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Abstract. In neuroscience, neural engineering, and biomedical engineering,
electroencephalography (EEG) is widely used because of its non-invasiveness, high temporal
resolution, and affordability. However, noise and physiological artifacts, such as cardiac,
myogenic, and ocular artifacts, frequently contaminate raw EEG data. Deep learning (DL)-
based denoising techniques can reduce or eliminate these artifacts, which degrade the EEG
signal. Despite these techniques, significant artifacts can still hinder the performance, making
noise removal a major requirement for accurate EEG analysis. Furthermore, for strong artifact
removal, an Optimized Hierarchical 1D Convolutional Neural Network (1D CNN) is
introduced. For effective feature extraction, the hierarchical CNN combines max-pooling,
ReLU activation, and adaptive convolutional windows. An Annealed Grasshopper Algorithm
(AGA) is employed to optimize the network parameters, further improving artifact removal. To
ensure comprehensive exploration and convergence toward ideal CNN settings, AGA
combines the fine-tuning accuracy of Simulated Annealing (SA) with the global exploration
capabilities of the Grasshopper Optimization Algorithm (GOA). By utilizing a hybrid
technique, the network can more effectively eliminate artifacts from various hierarchical levels,
leading to a notable improvement in signal clarity and overall accuracy. The cleaned EEG data
is represented by the recovered features in the last dense layer of the Hierarchical 1D CNN,
which employs a sigmoid function. Based on experimental results, the proposed method
achieved a PSNR of 29.5dB, MAE of 11.32, RMSE of 0.011, and CC of 0.93, which
outperforms prior works. The proposed method can improve the precision of EEG artifact
removal, which is a useful addition to biomedical signal processing and neuro-engineering.

Keywords: electroencephalography (EEG), signal processing, Convolutional Neural
Network (CNN), Simulated Annealing (SA), Grasshopper Optimization Algorithm (GOA).

1. Introduction. A variety of electrodes, including sticky and dry
electrodes, can be used to record EEG signals. Brain-computer interfaces
(BCIs) can be classified as invasive, non-invasive, or semi-invasive
depending on where the electrodes are placed [1]. Since electrodes are
applied to the scalp, non-invasive methods are most often utilized in
medical diagnosis, research studies, and many different BCI systems [2].
Electrodes applied to the scalp typically cause a significant amount of signal
artifacts, which contaminate the signal. To create a BCI system that is
effective, these artifacts must be eliminated [3]. The artifacts can be
detected and eliminated using a variety of techniques. These techniques
ought to eliminate the artifacts while maintaining the EEG signal's original
neural activity [4]. The possibility of EEG data as a diagnostic and
monitoring tool for a range of medical uses has been demonstrated. These
applications include the measurement of anesthesia levels neuro-feedback
prior to and during surgery [5], the recognition of epilepsy [6], predicting
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the onset of epileptic seizures [7], neuro-feedback applications for patients
with autism [8], and neuro-rehabilitation [9]. However, the EEG has been
characterized by several inherent problems, such as the need to eliminate
additive noises, or EEG artifacts, which can be produced by a variety of
noise sources, including muscular movements or interference from power
lines [10]. The primary purpose of the EEG artifact removal techniques is to
remove artifacts from the EEG data. The full utilization of EEG data for
clinical and industrial applications is made possible by the effectiveness of
EEG artifact removal techniques [11].

There are several kinds of issues with the EEG artifact removal
techniques. The nonlinearities of the noise being added to the EEG signal or
the complexity of the procedures may be the cause of these difficulties [12].
The non-stationary and non-linear nature of the EEG signal makes it
challenging to detect artifacts without sacrificing neural information.
Processing the signal becomes challenging due to artifacts that can affect its
spectral, temporal, and occasionally spatial domains [13]. In this instance,
artifacts cannot be entirely eliminated during pre-processing by simple
filtering. There is still no technique that can find and eliminate every kind of
artifact, despite the development of numerous hybrid approaches [14]. EEG
artifacts have been eliminated by recent researchers using various Time-
Frequency Representation (TFR)-based signal decomposition techniques.
To extract the fine-scale fluctuations in EEG signals, several TFR
techniques are used, such as Wavelet Transform (WT), Short Time Fourier
Transform (STFT), etc. [15]. EMG artifacts are removed using a variety of
techniques, the most widely used being signal decomposition approaches
and Blind Source Separation (BSS) techniques like Canonical Correlation
Analysis (CCA) and ICA. This experimentation yields validated
computation time and accuracy results after the artifacts are effectively
removed using both BSS methods [16].

Currently, instead of exploring ways to modify the conventional
methods, researchers are more focused on combining different traditional
algorithms that already exist to create hybrid techniques. The process of
eliminating artifacts has been made more accurate, automated, and efficient
by combining the algorithm's beneficial features [17]. As of yet, standard
norms or optimal methods for artifact elimination have not been established,
although neurologists may find this to be crucial for a successful clinical
diagnosis [18]. Despite its superior performance and reasonable results, this
model's dependence on the threshold function and wavelet form causes data
loss in EEG signals [19]. Numerous obstacles must be addressed by existing
models. As a result, DL is employed to address problems with traditional
approaches [20].
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Potential techniques for automatically extracting complex data
characteristics at high degrees of abstraction have been made possible by
recent advances in DL methodology [21]. Additionally, it offers
several methods for effectively eliminating ocular artifacts from EEG
signals. The benefits of utilizing DL techniques include strong
generalization ability, time savings, and the elimination of the need for
additional EOG reference signals, among others [22]. When it comes to
identifying and reducing EEG signal artifacts, the majority of DL models
offer high clearance. The decoding and classification of EEG signals, which
are typically associated with low signal-to-noise ratios (SNRs) and high
data dimensionality, have been the focus of DL frameworks in recent times
due to the growing availability of large EEG datasets. Hence, there is a need
to develop a novel network to overcome the aforementioned issues in the
removal of artifacts from EEG signal.

