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ABSTRACT

Wavelet transform (WT) is a powerful modern tool for time-frequency analysis of non-stationary signals
such as electroencephalogram (EEG). The aim of this study is to choose the best and suitable mother
wavelet function (MWT) for analyzing normal, seizure-free and seizured EEG signals. Several MWTs can
be used, but the best MWT is the one that conserves the quasi-totality of information of the original signal
on wavelet coefficients and gather more EEG rhythms in terms of frequency. In this study, Daubechies,
Symlets and Coiflets orthogonal families were used as bsis mother wavelet functions. The percentage
rootmeans square difference (PRD), the signal to noise ratio (SNR) and the simulated frequencies as the
selection metrics. Simulation results indicate Daubechies wavelet at level 4 (Db4) as the most suitable
MWT for EEG frequency bands decomposition.Furthermore, due to the redundancy of the extracted
features, linear discriminant analysis (LDA) is applied for feature selection. Scatter plot showed that the
selected feature vector represents the amount of changes in frequency distribution and carries most of the
discriminative and representative information about their classes. Then, this study can provide a reference
for the selection of a suitable MWT and discriminativefeatures.

KEYWORDS

Electroencephalogram (EEG),Mother Wavelet (MWT), Frequency Bands Decomposition,Features
Selection, Linear Discriminant Analysis (LDA)

1. INTRODUCTION

Exploring the brain’s electrical activities using electroencephalogram (EEG) signals has increased
recently. EEG is a powerful technique to testthe brain function and its activities. EEGs have great
potential for the diagnosis and treatment of neurobiological disorders, mental and brain diseases
such as epilepsy, sleep disorders, coma, encephalopathy and brain death [1]. Diagnostic
applications generally focus on the spectral content of EEGs, that is, the type of neural
oscillations that can be observed in EEG signalssincetheir frequency content provides useful
information than time-domain representation [2].EEG signals commonly include five neural
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oscillations or frequency bands namely (from lower to higher frequencies) : Delta (0.5-4 Hz),
Theta (4-8 Hz), Alpha (8-13 Hz), Beta (13-30 Hz) and Gamma (30-60 Hz).

Recently, many signal analysis methods have been proposed to decompose EEG signals into
frequency bands, extract and selectfeatures for their analysis and classification. In this impetus,
Pushpendra et al. [3], proposed an analysis process based on the Fast Fourier Transform (FFT)
technique.This method does not provide correlation between the time localization and the
frequency changes since the time-frequency information is not directly obtained from the
coefficients produced by the FT.Ji Zhong et al. [4], Wu and Huang [5], and Pachori and Bajaj
[6]exploited the empirical mode decomposition (EMD) for frequency bands separation. EMD is
an estimation method to separate a signal into a series of intrinsic signals based on the calculation
of the local extremum and from the calculation of stream cubic extrapolation. EMD technique
provides two envelops and their difference defines an intrinsic function. Also, Pradip and Ram
[7]usedthe general three terms equation to approximate the frequency bands associated to discrete
orthogonal polynomials and separate EEG frequency bands. During this last decade, the useful
wavelet transforms (WT) remains one of the most used methodsfor the purpose of EEGfrequency
bands separation [8-16]. WT is a powerful spectral estimation technique for the time-frequency
analysis of non-stationary signals, such as EEGs. WT is defined as a set of decomposition
functions of the correlation between the signal and the shifting and dilating of one specific
function calledmother wavelet function (MWT). In most cases, appropriateMWT and the
decomposition level are selected on the basis of their compatibility with the EEG signal
characteristics to be analyzed. However, several common standard wavelet families, including
Daubechies, Symlets and Coiflets wavelets are considered [17-19]. Therefore, for informative
feature selection, the critical point in EEG signal processing via WT remains the selection of the
decomposition level and the suitable MWT.

In signals analysis using WT, a typical way is to inspect the data visually. The features extracted
from the waveforms, such as durations slope, sharpness and amplitude form the basis for the
mimetic methods. But, the signal is commonly analyzed by investigating frequency bands related
to various conscious states or mental activities [14]. Most often, tests are performed with different
types of wavelets and the one which gives maximum efficiency is selected for the particular
application. Raw EEG signals have much data, but not much information. Then, the input data
needs to be transformed into a reduced representation set of features. In automatic EEG signals
analysis, the relevance of feature extraction and selectionishighlighted[20].Therefore, to ensure
both the performance of the diagnosis system and compensate the loss of information, extraction
and selection of parameters via dimensionality reductionis necessary since informative features
are those with the greatest possible discriminative ability. In this paper we intend to use WT with
suitable MWT to decompose raw EEG signals into theirfive clinical frequency bands and select
some useful informative and discriminative featuresbasedon wavelet coefficients. For this
purpose, 45 orthogonal MWTs, statistics features, entropy feature, energy features, and LDA are
used.

