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Enhanced Motion Artifact Mitigation in ECG Signals using Nonlinear Autoregressive
Networks with Cat Swarm Optimization and Fractional Calculus
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Abstract: The Motion artifacts in ECG data can lead to inaccurate circulatory state analysis. Recently, there has been growing interest in methods to mitigate motion
distortion in ECG signals. One major challenge is to reduce motion artifacts without affecting the underlying ECG signal, as the motion artifacts and the ECG signal often
overlap. Adaptive noise cancellers have proven effective in reducing motion artifacts, provided that an appropriate noise reference, which correlates with the noise in the
ECG signal, is available. However, the correlation between motion distortion and the noise reference is not always consistent, and using an inappropriate noise reference
can contaminate the ECG data. In this research, we present NARX_CSOFC, an advanced approach that significantly enhances the capabilities of the nonlinear
autoregressive network with exogenous inputs (NARX) architecture by incorporating nonlinear combinations of input variables to globally estimate any nonlinear function.
The method employs cat swarm optimization with fractional calculus (CSOFC) to find optimal solutions. The proposed NARX_CSOFC demonstrates substantial
improvements in artifact reduction: achieving a 12 dB improvement for ECG artifacts, a 16 dB improvement for EMG artifacts, and a 15 dB improvement for random noise
artifacts, as measured by Signal-to-Noise Ratio (SNR) and Mean Squared Error (MSE) compared to existing techniques.
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1 INTRODUCTION

Electroencephalogram (EEG) signals are commonly
used to study the electrical processes of the human brain.
For effective diagnosis of neurological disorder present in
EEG signal effective analysis of distortion present in the
EEG signal is required for denoising [ 1]. The main problem
that arises in removing artefacts from EEG signals is that
the amplitude of the signal is less than the amplitude of the
artefacts signal and these two spectrums overlap means
they are at the same frequency. Removing artefact
components without disturbing signal components is a
great challenge. Various heuristic or regressive methods
are used to search for the optimal coefficients of adaptive
filters to improve the quality of EEG signals. Depending
upon the type of noise, the number of channels and
application suitable techniques has to be chosen. Ocular,
muscular artefacts were denoised efficiently by ICA [2]
and Detrended [3] based methods respectively. Heuristic
methods are more efficient than traditional methods [4].
Empirical mode decomposition combination methods are
more suitable for single-channel as well as multi-channel
applications [5].

There are several methods suggested to eliminate eye
artefacts from the contaminated EEG data. The wavelet
transform approach, filtration, regression, and blind source
separation are among the standard methods used to remove
eye artefacts in general. Unlike other techniques,
independent component analysis (ICA), one of the most
popular contaminant elimination algorithms, does not
require a reference channel [6]. These approaches can be
contrasted in specific based on the reference source,
process automation, and adaptability in an online
environment. There is not a widely accepted traditional
method for the elimination of eye abnormalities, despite
mixed methods that incorporate several methods to lessen
these disadvantages. With the common use of machine
learning (ML), numerous studies in the area of eliminating
EEG artefacts have been documented in addition to
traditional techniques. The most popular methods for

handling EEG artefacts are Support Vector Machines
(SVM) and Neural Networks (NN) [7]. Many researches
combined the use of ICA and SVM. A MATLAB Toolbox
was created by Lawhern et al. that employs SVM
categorization of EEG data. This toolkit uses an
autoregressive model to extract and describe features from
EEG signals and effectively separates fake data [8].
Additional ML research includes the Bayesian model [10],
flexible reasoning system [9], and genetic programming
[11].

Although ICA is a widely used technique, item
detection takes professional observation. In terms of
efficiency and effectiveness, ML methods may be regarded
as superior to traditional methods in this situation.
However, before creating an ML model, the feature vector
needs to be carefully removed. These processes are time-
consuming and necessitate the advice of a specialist [12].
As a result, these methods are unable to handle
unprocessed data without pre-processing and expert
assistance. The long-standing issues in machine learning
studies have seen substantial development due to deep
learning (DL). DL techniques use models that have been
built up in various levels while analyzing the data to find
the pertinent information. Consequently, the following are
the accomplishments of this work:

In the present paper, using the ANC technique, a novel
algorithm is suggested to eliminate heart, muscular, and
eye artefacts from EEG data.

