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Abstract

Many data sources can be analyzed using Wavelet Transforms (WT), a mathematical technique
frequently used for extracting information from them. Although WT was effective at Blind Source
Separation (BSS), it had some limitations, such as signal loss. The problem has been addressed with the
introduction of a joint algorithm that combines WT with Frequency Domain Filtering (BPF). Wavelet
Denoising Technique (WDT) and Band-Pass Filtering (BPF) are employed in this research to propose
an innovative algorithm for combining advanced wavelet transform methods. Combining these two
techniques helps reduce eye flutter in electroencephalograms (EEGS).FP1 signals produced by eye
movement are filtered out by this novel algorithm. EEG signals should be captured dependably.
Combined WTs perform better than traditional WTs, according to evidence. Based on Signal-to-Noise-
Ration (SNR) and Power Spectral Density (PSD) measurements, the removal process has been
demonstrated to be more efficient than a standard WT.

Keywords: Analyzing of Signal, Blinking of Eye, Electroencephalogram (EEG), Processing of Bandpass
Filtering (BPF), Wavelet Transformation (WT).

Introduction

EEGs are inexpensive and noninvasive methods for
examining brain function®. Among its applications
are neurological research, diagnosis of sleep
disorders, and assessing the impact of antiepileptic
medications®>.. An  EEG brain signal exhibits®
particular  characteristics, including electrode
recording, complex spatiotemporal patterns, precise
time-sensitivity, limited spatial resolution, and
electrode placement “. Artifacts are documented

actions of non-cerebral origin. Artifact signals, such
as eye blinking®, can interfere with EEG signals and
make the analysis process more challenging.

Recent research has focused on removing eye
blinking artifacts using techniques such as
independent component analysis (ICA) ¢, eye
tracker-based reference 7, and wavelet transform 8.
These artifact channel-reference signals are used as
constraints in blind source separation algorithms to
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improve the isolation process or to check the
performance of separation algorithms °.

Borah, et al. 1%, explores the use of EEG signals for
controlling smart home automation systems. By
integrating a TGAM EEG sensor module with a
Bluetooth module, the study develops a Brain
Computer Interface (BCI) system that interprets
brain states and external triggers to control connected
appliances. The system demonstrates a large
bandwidth, easy setup, blink detection using
Morphological Component Analysis (MCA), and
high accuracy at a low cost. Testing shows an
average response time of 17.13 seconds for switching
ON and 20.66 seconds for switching OFF, with
accuracies of 98.73% and 95.75% for ON and OFF
states, respectively. A study of EEG-based Brain-
Computer Interfaces (BCIs) examining their
potential applications in a variety of fields including
prosthetics, control systems, and brain-computer
interfaces is reported in this article. By implementing
a Convolutional Neural Network (CNN), Marcin et
al. 1! attempted to remove eye blinking artifacts from
EEG recordings. An augmented EEG signal
approach was used to train CNN. Based on
synthesized EEG signals and real EEG signals, they
compared CNN performance with independent
component analysis (ICA) and regression. EEG
artifacts were effectively removed from the
electrodes located in the central part of the head
using CNN, which outperformed other methods.

Based on ML Giudice's 1? algorithm, involuntary eye
blinks can be detected and distinguished from
voluntary ones. In order to help individuals with
motor disabilities, we are developing an EEG-based
Brain-Computer Interface (BCI) that can be
controlled with eye movements. With the help of
frontopolar EEG signals obtained from healthy
individuals, the proposed algorithm was trained and
validated using a one-layered Convolutional Neural
Network (CNN). In identifying voluntary and

involuntary blinks with 97.92% accuracy, the system
achieved 97.92% accuracy.

According to Mayeli A. et al. 3, a fully automated
pipeline is offered by the open-access toolkit
Showup that reduces artifacts from EEG data
collected simultaneously with fMRI. By utilizing
both standard template subtraction and independent
component analysis, the pipeline suppresses MRI-
related artifacts as well as physiological artifacts.
The results show that the automated correction using
APPEAR is comparable to manual correction, as
demonstrated by frequency analysis, continuous
wavelet transformation, and analysis of event-related
potentials (ERPs). The significance of APPEAR lies
in its ability to speed up EEG analysis, enhance
replication, and process large EEG-fMRI datasets
with manageable researcher time and effort, thus
addressing the challenges associated with EEG
artifacts in the context of simultaneous EEG-fMRI
recordings.