The second section of this paperfirst presents the EEG data sets used and the WT analysis
method. Secondly, the selection scheme of the suitable MWT for wavelet analysis is constructed
and exploited for the extraction and selection of discriminative features using LDA. In the third
section, simulation results and discussions are presented. Then, the last section summarizes the
study with some concluding remarks.
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2. RELATED WORKS

Zaid Abdi and al. (2017) [21] proposed the use of various mother wavelet function to find the
efficient signal denoising. The mother wavelet function which are selected are db4, Sym7, Coif3,
and Bior3.9. For evaluating the efficient mother wavelet function EEG signal was corrupted using
three different noises which are Power line noise (PLN), (EMG) and white Gaussian noise
(WGN), the denoised EEG is evaluated using five measurement factors. SNR, SNR improvement,
MSE, RMSE, and the PRD. Finally, Coif3 filter achieved the efficient EEG signal denoising for
PLN and EMG noise, Sym7 filter obtained the best result with WGN.

Al-QAZZAZ and al [17] performed a comparative study to select the efficient mother wavelet
basis function that optimally represent the signal characteristics of the electrical activity of the
human brain during a working memory task recorded through -electroencephalography.
Daubechie (db1-db20), Symlets (sym1-sym20), and Coiflet (Coif1-Coif5) were evaluated based
on the cross-correlation with the EEG signal. The best MWT basis function is the one with the
most significant differences to the task concerned and to maximize the cross-correlation with the
EEG signal.

Mohd T. and al [19] work to recognize the best and suitable wavelet family for analyzing
cognitive memory using EEG signal. The criteria of the EEG signal were narrowed down to the
Daubechies, Symlets and Coiflets and the final selection depend on the Means Square Error
(MSE). To analyze EEG, signal the MSE must be low. The result showed that db4 had a low
MSE, though the MSE for Coif5 was lower, the difference between compressed and original EEG
signal were higher, so it was postulated that some information was missing.

In the work of Al-kadi and al. (2012) [32]one hundred and thirteen potential mother wavelet
function amount which (Daubechies, Coiflet, Biortogonal, Reverse Biorthogonal, Discrete Meyer,
and Symlets) are selected and investigate to find the most similar function with EEG signal. The
mother wavelet that most compatible with EEG signal has been founded by determines the
minimum means square error (MSE) and the larger signal — to- noise ratio (SNR). Both values
showed that the compatibility of the mother wavelet symlet (sym24) for denoising is the best.

In the work of Rafiee J. and al. in 2011[31Jon wavelet basis function in biomedical signal
processing, the outcome of the correlation between signal and continuous wavelet basis function
(CWC) has been established as the basis for comparing selected mother wavelet functions. The
result show that from Daubechies family, db44 is the most similar function for all cases studies.

Duo Chen and al. [22] used seven most used wavelet families to make test through full level of
decomposition. The maximum level of decomposition is jointly determined by the signal and the
mother wavelet to satisfy the criteria. Finally, the finding establishes that wavelet coefficient at
each band can be used to construct feature vector for the EEG signal. Therefore, deeper
decomposition means more frequency bands and thus longer feature vectors. An optimal level of
decomposition should provide a good balance between computation complexity and accuracy.

Ning Ji and al. in 2019 [23] worked on “Appropriate mother wavelet for continuous Gait Event
Detection Based on time — frequency analysis for Hemiplegic and Healthy Individuals”. In order
to determine an appropriate mother, they systematically investigated the performance of 32
commonly applied mother wavelets in detecting gait events using the measures of both accuracy
and quantitative criteria. The mother wavelet that provides the maximum time-error is generally
considered to be the most appropriate mother wavelet for gait event detection. The findings
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suggested that the “db6” is an appropriate mother wavelet in gait event detection for both healthy
and hemiplegic subject:

3. MATERIALS AND METHODOLOGY

3.1. EEG Data Sets

Most researchersin the field of EEG signal analysis use the publicly available data described in
[24]. The data was collected from ten patients and consists of five sets(A-E)each containing 100
EEG segments recorded through single channel.The first two sets (SET A and SET B) consist of
data collected from five healthy volunteers, relaxed in an awake state with eyes open for A and
closed for B. SET C segments have been measured intracranial in seizure-free intervals from five
others patients in the epileptogenic zone, and SET D from the hippocampal formation of the
opposite hemisphere of the brain of the same patients in seizure-free intervals. SET E consists of
data recorded intracranial during a seizure.The data set were recorded using a 128-channel
amplifier system and standardized 10-20 electrode placement scheme. Knowing that the duration
of the record is 23.60 seconds with a sampling frequency of 173.61 Hz, the bandwidth of the
signal will be extended from 0.045 Hz to 86.6 Hz. As useful information from the data can be
found only in 9, 0, a, B, and y sub-bands, a band pass filter with 0.50-40 Hz (12 Db/oct) was
applied.Figurel below presents examples of EEG signals of the data sets.
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Figure 1: Examples of EEG signals[21].
3.2. Wavelet Analysis

WT is an effective processing method introduced to address the problem of time-frequency
analysis of non-stationary signals [25].The continuous WT (CWT) of a signal x(¢) is defined as:

CWT, , (x) = ﬁ [xtow (%)dt (1)
a
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Where i (¢) is called the mother wavelet function (MWT), while a and b (a,be IR) are
dilation and translation parameters, respectively.

