gigola et al., 2004; Latka et al., 2003) in order to assist clinitians in monitoring
hospitalized patients and reviewing EEG recordings as well as to improve the quality of life of epileptic subjects.
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In Magosso et al. (2009) wavelet methods have been applied to EEG data obtained from epileptic patients
suffering from drug resistance temporal lobe seizures acquired at Bellaria Hospital (Bologna). The objective of
this study is to analyse whether the energy distribution of the EEG is altered among the different scales of the
wavelet representation and exhibit distinct patterns of energy redistribution. This information may be exploited
to characterize the epileptic attack in quantitative terms and to obtain indications concerning the genesis of the
seizure propagates among adjacent regions of the brain.

NASION

Peee®
$-0-6-0-0
00603

INION

Figure 1. International 10-20 EEG recording system.
4. Data and methodology

In this study we collected data of 30 epileptic patients suffering from temporal lobe seizures at Medical
School's Hospital of Kocaeli University. Data were recorded by the neurology laboratory of the hospital by using
the International 10-20 recording system (see Figure 1) using a digital EEG recording device. The scalp EEG
recording was used since most hospitals have limited or no usage of intracerebral EEG recordings. Using scalp
EEG recordings we get the same major modifications of frequency and of energy distribution as with
intracerebral EEG recording. The signals were sampled at 200 Hz and stored on a 32—-64 channel computerized
video-EEG system. Each patient was hospitalized for EEG video monitoring for several hours, and seizures in
their EEG were detected visually. The data were cut into small pieces containing a few minutes before and after
the seizures. The multi-resolution wavelet analysis was applied to all channels using the Daubechies order 4
wavelet (Db4). Each EEG signal was decomposed into seven resolution levels, in order to consider all frequency
bands which are commonly considered in the analysis of EEG signals.

5. Application and concluding remarks

Figure 2 shows the 7-level decomposition of T6—0O2 channel from one patient, with seizure activity starting
at t =115s. The signal(s), the seven levels of details (D1-D7) and the residual approximation (A7) are shown in
the Figure. The approximation and detail records are reconstructed from the scaling coefficients and wavelet
coefficients, respectively. The original signal is the superimposition of details D1-D7 and approximation A7.

Figure 3 shows the power spectral density (PSD) of the details and approximation estimated with the
Welch’s method. The frequency components captured by details move from the high-frequencies towards the
low-frequencies as scale increases from 1 to 7 (35-100 Hz at scale 1 vs. 0.75-1.5 Hz at scale 7), whereas
approximation A7 contains all the residual lower frequency information (<0.75 Hz) of the signal for our data.
From Figure 3 the spectra clearly indicate the frequency content captured by each detail and the approximation.
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Figure 2. T6-02 channel of the signal(s) and its wavelet decompositio using Db4.
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Figure 3. Power spectrum density (PSD) of the details and approximation.

An important aspect in the analysis of EEGs during epilepsy is the energy redistribution among the
different details; this redistribution may indicate changes in the characteristics of EEG signals which, in turn,
may represent specific events in the course of seizure. In order to characterize the temporal evolution of the
energy redistribution of EEG signals, the signal was divided into moving average windows each with a duration

L :ZJTS (where T is the sample time) and the energy of all details were computed within each window. In
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particular, all energy atoms at the same resolution level, contained within the same window, were summed up to
have energy at that particular level (see (14)).

20 1
total energy relative energy D4
10 05
0 0
0 50 100 150 200 0 50 100 150 200
time (s) time (s)
0.2 : 0.2 z
relative energy D5 relative energy DB
0.1 0.1
0 A 0
0 50 100 150 200 0 50 100 150 200
time (s) time (s)
o1 relative energy D7
0.05
1]

0 50 100 150 200
time (s)

Figure 4. Total energy of the signal(s) and the relative energies contained in each detail D4-D7.

95s

105s 110s

85s 100s

115s 120s

Figure 5. Snapshots of the relative energy distribution in all EEG channels for a patient with temporal lobe epilepsy
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Figure 6. 2-D scalogram of T6—02 channel of the signal(s).

In Figure 5 snapshots of the relative energy distribution in all EEG channels for a patient with temporal
lobe epilepsy just before seizure (t =65s), at seizure beginning (t =105s), and during several seconds of seizure
with reference to detail 4 can be seen. Different colors indicate different relative energy; dark blue for colored
pictures (light grey for black/white pictures) show values close to zero, while dark red (light grey) shows
approximately 0.6 or higher values.

Figures 6 and 7 show, respectively, 2-D and 3-D scalograms of T6-0O2 channel of the signal(s) and
confirm the seizure. The depths (location/time) with the largest (strongest) coefficients indicate the position
where the particular wavelength change is taking place.

Absolute Values of Ca,b Coefficients fora= 12345 .

COEFS

scales a 3 1 05

time {or space) b
Figure 7. 3-D scalogram of T6-02 channel of the signal(s).
Our results show that EEG recordings of epileptic patients exhibit a rearrangement of relative energy

among the different frequency bands just before and during seizure. Our analysis confirms this result specifically
for patients with temporal lobe epilepsy. However this relocation of the energy is not the same at all channels.

242



A WAVELET-BASED ENERGETIC APPROACH

6. Acknowledgement

The work of the second author (H.K. Sevindir) was supported by Kocaeli University Research Foundation,
project no. 2010/003.

7. References

ADDISON, P.S. 2002. The Illustrated Wavelet Transform Handbook — Introductory Theory and Applications in
Science, Engineering, Medicine and Finance. Institute of Physics Publishing, Bristol and Philadelphia.
ADELLI, H., ZHOU, Z. and DADMEHR, N. 2003. Analysis of EEG Records in Epileptic Patient using Wavelet

Transform. J. Neurosci Methods, 123: 69-87.