The key contributions of this work are as follows:

- Introduces a novel DL-based architecture that addresses EEG
artifact removal, enhances signal clarity, and balances class distributions in
difficult feature space areas by merging a Hierarchical 1D CNN and the
ADASYN.

- To enhance the model's capacity to precisely extract features
and eliminate artifacts from EEG data by introducing an optimized CNN
with adaptive windows, max-pooling ReLU activation, and a sigmoid
classifier.

- To optimize CNN parameters for effective artifact removal and
prevent overfitting, this method leverages the global search ability of GOA
and the fine-tuning precision of SA.

The remaining work is structured as follows: Section 2 discusses the
related research from the previous work, Section 3 explains the proposed
approach, Section 4 reveals the results of the proposed method and
discusses previous work, and Section 5 summarizes the article.

2. Literature Survey. In paper [23] the authors proposed an
intelligent model for artifact removal in EEG signals, comprising training
and testing phases. The model utilized an improved 1D-CNN, with
parameters fine-tuned using a hybrid optimization algorithm, SM-EFO,
which combines Spider Monkey Optimization (SMO) and Electric Fish
Optimization (EFO). However, the model faced potential overfitting and
increased computational complexity due to the integration of multiple
optimization algorithms.

Study [24] developed a deep 1D CNN for automatic identification of
abnormal and normal EEG patterns. The model's integration with
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optimization mechanisms added complexity and demanded high
computational resources, especially during long-term data analysis.

Paper [25] implemented a multistage adaptive cascaded noise
canceller to remove artifacts such as baseline wander, motion, muscle, and
power line interference from ECG signals. Despite its performance, relying
on a single algorithm to update filter weights across all stages limited
adaptability to different artifact types.

In paper [26] the authors introduced a deep learning-based model to
detect and remove ocular artifacts using Pisarenko harmonic decomposition,
DWT, PCA, and ICA for feature extraction. An optimized DCN, fine-tuned
via DS-EFO, was employed for artifact removal. Nonetheless, the model
showed a slight drop in accuracy and needed further improvements for
effectively detecting ocular artifacts.

In paper [27] the author addressed ECG-induced artifacts in EEG
using the RVFLN method and RLS algorithm. Although adaptive filtering
was achieved, the approach was susceptible to failure when the artifact
frequency was unknown or difficult to determine.

Paper [28] developed a DNN-based model with convolutional layers
for artifact removal from long-term EEG recordings sourced from the
EPILEPSIAE database. However, the method was mostly applicable to data
acquired at similar sampling rates, limiting its broader applicability.

Study [29] combined an LSTM network with a kNN classifier to
detect and remove eye-blink and muscle artifacts from EEG signals. Artifact
detection was based on features such as peak-to-peak amplitude and
variance. However, expert-averaged evaluations were recommended to
improve accuracy and system training.

Paper [23] introduced a model named “AnEEG” for artifact removal
using deep learning, outperforming traditional wavelet methods. Yet, it
required manual identification of artifact frequency patterns, which reduced
adaptability to unknown artifact conditions and limited generalizability.

Study [30] presented LSTEEG, an LSTM-based autoencoder for
artifact detection and correction in EEG signals. The model effectively
captured non-linear dependencies and enhanced downstream EEG
processing. Nonetheless, its reliance on previously seen artifact patterns
limited its performance on novel artifact types.

In paper [31] the authors proposed DWINet, which utilized the
image dehazing capabilities of DRHNet by treating EEG denoising as an
image-processing problem. Although effective in general denoising,
DWINet underperformed in handling muscle artifacts due to the model's
visual-domain foundation.
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Overall, earlier EEG artifact removal techniques faced challenges
such as overfitting from hybrid optimization, high computational demands,
limited adaptability to various artifact types, sensitivity to artifact frequency
estimation, and constraints tied to acquisition setups. These limitations
motivated the development of a novel network to address these issues and
enhance artifact removal performance in EEG analysis.

3. Proposed Method. This study integrates Adaptive Synthetic
Sampling (ADASYN) to address class imbalance by generating synthetic
samples in complex feature spaces, ensuring balanced data representation. It
incorporates an Optimized Hierarchical 1D Convolutional Neural Network
(CNN), which uses adaptive convolutional windows, max-pooling, and
ReLU activation to extract relevant features. The final dense layer with
sigmoid activation delivers the cleaned EEG output. Furthermore, the
Annealed Grasshopper Algorithm (AGA) is employed to fine-tune CNN
parameters by combining the global search capabilities of the Grasshopper
Optimization Algorithm (GOA) with the precise local optimization of
Simulated Annealing (SA). AGA dynamically tunes the kernel sizes,
strides, and learning parameters of the CNN during training, ensuring that
the network remains effective across various artifact conditions. This hybrid
optimization strategy dynamically adjusts the CNN’s convolutional window
sizes, pooling parameters, and learning rates based on the EEG signal's
noise characteristics, allowing for effective generalization across different
artifact types. The proposed method's block diagram is presented in
Figure 1.

Figure 1 illustrates the proposed signal denoising and optimization
framework. The raw input signal is first processed using Adaptive Synthetic
Sampling (ADASYN) to address class imbalance by generating synthetic
minority samples. The balanced data is then passed into the Optimized
Hierarchical 1D CNN, which is composed of convolutional, ReLU, max-
pooling, flatten, dense, and sigmoid layers to extract relevant features. The
CNN parameters are tuned using the Annealed Grasshopper Algorithm
(AGA), which optimizes hyperparameters such as kernel size, stride,
pooling configuration, and learning rate, with updates guided by binary
cross-entropy loss until the stopping criteria are satisfied. The resulting
optimized CNN parameters are then applied in the final training phase.

