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Abstract
The Electroencephalogram (EEG) is a biological aligihat represents the electrical activity of thwair.
Biological artifacts like ocular artifact (OA) aome of the main interferences in EEG recordingg Binks and
movements of the eyeballs produce a signal knowaledrooculogram (EOG) that these are 10 to 1@@di
stronger than the EEG signal. Due to the frequaaage of EEG signal and OA which has overlappinth wi
each other, identify and removing of the EOG artdaare one of the main challenges for researchecguse an
incorrect denoising may lose some of the importafatrmation of EEG signals. In this context, oumais to
propose a technique based on wavelet transformciturate identification of the blink artifact zosed removal
of EEG signals. We propose using absolute valusigsfal reconstructed details for blink zone detectind the
efficiency of wavelet families to remove the bliaktifact which is evaluated by calculating the megnared
error (MSE) between denoised and clean EEG sigaadscomparing with the results before and aftefaatt
removing show that db7, sym7, coif5, rbiol.5 ancegrat 4" level are preferable and effective in blink actfa
zone detection and db7, coif5, dmey, db5 and dbpewively provide the best result for blink artifaemoving
with minimum loss important information.
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Introduction

Electrical recordings from the surface of the braireven from the outer surface of the head reptdbat there

is continuous electrical activity in the braimat are called brain waves, and the entire reodlled an EEG
(electroencephalogram).

The intensities of brain waves recorded from thdase of the scalp range from 0 to 200 microvais] their
frequencies range from once every few seconds t@mrSthore per second. The character of the waves is
dependent on the degree of activity in respectasdspof the cerebral cortex, and the waves chargyiedly
between the states of wakefulness and sleep and.¢tn

The EEG is typically has rhythmic activity and fir@jor brain waves distinguished by their differfrjuency
ranges. These frequency bands from low to highuiaegies respectively are called delia (0.5-4 Hz), theta
(06) (4-8 Hz), alphad)) (8—13 Hz), betaf) (13—30 Hz), and gamma)((> 30 Hz).[2]

Analyses of the EEG signals are very importantuméan brain research, disease diagnosis such asdind
epileptic seizure, Psychiatric disorders, and otiieical disorders. Unfortunately always some ighals with

no cerebral origin that they called Artifacts, etfen EEG signals. Because of the amplitude d@faats can be
quite large relative to the size of amplitude o# ttortical signals, it may create some problem&ElG
interpretation. Therefore we need signals withatifats. Some of the more common types of artface: eye
artifacts like eye movements or eye Blinks, ECGr{ize) artifacts and EMG (muscle activation) adifa

We mentioned three types of biological artifacts éye movements that produce a large electricariati and
known as Electrooculogram (EOG) are very import@miong EEG artifacts because eye movements cause a
change in the electric fields that surrounds theseand this distorts electric fields over the sci@p

Up to now, many methods have been proposed for vieipahe eye artifacts like: Regression based miktho
(AR) [4,5], Adaptive Filters [6,7], principal compent analysis (PCA) [8], independent component yeigl
(ICA) [9] and Wavelet Transform (WT) [10].

In regression based method relation between EEGoaedor more EOG channels defined with computing
propagation factors or transmission coefficient.8yimated proportion of the EOG from EEG we canaee
EOG artifacts but this method has a big problemGEid EOG can contaminate each other and subyactin
EOG from EEG can’t remove EOG and also may loseesimnportant information from EEG. In PCA method
signals decomposed into uncorrelated, but not secésindependent based on spatially orthogonalitgrion
and covariance matrix of signal is considered lagikthe higher order redundant information may ienmathe
decomposed components [11]

Independent component analysis (ICA) for the sdjmaraof EOG from EEG signals has been used. In this
method assume that the recorded potential on @ilp &£ composed of a weighted sum of the potestalces,

so EOG and EEG can be separated into independaintdources. This method requires asynchronouysigal
and collected data processing from adequate charja|

Wavelet transform is a time-frequency analysis meéfand it is suitable for non-stationary signaishsas EEG,
ECG and EMG.
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According to the previous studies, Donoho & Joheswaere the first researchers who used waveletforans
for denoising by thresholding wavelet shrinkage, [18], it is notable that the majority of the noisamoval
methods by wavelet transform using a Thresholdevédu artifact removing and reconstructing the aigrfor
having a better result [15,16], but in these methae may lose some important information during ribese
reduction procedure. Hence, in this study we pregas new method to identify the blink artifacts eosith
high accuracy and removing them by using wavelpt@pmation levels to get the best result and malilass
for important information about the original EE@rsal. The efficacy of the wavelet families for iti&nation
of the blink artifact zone and removing them froB@&signal also has been studied.

