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Abstract—The elimination of artefacts from Electroencephalogram(EEG) has an important role many signal and image processing
applications. The artefacts are the noises that appears during the acquisition of signals from the patient body. With the presence of
these artefacts it become difficult for doctors and technicians to analyse the Electroencephalogram signals efficiently. The aim of this
research work is to remove these artefacts using Independent Components Analysis(ICA). The scalp EEG is intensively used as an
important clinical tool for diagnosis and treatment of diseases. The probabilistic modified ICA algorithm is used to separate EEG
signals from artifacts for efficiently brain tumor detection. This research work aims to detect epileptic activity for an
electroencephalogram having sixteen-channels. The research consists of three important stages First one is data collection from
patients, second is feature extraction and third one is EEG signal analysis. In feature extraction the stress is to detect epileptic form of
activity from the patient collected signals. In signal analysis stage the stress is to get information about the type of the brain tumor.
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1. Introduction

The EEG signals carries significant information. The EEG signals
obtained from the electrodes placed on the scalp are composed of
electrical potentials. Brain cells(neurons) and artifacts are the
main source of these potentials. The potentials obtained from
different independent brain cells(neurons) carry great deal of
information for researchers and physicians. Placing the EEG
electrodes inside the human head comparatively give more useful
information.

However this technique is not recommended as it may cause
severe pain and serious damage to the neurons. So the
recommended is to always get the EEG signal of interest from the
scalp. Signal processing techniques such as data detection, data
classification, noise reduction, data compression and feature
extraction are being used to tackle serious EEG issues.

The analysis and study of the signals is of great importance not
only for medical diagnosis and medical treatment but also for
research purposes. Figure 1 below shows sample of EEG data.
The cerebral cortex nerve cells of brain produce electrical
activity. This electrical activity is widely used for clinical brain
tumor diagnoses. It is also widely employed for the diagnoses of
epileptic discharges appears in electroencephalogram. This
electrical activity pattern can also be used to diagonose many
other factors which may can affect other brain abnormalities.
These abnormalities include brain hemorrhage, head injuries or
brain tumors. An efficient early brain tumor detection technique
have been proposed in this research. EEG artefacts have been
removed using Independent Component Analysis Technique. The
basic EEG system include a filter circuit to remove the noises.
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These noises are power line noises, muscle noises, lung noises,
component noises.
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Figure 1 Real EEG signal mixed with EOG, ECG and Line interference

This research work has got its inspiration from previous research
works available as removing noises from EEG and ECG signals
for efficient detection of tumor. To eliminate the baseline noise
from ECG signals number of techniques have been employed.
ECG baseline artifacts are eliminated using Independent
component analysis(ICA) technique[12].

For elimination of ocular artifacts many regression based
techniques are devised. Simple time—domain regression is the
base of these regression techniques[23]. The EEG and EOG are
generally uncorrelated in regression techniques. However
practically these regression methods are mostly correlated.

In these regression techniques the initial transfer function is
established which actually necessitate the calibration trials
between each ECG and EEG channels[23].

A general subtraction method has been recommended by
Haas[24] This method is named as ARMAX. In this method
measured EEG signal is expressed as a linear combination of a
background Ocular artefacts and EEG signals. The estimation of
background EEG is easily obtained by ARMAXtechnique.

1.1. Artefacts Present in EEG

In practice the artifacts are always present in EEG raw data.
Artifacts are divided in to following three main categories
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external, internal and physiological artifacts. Internal artifacts are
caused by the actions of the subject itself[13]. External artifacts
are caused by the actions of the outer sources.

1.2. External Artefacts:

The main supply line frequency may cause an artifact of 50 Hz
frequency component to appear in EEG signal. This line noise or
harmonics make its interference with Raw EEG signals because
both occur in the same frequency band. Then notch filters are
used to filter out these artifacts. During this filtering process
many useful information of the EEG signals may be eliminated.
The data of either one electrode or many many electrodes may be
corrupted by line noises[11]. Constant Electric field is being
produced by the surrounding walls and cables which also disturb
the main EEG signal[20].