The variable a plays the role of the reverse of the frequency, therefore the more a is small, the
less the MWT is extended in time domain and the more the central frequency of the spectrum is
higher. We can also interpret this expression as the projection of the signal whenanalyzing family

functions ¥, , constructed from the mother wavelet function 3 in conformity to the following

equation:

1 t—b
l//a,h(t)zﬁl//( a j (2)

According to Daubechies [25], if the mother wavelet function is well chosen, then the wavelet
transform is reversible, and the signal can be reconstructed after analysis and the synthesis
technique through the following equation:

I <x Vb > Y, pdadb 3)

This is only possible in theory because the computation is only possible numerically and the
convergence can be too slow. If the coefficient C¢ exists, it can be written as:

=2 o 7

The existing condition of this coefficient is equally due to the admissibility condition of the
mother wavelet function. This condition is expressed through the following equation.

) 2= o L2« )

This relation is usually related to the condition expressed on equation (6) which is not too
constraint and indicate that the mother wavelet function must only be of average value equal to
Zero.

r: w(t)dt =0 ©)

The application of WT in engineering fields usually requires the discrete WT (DWT). DWT,
which is non-redundant and has less computational time than CWT. DWT is defined by using the
discrete values of the parameters a andb .

DWT, ,(x)=a,""” [ x(t)yr(a,""t —nby)dt (7)

Where m and n (m,n € Z ) are indicating frequency and time localization, respectively.
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Mallat[26] developed a dyadic method by which DWT separates a signal into low and high-
frequency components via two finite impulse response quadratic mirror filters. More details of the
dyadic-orthonormal WT can be found in [30]. The result transforms the original signal of

dominant frequency F) into two equal sub-bands [0—F),,] and [F},,—F)]and the high-

frequency component can be sent to the second stage to repeat the procedure as depicted by
Figure 2. Finally, the signal is decomposed at the expected level in terms of detail and
approximation coefficients.

Figure 2: Frequency bands decomposition using WT.

3.3. Mother Wavelet Selection For Frequency Bandsdecomposition

The five primary EEG sub-bands generally span the 0.5-60 Hz frequency range and higher
frequencies are often characterized as noise. The details and approximationscoefficients
individually hold a quantity of the energy of the signal. It is left to determine the decomposition
level and the suitable MWT which better decomposeEEG into its different frequency bands.
Generally, decomposition level and optimal MWT function are selected based on the
compatibility with the EEG signal characteristics to be analyzed. Decomposition level is selected
with respect to the dyadic decomposition tree and is guided by the dominant frequency. The
MWT and the wavelet decomposition level should be chosen carefully when WT-based
processing methods are used. The choice of the MWT is then an open principle, but we must
know the power and the speed of convergence of the algorithm of the reconstructed signal are too
dependent on the choice of the MWT. At the end, the wavelet transform will be interesting as
signal analysis tool only if the MWT remains well localized in time and in frequency
respectively. Also, accurate MWT selection not only helps to retain the original signal but can
also reduce overlapping that appears on the different sub-bands. In order to ensure the
optimal reconstruction of the analyzed signal, only45 MWTs from three different orthogonal
families, including Daubechies (Db1-Db20), Symlets (syml-sym20), and Coiflets (coifl-coif5)
are used [17, 19]. These MWTs are regarded as the most common parameters in biomedical
signal processing since they are built to conserve the quasi-totality of information of the original
signal on wavelet coefficients [17,27-28]. An important concern about the extraction of features
based on WT is that the quality of the features depends highly on MWT form namely the basis
function that best correlates to the seizure’s morphology and the signal frequency components.
Many authors pointed out that the wavelet basis function choice is critical to achieve relevant
features [29-30].

The quality of reconstruction of the analyzed normal, seizure-free and seizure EEG signals, and
consequently the choice of the suitable MWT are evaluated using the simulated frequency, the
percentage root mean square difference (PRD) and the signal to noise ratio (SNR) defined by
equations (8) and (9), respectively. The PRD is the most prominently used distortion measure
defined as the average quadratic error. The SNR is a measure used to compare the level of a
desired signal to the level of background noise.
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N

Z (xo (n)—x’ (n))2
PRD(%) =100%* |2=L (8)

N

> (%, 00—, (m)

n=l1

Where x_o(n) denotes the mean value of the original signal X, (1), and xai (n) represents the

j™approximate signal.

> (xo (n) _x—o(n))z ‘
=l ‘ =-20log(PRD) ©)

SNR =10log |5 ;
> (x,(m)—x! (m))

n=1

3.4. Feature Extraction

In pattern recognition, feature extraction is a special form of dimensionality reduction. When the
input data to an algorithm is too large to be processed and it is suspected to be notoriously
redundant that is much data but not much information, then the input data will be transformed
into a reduced representation set of features also named feature vector.The extraction
methodology analyzes signals to extract further information from the raw signal.The extracted
wavelet coefficients provide a compact representation that shows the energy distribution of the
EEG signal in time and frequency domains. In order to further reduce the dimensionality of the
extracted feature vectors, typical statistics, measure of randomness andenergy featuresin each
frequency band are computed based on previously derived wavelet coefficients[9, 16]. Then, the
time-frequency distribution of the EEG signals can be represented by the following features:

=  Maximum (Max) of the absolute values of the wavelet coefficients in each frequency
band.