Mathe M, et al. **, proposed intelligent model based
on deep learning, specifically the improved One-
Dimensional Convolutional Neural Networks (1D-
CNN). The model utilizes a hybrid algorithm called
Spider Monkey-based Electric Fish Optimization
(SM-EFO) to optimize the parameters of the 1D-
CNN. Experimental results on a benchmark dataset
demonstrate the superior performance of the
proposed model in terms of artifact removal,
achieving cleaner waveforms compared to
conventional approaches.

Krishnaveni V, et al. *, proposed a method for
automatically identifying slow varying OA zones
and applying adaptive thresholding only to these
zones, preserving the non-OA zones and the shape of
the EEG signal. This approach allows for the
removal of artifacts without compromising the
important low frequency components and waveform
of the EEG signal in non-artifact zones, which is
crucial for clinical diagnosis. Table 1 summarize the
related works.
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Table 1. Related works summary on artifact removal methods.

Authors, Ref. Method Technical Details Shortcomings
Borah, et al.1° TGAM EEG sensor + Large bandwidth, blink Response time for switching
Bluetooth BCI system detection using MCA ON/OFF
Marcin, et al.*! Convolutional Neural Trained wusing augmented Limited comparison to other
Network (CNN) EEG signals methods
Giudice ML, et One-Dimensional CNN Detects voluntary vs. Limited focus on eye blinks
al.t? architecture involuntary eye blinks

Mayeli A, et al.*®
Mathe M, et al.14

Krishnaveni V, et
al.l®

APPEAR toolbox for EEG-
fMRI artifact reduction
Improved 1D-CNN  with
Spider Monkey-based EFO
Automatic identification of
slow varying OA zones

Average template subtraction
+ICA
Hybrid algorithm optimization

Adaptive thresholding for
artifact removal

Relying on EEG-fMRI data
Limited benchmark dataset

Limited to slow varying OA
zones

Proposed system Evolutionary Wavelet Eliminates eye blink artifacts Efficient EEG  artifact
Transform (EWT) + BPF in FP1 channel EEG removal using  hybrid

approach.
Many works address issues related to network  The study's primary contributions lie in the

performance, security, privacy, authentication, and
communication efficiency in wireless systems, such
as ad hoc wireless networks!®, mobile ad hoc
networks'’, 5G-enabled vehicular networks!® 9 20,
and fog computing-based solutions?. BiCM
improves wireless sensor network coverage through
instance redeployment in two stages: DES relocation
and depuration. It outperforms FOA in coverage,
computation time, and standard deviation after
parameter optimization??. LCX-MAC enhances
time-critical 10T healthcare applications, addressing
X-MAC's energy waste and delays. Analytical
results show LCX-MAC outperforms X-MAC and
X-MAC/BEB in throughput, delay, and energy
efficiency®.

Efforts continue to tackle wireless sensor
communication challenges. NRSM optimizes node
positions, surpassing FOA, JOA, and BFA in
coverage, computation time, standard deviation, and
energy efficiency, enhancing network
performance®. While it discusses healthcare
monitoring, it does not directly relate to eliminating
eye blink artifacts in EEG signals.

Materials and Methods

Traditional Eye Blink Artifact Reference Signal
Algorithms

In the realm of sign processing and neurophysiology,
several methods have been developed to detect and
mitigate or analyze eye blink artifacts across various
applications®.  Some  conventional ~ methods
commonly used for eye blink artifact removal are:

development and evaluation of an effective
algorithm for eliminating eye blink artifacts in EEG
data, providing valuable insights into artifact
removal techniques, and showcasing the importance
of artifact-free EEG signals for accurate brain
activity measurement.

The paper proposes a method for eliminating eye
blink artifacts in EEG signals captured from
frontopolar FP1 channels. This system uses a
combination of wavelet denoising and bandpass
filtering techniques to effectively remove the
artifacts while maintaining the essential EEG signals.
The implementation of the system is also described
in detail.

Both simulated and real EEG data were used in the
study to evaluate the proposed system. This system
is demonstrated to be effective in removing eye blink
artifacts while maintaining EEG signals. A summary
of the contributions of the paper and its implications
for EEG signal analysis is presented at the end of the
paper. Furthermore, the paper discusses the system's
limitations and suggests future research avenues.
EEG signals from the frontopolar FP1 channel show
eye-blinking artifacts from the proposed system.

1. Moving Average: This straightforward
technique calculates the average value of the
signal over a moving window. It serves as a
baseline signal for estimating the standard or
non-artifact portion of the signal. Subtracting the
moving average from the original signal helps
attenuate eye blink artifacts?.
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2. Template Matching: Template matching
algorithms employ a predefined eye blink
template as a reference signal. The template,
created by averaging multiple eye blink signals
to capture typical characteristics, is then
correlated with the input signal to identify
similar patterns associated with eye blink
artifacts?’.