The cleaned, denoised EEG waveform refers to the reconstructed
signal obtained after processing by the optimized CNN. In this stage,
unwanted artifacts such as ocular (EOG), muscular (EMG), and cardiac
(ECG) noise are removed, while the essential brain activity patterns are
preserved. This denoised output provides a more accurate representation of
neural activity, making it suitable for further clinical or research analysis.
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Fig. 1. Schematic block for the proposed approach

3.1. Adaptive Synthetic Sampling Approach (ADASYN). The
majority of datasets used for classification are imbalanced. One group (the
minority class) is underrepresented in the dataset, whereas the majority class
has more data in the other set. Algorithms for ML cannot function well in
these situations. Data sampling techniques are used to classify unbalanced
data sets to improve the efficiency of ML classification algorithms. The
SMOTE method has been enhanced with the ADASYN method. It does the
following tasks: It operates on two sets of data. The data in the minority
class roughly corresponds to the data in the majority class for both the
minority and majority classes [30].

Input: The training data set D..contains n samples {a; b;},
i =1,...,n, where b; € B = {1,—1} indicates label of class identity
connected to a;, and a; indicates within the n-dimensional space of features,
A. Define Maj., and Mincas the number of examples from the minority
class and the number from the majority class, respectively. Consequently,
Maj; > Min; and Maj; + Min, = M.

Determine the degree of the class imbalance using (1):

Maj
Der ="y s (1)

where D¢; € (0,1].
When D¢; < D¢y, which is a predetermined threshold for the
highest amount of class imbalance ratio that can be tolerated, then,

determine the number of artificial data instances required for the minority
class using (2):

G = (Ming — Maj) X v, @)
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where y indicates the factor specifies the intended balance level following
the production of the artificial data, which has a range of [0,1]. The
generalization procedure results in the production of a fully balanced data
set if y = 1. Determine the K nearest neighbors for each example a; €
minority class using the Euclidean distance in n-dimensional space.
Then, compute the ratio r; which is defined as (3):

T =Ai/K'i= 1, yMaj, @)

where r; € [0,1] because Ai indicates the number of examples in the K
nearest neighbors of a;that are members of the majority class;

To make 7; a density distribution (Z 1 ¢1; = 1), normalize 1; by

/z“‘”c

For every minority example a;, determine how many synthetic data
examples must be created using (4):

9i =T, X G, “4)

where G indicates the total amount of instances of artificial information
required to be created, as per (2), for the minority class.

Create g; synthetic data examples for each minority class data
example a; using the procedures listed below:

From 1 to g;, complete the loop:

(i) For data a;, randomly select one minority data example (a,;)
from the K nearest neighbors.

(ii)) Produce the example of synthetic data using (5):

(iii)

Si=a;+(a; —a;) XA (5)

In n-dimensional spaces, the difference vector is represented by
(a,; —a;), and A is a random number with a range of [0, 1]. Close the
Loop.

The fundamental principle of the ADASYN algorithm is that the
quantity of synthetic samples needed for each minority data should be
automatically calculated. Following ADASYN, the dataset will display a
distribution of data that is balanced based on the P coefficient's desired
balance level. Additionally, the learning algorithm will be forced to focus
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on the examples that can be difficult to learn. In contrast to the SMOTE
algorithm, which generates an equivalent quantity of synthetic samples for
each instance of minority data, this is a significant departure. The
preprocessed signal is fed to the CNN and will be discussed below.

3.2. Optimized Hierarchical 1D CNN. Over the past few decades,
1D-CNNs have become increasingly popular within the DL field. It has
been used for raw continuous signals in a variety of contexts by effectively
removing various signals' artifacts. Several features make up the 1D-CNN
architecture, including enhanced spatiotemporal feature mining structure,
automatic feature learning to achieve adaptive design, and faster
classification accuracy [31]. Because of the condensed and straightforward
design of 1D-CNNs, they also exhibit feasible efficacy concerning
affordable hardware and instantaneous software. The only 1D convolutions
that can be performed with this model are scalar additions and
multiplications. EEG signal denoising is better with 1D-CNN, particularly
for prolonged sections. It generally uses an end-to-end design to eliminate
EEG signal artifacts. Ultimately, the noisy signal is rebuilt to produce the
network output. Since the time sequences of EEG signals are independent
with only one dimension, a 1D-CNN is employed to remove artifacts via the
1D convolution layer. In the 1D-CNN architecture, a fixed-size overlapping
window is used to separate the signals from the EEG into sub-signals. It is
made up of fully connected layers, maximum pooling layers, and various
convolution layers. The convolution layer convolves the output of the
feature vector using the preceding layer's convolution kernel. The output
feature vector is created using the non-linear activation function.

The input signal sequence is represented as gi, where
i = 1,2,---,m;, and the filter is represented as F; withi = 1,2,---,n. This
means that the length of the filter n must be less than the length of the
signal sequence m,;. Partial convolution is used to perform the filter
depending on the preceding layer's input features. (6) formulates the 1d-
CNN's convolved output a;.

Q=30 1 Fy XS5y ©)

In this instance, the local connection network is formed by
correlating every neuron in the d**layer with neurons in the (d — 1)**layer
of the local window. The non-linear mapping is carried out by the activation
function af (SAS) in the convolution layer. (7) describes the function that an
activation, a modified linear unit, uses in this 1D-CNN model to increase
convergence speed.
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af (5) = max(0,5y). 7)

Additionally, (8) derives the input of the gq* neurons in the d®*
layer.

= af (Coy B X CAmhy + 0pD)=af (F X C(iaq) + 00D, (8)

In the aforementioned formula, the m* dimension filter is denoted

by F4 € R™, which is the same for each neuron in the convolution layer.
The offset parameters are denoted as Op?, where ¢ = 1,2,--+,n;. Due to
many benefits, including simplified array activities, easier training, and
easier execution all contribute to decreased computational complexity with
a small number of hidden layers, ID-CNNs operate effectively in 1D EEG
signals. The model has demonstrated improved performance in extracting
clean signals from noisy inputs.