The construction of the nonlinear autoregressive
network with exogenous inputs (NARX) design, which
receives nonlinear combinations of input variables,
significantly improves its ability to approximate any
nonlinear function universally. The single-layer neural
structure can produce nonlinear decision boundaries with
nonlinear functional growth to create infinitely
complicated decision regions.

Cat optimization algorithm plays a vital role in
producing a better optimal solution and fractional calculus
is included to incorporate previous weights in the updated
solution of weights.
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2 RELATED WORKS

In the last five years, there have been numerous
publications. It suggests that the most widely used
algorithms are those based on Blind Source Separation
(BSS), particularly ICA. In recent years, many scholars
have tended to favour the combination approach in order to
improve the efficacy of tactics due to the limitations of
singular methods like Regression and BSS. There is no
agreed-upon best practice for all kinds of artefacts, despite
the substantial study on artefact identification and
elimination of EEG data that has been documented in the
literature to date.

Using a k-nearest neighbor (kNN) algorithm and a
long short-term memory (LSTM) network, [13] presents a
stable technique that can autonomously identify and
eliminate eyeblink and muscle distortions from EEG. The
LSTM network receives the appropriate EEG frame after
the kNN algorithm has identified the existence of artefacts,
and it then removes the artefacts. The Competitive Swarm
Dragonfly Algorithm (CSDA) is developed in [14] for
categorizing the EEG data. Data enhancement is done to
prepare the data for processing further. The muscular
imaging EEG data is categorized using Deep Residual
Network (DRN).

For the purpose of eliminating baseline noise in EEG
data, various deep learning optimization techniques,
structures, and designs with varying layer configurations
were suggested in [15]. ReMAE, a MATLAB toolkit, is
outlined in [16] as a method to eliminate muscle artefacts.
This toolkit displays the results of each stage of the
denoising process for EEG data. Detrended Fluctuation
Analysis is used to accurately identify the mode of an EEG
signal from a melancholy patient. In [17], an Adaptive Line
Enhancer-based LMS method for denoising EEG data is
developed in Verilog HDL and has effective results in
terms of design and efficiency. An adaptive noise canceller
with optimum weights determined by the oppositional
whale algorithm (OWOA) and compared to LMS, RLS,
GA, PSO, and WOA in [18] effectively removes white
Gaussian noise-corrupted EEG data.

Its large database, poor SNR, and filtration are the
major shortcomings in the study of EEG signal processing
in many uses. A more effective BPNN method can be used
to solve the analysis's issues [19]. ECG, white, EOG, and
EMG appearing at various SNR levels were removed from
EEG signals with high SNR using a combination of the
Wide-Deep Echos State Networks (WDESN) and Uniform
Search Particle Swarm Optimization (UPSO) methods
[20]. Eye movement locations are located in EEG data
using Variational Mode Extraction (VME), and these areas
are further filtered using DWT to remove EOG artefacts
[21]. Fisher information and the objective Firefly
Algorithm (FA) were combined to create a composite
channel rating method in [22] Artificial with metaheuristic
selection in biomedical selection.

First, the regularized common spatial pattern with
aggregation (RCSPA) technique is used to derive spatial-
temporal characteristics from the preprocessed brain
signals. In order to rate channels using their individual
weighted scores and Fisher information, a new Channel Set
Relevance Index (CSRI) is created. The Regularized
Support Vector Machine (RSVM) algorithm is used to

distinguish between various Ml-tasks using the RCSPA
characteristics of highly rated channels. Principal
component analysis (PCA) and independent component
analysis (ICA) methods are used to identify the
characteristics in [24]. An optimized deformable
convolutional network (ODCN) is used to recognize eye
abnormalities from EEG input data after gathering the
characteristics. When artefacts are detected, the empirical
mean curve decomposition (EMCD) and ODCN for noise
minimization in EEG data are applied as part of the
balancing technique to address the automatic multi-
channel EEG signal categorization for various illnesses, in
[25]. The various standard databases are first used to
collect the EEG readings. Furthermore, the Haar DWT and
spike detection take features from data. These
characteristics are then submitted to the "Enhanced Deep
Belief Network" with RBM layers, which uses the Adam-
based Coyote Optimization Algorithm to tune the
parameters of the DBN in order to categorize the signal.

