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Abstract

Human electroencephalogram (EEG) contains useful diag-

nostic information on a variety of neurological disorders. However,

like all biomedical signals, EEG is also contaminated with many

, unwanted signals or artefacts which seriously affects its clinical

usefulness. One of the'main disturbances is due to the eye move-

ments, which generate an electrical activity called electrooculo-

gram (EOG). In this paper, we propose a Neural Network (NN)

approach to the enhancement of EEG signals in the presence of

EOG artefacts. We recast the EEG enhancement problem into the

optimization framework by developing an appropriate cost func-

tion. The cost function is nothing but the energy in the enhanced

EEG signal which is obtained through a non-linear prediction for-

mulation, unlike the conventionally used linear prediction formu-

lation. The minimization property of the Hopfield Neural Network

is exploited to solve this problem. The optimum non- linear pre-

dictor coefficients obtained from this minimization algorithm are

used to estimate the EOG artefact which is then subtracted from

tlic corrupted EEG signal, sample by sample, to get the artefact

minimized signal.Thus the power and efficacy of the NN approach

have been exploited for the purpose of enhancement of CXG signals

iu the presence of EOG artefacts.

1 Introduction

By applying electrodes to the cerebral cortex or scalp

and connecting these to an amplifier, continuous oscillations of

electrical potentials of various form, amplitude and frequency can

he recorded. Recording of these oscillations are called electroen

ceplialograni (EEG), and the method itself electroencephalogra-

phy. These signals reflect the activities in the underlying brain

structure and particularly in the cerebral cortex below the scalp

surface. Electroencephalography is used to study the relationship

between the changes of electrical potentials in the different areas

of cortex and subcortical formations. Four basic types of rhythms

(Alpha (Q), Beta (/?), Theta (61) and Delta (6)) are distinguished

according to the frequency content of the measured electrical activ-

ity. Alpha rhythm is a wave with a frequency range of 8 to 13 Hz

and amplitudes upto 50 microvolts. Beta rhythm is characterised

by wave frequencies in the range 14 to 30 Hz and amplitudes of 20

or 25 microvolts. Theta rhythm consists of waves with frequencies

between 4 and 7 Hz and amplitudes of 100or 150microvolts. Delta

rhythm is characterised by slow waves with frequencies between 0.5

and 3 Hz and amplitudes of 250 to SOOmicrovolts. In addition to

these activities, EEG also contains transients like spikes, spindles

etc. [1].

EEG is often severely contaminated with extracerebral

signals called artefacts. They may be technical in nature due to

the measurement apparatus or physiological in nature due to the

subject himself. One of the main disturbances due to the subject,

is ocular artefacts resulting from movements in the ocular systems

(eyeballs, eyelids etc.) [2]^?7and the corresponding electrical ac-

tivity, is called the electrooculogram (EOG). This extracerebral

signal, called EOG artefact severely affects the performance of the

EEG processing systems, the aim of which is to extract valid in-

formation from the signals and present it in a more convenient

and objective form for interpretation. The presence of ocular arte-

facts in EEG signal makes it difficult to automate the analysis

of EEG by computer. Effective elimination of artefacts from the

collected data is an essential step in preparing data for analysis.

This necessitates the removal of EOG signals from contaminated

EEG signals and this forms an important part in the computer

processing of EEG signals.

Several methods have been reported in the literature for

the removal and control of EOG artefacts from contaminated EEG

signals. The simplest method is the rejection method in which

the data which contain significant ocular artefacts is discarded [4].

This can lead to an unacceptable amount of loss of data and the re-

jection of the segments could make the data unrepresentative [5] [6].

On-line rejection has also been achieved in the frequency domain

[7]. To reduce the amount of data lost by the rejection method,

the subjects are often asked to fix their eyes (eye fixation method)

on a target and sometimes to avoid blinking or moving their eyes
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at critical times during the experiment [8], but this procedure is

cumbersome. The method suggested by McCallum and Walter [9]

employs a floating common reference. This method successfully

attenuates vertical eye movement artefacts in mid-line recordings.