=  Mean (Mean) of the absolute values of the wavelet coefficients in each frequency band.

= Standard deviation (StD1) of the wavelet coefficients in each frequency band.

= Standard deviation (StD2) of the absolute values of the wavelet coefficients in each
frequency band.

= Entropy of the absolute values of the wavelet coefficients in each frequency band. For the

frequency band with wavelet coefficients 6‘6., it is expressed as:
S =Z|aj|log(|aj(k)|2) (10)
k

= Energy of the original EEG signal.
3.5. Featuresselection Using Linear Discriminant Analysis (LDA)
After processing the data with WT,LDA analyzes the statistics, entropy and energy features to
select the most prominent featuresthat are representative of the various classes of signals. The

main aim of LDA features selection is to obtain further information from the signal by
transforming itstypical statistics, entropy and energyfeaturesinto fewer ones asfeature vectors.
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The selected features are more informative and discriminative, having lessnoise and
redundancy with respect to the extracted ones.

LDA is a supervised algorithm since it computes the linear discriminant features by
maximizing distance between classes and minimizing distance within classes [31]. The LDA
projection can be written as a single matrix equation described by:

Y=X*W arn
Where Y and X are the original data and features, respectively. And W is the dxk projection

matrix formed from the first k-eigenvectors of 'S, , where S, and §, is the within-class and

between-class scatter matrices, respectively.

L N,

S, = 22 () (1) 12

=1 =1
L T
Sy = ZNZ (:ul _:u) (:ul _:u) (13)

/ . . .
X;, N and /4 are an i-row vector, the number of i-vectors and the mean vector corresponding to

class label /, respectively. L, N and f are the number of classes, the total number of i-vectors
and the global mean of all classes, respectively.

4. RESULTS AND DISCUSSION

This section presents simulation results and discussion. All simulations are carried out using the
MATLAB R2013a software.In this study, the entire database is used to perform different features
extraction and selection.

4.1. MWT Selection Andfrequency Bands Decomposition Using WT

Choosing the suitable MWT is more crucial for a successful WT frequency bands decomposition.
Then, before extracting useful information from the EEG signals, WT must be applied to all sets
of EEG signals in order to select the suitable MWT for the purpose. The current EEG signals are
first pre-processed in order to fix the dominant frequency before applying WT. For the purpose,
an ordered 30 low-pass FIR filter is designed with 3 Db of ripple in the passband from 0 to 64 Hz
and at least 60 Db of attenuation in the stop-band. Since the filtered EEG signals have a dominant
frequency of 64Hz, this imposes a four-level decomposition using DWT. The value 64, which is
an exact power of two, is used instead of 60 Hz, to obtain more easily the frequency bands of the
EEG during the wavelet analysis.Different types of MWT of different orders including
Daubechies (Dbl to Db20), Symlets (Syml to Sym20), Coiflets (Coifl to Coif5) are used to
analyze EEGs signal. The choice is guided from the ability of the above three different orthogonal
families of MWT to reproduce the EEG output signal during reconstruction after the synthesis
and also the ability that permits to specify the characteristics of the signal in time and frequency
domains respectively.These abilities are examined in terms of simulated frequency, PRD and
SNR, are presented in Table 1, Table 2 and Table 3. The MWT which presents a minimum PRD
and a maximum SNR with simulated frequency as stated by the DWT method is chosen as
suitable MWT to perform the analysis and the synthesis of EEG signals. This MWT is prone to
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give better performances during sub-bands frequency decomposition for feature extraction and
selection.

Table 1: Comparison of the simulated frequency in Delta, Theta and Alpha rhythms for the 45 MWTs.

ATWT Simmlated frequency in Delta rivthm (Hz) Simmlated frequency in Theta rhvtim (Hz) Simmlated frequency in Alpha rhythm (EHz)
SETA SETE SETC SETD SETE | SETA SETE SETC SETD SETE | SETA SETE SETC SETD SETE

Dbl 0.20 0.20 0.32 0.37 216 8.24 2.47 7.30 6.86 1222 15.04 1480
Dib2 0.21 0.33 0.35 0.38 245 B30 853 4.04 6.88 12.24 13.33 13.58
Dib3 0.22 030 038 043 262 T.8T 9.33 6.84 602 1230 13.0% 13.44
Dib4 0.22 0.33 0.36 0.43 280 812 2.40 691 6.85 1225 13.11 13.24
Db 0.22 035 038 04D 168 203 2.40 683 678 12.33 13.06 13.19
Dibb 0.22 0.35 0.36 0.42 1.7 835 6.02 a7 1227 1292 13.20
D7 0.22 0.35 0.36 0.42 287 033 6.85 6,80 13.12
DibE 0.22 035 0.3 042 LT 025 680 .04 13.51
Do 0.22 0.34 0.36 0.42 2186 026 6.87 6.83 13.05
Db10 034 038 042 2188 o135 6.84 686 13.43
Dibll 0.34 0.3% 0.42 2R 835 4.78 6.88 13.15
Dbl2 034 038 042 2187 2.4 6.0 687 13.33
Dibl3 0.35 0.36 0.42 28 835 6.87 6.00 13.17
Dib14 035 0.3 042 2182 o135 6.84 .01