For the detection and categorization of mental tasks,
the majority of the currently used methods employ
traditional machine learning techniques and subject-
specific handmade characteristics. Due to the high
anatomical and functional variability of individuals and the
non-stationarity of EEG, these methods might not apply
across subjects and datasets. Deep learning methods, where
the features are autonomously learned from the raw data
during the training process, can be used to solve this
problem.

3 PROPOSED WORK

The suggested method for reducing EEG signal
artefacts through effective pre-processing and feature
extraction is depicted in the methodology flow chart shown
in Fig. 1 below.

Dataset Pre-processing of signals Construction of NARX
containing EEG —» using Rickker wavelet — architecture for feature
signals technique extraction

!

Finding the optimal solution usingcat

h swarm optimization algorithm
Calculation of SNR, MSE

3 types of signals e ® Seeking model

e Tracing mode
e Fractional calculus updationin

CsSO

Figure 1 Steps involved in artifacts reduction

In order to preprocess the signals, the input dataset was
first learned using the Rickker wavelet technique. The data
has first been purified during preparation after being rebuilt
and the noise has been eliminated. By building a NARX
design, the noise-removed signal is provided to the feature
extraction module, where convolution layer and scaling
layer are present. Then, to integrate earlier weights in the
revised solution of weights, we utilized fractional calculus
and cat optimization to achieve an improved optimum
solution. In the proposed system Ricker wavelets are
employed to generate artificial signals along with white
Gaussian noise. This helps to simulate the noise
environment even if the actual motion distortion noise
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reference is not available. This artificially generated
reference signal can be used to train the models and to test
the various denoising algorithms such as NARX
(Nonlinear Autoregressive Network with Exogenous
Inputs) systems.

ECG (Electrocardiogram) signal motion artifacts are
undesirable signal changes that may be due to patients’
movement or other disturbances that influence the signal.
These artefacts are more likely to appear during the change
of patient position, muscular contractions or even improper
connection of electrodes to the patient and could seriously
interfere with ECG recording. Finally, frequency-
dependent motion artefacts are in phase with the ECG
signal in the time and frequency domains, and hence, the
isolation of the true cardiac signal from background noise
is difficult. During most forms of patient movement
including basic activities such as walking, coughing as well
as even speaking, the muscle generated electrical signals
(EMG signals) that interfere with the ECG are produced.
These signals normally occupy a band of frequencies
similar to that of the ECG signal and thus, identified
motion artifacts can be seen to be originating from the same
frequency range as the heart electrical activity. Another
artifact involves the coverage of electrodes on the skin; the
movement of electrodes alters the base line of the signal for
a while (baseline wander). This baseline drift can
undermine the usual appearance of ECG features such as
the P-wave, QRS complex and T-wave.

Preprocessing of signal

Even with complicated and time-varying waveforms,
the most important non-linear features must be extracted in
order to effectively remove errors from the EEG signal.
Therefore, these issues must be resolved by implementing
the Rickker wavelet technique of EEG distortion
elimination. A wavelet transform is used to describe the
time-frequency region. Through this method, the entire
frequency range of a signal can be split up into a number
of small regions, improving time-frequency localization
and making it easier to spot low-energy frequency
components. Presume that the initial EEG sensor output,

g} (t)fU_7 , can be given by:

gh(1)=>d{"u, 2 t—k) (1)
k

As a result, the decomposition method for the
following subset U?", and U?"f' can be written as