An EOG reference channel has been used to ideatifly remove noise from an EEG signal in most of the
studies. But in some cases the EOG channel foyzingl may not be available, therefore in our stddg to
using EEG signal characteristic it is not necessarse EOG channels.

2. Materials and methods

2.1 Wavelet transform

Wavelet analysis is a technique that is capablanefsuring time and frequency variations of a signal
simultaneously with functions called wavelets.

Wavelets are oscillating amplitude functions of dithat must satisfy several conditions: a wavelds a
function that is zero average over time and hasamérgy. The amplitudes of a wavelet have largetdlations
within a designated time period and extremely smalles outside of that time while being band-leditin
terms of their frequency content. This propertypwl them to be localized in time and frequency [THe
wavelet chosen to perform a wavelet transformationcalled the mother wavelet. During a wavelet
transformation the signal of interest gets transfdt into being presented that can demonstrate dregu
content at different points in time. Scaling oratlibtn can be used to stretch or compress the waselk
translation is used to move the wavelet to diffepmsitions in time. A wavelet family is the setalf scaled and
translated wavelets [17]. Dilating with a scaledapaeter s and translating by u results in (10).

1 (t-u 10
wu,s(t):_[//(T (10)
Stretching a wavelet makes it less localized mneti but refocuses its bandwidth towards a lowegueacy
range.

The continuous wavelet transform (CWT) of a sighalan be calculated using (11) where * indicates th
complex conjugate. Varying the values for s andsults in an infinite number of combinations than de used
to decompose the signal, f. For the CWT to be s8adilly implemented, the wavelet used must meet th
admissibility condition in equation (12) [18].

1 oft-u
C(r,s)—\/g!f ty ( . jdt
The CWT is very inefficient because of the redunyathat occurs when displaying closely spaced pimiats
[17]. A much more computationally efficient apprbais the use of the discrete wavelet transform (DWT
which was developed by Mallat [19]. The Discretewalat Transform (DWT) means, choosing subsets ®f th
scales j’ and positions ‘k’ of the mother waveldt) in equation (12).

]

wjk(t) =22¢(2't -k)
The efficacy of this technique occurs because the
DWT coefficients are a subset of the CWT coeffitsdmased on powers of two [17]. Knowing only th&uea of
the DWT coefficients, the waveform can be perfentigonstructed.
In implementation, the DWT performs even betterdose the waveforms are already digitally sampled an
have finite duration so the number of coefficiemslimited [17]. The DWT produces as many wavelet
coefficients as there are samples in the origiigalad by using a filter scheme shown in Figure 1.1

Downsample i . )
5 Approximation
» Low Pass Filter > ]2 > I‘P o
Coefficients

Downsample Detail
1 £ etai

» High Pass Filte >| 2 ¥ Coeffici
igtiass diney ! Coefficients

(11)

(12)

» Signal

Figure 1.1 — DWT Decomposition Scheme
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The original signal is convolved with a low and tigass filter whose impulse response is determimethe

wavelet chosen. The output of each filter produbessame number of samples as the original sigoahoth

outputs are down sampled by 2 resulting in the @ppration and detail coefficients each with haké thumber
of points as the original signal. The coefficiergpresent a correlation between the signal ofésteaind wavelet
chosen at different scales and during translaBatause all of the coefficients are preservedptignal signal

or any level of decomposition can be reconstructsidg a filter scheme similar to decomposition shdw

Figure 1.2.

Upsample
Approximation v i) ‘ » Low Pass Filter
Coefficients v
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. Upsample ] %
D‘Clél-ﬂ >|_ET o) » High Pass Filter
Coefficients

Figure 1.2 - DWT Reconstruction Scheme

2.2 Dataset

The EEG data that it used in this paper retrievethfthe BClI Competition 2008 Graz data set B. Taita set
consists of EEG data from subjects were right-hdntad normal or corrected-to-normal vision.

All volunteers were sitting in an armchair, watdahirat screen monitor placed approximately 1m awagya
level. First two sessions contain training datahwitt feedback (screening), and the last three aessvere
recorded with feedback.

Three bipolar recordings (C3, Cz, and C4) were nak with a sampling frequency of 250 Hz. The rdoays
had a dynamic range of 10/ for the screening and 50V for the feedback sessions. (The data with feeklbac
used in this study). They were band pass-filterettvben 0.5 Hz and 100 Hz, and a notch filter aHZ0wvas
enabled and all data sets are stored in the GelbatalFormat for biomedical signals (GDF).