The 1D-CNN architecture offers distinct features for removing
artifacts from EEG signals, but it also presents several difficulties, including
complexity, being prone to error, and a lack of noise elimination features,
and the unique characteristics of EEG signals, such as diversity, time
variation, uncertainty, and nonlinearities, which make them difficult to
process linearly. In the same way, it is essential to use non-linear denoising
for EEG signals. Furthermore, because of the gradient explosion issue and
degradation phenomenon, training the deep network is essential to getting
the intended outcome. In addition, since EEG signals are typically lengthy
and intricate 1D signals, an effective 1D CNN must be created in this model
to extract the more intricate features of the artifacts removal model from
EEG signals that are non-linear. By combining the benefits of CNN with the
non-linear properties of EEG signals that change over time, a new and
improved 1D-CNN utilizing the AGA is proposed as a solution to these
problems. This developed 1D-CNN immediately learns its biased and non-
linear deep features from the EEG signals that have various artifacts. After
that, the learned features are used to distinguish between them, and
reconstruction is carried out to produce clean EEG signals. Figure 2 depicts
the Optimized Hierarchical 1D CNN architecture given below.
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Fig. 2. Optimized Hierarchical 1D CNN architecture

The convolutional layer is the first layer in a CNN. To extract the
features from the input feature map, it makes use of the receptive fieldset. A
set of filters is used by the two-dimensional convolutional layer to process
the sources in a narrow area with nearby interactions. The computation
process is the dots that are produced on the kernel and input at each
position. Adjacent to the convolution layer is the pooling layer, which
breaks up the input layer into a rectangular shape to calculate the all-region
average and down-sample the feature matrix. Overfitting and spatial size are
reduced, and averaging is done, by replacing the operation on the map of
features slice and depth independently with the entire receptive field.

The last layer in the network is the fully connected layer. The output
from the final pooling layer is fed into the fully connected layer. To acquire
the clean signals, the upgraded 1D-CNN is fed the 400 x 1 window
containing the noisy EEG signals. (9) describes this procedure. Let's assume
that CIS\SL is made up of pure EEG signals (§5: ) and artifacts (n'S\sl).

CSs, = S5, +nS,. 9)
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The clean and noisy EEG signals are represented as §5\L and n/S\Sl,
respectively, in this case, with both types of signals included in C/S\Sl.
To achieve artifacts removed signal §S\; , the 1D-CNN trains the network
parameters and creates a more complex non-linear function af (0), which
minimizes the error function. To reconstruct EEG signals, the created model
is primarily concerned with mapping function learning af (a).

3.2.1. Annealed Grasshopper Algorithm. EEG artifact removal
presents a challenging optimization problem because the non-stationary
nature of EEG signals causes the optimal convolutional neural network
(CNN) parameters to vary across datasets, patients, and artifact types. Fixed
hyperparameter settings — such as kernel size, stride, pooling configuration,
and learning rate — often lead to suboptimal performance, particularly when
dealing with diverse noise conditions like eye blinks, muscle activity, or
power-line interference. Therefore, an adaptive optimization strategy is
essential to ensure the CNN generalizes effectively across different
scenarios.

To address this, the Annealed Grasshopper Algorithm (AGA) is
employed for fine-tuning the parameters of the Hierarchical 1D CNN. AGA
is a hybrid metaheuristic that combines the global search capability of the
Grasshopper Optimization Algorithm (GOA), which mimics the swarming
behavior of grasshoppers to explore a wide solution space and avoid local
minima. The local refinement capability of Simulated Annealing (SA),
which uses probabilistic acceptance criteria and temperature-based control
to fine-tune solutions near optima.

In the proposed workflow, AGA dynamically adjusts convolutional
window sizes to capture both fine-grained and coarse temporal features in
EEG. Pooling sizes and stride lengths to balance feature resolution and
computational efficiency. Learning rate for stable yet responsive model
updates. Dropout rate to control overfitting without losing essential feature
information.

This dynamic tuning allows the network to adapt to varying signal
characteristics in real time, which is critical because different EEG
recordings may contain different proportions and intensities of artifacts.
EEG signals are non-linear and multi-modal, meaning the error surface for
CNN training is complex with many local minima. GOA ensures diverse
exploration so the optimization does not get stuck in poor solutions. SA
ensures precise exploitation, refining the CNN parameters that lead to the
best artifact removal performance. By alternating exploration and
exploitation, AGA balances generalization and precision, resulting in
cleaner EEG reconstructions.

1418 Undopmaruka n aBromarusauus. 2025. Tom 24 Ne 5. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

A. Grasshopper Optimization Algorithm. One new algorithm, GOA,
imitates the grasshoppers' swarming behavior. Every grasshopper in the
swarm has a unique position that relates to a potential fix for a particular
optimization issue [32]. A; represents the position of the i-th grasshopper
where (i=1,2,3,...,n) in (10).

S; represents social interaction, G; represents the force of gravity
acting on a i-th grasshopper, and W; represents wind advection. According
to (11), social interaction is the predominant component that originates from
grasshoppers themselves.

S; =Y)o1s(dyj).dyj, (11)

J#i

where d;; is the distance between the i-th and j-th grasshopper, d; ; 1 a unit
vector between the i-th and j-th grasshopper.

The gravitational constant, gc, and the unity vector (é;.), which
points toward the center of the earth, make up the two components of the G;
component. (12) defines mathematics.

Gy = —gc. . (12)
This is the calculation used to get the wind advection W; using (13)
W, = df, .é,, (13)

where €, is a unity vector in the wind direction and df, is a constant drift.
(10) can be written as follows using components as (14):

Ai = leyzl S(dlj)dlj —gc. égc + dﬁ; éw. (14)

JET

In a stochastic algorithm, finding a medium base between
exploration and exploitation aids in locating the global optimum. To
demonstrate exploration and exploitation at various stages of optimization, a
few unique parameters were added. (15)'s mathematical model becomes:
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o (ZL [@.s(di,.).aﬁD + tary, ()

Jj#i

where the lowering factor " E" is employed twice in (6) to regulate forces
between grasshoppers and changed with (16). Here, GF is disregarded,
considering no gravitational force and wind direction remains towards a
target. The inner " E" minimizes the repulsion/attraction forces between
grasshoppers proportional to the number of iterations, while the outer "E"
preserves a compromise between exploration and exploitation, where the
target's d-th dimension value is represented by tar,, the lower bound in the
d-th dimensions is represented by [, and the upper bound is represented by
U, (the most beneficial solution discovered consequently well).