J+l j+l
follows.
jHlan=Y df"
d k=21
‘il +1 j (2)
JtLn _ J.n
dim™ = 3 d
k=21
The recovered information can be represented as
J.n _ Jj+1,2n J+1,2n+1
di”" = Z[hkled/ + &2 dj ] 3)

/

where d/*"*" and are the wavelet coefficients at level j+1
after decomposition, g,_,,and #4,_,, are a combination of

low and high pass filters, and d,{’" are the wavelet

coefficients at level j. In the time domain, the resulting
Ricker wavelet is described as

£(0)=(1-27 178 Jexp(=n’ ;1) )

where f, is the highest frequency, 7 is the duration, and

f(¢) is the amplitude. Here, we decide to create artificial

signals along with white Gaussian noise using Ricker
wavelets. It is demonstrated that the fundamental Ricker
wavelet, with a frequency range of 0-75 Hz, has a uniform
trough-crest-trough  structure in the time domain.
Following that, the artificial signals are constantly
analyzed and sampled at a frequency of 1000 Hz for
denoising processing.

Construction of NARX architecture for feature
extraction

After pre-processing, the filtered signals are fed to
NARX system model, which consists of the multiple layers
of feed forward networks, time delays, and recurrent loops
which is used as a nonlinear system in many applications
for the analysis of time series prediction problems. Three
vector layers, including input, hidden, and output layers,
make up the NARX system architecture as shown in Fig.

¥{n+1)
- &

Delay 3

- o -

xin-1)

| TDMNM |

¥in-1)

¥in-1y

[ Optimal Weight with Feedback ]

Figure 2 Architecture of NARX neural network

Due to the fact that the real one is made accessible
during network training, it can be utilized in the modelling
of nonlinear dynamic systems as the output transmitted
back to the input of the feedforward neural network.
Alternately, a series-parallel design could be developed in
which the true output is employed rather than the predicted
output being fed back. The NARX model's algebraic
version is as follows:

y(n+1):

f[x(n—dx),....x(n—l);x(n);y(n—dy).....y(n)] ©)
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where d,1 and d,1, d.d,, are the input and output memory
values, accordingly, and f{.) is a nonlinear mapping
function. x(n) and y(n) are the system's input and output at
discrete time step n. The NARX-NN's data can be
completely expressed as:

y(n+1):

dx dy (6)
folbo + (B + D wyx(n—=i)+ D wyp(n— )]

i=0 j=0
where wy,,wy,wy s 0= 1,2, odg j =12, L dy

h=1, 2, ... Nh are the network weight vectors, b, and b,
are the biases, and f; (.) and f;(.) are the activation

functions of the hidden and output layers, respectively.
The NARX network is built as a feedforward time
delay neural network (TDNN) without delayed feedback
loops. In this situation, the NARX neural network's output
memory sequence d, is decreased to zero. A TDNN in

mathematics depicts a function with the following formula:
y(n+1):f[x(n—dx’...x(n—l),x(n)] @)

Here, y(n + 1) denotes the output time-series' one-step
move ahead anticipated value using the historical values of
the original time-series x(n). Consequently, the Eq. (6)
simplifies to:

Nh dy
y(n+1)= folby + > Wiy Sulby + Y Wiy xn—i)] (8)
h=1

i=0

It should be mentioned that the TDNN is powered by
the historical values of foreign or external input x(n), as
opposed to the previously employed RNNs employing the
past values of the identical time series that are to be
forecasted. Due to the lack of an established standard for
depicting TDNNS, in this paper, TDNNs are only referred
to as NARX-NNs in order to set them apart from traditional
FFNN configurations.

Network design is proven to have an impact on
prediction accuracy. The number of neurons in the buried
layer and the amount of the integrated memory of inputs
I', ofiinput O', determine the NARX model design. The

process of figuring out these factors is not simple. By
reducing the network error, it is possible to calculate the
number of delay lines for input /', of input O',. For

network training, the Bayesian regularization method is
employed.