3. Adaptive Filtering: Adaptive filtering techniques
employ adaptive algorithms such as Least Mean
Squares (LMS) or Recursive Least Squares
(RLS) to continuously estimate eye blink
artifacts. These algorithms adjust filter
coefficients based on the input signal and the
error between the filtered signal and the original
signal, aiming to minimize artifacts?®.

4. Principal Component Analysis (PCA): PCA, a
statistical method for dimensionality reduction,
can be utilized for eye blink artifact removal by
decomposing the signal into principal
components. Selecting a subset of components
that capture the eye blink artifacts yields an
estimated reference signal.

5. Independent Component Analysis (ICA): ICA is
another statistical technique that separates a
multivariate signal into statistically independent
components. For eye blink artifacts, ICA can
identify and isolate the component associated
with eye blinks, providing a reference signal for
artifact removal.

These methods represent traditional approaches,
while the field of signal processing continues to
evolve. Recent advancements, including deep
learning techniques and adaptive signal processing
algorithms, have also been employed to address eye
blink artifacts with promising outcomes.

Technical Artifacts

In this critique, we introduce a robust approach for
computing a prominent eye blinking cue reference
signal, which incorporates wavelet de-noising and
bandpass sifting (BPF) techniques. The evaluation of
strategies for segregating impaired source signals
typically involves simulated data, with the
interference signal ratio (ISR) serving as a
performance  metric®.  Electroencephalography
(EEG) systems are designed to measure a biological
signal reflecting the brain's electrical activity,
achieved by placing electrodes on the scalp.
However, EEG signals are often characterized by
irregular, low-amplitude fluctuations that can be
influenced by artifacts (see Fig. 1.a), defined as non-

cerebral-origin behaviors. EEG, a non-invasive
technique, records the brain's electrical activity®.
Nevertheless, the recorded EEG signal frequently
suffers from various types of artifacts, such as power
line noise, muscle activity, eye blinks, and
electrocardiography (ECG) artifacts. These artifacts
can obscure the underlying EEG signals and
compromise the accuracy of analysis. Hence, it is
imperative to separate these artifacts from the EEG
signal before conducting any analysis.

Technical artifacts are unwanted signals that can
contaminate EEG data and affect its accuracy. One
such artifact is power line noise interference PLN,
which is caused by extremely high signals generated
from A/C power sources during the recording phase.
These signals have lower frequency and harmonics
and can be removed using a notch filter. However,
the notch filter also removes EEG data that is useful
information and is approximately 50/60 Hz. Fig. 1.b
shows the EEG signal with the noise of the power
line 3.

Another common artifact is eye blink or eye
movement. These signals are produced by blinking
or movement of the human eye, which changes the
dipole electrically created by the positive cornea
(red) and negative retina (black) to create eye
artifacts. The duration of an eye blink artifact is less
than 4 Hz, and it has a low spread and a spike shape
as shown in Fig. 1.c. On the other hand, eye
movement has a high spread, and both eyeblink and
eye movements have a square shape as shown in Fig.
1.d3%.

Electrocardiography (ECG) artifacts are caused by
heartbeat activity when the electrode is placed on or
near a blood vessel. Cardiac activity has a high
electrical energy effect on EEG signals. Fig. l.e
displays ECG events that occur as continuous spikes
in the EEG recording process .

A AT

(a) The correct EEG signals.
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(b) EEG infected with the PLN.
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(c) EEG infected with the eye blinks.

(d) EEG infected with the eye movement.
Figure 1. Typical artifacts of the EEG?.

Bandpass filtering and wavelet denoising are
complementary techniques used in EEG artifact
removal. Bandpass filtering helps isolate the
frequency range of interest, including the eye blink
artifacts, while wavelet denoising further enhances
artifact removal by effectively targeting and
removing unwanted components within that range.
Together, these techniques improve the quality of
EEG data for analysis and interpretation.

Artifacts Removal Techniques

All through the recording system, the information
was sullied with different sorts of artifacts. The EEG
signals of these artifacts ought to be cleaned for
study. There are different techniques utilized for this
reason. To eliminate these artifacts from the recorded
EEG information, different techniques are utilized. A
few normal methods for curious expulsion
incorporate separating, which includes applying
various sorts of channels to the information, for
example, score channels or bandpass channels, to
eliminate undesirable signals. Another procedure is
the utilization of autonomous part investigation
(ICA), which isolates the information into free parts
and recognizes those that contain antique signals.
Wavelet denoising is likewise a well-known
technique for eliminating clamor from the sign while
safeguarding the basic EEG data.