CI'(Emax—Emin
E = Eyqy — - omax—lmin) (16)

where I denotes the maximum number of iterations, CI denotes the current
iteration, and E,,,;, = 0.00001 denotes the minimum value.

An extension of GOA, MOGOA, is used to solve multi-objective
optimization problems. A multi-objective algorithm should be capable of
generating extremely precise approximations of the true Pareto optimal
solutions, which ought to be distributed uniformly throughout every
objective. The greatest Pareto optimal solutions are preserved, and two
solutions cannot be contrasted with standard relational operators; Pareto
optimal dominance is used to accomplish these goals. Selecting the target
was the primary obstacle in the creation of MOGOA. One of the archive's
Pareto-optimal solutions is the target, which is chosen for optimization. (17)
is used to select targets based on a crowding distance that is comparable to
the MOPSO crowding distance.

P =— (17)

b
Nni

ny; is the number of solutions nearby of the ith solution, and P; is the
probability of selecting the target from the archive. Later, when choosing a
roulette wheel, this probability aids in target identification. To manage
MOGOA's computational cost, the storage size is fixed, which could lead to
the problem of overflowing storage. To solve this problem, solutions in the
more populated areas of the store are once more ecliminated using the
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inverse of P; and a roulette wheel. In this way, the storage space is updated
regularly.

B. Simulated Annealing. Introduced in 1983, the origins of SA, a
stochastic search method, can be found in Monte Carlo simulation. It can
solve difficult combinatorial optimization problems [33]. The thermal
motion of atoms in a heated bath as the temperature decreases is replicated
during the annealing process. Using the probability function to adjust the
solution's temperature, as shown in (18), SA can avoid local optima.

AENn

P(AE) = e TKg, (18)

where T is the present temperature, En is the atomic energy, and Ky is
Boltzmann's constant. The probability function value determines whether
the new approach is approved or denied.

Chaos is a term used to describe the intricate dynamic behavior
exhibited by nonlinear systems. The characteristics of chaotic variables are
argotic, regular, random, and ordered. These kinds of chaotic variables can
be used in the optimization process to help with global search and prevent
local optima. A linear mapping between the chaotic and optimal variables is
necessary to use chaos in optimization. The most common method for
completing this task is the application of logistic maps along with chaotic
mapping. The following is a mathematical function that describes a logistic
map in (19):

Zipg =puXZix(1-Zy), (19)

where Z; is the value of Z in iteration i, Z;,; is the new value of Z, and
3.57 < u < 4, with u = 4 yielding the best results. The initial value of Z
is set to rand() in the interval [0, 1].

C. Annealed Grasshopper Algorithm (AGA). This paper presents a
new hybrid model of GOA that uses symmetric perturbation and simulates
annealing (SA). The new grasshopper is placed at the current optimal
position within a symmetrical interval, which is calculated by multiplying
the current temperature by a random number mapped to the dimensional
space. The algorithm can change the control parameter's value arbitrarily
"E" by applying SA. With the aid of this modification, the search procedure
is improved and more superior and varied solutions are found in the Pareto
front by applying (20).

1
Enew = Egig * (1 + Ng) xe NS*NGSM, (20)
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where E, ;4 is the value from the previous iteration and E,,,, is the new
perturbation "E'"; E,;4 is unchanged but modified in the initial iteration in
each subsequent iteration. Ngg is the number of grasshoppers in the
swarm, and Ns is the number of steps in SA. The temperature is changed
during the annealing process by using (21).

Ta=Ty*p. e2y)

The cooling coefficient, § € (0,1), in (21) lowers the temperature
with each iteration. After using SA to alter the inertia weight value, f§ was
set to 0.95. A new value for "E " is embraced if population fitness increases;
otherwise, the Gaussian probability function, as indicated in (22), is used to
calculate probability.

_(Fnew—Fold)
Gpp(t) = min <1, e \ KgTa ), (22)

where T, is the annealing temperature, Kp is Boltzmann's constant, F,;4 is
the fitness from the previous iteration, and F,,,, is the fitness after obtaining
a new value of E' using (20).

(23) modifies "E " using Gpp(t), and the subsequent iteration begins.

Enew = Eoia * GPF(t)- (23)

The MOGOA algorithm employs the updated values of ' E ' acquired
via the SA process to modify the positions of grasshoppers, thereby
expediting the algorithm's convergence. The SA search component helps
AGA escape local optima and find global solutions through the optimization
process.

This algorithm uses chaos to create a variation on AGA. (19)
provides a logistic map that adjusts the cooling coefficient o rather than a
constant value. (21) will thus become (24).

Bis1 =X By x (1 =By, (24)

Ty =Ty X Bisa. (25)

Unlike the original logistic map, which used rand(), the modified
logistic map sets the initial value of f5; to 0.95. The new value T,produced
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by applying (25) is then used in the SA procedure. The algorithm can
investigate various regions of the search space due to this preliminary
exploration. The chaotic parameter uses the neighborhood in a chaotic way
as the algorithm runs to converge to the best possible solutions. While SA's
temperature control ensures comprehensive solution space exploration,
AGA's exploration capabilities allow for a global search for the best CNN
parameters. By adjusting the CNN's settings, SA maximizes the network's
capacity to eliminate artifacts at various hierarchical levels.

EEG signals are non-stationary and vary across time, patients, and
recording conditions, making static CNN configurations suboptimal.
Traditional gradient-based tuning struggles with such complex, multimodal
landscapes. Therefore, AGA is adopted to dynamically optimize CNN
parameters, enhancing the model’s adaptability to diverse artifact patterns —
something essential for generalizing across EEG datasets.

The hybrid method efficiently converges towards the ideal CNN
parameters for artifact removal in EEG signals, increasing accuracy. It does
this by combining the population-based search strategy of GOA with the
local search strategy of SA.