This method changes the network neurons' weights
and shifts in accordance with the Levenberg-Marquardt
optimization. With the help of the Bayesian regularization
method, the hidden layer's neuron and weight numbers can
be combined to give the network the greatest degree of
generalization. At the training step of the network, the
regularization function reduces the linear mixture of the
squared mistakes and weight factors. As a result, it is
feasible to maximize the buried layer's cell count and
prevent the overtraining impact. The compressed output is

fed into the dense/fully linked layer, the following layer,
which creates the categorization output with dimension
M x1, where M is the number of groups, as an input. The
layer process is typically depicted as:

output = o (< input,w; >+b;) )

where, b, stands for the bias vector for this layer, o is the
activation function, and (input, wy ) denotes the dot

product between the input and the weight vector w, used

in this layer.

Both sigmoid and softmax activation are used in this
study for binary and multi-class categorization,
accordingly. The formula for the sigmoid activation
function is:

o(z)=—

1+e*

(10)

This method generates a binary result that represents
the probability for a binary categorization, based on which
the class name is either "0" or "1". The softmax activation
function can additionally be expressed as

exp(z);

— B (11)
> exp(2);

Soft max(z), = p; =

where z; stands for the i-th member of the preceding layer
z's output vector. To place the value of pi between 0 and 1,
the numerator is adjusted by the total of all exponential
components from 1 to M.

The category class names for multi-class
categorization are generated by this layer. The weights are
set using the glorot uniform initialized in this work, which
does not use a bias vector for this layer.

Finding the optimal solution using cat swarm
optimization algorithm

While extracting features, the finding of optimal
solution is a must for updating weights for feedback. Here,
this process is done by using cat optimization algorithm.
Chu and Tsai [22] introduced the cat swarm optimization
method in 2007. They were inspired by cat behaviour. The
seeking mode and the tracking mode are two search logics
that are combined in this method. Before the rounds, all of
the cats will be split into two categories. The designed cat
symbolizes an answer for the problem to be solved, and
each designed cat has its own position and velocity. The
Particle Swarm Optimization (PSO) algorithm is very
similar to its update techniques. The globally best will be
selected and will lead all of the cats to pursue its next
position and velocity. The answers are revised by the cat's
position and velocity, and approximated based on its
degree of flexibility for the project. It is clear that this
differs from the particle swarm optimization method from
the perspective of biological group behavior. The
following part will provide an introduction to the CSO
algorithm's specifications.

Seeking mode - The GR (group rate) setting, which is
typically set to 0.98, determines the proportion of cat
groups that are in the seeking mode. The GR is used to
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slightly adjust the cats' location while they are in seeking
mode and does affect their velocity. The actions listed
below will be conducted. First, each cat will make
numerous copies of its own location, based on the amount
of the SMP parameter, and place each duplicate in the
associated seeking mode pool (SMP) unit. Then, a
mutation operator will re-evaluate each point in the SMP,
selecting a dimension of the anticipated variableyx; to

modify, and determining the range of variance, up to 20%
of x; . The mutation operator is denoted by Eq. (12):

X, =x; +Ax; (12)

It will be decided to update x; from the SMP location

with the highest level of fitness.

Tracing mode - The particle in the PSO methods and
the cats' evolving process in tracking mode are comparable.
They are still somewhat unique, though. When in tracing
mode, each cat will only change its own motion and
location by tracking the cat with the greatest fitness
globally. The finest persons on a worldwide and local
scales are both tracked by the PSO particles. The Egs. (13)
and (14) can be used to describe the changing algorithm for
the tracking method:

Vi (t +1) =0V, (t)+const.rand0m.[xgb (t) — X (f)] (13)

xk(t+l)=xk(t)+vk(t+l) (14)

where x; is the location of "cat, " the generation for
iterations, and x,, is the position of the cat with the greatest

fitness. random is a random integer in the range [0, 1], and
const is a constant. The winning cat would be selected to
change the variable after comparisons between the
pursuing cat and the cat with the highest fitness in tracking
mode. The necessary response is the ultimate x,, .