A method suggested by Girton and Kamiya [10] subtracts a per-

centage of the horizontal and vertical EOG's from the time domain

EEG signals. Corby and Kopell [11] and Hillyard and Galambos

[12] have suggested off-line methods where eye movements and eye

blinks are individually isolated and removed with different frac-

tions of the EOG's. Whitton et al. [13] have described an off-line

EOG subtraction method in the frequency domain. Woestenburg

et al. [14] applied regression methods in the frequency domain to

account for the frequency dependent amplitude and phase char-

acteristics of the ocular artefacts. Barlow and Remond [15] have

described a more sophisticated on-line correction technique.

Quilter et al, [16] showed that the eye movement artefacts

due to either random eye movements or blinks could be estimated

from the measured EEGs and EOGs using a computerised cross-

correlation procedure. Verleger et al. [5] and Fortgens and De

Bruin [17] computed the eye movement artefact by applying the

method of least squares to EOG channels. However, this method

of ocular artefact removal results in distortion of EEG responses

[19][20]. Jervis et al. [21] have developed a microprocessor based

ocular artefact remover. Ifeacher et al. [22] have suggested a recur-

sive least squares (RLS) algorithm for the on-line removal of ocular

artefacts. A knowledge-based enhancement of human EEG signals

was also reported by Ifeacher et al [23]. Reduction of eye move-

ment artefact from corrupted EEG signals has also been achieved

by using adaptive filters with fast RLS algorithm [24].

Eventhough various methods have been reported in the

literature for the minimization of EOG artefacts from corrupted

EEG signals, the power and efficacy of the Neural Network (NN)

approach has not been exploited so far for this purpose. In this

paper, we are proposing a NN approach to the enhancement of

EEG signals in the presence of EOG artefacts. We translate the

EEG enhancement problem into the optimization framework by

forming an appropriate cost function. The minimization property

of the Hopfield Neural Network (HNN) is exploited to find the

solution to the above optimization problem.

An Artificial Neural Network (ANN) consists of many

highly interconnected, simple and similar processing elements, op-

erating in parallel. Since the structure and operation of these ele-

ments arc similar to those of biological neurons, these elements are

called neurons. High computational rates and robustness are the

two features which result from such an architecture of the ANNs

[25]< In general, ANNs can be classified into two classes; Feed-

forward ANNs and Feedback ANNs. One of the most important

applications of the Feedback type ANNs is in solving optimization

problems. For example, the ability of Hopfield ANN [26] [27] to

provide fast and collectively computed solutions to difficult opti-

mization problems is well established in the literature [28] [29] [30].

2 HNN Formulation of the Artefact

Minimization Problem

Figure 1 shows the general block representation of the.

artefact minimization scheme that we have used here.

Primary Input
x(n)

Relerence
Input NONLINEAR

PREDICTOR
Error

e(n)

Fig t Block diagram of tho artefact minimization
scheme

Let x(n) be the primary input and y(n) be the reference

input to the artefact minimizer. The predicted value of the nth

sample of the reference input is given as the output of the nonlinear

predictor model

y(n) = ary(n) + yT(n)Ay(n) (2.1)

where

a == jai a2 • • • ap\

A = [aij] with Cy = 0 for j.< i, t,j = l,2,...P

y(n) = [y(n - 1) y(n - 2) ••• y(n - P)]T

and

where a, and a^ are predictor coefficients, and P is the order of

the nonlinear predictor.

Due to the presence of the nonlinear term in the above

predictor model, traditional algorithms cannot be applied to find

the optimum predictor coefficients. By optimal, we mean that the

energy of the unpredictable part is minimimum. The efficacy of the

HNN is exploited here to obtain the optimum predictor coefficients.

The theory of HNN says that the system of neurons con-

nected in a feedback configuration evolves in such a way that the

stable stationary states of the network correspond to the local min-

ima of ;( mathematical quantity called as the energy function (or

Lyapunov function) of the network. So, setting up a NN to opti-

mize a given cost function involves establishing a one-to-one corre-

spondance between the various quantities in the given cost function

and the energy function of the network. In the conventional NN
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approach, the model of the neuron is fixed a priori and the connec-

tion strengths of the neurons are assigned appropriate values by

comparing the energy function and the cost function. But in our

approach, the model of the neuron evolves as a direct consequence

of the nature of the cost function to be minimized.