4. Result and Discussion. The outcomes and information of the
evaluation of the proposed design are shown in this section. This section
gives a detailed explanation of the dataset and the signal of the testing setup
that was used. Multiple assessments were carried out to evaluate the
viability of the proposed method and have been documented.

4.1. System Configuration. Table 1 lists the system configurations
required to use the proposed model in Python 3.9. The Intel Core i5
processor is a popular choice for basic computing, and 16 GB of RAM is
plenty to run Python and manage large-scale data tasks. Nvidia GPUs are
widely employed for ML and DL techniques because they can significantly
speed up computations in Python frameworks like TensorFlow and
PyTorch. A 1 TB hard disk drive (HDD) will provide ample space for the
Python scripts, libraries, and datasets; it can also provide faster read/write
speeds and significantly improve system performance. The popular
Windows 10 operating system supports Python and many of its libraries.

Table 1. System Conﬁguratlon used in implementation

Processor : Intel Core i5, V generation
RAM : 16GB

Graphics : Nvidia

HDD : 1TB

OS : Windows 10

Tool : Python 3.9
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4.2. Dataset description. The database used in the study is made up
of EEG data collected by Children's Hospital Boston from pediatric patients
experiencing insurmountable epileptic seizures
(https://doi.org/10.13026/C2K01R). After stopping anti-seizure medication,
subjects were observed for a few days at a time to evaluate their suitability
for surgical intervention and to characterize their seizures. 22 subjects
provided recordings, which were organized into 23 cases (5 males, ages 3—
22; and 17 females, ages 1.5-19). Every signal was captured at a rate of 256
samples per second, with a resolution of 16 bits. There are typically 23 EEG
signals in files (sometimes 24 or 26). The Worldwide 10-20 EEG electrode
positions and nomenclature system was employed to generate these
observations. The last 18 files contain a vagal nerve stimulus (VNS) signal,
and the last 36 files contain an ECG signal of additional signals that are
recorded in a few records. Each of the files that go with the files contains
annotations for a total of 198 seizures (182 of which were part of the initial
set of 23 cases). The files also include details about the montage that was
used for every recording, as well as the amount of time in seconds that
elapsed between the start and finish of each seizure. The dataset split of
Training and testing as 70% and 30% with a batch size of 64, a learning rate
0f 0.001, and the model uses the loss as binary entropy.

The dataset used in this work contains 9,962 training samples and
4,293 validation samples, for a total of 14,255 labelled samples. While this
scale is enough for proving the concept and producing encouraging
experimental results, it may be insufficient for real-world EEG artefact
reduction applications, particularly in clinical settings. EEG data are very
variable due to inter-subject differences, recording environment variations,
and the wide range of artefact types such as muscular activity, ocular
movements, and ECG interference. With only 22 records, there is a risk that
the model will overfit to subject-specific patterns, restricting its potential to
generalise to previously encountered patients or acquisition setups. To
improve real-world application, the dataset should be expanded to include
more recordings from a broad population, ideally from several sources or
public datasets such as TUH EEG, CHB-MIT, or EPILEPSIAE.
Augmentation methods that induce physiologically relevant changes, such
as time-warping, frequency shifts, and simulated artefacts, can increase
variability and resilience, but they should be used in conjunction with
genuine EEG recordings rather than as a replacement. Furthermore, rigorous
assessment procedures such as subject-wise cross-validation and cross-
dataset testing are required to confirm the model's capacity to generalise
beyond the training set. Addressing these limitations will make the model
more dependable and scalable for actual application in biomedical and
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clinical EEG processing activities. Figure 3 depicts the EEG input Signal is
given below.
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Fig. 3. EEG Input signal

4.3. Result obtained from the proposed method. Figure 4 depicts
the optimized signal (denoised EEG waveform) from an Original EEG
signal. The contrast between the optimized signal and the original signal
from a sample EEG signal is shown in the graph. Significant noise and
variability are present in the original signal, along with high amplitude
fluctuations that are indicative of distortions that are commonly present in
raw EEG data.

Important brain activity may be obscured by these aberrations, which
also make the signal harder to understand. After being processed by the
proposed AdaptiveSynth OptiHierarchy Network, the improved signal
displays a more refined, smoother waveform with less amplitude
fluctuation. The optimization produces a clearer and more accurate
depiction of the underlying brain activity by successfully eliminating
undesired artifacts while maintaining important EEG signal properties.

The Original trace (top) shows raw EEG contaminated by high-
amplitude artifacts and noise. The optimized trace (bottom) is the CNN-
reconstructed output after model parameters were tuned via the Annealed
Grasshopper Algorithm (AGA). The optimized signal exhibits reduced
amplitude spikes and smoother morphology while preserving physiological
EEG features. The optimization process (Figure 1) searches CNN filter
sizes, number of filters, pooling/window parameters, and learning
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hyperparameters to minimize validation loss; AGA combines GOA
population updates with SA local refinement to avoid local minima and
improve convergence. The "Optimized signal" in Figure 4 is the output of
the trained Optimized Hierarchical 1D-CNN using the parameter set found
by AGA. Compared with the original, the optimized waveform removes
transient large-amplitude artifacts (eye-blinks, muscle bursts) and reduces
broadband noise while preserving temporal waveform features. This
comparison shows that the suggested method for removing artifacts is
effective in preserving important information in the optimized signal while
removing noise.
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Fig. 4. Optimized signal from an Original EEG signal

An EEG signal's artifacts are gradually removed using the proposed
approach, as seen in Figure 5(a). Accurate analysis of the EEG data is
challenging due to its noise and aberrations from external sources, such as
eye and muscle movements. Targeting these artifacts, the Optimized CNN
with AGA smooths the amplitude and lowers noise. Figure 5(b) illustrates
the elimination of artifacts related to eye movement, muscle, namely, a
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decrease in noise. The CNN's adaptive feature, along with the ADASYN
method for managing data imbalances and the AGA method for CNN
parameter optimization, guarantees that the network efficiently eliminates
EOG artifacts while maintaining the underlying brain activity.
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Fig. 5. a) removal of artifacts from an EEG signal; b) removal of artifacts