ALDROUBI, A. and UNSER, M.A. 1996. Wavelets in Medicine and Biology. CRC Press.

ATTELIS, C.E.,, ISAACSON, S.I. and SIRNE, R.O. 1997. Detection of Epileptic Events in
Electroencephalogram using Wavelet Analysis. Ann. Biomed. Eng., 25: 286-293.

BHANDARI, A., KHARE, V., SANTHOSH, J. and ANAND, S. 2007. Wavelet Based Compression Technique
of Electroculogram Signals. IFMBE Proceedings 15: 440-443.

CHUI, C.K. 1992. An Introduction to Wavelets. Academic Press, San Diego, USA.

DAUBECHIES, I. 1990. The Wavelet Transform: Time-Frequency Localization and Signal Analysis. IEEE
Trans. Inform. Theor. 36: 961-1005.

FISHER, R.S., WEBBER, W.R., LESSER, R.P., ARROYO, S. and UEMATSU, S. 1992. High-Frequency EEG
Activity at the Start of Seizures. J. Clin. Neurophysiol. 9: 441-448.

FURATI, K.M., NASHED, M.Z. and SIDDIQI, A.H. 2006. (eds.) Mathematical Models and Methods for Real
World System. Chapman and Hall ICRC, Taylor and Francis Group, Boca Raton, USA.

GENCAY, R., SELUK, F. and WHICHTER, B. 2002. An Introduction to Wavelet and Filtering Methods in
Finance and Economics. Academics Press, San Diego, USA.

GIGOLA, S., ORTIZ, F., ATTELIS, C.E.D., SILVA, W. and KOCHEN, S. 2004. Prediction for Epileptic
Seizure using Accumulated Energy in a MRA Frame Work. J. Neurosci Methods 138: 107-111.

INOUYE, T., MATSUMOTO, Y., SHINOSAKI, K., IYAMA, A. and TOI, S. 1994. Increases in the Power
Spectral Slope of Background Electroencephalogram just Prior to Asymmetric Spike and Wave Complexes
in Epileptic Patients. Neuroscience Letters 173: 197-200.

INOUYE, T., SAKAMOTO, H., SHLNOSAKA, K., TOI, S. and UKAL, S. 1990. Analysis of Rapidly Changing
EEGs before Generalized Spike and Wave Complexes. Electroencephalography and Chmcal
Neurophystology, 76: 205-221.

ISKE, A. and RANDEN, T. 2006. (eds.) Mathematical Methods and Modeling in Hydrocarbon Exploration and
Production. Springer-Schlumberger, Berlin, Germany.

LATKA, M., WAS, Z. KOZIK, A. and WEST, B.J. 2003. Wavelet Analysis of Epileptic spikes. Phys. Rev. E
Stat. Nonlinear Soft Matter Phys. 67: 052902.

MAGOSSO, E., URSINO, M., ZANIBONI, A. and GARDELLA, E. 2009. A wavelet based energetic approach
for the analysis of biomedical signals. J. Applied Mathematics and Computation, 207: 42-62.

MALLAT, S.G. 1989. A Theory for Multi-Resolution Signal Decomposition: The Wavelet Representation. IEEE
Trans. Pattern Anal. Mach. Intell. 11:674-693

MANCHANDA, P., KUMAR, J., KHENE, F. and SIDDIQI, A.H. 2007. In Siddigi, A.H., Duff, I.S. and
Christensen, O. (eds). Modern Mathematical Models, Methods and Algorithm For Real World System.
Anshan and Anamaya Publishing, New Delhi, India.

NINDS 2001. Seizure and Epilepsy: Hope Through Research. National Institute of Neurological Disorders and
Stroke (NINDS). Available from:
http://www.ninds.nih.gov/health_and_medical/pubs/seizures_and_epilepsy_htr.htm.

PERCIVAL, D.B. and WALDEN, A.T. 2000. Wavelet Methods for Time Series Analysis. Cambridge University
Press, Cambridge, UK.

243



A.H. SIDDIQI and H.K. SEVINDIR

RIVERA, N. 2003. Reservoir Characterization Using Wavelet Transform. Ph.D. Dissertation, Texas A & M
University.

ROSSO, O.A., MARTIN, M.T., FIGLIOLA, A., KELLER, K. and PLASTINO, A. 2006. EEG Analysis using
Wavelet based Information Tools. J. Neurosci. Methods, 153: 163-182.

SIDDIQI, A.H., 2004. Applied Functional Analysis. Marcel Dekker, New York, USA.

SIDDIQI, AH., DUFF, I.S. and CHRISTENSEN, O. 2007. Modern Mathematical Models, Methods and
Algorithms for Real World System. Anshan and Anamaya, New Delhi, India.

SIDDIQI, A.H., CHANDIOK, A. and BHADOURIA, V.S. 2009. Analysis and Prediction of Energy Distribution
in Electroencephalogram (EEG) using Wavelet Transform. Proc. 4" International Workshop on Wavelets,
Kocaeli University, Turkey, 5-6 June 2009.

YUE, W., TAO, G. and LIU, Z. 2005. Identifying Reservoir Fluids by Wavelet Transform of well Logs. Journal
of Petroleum Technology, 57(5): 53-54.

YUE, W. and TAO, G. 2006. Identifying Rreservoir Fluids by Wavelet Transform of well Logs. SPE Reservoir
Evaluation and Engineering, 574-581.

Received 8 June 2011
Accepted 30 November 2011

244



