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Abstract

EEG signals are among the weakest and most disturbing vital signals because with the slightest change in
body posture, and various artifacts will be added to them. The presence of artifacts in the EEG signal leads
to an incorrect analysis of this signal. Due to the importance of the subject, various methods have been
proposed to eliminate these artifacts. In this thesis, the Wavelet-RLS modified method for removing eyelid
articulation from the EEG signal is improved. We then compare the performance of the modified Wavelet-
RLS method with the SNR and MSE criteria with the RLS and regular Wavelet-RLS methods. In this
method, first, the noise signal is analyzed by the wavelet. Then the coefficients in the frequency bands,
including the blinking effect, are filtered by a recursive least squares (RLS). Finally, the clean signal is
reconstructed with the inverse Wavelet transformation. The results show that the performance of the
modified Wavelet-RLS method is better than the regular Wavelet-RLS and RLS methods in terms of MSE

and SNR.
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1. Introduction

The recording of electrical activity of the brain is
called Electroencephalogram (EEG), which is
associated with artifacts such as articulation of the
eyelids, artifacts caused by the electrical activity of
muscles, artifacts caused by the electrical activity of
the heart, and so on. According to the fact that the
eyelid artifact has a larger amplitude than the EEG
signal, it can affect the quality of the signal recorded
from all electrodes, even the back of the head [1].
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The blinking effect occurs with a range of more than
800 microvolts and a time interval of 20-40
milliseconds [2]. In 1996, Makeig and colleagues
proposed an independent component analysis (ICA)
method to eliminate artifacts from electrical muscle
activity and eyelid artifact. They visually identified
the sources of artifact effect after finding the
independent sources by decomposing ICA analysis.
They reconstructed the pure signal by combining the
remaining components and resetting the columns of
combining matrix to the zero corresponding to the
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rows of noise sources [3]. It must be considered that
in the communication link, the size of the transferred
data is important. Therefore, in the measurement
hardware, the compression methods are used for
creating fast data transmission. According to the [4],
to increase the data transmission rate and simplicity
of the compressors, the nominal system architecture
can generate compressed ECG samples in a linear
method and with CR 75%. The blinking effect can be
propagated in the acquired signal without considering
an appropriate compression method [4]. The proposed
approach in [4] is an effective solution for the
communication link.

In 2002, Zikove and colleagues provided a way to
remove EOG from the EEG signal using wavelet
conversion. First of all, they analyzed the noise signal
by converting the Stationary Disconnected Wavelet
(SWT). Then, they performed the thresholding
operation on the coefficients in the low-frequency
bands and finally reconstructed the clean signal [5].
Mohamed et. al. [6, 7] studied frequency response of
sensors connected to a structure in a broad range of
frequencies and eliminated noise signals before
implementing Fast Fourier Transformation. In [8], the
application of the time-frequency transforms
presented for efficient recovery of structural health
monitoring on Kronecker Compressive sensing. Also,
these transformations are wused for system
identification and FDIR studies [9,10].

In 2004, a method based on adaptive filters to remove
the EOG effect from the brain signal was developed.
A Class 3 RLS filter was used, and the results of the
experiments indicated that the proposed method, in
addition to stability, has rapid convergence and
simplicity in implementation [11]. Nowadays, a
combination of EEG signals is used to improve the
EOG artifact removal process. Marku g Nazerth used
a combination of ICA and Violet methods in 2006 to
remove the artifact from the EEG signal. They first
applied ICA to the noise signal and then removed the
noise components detected by eye observation using
wavelet thresholds [12]. The problem of this method
is that it is not applicable in a single-channel recorder.
Babu and Parasad proposed the wavelet-RLS hybrid
method in 2011 to remove the EOG artifact from the
EEG signal. They decomposed the noise EEG signal

Ahani H. /Bioengineering Research 2020;2(2): 1-9

from the EOG signal by wavelet, which was recorded
simultaneously with the noise signal. Then the RLS
filter was applied to all samples obtained from the
wavelet decomposition. Finally, they captured the
pure signal from the difference between the estimated
noise signal and the estimated EOG and compared the
proposed method with the RLS method. The results
showed that the proposed method performs better
than the RLS method in terms of MSE [13]. In 2016,
Adnani and colleagues used Butterworth low pass
digital to remove noise from the signal and obtain a
pure signal for further processing. Then, signal
decomposed into another section called Instinct Mode
Function (IMF) and were tested by using the
Instantaneous Frequency (IF) [14]. These methods
can be used in other applications, for instance, in
biomedicine [15].