Triangle Walk Strategy- The sand cats use the
triangular walk technique to circle as they get close to their
target. The first thing to do is to measure the distance L1
between the cat and its target. Then get the cat's step size
range L2. Determine the way of the cat's strolling (/) using

Eq. (17). Egqs. (15) and (16) indicate
L1 and L2 respectively.

L1 = pos, (t)—posc ) (15)
L2'=rand(h)><L1’ (16)
P =1xnxrand() an
DOS,y, = POS}, (t)+r><p (18)

Among them, " pos,,,, " refers to the location reached

using the strolling strategy.

Levy Flight Walk Strategy- The sand cat stalks its
target very closely before walking. Levy flight is a
powerful statistical technique for generating random

variables. Levy distribution-conforming walking can be
accomplished using Levy flying. However, Levy's flight
can occasionally have too lengthy of a stride. The constant
C = 0.35 is increased in Levy flight to better match the
behavior of sand cats approaching food. This enables the
sand cat to approach its target as closely as feasible.

POS,1p, = DOS), (t)+(pos,, (t)—posc (t))>< Cxlevy (19)

Updating fractional calculus in CSO

An innovative approach to managing the CSO
algorithm is presented in this section. To change the
sequence of the velocity derivative, the initial velocity Eq.
(13) is first changed, as follows:

v(t+1):v,+¢Jl(b—x)+(p2(g—x) (20)
This equation can also be expressed as:
v(t+1)—=v, = pl(b—x)+p2(g —x) 21)

Given that oc=1 (assuming 7 = 1), the left side
v(z+1)—v, is the discontinuous derivative with order = 1.

This results in the expression:
D*[v(t+1)]=pl(b—x)+p2(g—x) (22)

If the FC perspective is used, the rank of the velocity
derivative can be extended to a real number 0<oc<1,
resulting in better fluctuation and a prolonged memory
impact. An array of models are performed on evaluating
values of oc varying from oc=0 up to oc=1, with steps of
o=0.1, in order to analyze the behaviors of this novel
CSO approach.

As a result, Eq. (22) can be reformulated as Eq. (23)
when =4 is considered in terms of differential derivative,
generating

V(t+1)= o0 vy~ o v(t—1)= L (1= oc)v(r-2) -
1 2 6 23)
_ﬂ(l_ oc)(Z— oc)v(t—3) = ¢)1(b—x)+(p2(g —X)

The same findings were obtained when testing larger
numbers. The program finally comes to a close at the
conclusion of the iteration, and the best outcome offers the
optimal weight.

In the study, CSO with fractional calculus is used to
inquire optimal parameters of a NARX model. NARX is
employed to solve problems of complicated nonlinear
dynamics, for instance the reduction of a motion artifact
with biomedical signal processing. Nevertheless, classical
NARX models require accurate settings of the number of
neurons, learning rate, and time delays to exhibit high
performance. The hyperparameter tuning was done in the
traditional approach or manually, which is time-consuming
when it is being applied in larger model. This is where the
CSO algorithm comes into the play.
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CSO is used in this study to perform the automatic
search for the best parameters for the NARX model in the
search space. The algorithm mimics the natural behaviors
of cats through two modes: exploratory and expolitive,
which are represented by the two subprocesses of seeking
and tracking. Mode of search enables rough tuning of all
the parameters of the algorithm broadly, so that the
algorithm does not converge to local optimum, while
tracking mode narrows down the search to best candidates
only. This two-step approach makes the search for the best
hyperparameters complete as well as sensible and hence
the best.

4 RESULTS AND DISCUSSION

In the proposed research, the time complexity of the
overall model is calculated. When combining the NARX
network, CSO optimization, and fractional calculus, the
overall computational complexity can be represented as:
O(P-I-((d« + dy)N + n-r)) where P is the population size in
CSO, I is the number of iterations, d, and d, are the input
and output memory delays, N is the number of neurons in
the hidden layer of the NARX model, n is the number of
data points and r is the order of the fractional derivative.