Dibls 0.34 0.36 0.42 285 223 693 6.86

Dbl6 034 0.3 042 2188 °.20 683 685

Dibl7 0.34 0.3% 0.42 282 228 683 603

DiblE 0.34 0.36 0.42 2186 0. 6.00 6.87

Dibl% 034 0.3 042 2187 o.26 686 G698

Dib20 .27 0.34 0.3% 0.42 2124 2.10 4.84 601

Syml 0.20 [1e.] 0.32 037 2116 2.47 T30 688

Syml 0.21 0.33 0.35 0.38 245 853 4.04 6.88

Sym3 0.22 030 038 042 262 9.33 6.84 602

Sym4 0.22 0.33 0.36 0.42 160 026 686 §.80

Syms 0.22 035 038 04D 173 248 686 677

Symé 0.22 0.34 0.36 0.42 280 218 682 6.85

Sym7 0.22 0.34 0.36 0.42 280 2.34 6.81 §.84

SymB 0.21 034 038 042 2182 2.13 6.05 685

Symd 0.22 0.34 0.38 0.42 282 2.18 6.82 6.83

Symld 0.22 0.34 0.36 0.42 280 8.33 6.00 6.83

Symll 0.22 034 0.3 042 2182 217 X 6.84 6.0

Symll 0.22 0.35 0.36 0.42 280 221 &, 6.87 §.84

Syml3 0.27 034 0.38 042 2182 932 [ 6.0 6.0

Syml4 0.22 0.34 0.3% 0.42 275 2.20 L3 6.87 601

Syml3 0.27 034 0.38 042 2 212 6. 6.91 605

Symlé 0.22 0.34 0.3% 0.42 1277 218 L3 6.82 6.00

Syml7 0.22 0.34 0.32 0.42 280 0. L3 682 6.81

SymlE 0.27 034 0.38 042 2182 o.26 [ 688 6.0

Symld 0.22 0.34 0.32 0.42 182 215 L3 6.06 6.87

Sym2d 0.27 034 0.3 042 183 217 X 687 T.01

Coifl 0.21 0.31 0.35 0.38 242 2.45 L3 6.87 6.05

Coifl 0.22 031 038 042 174 932 6. a.00 686

Coifs 0.22 0.34 0.36 0.42 2 232 675 691 678

Coifd 0.22 034 0.3 042 2 o.26 .81 686 682

Coifs 0.22 0.34 0.38 042 2 °.20 .66 680 8.93
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Table 2: Comparison of the simulated frequency in Beta and Gamma rhythms for the 45 MWTs.