Generally, the expulsion of artifacts is fundamental
for precise EEG signal investigation, and analysts
utilize different procedures to accomplish this
objective. Every strategy enjoys its benefits and
restrictions, and the decision of the method relies
upon the kind and seriousness of the antiquity of the
exploration question being tended to, and the
accessible assets.

Manual Technique

Identifying evident artifacts like eye blinks, eye
movements or muscle activity is straightforward
with a visual inspection of recorded EEG data. A
limited sample size makes this method common in
clinical settings and research studies. Nevertheless, it
is labor-intensive, subjective, and dependent on the
analyst's expertise to be effective. Data fragments
corrupted by identified artifacts are discarded by
eliminating epochs containing those artifacts. When
applied to scant datasets, it risks losing essential data,
even though it is a simple method of removing
artifacts from EEG signals.

A Bandpass Filtering Technique

Filtering is another common method for removing
artifacts. By using a high-pass filter, low-frequency
noise can be eliminated, while high-frequency noise
can be eliminated by using a low-pass filter.
Alternatively, a band-pass filter targets high-
frequency as well as low-frequency noise. The
importance of carefully choosing filter parameters is
highlighted by the possibility that filtering may
inadvertently remove some important EEG signals.

Band-pass filters are commonly used to separate
artifacts from EEG signals. An attenuator is a device
that attenuates frequencies outside of a specified
frequency range while allowing signals within a
preferred range to be transmitted. Band-pass filters
are used in EEG analysis in order to eliminate
undesirable frequencies, such as power line noise and
cardiac activity, while preserving the desired signals.
The bandwidth (BW) of the filter is described as 3*
35.

BW=FH-FL ............ 1

Practically speaking, the middle recurrence and
transmission capacity of the band-pass channel are
picked in view of the recurrence scope of the EEG
signs of interest. For instance, a run-of-the-mill EEG
signal has a recurrence scope of 0.5-70 Hz, with the
alpha cadence (8-12 Hz) and beta mood (13-30 Hz)
being specifically compelling in many examinations.
In this manner, a band-pass channel with a passband
of 0.5-70 Hz, or a smaller passbhand revolved around
the alpha. In any case, it is essential to take note of
that utilizing a band-pass channel may likewise
eliminate some EEG flags that contain significant
data. Consequently, the cautious thought of channel
boundaries is vital because of multiple factors. First
and foremost, the exploration question being tended

Page | 3621


https://doi.org/10.21123/bsj.2024.8947

2024, 21(11): 3617-3631
https://doi.org/10.21123/bsj.2024.8947
P-ISSN: 2078-8665 - E-ISSN: 2411-7986

S

Baghdad Science Journal

to decides the particular attributes of the EEG signs
of interest. For instance, unigue recurrence groups
might be of specific significance relying upon the
idea of the mind movement being scrutinized. By
choosing fitting channel boundaries, specialists can
successfully segregate and break down the ideal EEG
signals while constricting undesirable commotion
and artifacts. Besides, the accessible assets, like the
computational power and sign handling capacities,
can impact the decision of channel boundaries.
Depending on the setting, certain separating methods
might require more computational resources or
specialized programming. Professionals can choose
channel constraints based on the available resources
to achieve the best filtering performance while taking
practical limitations into account. Utilizing
accessible devices and technologies maximizes the
accuracy and reliability of EEG signal analysis.

Wavelet Noise Removal Technique

There has been a growing understanding that wavelet
sound decreases can be used to remove clamor from
signals since the 1990s. Using this technique, the
sign is disintegrated into various scales, enabling it
to be successfully disposed of. Since Donoho created
thresholding in wavelet-based signal examination in
1993, it has essentially advanced wavelet-based
signal examination®. By using wavelet coefficients
as an edge, the clamor part is eliminated, eliminating
the need to make assumptions about signal presence.
For de-noising signals, the Wavelet De-Noising
Technique has a few benefits. A relationship analysis
determines the ideal result signal as a first step. With
wavelet coefficients packed in two parts, the clamor
is evacuated with powerful efficiency. Using the
opposite Wavelet Transform, the technique reduces
low commotion amplitudes while recovering signals
with little data loss.

Wavelet De-Noising Methodology consists of a few

components ¥

o Applying the Wavelet Transform (WT) to the
noisy signal, followed by the

e Selection of the limitation and threshold method
for each step.

o Inverse Wavelet Transform (IWT) is applied to
the wavelet coefficients to reconstruct the de-
noised signal.

Among the many applications of the Wavelet

Denoising Strategy are image processing, audio

signal processing, and biomedical signal processing.