The electric and the magnetic fields external electric devices may
also disturb the EEG signal [24].The artifacts have much stronger
amplitude as compare to the original EEG signal. The verse thing
is that the frequency range also overlaps to some extent. Being a
significant component obtained with the EEG signal, it is
therefore significant to make special considerations to eliminate
these artifacts from the original signal for efficient detection of
tumor[23]. Sometimes the Electrodes are not properly attached to
the skin area because of miniaturizing or electrodes are attached
to the hair area. There is a possibility that Electrodes are pushed
or placed improperly.

1.3. Internal Artefacts:

The main source of movement artifact is the imperfect contacts of
electrodes with the patient’s body. The division of accelerometer
signal is made in x and y directions. The observed patient is
awake and moving. The accelerometer is attached to the forehead
of the patient. It is receiving the signals of different potentials
with the movement of the patient[22]. The accelerometers used
are the prototypes. The signal is collected with the pressure
receptors

Muscle activity is the result of activity usually neck and facial
muscles. Signals from these muscles comes in large range of
frequencies. Moreover these obtained signals are distributed over
over all scalp electrodes. Location of the source muscles plays a
vital role in introducing noises in the respective electrodes[19].
Muscle potential on the scalp occur in different ways. Muscle
relaxants are used to minimize the effect of the artifacts. This can
also be reduced by posture changing of the subject. The facial
movements or the Jaw movements are the main source of
muscular potentials.

1.4. Heart-Beat or ECG Artifacts:

Varying voltages are induced on to the recordings with the
expansion and contraction of blood vessel[21]. The frequency of
this artifact is about 1.2Hz. the heart beat artifact appear either as
spike or as a smooth wave. An electric field is being produced by
A pulsating heart. This electrical activity of the heart is conducted
to the scalp and from there onward electrodes are used to sense
this electrical activity of the heart. Potential changes in the heart
are the main sources of the occurrence of the electrical activity
which is a measured potential of EEG signals. Similar to
Muscular Potentials or EMG(Electromyogram) the ECG records
potential differences in the cardiac muscle cell which appear
during depolarization of the heart and repolarization of the heart
within one cycle of the beat of the heart. In other words we can
say that the recorded electrical activity of the heart also
significantly effect the EEG.s

1.5. Physiological Artefacts

The muscular activity also Introduce physiological artifacts
owing to heart and Ocular. Electroo-Oculogram(EOG) aer very
vital artifacts. The external artifacts can be eliminated by
enhancing technologies. The physiological artifacts are only
eliminated after the recording process. EOG is produced when an
electric field is being varied around eyes. Hence an electric signal
is generated because of this electric field. This electric signal is
named as EOG. When this signal spread on the scalp it appears as
a noise on the recorded EEG. To stop its interferences with the
background EEG signal it need to be eliminated. [20]. Blinks and
eye-movement not only appear in the EOG recording, but also
influence the EEG signal.

2. Problem Statement

With the following assumptions the independent components of
ICA model can be estimated meaningfully.

1. All components are statistically independent and must be
mixed linearly.

2. Among the latent variables there must not be more than
one Gaussian signal and the cumulative density function
of latent variables should not be quite opposite than that
of logistic sigmoid.

3. The total number of the latent variables n are equal or less
than the total number of the observed variables
m(i.em>n.). Many efforts have been made to solve this
problem but no concrete solution yet. There appears a
redundancy in the mixed signals when m>n. when m=n
the ICA works ideally.

4. The rows of the mixing matrix must be linearly
independent because The mixing matrix is always full
column rank. The mixed signals will be linear multiples
of one another, when the mixing matrix are not of full
rank then

5. Mixing matrix has negligible propagation delay.

The first assumption is of much significance while the other
assumptions ensure that the estimated independent components
are unique. Consider a mixture of N sources as

s, (t),s,(t),....... Sy (®)....... @

which are unknown but are assumed to be statistically
independent from the observation of the M signals as

X, (), X, (), v X, (). (2)

These signals result from a mixture of underlying sources. ICA
needs at least as many mixtures as there are independent
sources(M >N). In our research we considered M = N. We shall
try to extract the desired EEG signal from the interference. The
mixture is supposed to be linear and instantaneous, so that
observations at time t instant result from a linear combination of
the sources at that instant.

x®=>"hs® i=l.M....(3

Where h;; are the unknown or the blind mixing coefficients that
produce x;(t). For our research work we have modelled the
system as NxM system and N=M. It may be a difficult for us to
assume in the beginning that EEG data received for M electrodes
is synthesized by exactly N statistically independent components
as we ultimately can not know the exact number of independent
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components embedded in the EEG data.