AMWT Simmlated freguency in Beta rhvihm (Hz) | Simmlated frequency im Gamma vy ihm (HD
SETA SETB SETC SETD SETE | SETA SETB 2 SETC SETD SETE
Dbl 20 25 31.%3 33.07 33.BD 32.04 &5 52 TH.33 T1.68 7416 T5.83
Db2 2618 3091 26.01 2538 797 51.75 G018 5275 55.2 TO.22
D3 2500 2B.&5 2517 24 B8 2676 5076 53.51 51.26 52.4% &4 30
D4 2478 16.B1 24 48 2425 2528 50.12 500D 50.51 51.12 5038
Dbs 24.71 2667 24 38 23.85 25 60 50,01 500D 5028 50.33 56&.83
Db 24 485 2572 24 .40 2418 24 8BS 50,01 500D 50004 50.1% 55.10
Db7 24 53 25.01 2427 2407 2437 50,01 S0 0 5008 S50 08 53.7%
DB 24 45 24 61 2423 23.7B 24 44 50,01 500D 50,05 S50 08 5263
Do 24 .45 24 .72 2404 23.83 2420 50,01 500D 5008 50 08 5216
DblD 24.42 2470 2423 24 0D 24.13 50,01 500D 50.11 5018 51.87
Dbll 24.42 2451 24 18 23.64 2405 50,01 500D 50,04 5007 51.3%
Dbl 2427 24.54 24,12 23.81 2411 50,01 500D S0 5015 S50.TE
Dbl3 24 .36 2447 24 08 23.7% 238D 50,01 500D 50,04 50,15 S50
Dbl4 24 61 2411 2403 23.62 24 05 50,01 500D 50004 S50 08 40 97
Dbls 2427 2420 24 .04 23.75 2397 50,01 S0 0 50004 S50 08 40 48
Dbl& 24 .41 24 33 2403 23.75 23.81 50,01 500D 50004 S50 08 40 82
Dbl7T 24 58 2400 24 0 2384 2301 50,01 S0 0 50004 S50.15 40 20
DblE 24 .41 24.21 24 04 23.8%9 23.8% 50.01 500D 50004 5015 4859
Dblo 24 .30 24.1% 23.97 23.80 2377 50,01 S0 0 50004 S50.15 4B 78
D2 24 48  23.73 23.83 237D 2380 50.01 500D 50004 5015 4211
Svml 2025 31.93 33.97 33.8D 32.04 &5 52 TH.33 T1.6% 7418 T5.83
Sym 2618 3021 26.01 2538 2787 51.75 G018 5275 55.24 o2
Swm3 2500  2B.&S 25.17 24 B8 2676 5076 53.51 51.26 5140 &4 30
Svm4 24 .62  16.8BB 24 54 24 .43 25 4485 5025 500D 5088 5160 5017
Sym5 24 01 26186 24 51 2403 24 7 5000 S0 0 5028 S50 08 56&.45
Syméb 24 .44 15 4B 24 .32 23.87 2501 50.01 500D 50,07 50.1% 5504
Svym7T 24 38 25.12 2427 24 08 24.53 50,01 S0 0 50.15 50.11 53.68
SvmE 24.57 2486 24.3 24.03 24 .25 50.01 500D 50004 5016 52 65
SymD 2471 24 50 2427 23.7B 2411 S50 0D S0 0 50,05 S50 08 51.08
Symld 24 38 2508 24.15 23.77 24 .25 50.01 500D 50004 5015 51.51
Svmll 24200 2480 24 .07 23.84 2400 50,01 500D 50004 50,07 51.35
Sy¥ml2 24 3% 24217 2418 23.80 2308 50.01 500D 50,08 5008 5070
Svml3 24 58 2417 24 08 2377 2404 50,01 500D 50004 5008 5005
Svml4 24.44 2437 24.04 23.5% 24.1% 50.01 5000 50.04 50.08 50.33
Svmls 2419 2439 23.97 23 24 0 50,01 500D 50004 S50.15 40 _B&
Svml& 24.33 24.31 23.8% 23. 23.8% 50.01 5000 50.04 50.08 40 G
Svml7T 24 48 2408 24 0D 2360 2301 50,01 500D 50004 5008 4010
SvmlE 24.27 13.%4 24.03 23665 23.83 50.01 5000 50.04 S50.15 40,41
Svmle 24 18 2587 2308 2368 23.84 50,01 500D 50004 S50.15 40 0D
Svma0 24 .40 2403 23.85 23 .67 2376 50.01 500D 50004 5015 40 18
Codfl 26680 3048 25 38 2650 2775 5208 5057 52.43 54 81 TOOT
Codf2 24.72 26.67 24.51 24.32 25.13 50.17 5000 50.98 51.20 58.57
Codf3 24 .47 2517 24 .40 2407 24 30 50,01 500D 50004 5019 54 38
Coifd 24.62 24.82 24.32 24.02 24.15 50.01 5000 50.04 S50.15 52.37
Codfs 24 83 24 51 24 18 23.85 24 .02 50.01 500D 50,04 S50.15 5126
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Table 3: Comparison of the PRD and SNR for the 45 MWTs.

MWT FRD (%4) SR (Db}
SETA SETE SETC SETD SETC SETD SETE

Dbl 5.430°10°% 5.0B6*10F 5.307¢100° 6324410 5 607081 60B.101  611.630
Dbl 1.408°10°° 1.E33+10°%° 1.004%107° 1.183+10°° 458031 457503 451104
Dib3 1.530%10°F  1.8RE*10°  1.440%10° 1.528%10° 407,137 406153 402016
Did 2EO0FLO 3.230410°F 1ETEA10F 28370V 3 440015  430.837 436353
Dibs 42434107 46724100 40064107 4312410 4.{.:-54*17* 432387 431410 428408
Db 2.306°10° 2TTTPLON 2.325°10°° 2475010 2.652°10°° 443,603 442407 441093
D7 345741070 3.0B1+10° 2071410 3.100+107° 4.052°10° | 435767 431030  43B.EB0 437552 431747
Db 770401077 TTIEUI0 71410107 831241070 | 421434 419762 422512 421355 418274
Db . COLE*10° 5.370+10° 5.858+10° B.3B1*10° | 374657  370.637  3EL083 370538 371360
Dbl0 | 8.700%10°° 1077410% 50544107 T513410°° 1005410° | 417003  415.100 421811 420475 414,640
Dbll | 9.955*107° L114*107% 0D.664410°° LOIE*10" 1164*107 | 506.607  504.461 507317 506340  503.626
Dbl2 | 2.200%10°% 2.570%10°% 2.183%10°% 2.305%10°% 2.681%10°7 | 400.037 487733 401026  400.000  436.062
Dibl3 L4BE*10° 1.523%10°% LAR4*107° 1.705%107% 16ET#10°° | 544712 544270 542214 54108 542,283
Dild | 2255°107° 24714107 2267410°° 1368+10°° 26424107 | 444286 442470 444105 43367 441177
Dbls | 4.002%107% 45045100 3.853°10°% 4.062%10°0 4.653°10°0 | 478873 476.536 470654 475663 475.032
Dblé | LOIE*107"° L137+10°° LO40*107° 1.0B4*10°° 1.227°10°° | 450803  4SR.077 450615 458073 436.545
Dbl7 | 1.453%10° 1.538%10° 1.530%10° 1.3B0%10° 1.603+10° |407.024 405880 405080 405373 404.017
Dblf | L3B1%10° L.677%10° L&6T+10° 1.725%10° 1.835%10° |405331 404181 404274  403.624  402.400
Dble | 4.420%10°° 4.771%10°° 4.571%10°° 4.713%10°° 5.181%10°° | 430.822 420304 430160 420571  427.742
Db20 | L.B0S*10° 1.0B4%10° 2.020%10° 2.008%10° 2.173*10° |401.715  400.844 400340 300707  300.021
Syml | 6430°10° 5.0B6*107¢ 6.507*107% £324*10° 5235°10°¢ | 60B.623 600650  6070B2  608.191