In the present study, in order to improve the
elimination of artifact, the Wavelet-RLS method is
applied in order to simulate the results in terms of
MSE and SNR. For this purpose, after analyzing the
wavelet results, the RLS filter is applied only to the
coefficients in the low-frequency bands. An optimal
RLS filter is used for each frequency band in terms of
the order. The clean signal is then reconstructed by
inverse wavelet conversion. Section 2 describes the
methods and simulation methodology, and the results
are presented and discussed in sections 3 and 4,
respectively.

2.  Methodology
2.1. Adaptive Filter

The block diagram of the adaptive filter is shown in
Figure (1) [11, 16]. In this primary input method, S
(n) is a linear combination of the clean and noisy
signal. Two reference inputs, VEOG and HEOG are
compatible. Two filters with limited impulse response
have length M (two filters can have lengths). The
output of the filter is adaptive as obtained in the
following equation:

e(n) = s(n) =A,(n) —f(n (1)

Where the filtered reference signals are expressed as
follows:
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Figure 1. Schematic block diagram of the adaptive noise filter with two reference inputs
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Table 1. The mean values of MSE and SNR in 4 different channels by RLS method

Criterion F, Fez C; P,
MSE 6.5+2.2 51+1.3 43+15 3.8+14
SNR 3.7%2.2 5.7 +1.7 7.5 +2 7.6 x2.7

2.2. Wavelet-RLS Method

The wavelet conversion is one of the most powerful
tools used in noise elimination [17, 18]. In the reference
article [13], the expression of RLS in the field of wavelet
has better results than RLS. The procedure in the
Wavelet-RLS combination method is as follows:

1- Toapply SWT on noisy signal and reference
EOG

To implement RLS filter on all coefficients
obtained from wavelet conversion and the
noise of EOG estimation

Inverse wavelet conversion of the signal in
step 2

To extract clean signal by subtracting of step
3 from step 1

2.3. Optimized Wavelet-RLS Method

According to the fact that the effect of the EOG artifact
is in frequency bands below 20. A RLS filter was
applied for the coefficients in these frequency bands in
order to improve the process of mitigating the artifact
(an optimal RLS filter is designed for each band
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regarding the order). The steps to eliminate EOG artifact
by a compound method is as follow:

1- To apply SWT on noisy signal and
reference EOG

2- Toimplement RLS filter on all coefficients
in frequency bands of artifact

3- To substitute the existing coefficient in
artifact frequency bands in step 1 with
corrected coefficients in step 2

4- Recovery of the clean signal by inverse

wavelet conversion

2.4. Data and Signal Simulation

The data used in this study is from the data collection of
Ila BC12008 competition [19]. This data includes nine
people and 22 EEG channels and 3 EOG channels for
each person, which the second EOG channel represents
the artifact.

These signals are sampled at 250 Hz and filtered by a
transient filter with a frequency range of 0.5-100 Hz. A
50 Hz band-stop filter was used to remove the mains
electricity noise. Figure 2 shows how to apply electrode
and record EEG signals with a 10-20 standard [19].

Figure 2. The method of instalment of Electrode

4



To compare the methods, we need the initial clean signal
and simulated signals. In this study, we separated
visually 2,000 sample signals for 5 individuals and 4
channels (channels Fz-FCz-Cz-Pz).
Besides, for each person, 2000 samples are separated
from the EOG channel. To eliminate artifacts above 450
Hz, we passed the EEG signals through a low-pass filter
of 45 Hz. Another low-pass filter of 20 Hz was used to
filter the EOG signal [20].
EOG as a weight function was added to the clean signal
to simulate the noise signal. EOG weight for each
channel of ICA decomposition is obtained. The number
of independent sources with the linear composition are
obtained by observing of the signal. ICA relationships
are formulated as follows:

S=AxX (7)

X=W=xX (8)
In the above relations X is the vector of observations and
the only known of the problem, A as the separating
matrix, S represents the independent sources, and W is
the compound matrix. After initial diagnosis of noise,
the column of W, which corresponds to the noise source
line, eliminated from the same EOG coefficients for
each channel. Given that the coefficients obtained are
applied to the registered EOG channel, not the assumed
EOG source in the ICA, therefore, all the coefficients
are related. Due to the EOG effect in different channels,
they are normalized to the coefficients of the EOG
channel.