Here, the modeling findings of the suggested artefact
elimination method using the NARX CSOFC network are
quickly examined. The simulation is performed by
comparing the outcomes with a variety of known methods,
including the Competitive Swarm Dragonfly Algorithm
(CSDA) + Deep Residual Network (DRN) [14], the
Oppositional Whale Algorithm (OWOA) [18], and K-
means Nearest Neighbour + Long Short Term Memory
(KNN+LSTM) [13]. These are done for reducing EEG
from ECG, EEG from EMG, EEG from random noise.

Dataset description-EEG denoise Net is a standard
EEG dataset that can be used to train and evaluate DL-
based denoising models and to compare model results.
Users can combine contaminated EEG segments with the
ground-truth clean using EEG denoise Net's 4514 clean
EEG segments, 3400 eye artefact segments, and 5598
muscle artefact segments.

The goal of the suggested NARX CSOFC technique
is to eliminate the artefacts from the EEG data. Metrics
used in this study for assessment include Mean Squared
Error (MSE) and Signal to Noise Ratio (SNR).

Mean Square Error (MSE): The MSE measure
describes the difference between the real reaction and the
intended response:

MSE = %(0” -D")? (24)

Signal to Noise Ratio (SNR): As shown below, the SNR
measurement is computed,

SNR =10log,, ) (25)

I(®)

Fig. 3 shows the performance of EEG signal with ECG
artefacts based on SNR and MSE of the suggested method
with existing models. When analyzing, the existing
KNN+LSTM, CSDA+DRN, OWOA achieve 45 dB, 57 dB

and 32 dB of SNR, whereas the proposed NARX CSOFC
achieves 12 dB of SNR which is 33 dB,45 dB,20 dB better
than aforementioned existing methods. When analyzing
MSE, the existing methods achieve 9000, 7000, 10000 of
MSE whereas the proposed NARX CSOFC achieves
13500 of MSE, which is 4500, 6500, 3500 better than
aforementioned existing methods.

60
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g‘ CSDA-DRN
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Figure 3a EEG signals with ECG artefact (SNR)
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Figure 3b EEG signals with ECG artefact (MSE)

Fig. 4 shows the performance of EEG signal with
EMG artefacts based on SNR and MSE of the suggested
method with existing models. When analyzing, the existing
KNN+LSTM, CSDA+DRN, OWOA achieve 54 dB, 59 dB
and 38 dB of SNR, whereas the proposed NARX CSOFC
achieves 16 dB of SNR which is 38 dB, 43 dB, 22 dB better
than aforementioned existing methods. When analyzing
MSE, the existing methods achieve 8000, 6000, 11000 of
MSE whereas the proposed NARX CSOFC achieves
15000 of MSE, which is 7000, 9000, 4000 better than
aforementioned existing methods.

Fig. 5 shows the performance of EEG signal with
random noise based on SNR and MSE of the suggested
method with existing models. When analyzing, the existing
KNN+LSTM, CSDA+DRN, OWOA achieve 43 dB, 54 dB
and 35 dB of SNR, whereas the proposed NARX CSOFC
achieves 15 dB of SNR which is 38 dB, 43 dB, 22 dB better
than aforementioned existing methods. When analyzing
MSE, the existing methods achieve 8500, 7800, 12000 of
MSE whereas the proposed NARX CSOFC achieves
14000 of MSE, which is 7000, 9000, 4000 better than
aforementioned existing methods.
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Figure 4b EEG signals with EMG artefact (MSE)
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Figure 5b EEG signals with EMG artefact (MSE)

Table 1 Comparison of the EEG signals with Different methods

Signal with artefacts KNN+LSTM CSDA+DRN OWOA NARX_CSOFC
SNR / dB MSE SNR / dB MSE SNR / dB MSE SNR / dB MSE
EEG from ECG 45 9000 57 7000 32 10000 12 13500
EEG from EMG 54 8000 59 6000 38 11000 16 15000
EEG from random noise 43 8500 54 7800 35 12000 15 14000
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