The efficiency and effectiveness of this tool make it

a valuable asset in many different fields.

Artefact Reference Techniques

EEG signal handling includes artifact reference
procedures, which identify and eliminate artifacts
that can alter the EEG signal, enabling accurate and
detailed analysis. Procedures are decided based on
unambiguous review necessities, such as the type of
artifacts to be identified and the idea of the signals
gathered. EEG analysis can discern the overall
morphologies from the EEG data and contaminating
blink-eye artifacts. Several techniques have been
developed to extract artifact reference signals, each
with its own advantages and disadvantages. The
popular methods for extracting the artifact reference
signal are discussed in this section &,

Channel-Reference

Channel reference is commonly used to test the
efficiency of eye blink artefact extracting algorithms
by comparing the extracted eye blink artefact to the
Veoc channel. EOG signals are corrupted by another
signal generated by the brain or by other external
sources %, The EOG electrodes (Veos and neog) are
used as reference signals for EOG artifacts,
positioned above and side of the left eye and the
socket is used to assess the face movement (artifacts)
as shown in Fig. 2. The electrodes are directly placed
on the skin to collect the brain signals. It combines
the signals in %

X(1) = [XL(), X2(0), oy XMOIT wver. 2

Where the EEG signal is registered, "T" is the
transmission and "m" is the channel numbers. The
rows of the input matrix are EEG signals, and the
columns represent the difference in the signals at
various times. It is processed to remove low-
frequency or high-frequency noise and other
potential artifacts before the EEG signal is displayed
or stored. Therefore, the critical points in its
processing need to be treated carefully, so that
artifacts that contaminate signals may lead to false
results and assumptions are reduced. Simple
signals recorded by the electrode, complex-time
signals, extremely good time control, low spatial
resolution, and quantity electrodes are the basic
features of EEG-brain signals. In contrast to ECoG
signals, EEG presents however extremely low-
quality signals. It immerses almost all the EEG
signals and artifact signals which corrupt the EEG
data interfere. In the case of eye blinking artifacts,
the EEG channel filter is usually known to be an eye
blinking artefact and can be used directly as a
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reference signal on the premise which the variance is
negligible in the other channels follows 3

i (t) = f (qj (t)) i=1,2,...k j=12,.1

Where:

i: representing the number of reference signals
utilized

f: indicating the filtering method applied
g: representing the registered signal
J: indicating the number of channels

I: representing the overall number of registered
channels.

Positive Electrode el

— AN
= | |\ /= i

‘ ‘Negative Ele: trud

N

Figure 1. Electrode’s position.

Template Train-Reference

In this method, a filter which is mostly considered as
an artefact is applied to the channel, then converted
into the tarin of templates to use it as a reference, and
the shape of information is conserved. It is difficult
to render a single template for an eye-blinking
artefact; hence, a sample train is used as a reference.
The variance in the form of the example can be
modified roughly where the reference artefact is
centered only on the target signal and the estimated
time. Eq. 4 regulate the train-reference model system
as follows “°:

ri(t+v)=f(qj(t+v))
v=[-a,—a+1,..,b]

if f(a;®) =ty

t<t+b
............ 4
r(t)=0 otherwise
Where,
i=1,2,...k,
=12, ...,

y — the selected threshold value,

a and b — the number of the chosen samples,

v — the set indicates the total number of assigned
samples, and

t — the time of the reference signal

Principle Component-Reference

Artefact signals have a higher impedance than EEG
signals and their frequency varies widely across
channels. One of the key features that distinguish
artefact signals is their orthogonality with EEG
signals *1. Principal Component Analysis (PCA) is a
statistical technique that can be used to identify
orthogonal components. However, Independent
Component Analysis (ICA) is more effective than
PCA in separating artefact signals from EEG spike
records “> 43, Nevertheless, if the separation is based
solely on differences in independent components, the
resulting data may still reflect the overall
characteristics of the artefacts. For example, in EEG
recordings contaminated by eye blinks, the EEG
signals are expected to project onto two major
components (the strongest eigenvalues), with the
resulting  signals  representing  the  basic
characteristics of the eye blink artefacts. This process
is represented by:

pe1(6)

pc(t) = xTE(t) with pc(t) = pczz(t) vivn.b
pen(t)

ri (t) = pci (t) i=1,2,...,k ... 6

Where,

— is the eigenvectors array of x™ covariance's,
pc — is the projection matrix, and
i —are the several evaluated principal components.