3. Results

In this section, to compare the methods of two criteria,
we used the mean squares error (MSE) and the signal-
to-noise ratio (SNR) as shown below. [21, 22].

n=1le(n) — x(W)]?
N

( Jmean(e(n))?
Jmean(e(n) — x(n))?

MSE = 9)

SNR = 20 * log10 * ) (10)

In the above relations, the e(n) signal of noise removal,
N the number of signal’s samples and x (n) is the initial
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clean signal. Regarding the above relationships, smaller
MSE and larger SNR, lead to better output.

3.1. The Results of RLS Method

In the RLS algorithm, two parameters, M and Lambda,
are considered. Due to Equation 6, the lambda value was
obtained 0.99. The order of the filter is calculated
experimentally. In this study, after evaluating orders 3,
6 and 12 and as RLS filter order, the order 3 was selected
as the optimum order.

A sample of noisy signal and cleaned signal by RLS for
the second individual in channel number 4 was shown
in figure 3.

The MSE and SNR values for the RLS method are
shown in Table 1.

3.2. The Result of Wavelet-RLS

In order to remove the artifact by the Wavelet-RLS
method, as in the reference article [13], the following
procedure was performed.
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1- Noisy signal and reference EOG,
recorded simultaneously, were
decomposed to order 4 by SWT and
mother wavelet of system3

2- To implement RLS filter on all
coefficients obtained from wavelet
conversion and the noise of EOG
estimation

3- Inverse wavelet conversion of the signal
in step 2

4- To extract clean signal by subtracting of
step 3 from step 1

Figure 4 shows the noisy signal and cleaned signal by
wavelet-RLS for second individual in channel number
4.

The table 2 represent the values of the MSE and SNR
for the Wavelet-RLS method.

3.3. The Results of the Optimized Wavelet-RLS
Method

The procedure to optimize the Wavelet-RLS is as

follow:

reference EOG,
were

and
simultaneously,

1- Noisy signal
recorded
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decomposed to order 4 by SWT and
mother wavelet of system3.

2- The existing coefficients in 4" order,
which are in the frequency range [O-
15.6] and [15.6-30.2] Hz, are filtered by
RLS. The coefficients obtained from
step one was used as reference inputs for
filters. The 3'“ order filter for frequency
range [0-15.6] and 1% order for [15.6-
30.2] are applied. The orders were
selected after evaluation of order 1, 3 and
6.

3- The obtained coefficients from step 2
were substituted by 4" order coefficients
from step 1.

4- To recover the clean signal by inverse
wavelet conversion.

Figure 5 depicts the noisy signal and cleaned signal by
the proposed method for the second individual in
channel number 4.

The values of the MSE and SNR for the optimized
Wavelet-RLS method are shown in table 3.

Figures 6 and 7, respectively, illustrate the comparison
between the average of SNR and MSE for 5 persons in
different channels in three different methods.

Table 2. The mean values of MSE and SNR in 4 different channels by Wavelet-RLS method

Criterion Fz Fcz
MSE 5.1+1.6 47 +1.4
SNR 6.3+1.3 6.8 +1.1

Cz Pz
4.1+15 3.6+1.3
8+1.6 8.3+23

Table 3. The mean values of MSE and SNR in 4 different channels by optimized Wavelet-RLS method

Criterion F; Fez
MSE 4.6 +4.4 45+14
SNR 7.3+1.7 8.0+1.8

Cz PZ
3.7%1.7 3.1%£1.6
8.9+2.2 9.7+29
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4.  Conclusion

In this paper, the Wavelet-RLS method was optimized
in order to eliminate artifacts EOG from EEG signal.
The proposed method in this study has the advantage of
having multiple RLS filters for each frequency band
compared to the method proposed in [13]. Moreover,
unlike reference [13], in the present article, the clean
signal is obtained by RLS from the difference between
the noise signal and the estimated EOG inverse wavelet
conversion and high-frequency bands. The values of
MSE and SNR are obtained by applying the method on
a series of simulated data To evaluate this method. The
results show that optimized Wavelet-RLS has better
performance as the matter of MSE and SNR compared
to the RLS and Wavelet-RLS methods.
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