Syml | L40BS10F 165310 LOD4*10® 1183%107%° L&26+10%° 450,515 438031 457.503

Sym3 1.530+10°  L6RE*10°  1.440+10° 1.528+10° 1.701+10°

404040 407.137 406.133
Symd 1166107 1.380%107" B.470*107" S.206+10°" 1.332*107° 454.006 464007 461.585
Sym3 4.031%107" 4.819%107" 2.BE7*107M 3.138%10°" 4.584%10° 475.183 5.65 484.117
Syméb 1.B53*107" 2.226+107° 1359107 1478107 2.121*107 4-1-3. 266 444 506 454,858 433.115
Sym7 1“3"‘1:""‘ 2.058*107" 1.158*107° 1.262*107" 1.B65%107° | 450.306 446.263 57.85 456.32
Symi . "‘1-!."'" 37270 3.842°10°0 400241070 427841070 | 4800177 480.621
Symo 9:13_1"‘1:" LOSB*10°F G.676%107% T.226%10°% L.040*10°° | 55 551.548
Syml0 | 1.052*107 1.235%10% B.104*10% B.T13*10°Y 120210 548.463
Symll L4610 1.104%10°% B.501*10°% B.666*10° 1.0B1*107 L 550.801
Symll 1.384%107" 1L&0S*107" L174%107" 1.206%107" 1.624%10% | 450.004 407.151
Syml3 L337+10" 1554107 111"“1!."" L1881 15601071 | 500820 407. 780
Syml4 | BOS4*107 S3TOL0 S.6T3CL0Y T1ERFL0Y L420%10M | 464.811 461.839

%

1

i

1

1

%

Symli | 2.249%10" 2.583*10" 1.B53*107M 1.981%10M 2.623*10" | 400.422 487.5032
Symlé | 2.185%10° : l‘4"“1:.""" L784*107° 2.514*%107° | 444063 441,500
SymlT | 5.115%*107" 74107 | 474.022 471.304 480.866

SymlE | 2.514*10° 9*10°  2.0B1*10° 2.ESD*I0T | 396.104 392,700 401.662 400.181 393.524
Syml? | L466%10™° 0+107° 1.214*107° 1.6R1+107" 52.243 440,017 57.026 450.441
Sym20 | B.96E*107 3*10°  TTO4L0F 1040107 373.061 367.921

B*107 3.83E%107T

[l LT o R o)

N

. 3.65
BTE10F 18
!

T.1

L.J B2 o=l

"
=
e
"
=3
.
=

Coifl 2.143%107" 1.547 1.572*107 170510 244010 ] 450.255 442,082
Coif2 2.556%10° 2.836*10° 2.138*10° 2.203*10° 2.978*10° & 302.062 308.140 302877
Coifs L261*10°" 1.463*10°" 1.002%107" L.O7E*107" 1.421%107° & 53.037 450.354 453.776
Coifd 5.002%10° T.103*10° 4.365*10° 4.685*10° 6660107 & 375.352 3B3.000 3T6.856
Coifs 1.316*10° 1.618*10° ©.386*107 1.014*10° 1.488*10* 58 266.870 276.475 268.702