Proposed System

A novel algorithm is proposed to extract clean eye
blink artifact reference signal from related electrodes
based on a combination of filtering process and
wavelet denoising technique. The proposed
algorithm takes the artifact distribution on the brain’s
scalp into account. Fig. 3 shows the block diagram
of the eye blink artifact reference signal extraction
algorithm.
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Proposed work

Classical method

Wavelet Pure
Denoisi Eye

Pre- :
processin ng blink

artifact
(WD)

Figure 3. Block diagram of the Enhanced
Channel- Reference algorithm.

The effect of ocular artifacts will be dominant in the
Frontal and Frontopolar channels particularly in FP1
and FP2. The eyes are blinking together and have the
same effect on frontal channels FP1 and FP2;
therefore, only the FP1 channel, will be taken as an
input to the proposed algorithm.

The study presents a new method called the
Evolutionary Wavelet Transform (EWT) for dealing
with Eyeblink artifacts in EEG signals. Eyeblink
artifacts are known to produce high-amplitude
impulses that can interfere with all electrodes,
particularly those in the front and front polar
channels such as FP1, FP2, F7, and F8. The
traditional channel-reference approach to calculate
blinking artifacts from the human eye involves
modifying the channel reference based on the
morphologies and timing of comparing the
potentially contaminated electrodes. However, this
approach does not effectively remove the eye blink
artifact signals from the associated electrodes,
leaving  conventional neural signals  still
contaminated. The proposed EWT method uses a
hybridization of bandpass filtering and wavelet de-
noising techniques to remove eye blink artifacts from
the EEG signals. The pre-processing procedure
ensures that the input signal has zero mean and unit
variance. The band-pass filter (BPF) uses the
Windowed-Sinc FIR filter to reduce eye blink
artifacts to the small frequency range of less than 4
Hz, with a frequency selection of 0.1-4 Hz and a
length of 1024 kernel filter determined as M. The
EWT method uses only the FP1 channel as a
reference to simultaneously remove eye blink
artifacts from both the FP1 and FP2 frontal channels
as follows:
4

M~—
BW

Where, the length of the frequency is BW. The filter
kernels of the low-pass filter are determined as
follows:

h[i] = K=EEEEE22 0,42 — 0.5 cos () +
0.08 cos (%)] ............ 8

A band-pass filter with a cutoff frequency involves a
number of parameters to determine the tap
coefficient. This includes the filter's impulse
response h[i], its convolution k, his length M, his
cutoff frequency f., and his index i. Low-pass filter
segments are computed at both cutoff frequencies
(f;1=0.1 Hz and f.,=4 Hz) to obtain the tap
coefficient.

1. Let M =1025, Srae= 256, f1= fc1/Srate, and fo= feof

Srate

Compute the low-pass filter kernel at f;

Compute the low-pass filter kernel at f,

Stabilize the two filter kernels.

Shift the low-pass filter kernel to the high-pass

filter by spectrum transposition.

Incorporate the low-pass and high filter kernel to

achieve the band-reject filter kernel.

7. Use spectral inversion to convert the band-reject
filter kernel to the band-pass filter.

oo

Sk

To improve the filtering process efficiency when
converting input signals to filter kernels using the
MATLAB "conv" function, the wavelet method can
be used to eliminate residual neural impulses from
the filtered signal. The filtered signal is highly active
in the brain (e.g., Delta rhythm). Following wavelet
de-noising (WD), the filtered signal distinguished by
a low spectral traditional brain signal n(t) and high-
frequency artefact g(t):

FP1¢(t) = a(t) +n(t)

Where, FPy; is the filtered front channel signal (i.e.,
the signal of BPF), the artefact a(t) is located in a
time or frequency domain, and n(t) is the spectrum
of broadband. Therefore, the wavelet transform
method is appropriate for the optimum resolution of
frequency, and time domain, with no stationary
signal. The model of Eg. 9 be nearly additive, as
band-pass and Band-Reject-filters are primarily low-
pass and high-pass filter combinations. A filter band-
pass makes only frequencies above and below a
certain amount, so there're several frequencies. The
reverse is a band-reject filter that stops a frequency
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band. Often band-reject filters are called notch filters
since a certain part of a signal is detected.

Wavelet de-noising (WD) utilized to suppress the
neural structure selectivity n (t) losing no artefact's
portion a(t), as follows .