4.4. Performance Evaluation. Figure 6 shows the performance of
the framework during 20 training and validation epochs. The accuracy
metrics for the training (blue line) and validation (orange line) sets appear in
the graphs. The model is learning effectively since the training accuracy
(blue line) rises quickly, plateauing at about 0.989 by the fifth epoch. In the
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early epochs, the wvalidation accuracy (orange line) likewise grows
dramatically; by the fifth epoch, it has reached around 0.93 before leveling
off. The model does not overfit when applied to previously unknown data,
as seen by its steady accuracy.
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Fig. 6. Training and Validation Accuracy

The loss metrics for the training (blue line) and validation (orange
line) sets are shown in Figure 7.
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Fig. 7. Training and Validation Loss
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The model quickly reduces errors on the training set, as seen by the
training loss (blue line), which drops dramatically over the first few epochs
and approaches 0.01 by the fifth epoch. The orange line, or validation loss,
shows an early reduction that reaches a low around the fourth epoch before
gradually increasing and stabilizing at 0.1. As the difference between
training and validation loss grows after a few epochs, this signals that the
model performs well but may experience some overfitting.

5-Fold Cross-Validation Results. The Adaptive Synth Opti
Hierarchy Network (A-SOHN) was evaluated using 5-fold cross-validation
on the EEG dataset. The model's performance was assessed using four key
metrics: PSNR (Peak Signal-to-Noise Ratio), MAE (Mean Absolute Error),
CC (Correlation Coefficient), and RMSE (Root Mean Square Error).
Table 1 below summarizes the results for each fold, followed by the average
results across all folds.

Table 1. 5-Fold Cross-Validation Results

Fold PSNR MAE CC RMSE
1 29.6 11.35 0.92 0.012
2 29.4 11.28 0.94 0.010
3 29.5 11.30 0.93 0.011
4 293 11.45 0.92 0.013
5 29.7 11.20 0.94 0.010

Avg 29.5 11.32 0.93 0.011

The average PSNR of 29.5 dB indicates that the denoised EEG
signal has high fidelity, reflecting minimal loss in quality compared to the
original signal. Higher PSNR wvalues generally represent better signal
preservation. With an average MAE of 11.32, the model demonstrates a low
average absolute error, which signifies that it effectively removes artifacts
without introducing significant discrepancies in the EEG signal. The
average CC of 0.93 reveals a strong positive correlation between the
cleaned EEG signal and the original, supporting the model’s ability to
preserve important features while removing artifacts. The average RMSE of
0.011 shows a low deviation from the true values, highlighting the model’s
high accuracy in artifact removal with minimal errors. The results from the
5-fold cross-validation demonstrate that the Adaptive Synth Opti Hierarchy
Network (A-SOHN) is an effective tool for EEG artifact removal. The
model consistently achieves high performance across all folds, with
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significant improvements in RMSE (average of 0.011), along with high
PSNR, low MAE, and strong CC values.

4.5. Assessment Metrics.

Peak Signal-to-Noise Ratio (PSNR): 1t is a statistic for estimating an
image's quality in relation to its original, uncompressed version after it has
been compressed or rebuilt. In order to determine how much information is
lost during compression, PSNR is frequently utilized in image compression
techniques. The peak signal to noise ratio (PSNR) calculates the fraction of
a signal's peak strength to the noise that affects it. This serves as a
representation of the compression process' quality.

Maximum Possible pixel value 2
MSE ’

PSNR = 10.log,,

Mean Squared Error (MSE or MSRE): 1t is a regularly employed
metric to assess the squared average of the discrepancies between matching
pixel values in two images, usually a compressed or rebuilt version of the
original image. The amount that the pixel values in the reconstructed picture
differ from those in the original image is quantified by MSE.

1 _ _
MSE = Ezyiol Y750 (Aij — Rip?,

where m and n symbolize the height and width of the image, 4;;is the
original image's pixel value at location (i, j), R;; is the pixel value for the (i,
J) location in the reconstructed picture.

Root Mean Squared Error (RMSE): The definition of root mean
square error (RMSE) is "the square root of the mean of the square of all the
errors.

1 — —
RMSE = \/%Z?;ol Y7o (Aij — Rij)?.

Correlation coefficient: The degree to which a given signal
resembles another signal is indicated by the correlation between signals.
cC = TGNy AijxRij
[Pt Ein g S S Ry)?

4.6. Comparison Analysis. To compare the performance of PSNR,
MSE, and RMSE for the proposed model with existing models such as
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Particle Swarm Optimization (PSO) [23], Beetle Swarm Optimization
(BSO) [23], Electric fish optimization (EFO) [23], Grey wolf Optimization
(GWO) [23], and Spider Monkey-based Electric fish optimization (SM-
EFO) [23].

The PSNR comparison between the suggested method, PSO, BSO,
EFO, GWO, and SM-EFO algorithms when used to remove ECG, EOG,
and EMG artifacts is shown in Figure 8. With PSNR values above 28 dB for
all artifact types — including ECG, EOG, and EMG - the proposed method
performs noticeably better than the alternative techniques. SM-EFO
performs comparably to the other algorithms, but it is not as effective as the
proposed approach. The PSNR values for GWO, EFO, BSO, and PSO are
marginally lower, ranging from 24 to 26 dB, with little variation across the
various types of artifacts. By achieving the highest PSNR, which indicates
superior noise reduction and artifact removal, this comparison demonstrates
the effectiveness of the suggested method in generating higher-quality
signal reconstruction.