The energy function (cost function) which is central to

the working principle of HNN is formulated for our problem .as

follows:

The error, e(n) is given by

e(n) = x(n) - y(n)

The cost function E is defined as
ff

E = E e\n)

(2.2

(2.3)

where N is the data length. The cost function E is minimized to

get the optimum predictor coefficients. It may be noted that E is

always positive.

Now, to obtain the structure of the HNN which solves the

minimization problem, we proceed as below using the Lyapunov

stability approach. We can accept E as the energy function for the

network to be obtained, provided the network dynamics are such

that the time derivative of E is negative.

dE
dt

dE da;
dai dt

p-i P dE
dt

Now, suppose we define the dynamics of the neurons as

(2.5)da,
dt

and

dt
giving

dE
dt ~dt

da,

_dE
dajk

-EE dt

(2.6)

(2.7)

From the above equation (2.7) we note that

~- < 0 if -—- / 0, —j^- =£ 0 for at least one i,j or k

—/— = 0 for all i,j and k
dE _^ .„ dat
— JTt) if -7^=0,
dt dt

This implies that the NN with dynamics given by eqns(2.5, 2.6)

has its stable stationary points at the local minima of E.

Using eqns(2.3),(2.5) and (2.6), the dynamics of the NN

is now given by the following system of ordinary differential equa-

tions.

dA = ^
dt ^

• y(«)yT(n) + aTy(n) • y(n)yr(n)

-x(n)-y(n)yT(n)} (2.9)

where

and

R = 5>(n)yr(n)

1 z__/ v

n=l

(2.10)

(2.11)

Using the minimization technique, the predictor coefficients

are calculated for a block of data by solving the system of ordinary

differential equations. Runge-Kutta method of numerical integra-

tion has been used to solve this system of equations.

3 Results and Discussion

The algorithm has been developed and used for the min-

imization of EOG artefacts from corrupted EEC signals. One

derivation of the EOG signal is recorded from the left eye position

on separate channel simultaneously with the EOG contaminated

EEG signal from Fp\ position on the scalp using a Nihon-Khoden

EEC machine. These signals are digitized at 100 Hz and low pass

filtered at 35 Hz using a linear phase finite impulse response digital

filter. The EOG contaminated EEG signal is used as the primary

input and EOG signal as the reference input to the artefact min-

imizer. Five seconds of data (N = 500) was used. The .predictor

order P was chosen to be 6. Figure 2(a) shows the variation of the

contaminated EEG with time in which the large amplitude low

frequency activity is due to the eye movements. Figure 2(b) is the

corrected EEG signal, obtained using the T algorithm, in which

the EOG artefact has been effectively minimized.

In order to make an assessment of the effectiveness of

the proposed NN algorithm in removing the EOG artefact from

contaminated EEG signals, we have calculated the smoothed power

spectrum of these signals using linear prediction (LP) technique

[31]. Figure 3(a) shows the LP spectrum of the contaminated EEG

signal which shows a peaky response at about 2.5 Hz implying the

presence of low frequency EOG artefact,. In Figure 3(b) (which is

the LP spectrum of the corrected EEG signal) the peaky response

at low frequency is effectively reduced implying that the proposed

NN algorithm is very effective in minimizing the EOG artefact

from contaminated EEG signals.

4 Conclusions

We have translated the EEG enhancement problem into

the optimization framework by choosing the sum of the squared

prediction errors as the cost function. The minimization property

of the HNN is exploited to find the solution to this optimization

problem. The optimum nonlinear predictor coefficients obtained

from the minimization algorithm are used to estimate the artefact

that contaminates the primary input of the artefact minimizer.
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This estimate of the artefact is successively subtracted from the

primary input signal, sample by sample, to get the artefact mini-

mized signal. The time plots as also the LP spectrum show that

the proposed method effectively minimizes the EOG artefacts from

contaminated EEG signals. Thus the power and efficacy of NN ap-

proach has been exploited for the purpose of enhancement of EEG

signals in the presence of EOG artefact.
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