The Electrooculogram (EOG) was recorded with thremopolar electrodes. (Fig.2). The cue-based sirgen
paradigm consisted of two classes, namely the miotagery (MI) of left hand and right hand. For tieee
online feedback sessions four runs with smiley liee#t were recorded (Fig.2.1), whereby each runistausof
twenty trials for each type of motor imagery. Aetheginning of each trial (second 0) the feedbackréy
smiley) was centered on the screen. At secondsBpd warning beep (1 kHz, 70 ms) was given. The was
presented from second 3 to 7.5. Depending on teethe subjects were required to move the smilewtds the
left or right side by imagining left or right hamabvements, respectively.

During the feedback period the smiley changed &elgrwhen moved in the correct direction, otherviise
became red.

#2

(]
e || @Y #

| 2/

Fig.2 Electrode of the three monopolar EOG channels

fa il

Cue

Smiley (grey) | Feedback Period (Smiley) Pause l a

Fig.2.1 Sessions with smiley feedback.

2.3 EEG simulation
The EEG recordings usually are contaminated byobiohl artifacts like ECG, EOG and EMG signals that
originate from non-cerebral origin.
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The eye, facial muscles and brain activities halrgslogically separate sources [20] so we can idensa
clean EEG (Fig.3.a) (EEG without artifact) and albhrtifact signal (Fig.3b) separately as the séangth (750
samples equals 3s) and make an EEG signal with &@fact by equation 1 (fig. 3c).

EEGest= EEGueant K X EOGjean (1)
Where_k represents the propagation factor fromB6& to the EEG signal. In this study, it was suggothat
the propagation factors of EOG to three channeds @2 and C4) were 0.075, 0.0375 and 0.08 resphgtiv

Fig3.b Blink artifact

g s

Fig3.c. EEG contaminated with EOG constructed hyaéign 1

3. Automatic I dentification of OA Zones

By analyses of the frequency spread of the EEG tiatiacontained the ocular artifacts, researchmuad that
the difference in the frequency of the spikes whialised due to the eye blinks and the EEG signadt due
used along with a simultaneous recording of the E@@etect and remove these artifacts. But cofoglaif the
EEG and EOG is futile, especially because of tieii@nt corruption of EEG data by the restraintlmn users’
eye movements and blinks. [21]

In [9,10], Haar wavelet is used to decompose thercked EEG Signal to detect the exact moment whestate
of the eye changing from open to close or closepen. Decomposition of the EEG data with the Haawvelet
results in a step function with a falling edge &ochange in the state of the eyes from open tedos a step
function with a rising edge for a change in stdt¢he eyes from close to open. The same technigjused to
detect the ocular artifacts zones in the contareth&EG.

In this paper we present a new method for OA zatedation by using decomposition the EOG artifaghal in
some levels and using the absolute value of thenstucted signal.

After studying on different wavelet families andafyses the results, these families selected for Z0Ae
detection: db7, sym7, rbiol.5, coif5 and dmey.

First of all we decomposed the signal in variouele and the best result obtained when the decadtigrosf
EEG containment with EOG occurred in 4th leveltHa next step we decompose the EEG signal in 4sldoye
several wavelet families and used absolute valueadnstructed detail at level 4 for observing e in EEG
signal. In order to represent blinking zone moreusately, we set a manual threshold value for altealetail in
which the samples exceed this threshold considéradd O vice versa. OA zone detected by severaklev
families is shown in Fig.4 in which the best resililelong to db7, sym7, coif5, rbiol.5 and dmey.
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Fig.4 a) EOG artifact signal, b) Eye blinks zonéedton by the absolute value of wavelet familiesonstruction atlevel,
c) OA zone detected after set a manual threshold

4. Artifact removing

For blink artifact removing we consider clean EE@ 3 channels C3,Cz and C4 and we made EEG diggal
contaminated by EOG artifact according to equatiwhich were shown in Fig.5.
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After making test signal by equationl and detecthgyaccurate blink artifacts zone so we proposetbving
method which will be explained as follows:

We used to transform to decompose the contaminaE@ signal into several subbands. After analyses th
statistical characteristics of blink zones in e&mlel, we found out that the approximation &tldvel has the
most similarity to references blink artifacts.

We considered just blink artifact zone in approxiora level that it identified in the previous stepd by
removing them from contaminated EEG the result bella signal without blink artifact. Unlike otheethods in
which all artifacts removed from EEG signal, in anethod due to using blink artifact zone in appmadion
level for denoising EEG, all important informatipreserved.

MSE performance is used for quantifying and asHesslenoising method effect [22]. MSE was calculas
follows:

N
MSE =3 [(S(n)- DY ]
Where S(n) is the cl&an EEG, while D(n) is the dweth EEG signal, and N is the number of samplinigtpo
Smaller values of MSE means that the denoised EEbie closed to clean EEG.
MSE values of 28 wavelet families before and a#@G artifact removing are shown in tablel.
According to the MSE values of the wavelet familites 5 families for EOG artifact removing are restively:
db7, coif5, dmey, db5 and db9.