1. Calculate the wavelet coefficients a;, by
discreet wavelet transformation (DWT) of the
FP1 signal.

2. Calculate the soft thresholds for wavelet
coefficients:

4. — {Sgn(ai.k)(lai.kl —T) iffaj] =T,
Lo iffay] < T

Results and Discussion

Real EEG data are contaminated by power line noise
interference and EOG artifact (eye blink) measured
by a computerized EEG device in Middle Euphrates
Center for Neurological Sciences-Kufa-lrag. The
computerized EEG is a computer with a PCI card of
a data acquisition unit that acquires the signals from
the scalp through macro electrodes as shown in Fig.
4. One healthy subject, male, 24 years old has
participated in this study. EEG signals were
measured using 19 electrodes used to measure the
brain signals placed on the scalp according to 10-20
system and referenced against the forehead.
According to the specification of computerized EEG
device the recorded signals were digitized at 256 Hz,
trail length is 10 second (10 second X 256 Hz =
2560 sampls), during which the subject was allowed
to perform eye blink artifacts.

Figure 4. Computerized EEG system.

3. Calculate the inverse distinct wavelet transform
a(t) of the soft coefficient a; .

Where, a(t) means an artefact signal a(t) without a

neural signal n(t). Discrete wavelet D6 was used

with the level 7 separation in the suggested

algorithm. The threshold for de-noises shall be

determined by the following:

Where, d is the sample number to be handled.

The control measures of the SNR are made up of two
types: external noise reduction and internal noise
separation from the signal of interest. It is best to
avoid the first to deal with external noise. It is better
to use high-quality instruments and electrodes to
eliminate noise from the device, such as cable
networks, phones, computers, machine monitoring.
(e.g., most dry electrons are not functional as they are
very sensitive to external noises) and to remove any
electromagnetic noise sources. Compared to
removing noise produced by the subject itself, this is
relatively straightforward. It is not usual to ask the
participant to sit still, but all blinking or facial muscle
movements are practically impossible to avoid.

This issue is also solved by an intelligent
experimental protocol, which can help keep
participants focused and interested in the task to
reduce the internal cortical noise, it can achieve
frequent interruptions to constantly blink between
experimental tasks. Well-trained EEG technicians
will also help to make the participant happy and
create a relaxed business environment for the
collection of data.

After recording data, they often use advanced
statistic algorithms in what they call post-processing
to recognize and eliminate subject-related noise from
a raw EEG signal, such as gestures, eye blinks, and
muscle tensions. For instance, machine learning
algorithms may recognize patterns of external or
internal noise-related signals and distinguish them
from the brain signals of interest. This role is mostly
performed via a family of statistical techniques
known as the blind signals separation (BSS)
algorithms, which are widely implemented directly
in commercial and open-source EEG analytical
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applications. Sometimes, followed by manual
cleaning, an EEG specialist visually checks the
signal and manages the objects and distracting parts.

Fig. 5 shows the real FP1 data taken from the
computerized EEG device with a sampling rate of
256 Hz. This signal represents the input raw data for
the proposed algorithm. The units are typically
expressed in microvolts (LV) per sample. Each data
point in the EEG recording represents the electrical
voltage measured at a specific moment in time, and
it is usually reported in microvolts.
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Figure 5. Un-processed FP1 data.

Fig. 6 shows the extraction of the signal (FP1) to
unnatural, and neuronal components depending on
the suggested approach. The input signal (FP1)
attempted pre-processing to whiten and center the
signal, as seen in Fig. 6.a, so the (BPF, 0.1-4 Hz)
process the signal as stated in the suggested method
writing material Fig. 6.b. According to the traditional
system (channel-reference system), the filtered
signal did not involve any neural activity and could
be described as an eye-blinking artefact.
Nonetheless, it is not just a signal of reference
because it has a lot of cortical activity, Fig. 6.c. The
main benefit of the proposed approach (i.e., brain
activity will be omitted from the wavelet de-noising
WD artefact reference signal Fig. 6.d. Visual
examination of the eye blinking artefact signals
shows that the suggested technique is better than the
traditional method as seen in the zooming signal, Fig.
7.a, as some of the neural activity is observed in the
classical method Fig 7.b. Fig. 7.b also uses band-pass
filters (BPF) to resolve the defects in the wavelet,
since it bases the proposed approach on the
hybridization between the Band-pass Filters (BPF)
process and the Wavelet Transform (WT) process to
enhance its output precision.
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Figure 6. Decomposition of FP1 channel.
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(b) Classical method.
Figure 7. Zoomed signals (500-1000 second).

The Kalman filter is for removing a heavy artifact
form of artifact *. It has been effective in identifying
a second window containing various kinds of objects
such as muscles and motion. The filtering process,
which calculates the EOG signal filtering method by
a single reference signal, is used in this analysis. The
application is seen and taken as two separate
reference inputs based on the distinction between
vertical and horizontal EOG channels. Wavelet
Transformation is one of the most commonly used
approaches to analyze non-stationary signals such as
EEG. Table 2 shows the difference between the

proposed system and previous works of removing
artifacts.