3. Proposed Solution

To eliminate the artefacts from EEG signals we have employed
Analogue filtering method. In this method the reference signal
EOG is used as input and EOG artefacts of EEG and ECG base
line noise are subtracted. The analogue filtering is being
performed by ICA technique. Removing these artefacts in EEG
signals using ICA or FASTICA algorithm will significantly
increase the chances of Early tumor detection in brain. In our
research work we present an efficient method of removing
artefacts from EEG signals which in turn detect brain tumor
efficiently. EEG records carry information about abnormalities
and responses of human brain and heart respectively. The EEG
signals are very vulnerable and highly effected by many
artefacts(noises). These artifacts are caused by various factors,
like line interference, subject movements, loose electrode
contacts with human body, muscle activity, heart beat and field
around the eyes(EOG). Because of the presence of these artefacts
it becomes difficult to analyse EEG signals and thus to obtain
effective useful clinical information. In order to get the useful
information we must have to remove these artefacts.

First to eliminate the artefacts from EEG signals we have
employed Analogue filtering method. In this method EOG signal
is always used as reference input signal and subtracts EOG
artefacts of EEG and base line noise of ECG. The function of
analogue filtering is being performed by Independent component
analysis(ICA)Technique.

4. Results

source matrix having two statistically independent uniform
random variables as:

S =[s,,s,] ....(4)

The best representation of ICA latent variables is in the form of
Matrix. According to equation 2 where matrix H producing X
can represent the original multivariate. The algorithm FASTICA
contains the following four steps

1) Zero mean the available all mixed signals.

2) Make the available data whiten.

3) Unit Norm the initial weight vector.

4) For fulfilment of the above three stated steps Consider

w_, =aE{mg(w'm)}-aE{mg (w'm)}w....(5

Here contrast function is represented by g.
5) Suppose

w,, =W, /(Iw,,|l.....(6)

Where W, is representing weight vector. At every iteration it is
updated.

6) Make comparison of old with new one, if there is
convergence start another from new row, otherwise perform step
4,

AW=W(n)-Wn-1) if [AW]<...(7)
Fixed point iteration scheme is the main base of Fast ICA in order

to find out the maxima of the non-gaussianity for W'X as
measured in previous equations. This can also be obtained as an

approximate Newton iteration denoted by g, which is the
derivative of the function g which is a non-quadratic function is
used in equation (6). The derivative of equations(7) is

0,(u) =tanh(au), g, (u) =uexp(-u* /2)...(8)

Where 1< @, < 2. Assuitable constant it is &, =1. The basic
steps for the FASTICA algorithm are following.

1. Aninitial(random) weight vector is choosen
2. Let

Wa = aE{Xg(W " X)}~-aE{g' (W' X)W..(9)
S =[sl,sz,53---sn]T ........... (10)

According to equation(2) ICA tries to determine unmixing
matrix W as per following equation

This gives the resulting matrix as:

Y =WX =W(HS)= SER W= Hil) --------- (12) This template

was provided by courtesy of Causal

3. Consider W :W%’\N*

4. When no convergence then go back to step

It is important to note that by convergence we understand that
the new and the old values of matrix W are moving in the one and
in same direction this shows that both have dot product 1. But
this does not mean that the vector converge to a single
value.Since the components are independent so W and —W have
Independent components and can be defined only up to a
multiplicative sign. It is also assumed that the data is pre-
whitened.