Blink artifact removed by using db7 for C3, Cz ai channels are shown in Fig.5 with red lines.

Wavelet MSE before MSE after

family denoising denoising
1 | Db4 21.3165 0.35589
2 | Db5 21.3165 0.30767
3 | Db6 21.3165 0.33426
4 | Db7 21.3165 0.30407
5 | Db8 21.3165 0.32732
6 | Db9 21.3165 0.30796
7 | Sym5 21.3165 0.33197
8 | Symé6 21.3165 0.31366
9 | Sym7 21.3165 0.32177
10| Sym8 21.3165 0.32707
11| Coif2 21.3165 0.34158
12| Coi3 21.3165 0.30944
13| Coif4 21.3165 0.32482
14| Coif5 21.3165 0.30451
15| Bior3.1 21.3165 0.46705
16 | Bior3.3 21.3165 0.34779
17 | Bior3.5 21.3165 0.33200
18 | Bior3.7 21.3165 0.30830
19 | Bior3.9 21.3165 0.31054
20 | Bior4.4 21.3165 0.31058
21 | Bior5.5 21.3165 0.31772
22 | Bior6.8 21.3165 0.32723
23 | Rbiol.3 21.3165 0.35842
24 | Rbiol.5 21.3165 0.34948
25 | Rbio2.8 21.3165 0.33266
26 | Rbio3.9 21.3165 0.31626
27 | Rbio6.8 21.3165 0.33056
28 | Dmey 21.3165 0.30713

Tablel. Wavelet families MSE value before and &@G artifact removing
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Fig.5 Blink artifact removing by db7 from C3, Cz, C4ohels

4.1 Application toreal EEG

In this section after removing the blink artifaétstimulated EEG signal, the proposed method wadarad to a
real corrupted EEG data.

EEG data retrieved from the BCI Competition 200&%dataset A. This data set consists of EEG data &
subjects. The cue based BCI paradigm consistedufdifferent motor imagery tasks, namely the imatjon

of movement of the left hand, right hand, both feed tongue.

Twenty-two Ag/AgCI electrodes were used to recdrel EEG. All signals were recorded monopolarly vifta

left mastoid serving as a reference and the rigitaid as ground. The signals were sampled withF25@nd
bandpass-filtered between 0.5 Hz and 100 Hz. Thsitaty of the amplifier was set to 1Q0/. An additional

50 Hz notch filter was enabled to suppress linsaoi

Twenty-two EEG channels, 3 monopolar EOG chann@&eewecorded and also sampled with 250 Hz. They
were bandpass filtered between 0.5 Hz and 100 thth fhve 50 Hz notch filter enabled), and the sévisjt of

the amplifier was set to 1 mV. The EOG channels mevided for the subsequent application of artifac
processing methods [23].

The data in this experiment were from subject 1 \wadthoose 3 channels EEG over P3, P4, Cz and E@ d
as shown in Fig.6. It is obvious that the blinkifadt is removed perfectly from EEG, and it protbat our
propose method is also effective and powerful ial montaminated EEG recordings. It provides a novel
preferable method for preprocessing of EEG data.
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600
400
200
0
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Fig.6 Blink artifact removing from real contaminate&G

Conclusion

One of the important problems in EEG data analfmislisease diagnosis, brain research and etmlsdical
artifacts and EOG which is one the most significantifacts compared to others. For removing of E@tBact
many methods have been proposed based on wawalefdrm but loss of EEG data information and rertinan
artifact in the samples are the main problems @sé¢hmethods therefore main reasons for these ements
incorrect detection of the artifacts zone and imappate uses of wavelet families.

45



Journal of Information Engineering and Applications www.iiste.org
ISSN 2224-5782 (print) ISSN 2225-0506 (online) i
Vol3, No 13, 2013 STE

In this paper we proposed a novel method for ate E®G artifact zone detection and we comparea raifft
wavelet families for detection and removing of klartifact.

Some comparisons are performed between waveleliéanfor removing the blink artifact in simulateddareal
EEG signals and that demonstrated which of thesgliés are more appropriate. In fact, the resuftshe
experiment indicate that the db7, sym?7, rbiol.déf5cand dmey have the best result among wavefeilitss for
blink artifact zone detection. MSE performance destated that the db7, coif5, dmey, db5 and db9igecthe
best result for blink artifact removing respectivdt is concluded that the proposed method hasdemplexity
and is easier to remove the EOG artifact by wawddebmposition and this method is a very efficteshnique
which removes EOG artifact with high efficiency gmavent the loss of EEG important information limical

and engineering analysis.
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