Table 2. Comparison between methods of removing artifacts

Limitations

Loss important EEG data and impossible to
control on the eye blinks for long time

The artifact is overlapped with EEG data
therefor the important EEG data will be lost. A
negative spike occur in the background EEG at
the artifact spike, and bed filtering when the
artifacts lie in the same frequency range of
EEG data.

Very difficult to obtain clean reference signal
and many assumptions must be satisfied and

Methods Features

Manual Simple, less costly and no reference channels.

Filtering Real time; adaptable, flexible and does not require
calibration trials.

Regression Simple in implementation, accurate if a reference
signal is obtained and the regression process can
be in time, and frequency domain

Blind source Did not want a priori input; accurately identify the

separation time courses of activation and scalp topographies.
The BSS techniques are used also for non-linear
domains.

Proposed Advanced statistical algorithms, Evolutionary

Method

Wavelet Transform (EWT) algorithm, Wavelet
De-noising Technique (WDT), and Band-Pass
filtering procedure (BPF). It achieves effective
artifact removal while retaining the EEG signals.

The numbers of sources from brain region are
limited to the number of channels in EEG, it is
a statistical analysis methods and if the
amplitude of artifact is comparable with EEG
data then cannot separate

Requires a clean reference signal for KF,
limited sources from brain regions.
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The scope is expanded in this paper to the
comparative study of the output of Wavelet
Transform (WT) and Kalman Filter (KF) standard
denoising methods. A variety of indexes, such as the
signal-to-noise ratio (SNR) and normalized root-
mean-square error (NRMSE) are measured to

determine the efficiency of WT and KF for noise
reduction and to express the quality of EEG. All
noise simulated EEG data results show that WT
achieved the biggest difference in SNR, as shown in
Table 3, which presents the SNR values for the raw
signals post the algorithm's application.

Table 3. The NRMSE and SNR measures comparison of EWT and KF.

EWT KF
Measures Pure EEG After Rejection Difference After Rejection  Difference
NRMSE 0.194088 0.004562 - 0.189526 0.026164 -0.167924
SNR(dB)  -12.790678 6.987598 -19.778276 4.154738 -16.945416

This work successfully employed EWT and KF to
extract EOG from EEG. Based on the differences
between SNR before and after the rejections, EWT
has a small but noticeable benefit, and the signal
distortion is a minimum relative to the KF methods,
as shown in Table 3. As shown the proposed method
can reduce the EOG artifacts to (98.01%) compared
to (90.781%) for KF. Table 4 shows the specificity
and sensitivity of the proposed method and KF. The
evaluation of the count of false positives (FP), true
positives (TP), and false negatives (FN), was carried
out in comparison with the algorithms.

Conclusion

Wavelet Denoising Technique (WDT), Evolutionary
Wavelet Transform (EWT), and Band-Pass Filtering
(BPF) are all methods that can be used to remove
eye-blink disturbances from EEG recordings. Eye
movement in the FP1 channel causes considerable
interference to EEG signals. This approach
effectively manages this interference. As evidenced
by SNR and PSD readings, integration of WDT and
BPF with WT leads to improved efficiency.

EEG studies must be trustworthy and precise to yield
accurate and reliable results. Eyeblink anomalies are
removed using a method that does not distort EEG
signals. In this strategy, eye-blinking artifacts are
eliminated more effectively than with conventional
wavelet transformations. Eye-blinking anomalies are
consistently and reliably removed from EEG signals

Table 4. The specificity and sensitivity of the
proposed method and KF.

I Sensitivity
Specificity EWT KE
90% 34% 66%
95% 28% 57%
99% 19% 33%
Sensitivity = X100 ............ 12
TP+FN
Specificity = ———= x 100
pecificity TP T FP

As a result, an algorithm might detect a beat without
detecting a blink, leading to a false positive (FP);
conversely, a false negative (FN) might indicate that
the algorithm does not recognize a blink. An accurate
detection of blinks is called a true positive (TP).

using this hybrid algorithm. Various fields find value
in such a significant contribution, including
cognitive  neuroscience, clinical neuroscience
diagnosis, and the development of brain-computer
interfaces.

The proposed approach could be tested in numerous
research environments, with its real potential for
other signal-processing applications to be assessed in
subsequent studies. Additional research is needed to
improve and augment the algorithm, perhaps by
integrating artificial intelligence methods, to boost
precision and adaptability. An algorithm was
presented in this study that improves the quality and
dependability of EEG studies, presenting a tool for
researchers and clinicians alike.
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