Table 1. Results Comparison of Fast ICA and PPGA

Algorithms Mean Error Standard Error
ICA 0.00039 0.0407
PPGA 1.0087e-004 0.0210
ICA 0.00038 0.0408
PPGA 1.0087e-004 0.0211

On the same grounds we again mix the noise signal and fast ICA
algorithm is applied. We obtain the signal as shown in equation
12 above. The results for both PPGA and ICA are summarized in
the tablel. For EOG artifacts the data set | shown in figure 2
contains 36 seconds of data with sampling frequency Fs=239Hz.
There are 26 channels of data(19 channels shown). The data was
collected from electrodes placed at the scalp on slandered
locations using international system. As shown in the figure the
data contains a seizure onset around t=1-3 which is evident on
T8-T9 channels with the wavy waveforms. Muscles artifacts are
appearing on all channels from t=304-315 shown on T4 & F8
channels. Occipital or rear head movement artifacts are appearing
around t=0-5. Eye blink artifacts at Fp1,Fp2 are appearing around
t=290-295. Compare this data with figure 2. Showing onset
rhythmic wave on electrodes F4, C4 with dark blue area in figure
2.
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Figure 2. The corrected and the original EEG superimposed
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Figure 3.The time of stimulus presentation at the occurrence of eye blink,

We wish to exclude in uncorrected EEG data from the detected
trials. For this purpose we must to save the detected list of events
by a text file so that whenever we want it back we import it easily
back for ICA datasetwhich is already corrected. Before epoching
the event was number 132. And after epoching the event was of
number 62. Because epochs have not been generated to bins as
response events were have not been assigned yet. We can assure
that these were the detected events. In our data both the 2nd and
4th flags have made their presence we must keep it in mind that
whenever an artefact is detected for the bin the 2nd flag is
flagged.

Also we label the detected artefacts. Finally the event list is
imported for the corrected dataset of ICA. Only by this way we
surely be able to the blinking occurred trials at the time of
stimulus during creation of ERPs from the corrected dataset. We
may not be able to remove all artefacts during this process and
some other artefacts may show their presence in the data for
example artefacts due to patient movements. Hence the artefact
detection procedure must be rerun before making averaging . The
existence of epileptiform activity is difficult to detect in a most of
patients. Rather it is impossible to determine with surety. The
breach rhythm presence may not indicate an existence of seizures

in the patient[17]. The presence of breach rhythm in patients
before operation is a is universal phenominon.
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Figure 4. ERP waveforms of all channels for target stimulus

Figure above shows the recordings of a patient which are
Preoperative and postoperative of a patient. The figure shows the
changes in oligodendroglioma of patient. The sognal showing
such type of rhythmic activity may indicate the presence of a
seizure. Such type of signal does not carry the characteristics
such as frequency, amplitude or ictal discharge distributions.
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Figure .5 Waveforms of all channels for non-target events

The figure above shows the preoperative EEG in of a patient who
have aoligodendroglioma with a right temporal. With some
centroparietal spread Polymorphic delta activity is localized
mainly over the right anterior-mid temporal region.(Right
temporal chain is bottom 4 channels longitudinal bipolar
montage;. Calibration: 1 second, 2 pV.) There is a temporal
oligodendroglioma after tumor resection. Bilateral alpha is not
present, the patient is drowsy. but right posterior alpha like
activity With intermixed sharp theta and right posterior activity
creates a breach rhythm. It is very much clear that polymorphic
delta activity is not much prominent and also Beta also is largely
increased on that side(this shows that there is an irregular eye
movement which produce artefact in the recorded EEG data)

5. Conclusion

This is a basic tool used to measures brain activity. EEG IS
widely used for brain tumor detection and other Biomedical
researches. This paper presents a system of efficient Malignant
tumor detection involving a two-steps process. In the first step

This journal is © Advanced Technology & Science 2013

IJAMEC, 2015, 3(1), 48-52|51


http://neurofeedback.visaduma.info/images/fig_emo2erptargetall.gif
http://neurofeedback.visaduma.info/images/fig_emo2erpnontargetall.gif

All artifacts effecting EEG signal have been eliminated
successfully as a pre-diagnosis stage of malignant tumor. EEG
signals are highly contaminated from subject, equipments and
from many other electromagnetic sources. We have employed
EEG simulation data set I,11.

The noise corrupted signals are cleaned Employing FASTICA. .
When the cells are originated from the brain itself Malignant
tumor is called Primary tumor. When cell spread to brain from
other locations of human body then tumors are termed as
secondary. Primary Malignant brain tumor appear as hypo
intense dark areas in fMRI T1 weighted images(figures 2 and 3)
and hyper intense bright areas T2 weighted images figure 2.
Blind source separation technique applied for removal of this
noise is quite simple and converges in a few steps as compare to
other adaptive filtering techniques and hence FASTICA
employed EEG signals.
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