Table 1 and Table 2 rely on the comparison between MWTs in terms of simulated frequency.
These simulated frequencies represent the mean of each SET of EEG signals for different MWT.
In Delta rthythm, Db8 presents highest values of simulated frequencies of 0.22 Hz, 0.35 Hz, 0.39
Hz, 0.42 Hz and 2.82 Hz for SET A, SET B, SET C, SETD and SET E, respectively. The results
showed thatDb1 and Sym1 present equal and highest simulated frequencies in Theta, Alpha, Beta
and Gamma rhythms.Simulated frequencies in Theta rhythm are 8.24 Hz, 9.47 Hz, 7.25 Hz, 7.30
Hz and 6.86 Hz for SETs A, B, C, D and E, respectively. Also, highest values in Alpha rhythm
are 12.98 Hz, 12.22 Hz, 15.04 Hz, 15.37 Hz and 14.89 Hz for SETs A, B, C, D and E,
respectively. Highest values of 29.25 Hz, 31.93 Hz, 33.97 Hz, 33.89 Hz and 32.94 Hz for SETs
A, B, C, D and E, respectively, in Beta rhythm. Gamma rhythm also gives highest values of 66.52
Hz, 70.33 Hz, 71.69 Hz, 74.16 Hz and 75.93 Hz. These simulated frequencies are high, but they
are not correlated to the rhythms defined by the literature. In regards of this, it is possible to state
that Dbl and Syml are not suitable for the decomposition of EEG signals in their different
rhythms. Then, knowing that decomposed rhythms must be more correlated to the ones defined
by the literature, Table 1 and Table 2 demonstrated that Db4 presents more correlated simulated
frequencies and can be suitable as MWT for EEG rhythms decomposition.
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Table 2 presents the PRD and SNR obtained after reconstruction of the EEG signals. It is related
that Dbl and Syml1 give best performance. In terms of PRD, Dbl and Syml1 give smallest PRD of
6.430%10™ %, 5.986*10™"* %,5.507%10™* %,6.324*10™"* % and 5.235%10""* % for SETs A, B, C,
D and E, respectively. Also, these two MWT obtained highest SNR of 606.623 Db, 609.650 Db,
607.982 Db, 608.191 Db and 611.650 Db for SETs A, B, C, D and E, respectively. These values
of PRD and SNR permit us to postulate that some information is missing after reconstruction.
Also, this demonstrates that Dbl and Syml are suitable as MWT for the reconstruction of the
analyzed EEG signals.

Then, taking into account that the decomposition of EEG signals in their different rhythms is
suitable when the reconstructed signal presents lower loss of information, and the obtained
rhythms are more correlated to the ones defines by the literature, obtained results demonstrate
that the signals are within the Db4 MWT. An example of EEG frequency bands decomposition
using the suitable Db4 MWT is presented in Figure 3.
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Figure 3: Frequency bands decomposition of a (a) normal EEG Z001 and a (b) seizure EEG S001 using
WT with Db4 MWT.

4.2. Features extraction and selection using LDA

After frequency bands decomposition using the Db4 as suitable MWT, in total we have
26features in the wavelet-based features set. This 26-dimension features vector derived using
suitable MWT represents the amount of changes of the signal in frequency distribution.The
statistical analysis of the extracted features is presented in Figure 4. According to the supervision
of Figure 4, it is related that statistics, energy and entropy features extracted are representative for
the normal, non-seizure and seizure EEG signals but still presents redundancy. Therefore, a
selection process of discriminative features is necessary.
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Figure 3: Comparison of statistics, entropy and energy features corresponding to the (a) Delta, (b) Theta,
(c) Alpha, (d) Beta and (e) Gamma frequency bands using WT with Db4 MWT.

LDA is applied to select suitable, easily viewed and interpreted2-dimension features. For
different discrimination problem, the first 40% of each SET are used to determine the useful
linear discriminants for the feature’s selection process. Figure 4presents scatter plot of this
selected LDA features. It is related that, this 2-dimension features vector represents the amount
of changes in linear discriminant distribution, and carry most discriminative and representative
information about their classes for twelve discrimination problems.
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Figure 4: Scatter plot of selected LDA features for twelve discriminations problems.
4.3. Discussion

Although many works exploiting WT are presented for frequency bands decomposition, features
extraction and classification of EEGs signals, the problems of MWT selection and discriminative
features extraction still must be discussed.

In this study, in order to select the suitable MWT for four level wavelet decomposition, 45 MWTs
are used. According to the frequency occupation of the decomposed bands, the PRD and the
SNR, it is shown that Db4 is the suitable MWT even though it does not present the lowest
PRDand the highest SNR as shown by Table 1 and Table 2. But, Db4 gathers the quasi-totality of
information of the original signal on its wavelet coefficients and defines as much as possible the
frequency bands to the ones defined in the literature. This MWT can also enable us to reduce
overlapping that exist between decomposed frequency bands.

After the suitable MWT selection for frequency bands decomposition, the purpose of features
extraction is generally applied. Firstly, some statistics, energy and entropy features are extracted
directly from the frequency bands coefficients and form the original feature sets. Since these
original feature sets are in high dimension and are irrelevant or redundant, as shown by Figure 3,
it is a trade-off to select an optimal feature subset from the original feature set, and some kinds of
feature dimensionality reduction, such as the well-known LDA, are employed to improve the
discriminationperformance. The LDA algorithm is implemented to obtain a relatively low
dimensional, but significantly informative and discriminative feature set. The result of the LDA
features selection is shown in Figure 4. Clearly, each original feature space is mapped into a
reduced two-dimensional feature space by using the LDA method.Compared to other works, the
selected LDA feature vector is extremely discriminative and can be used as a benchmark of
classification research using simple kernel machines in opposition tocomplex kernel machines.
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5. CONCLUSION AND PROSPECTIVES

The aim of this paper was to use WT with suitable MWT for efficient EEG frequency bands
decomposition and features extraction. This study establishes that Db4wavelet is suitable for EEG
frequency bands decomposition. Moreover, extracted and selected features related to wavelet
coefficients with suitable MWT present a good discrimination for normal, non-seizure and
seizureEEG signals. As prospects, these 2-dimension features can be used as a benchmark of
classification research in future worksfor improvingclassification accuracies.
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