30

25

[
=1

PSNR (dB)

th

PSO BSO EFO GWO  SM-EFO  Proposed
ECG 24491 245 345 24.505 26.497 295
EOG 24482 24.48 24,505 24,524 2651 295
HEMG 24496 24512 24,505 24.503 265 295
Optimization Algorithm

Fig. 8. PSNR Comparison

The MAE comparison between the proposed method, PSO, BSO,
EFO, GWO, and SM-EFO algorithms when used to remove ECG, EOG,
and EMG artifacts is shown in Figure 9. In comparison to the other
algorithms, the proposed approach consistently yields lower MAE values
for all three types of artifacts: ECG, EOG, and EMG. With an MAE slightly
under 8, the proposed method demonstrates its superior accuracy in
minimizing error during artifact removal. In comparison, the MAE values of
all the other algorithms — PSO, BSO, EFO, GWO, and SM-EFO — are
higher, ranging from 12 to 13. This indicates that these approaches are less
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successful in lowering the total error, highlighting the enhanced accuracy of
the proposed method in eliminating artifacts from the signal without
compromising the integrity of the original data. Comparing the suggested
approach to current methods, the lower MAE shows how effective it is at
removing artifacts and resulting in more accurate and dependable signal
reconstruction.

2
E 6
4
2
0
PSO BSO EFO GWO  SM-EFO  Proposed
ECG  13.000 13.006 12.987 13.007 12.016 1132
EOG  13.001 12.992 12.997 13.003 11.99 1132
EMG 12989 12.994 12.999 13.007 12 1132
Optimization Algorithm

Fig. 9. MAE Comparison

In Figure 10, the RMSE for the removal of ECG, EOG, and EMG
artifacts is compared between different algorithms: PSO, BSO, EFO, GWO,
SM-EFO, and the proposed approach. For all three types of artifacts (ECG,
EOG, and EMG), the proposed approach shows a significant reduction in
RMSE, with RMSE values falling below 0.01. This indicates its superior
performance in accurately reconstructing the signal with minimal error. The
proposed approach is more successful at minimizing differences between
the predicted and actual signal values, which improves signal quality and
removes artifacts, as evidenced by the significant reduction in RMSE. By
contrast, the RMSE values of the other methods (PSO, BSO, EFO, GWO,
and SM-EFO) are higher, with figures exceeding 0.02 for all types of
artifacts. These techniques show poorer artifact removal performance,
resulting in higher signal reconstruction errors. SM-EFO performs
marginally better than the others among them, but its accuracy still falls
short of that of the suggested approach. With a significant improvement in
artifact removal performance and lower error rates when compared to
conventional methods, Figure 10's results highlight the effectiveness of the
proposed method.
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0.025

0.02

PSO BSO EFO GWO  SM-EFO  Proposed
ECG 025032  0.024952 0024972 0.025026 0015029  0.011
EOG 0024945 0.025008 0.025047  0.025005  0.01495 0.011
EMG 0025051 0.025057 0.025045 0.025031  0.05037 0.011
Optimization Algorithm
Fig. 10. RMSE Comparison

The correlation coefficients for artifact removal across several
algorithms — PSO, BSO, EFO, GWO, SM-EFO, and the proposed method —
are compared in Figure 11. The proposed method's correlation coefficients
for ECG, EOG, and EMG are 0.95, 0.93, and 0.92, respectively,
demonstrating its superior ability to eliminate artifacts from EEG signals.
The effectiveness of the proposed approach in maintaining the original
signal quality following artifact removal is shown by its superior
performance compared to the other algorithms, which yield lower
correlation values.

The proposed approach shows significant improvements over prior
methods in the performance comparison shown in Table 2, especially in
terms of PSNR, MAE, RMSE, and Correlation Coefficient across all three
artifact types (ECG, EOG, and EMG). With a value of 29.5 dB for all signal
types (ECG, EOG, and EMG), the proposed approach significantly
outperformed SM-EFO, which had the highest value of 26.51 dB, in terms
of PSNR. The PSNR improvement over the SM-EFO method is
approximately 11.3%, indicating that the proposed method has better signal
fidelity. In terms of MAE, the proposed method outperforms SM-EFO's
12.016 (ECG) and GWO's 13.007 (ECG), achieving a lower error of 11.32
for all signal types. In terms of error reduction, this corresponds to a 5.8%
improvement over SM-EFO. In terms of RMSE, the consistent value of
0.011 for all signal types found in the proposed method shows a 26.7%
reduction in error when compared to the best value of 0.015 (ECG, EOG,
and EMG) found in SM-EFO. Lastly, the proposed method's CC similarly
exhibits a notable improvement. The proposed approach achieved 0.95 for
ECG, 0.93 for EOG, and 0.92 for EMG. This indicates an improvement in
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ECG correlation over SM-EFO's 0.74981 by about 26.7%, in EOG
correlation by 24.1%, and in EMG correlation by 22.7%. It also shows that
the proposed method is more accurate in maintaining the original signal
quality after artifact removal. These enhancements verify that the proposed
strategy successfully detects and eliminates artifacts from EEG signals.

0.8
0.6
0.4

0.2

Correlation Coefficient

0

PsSO BSO EFO GWO SM-EFO Proposed
ECG  0.64988 0.64935 0.65011 0.64999 0.74981 0.95
EOG  0.65001 0.64977 0.64984 0.64994 0.74923 0.93
EMG  0.64958 0.65028 0.64933 0.65045 0.74967 0.92

Optimization Algorithm
Fig. 11. Correlation Coefficient Comparison

With improvements ranging from 11% to 56% across important
metrics, the proposed approach outperforms all existing methods in terms of
overall performance, making it a highly accurate and efficient method for
removing artifacts in biomedical signal processing. These gains can be
attributed to the sophisticated network grouping and optimization strategies
incorporated into the proposed structure, which performs more accurately
and efficiently than conventional approaches.

Table 2. Performance Comparison of the proposed method with the existing method

Methods

PSNR(dB) MAE RMSE CccC
ECG | EOG | EMG | ECG | EOG | EMG ECG EOG EMG ECG EOG EMG

PSO | 24.491 | 24.482 | 24.496 | 13.009 | 13.001 | 12.989 [ 0.25032 |0.024945 [0.025051) 0.64988 | 0.65001 | 0.64958
BSO 245 | 24.48 | 24.512 [ 13.006 | 12.992 | 12.994 [0.024952|0.025008|0.025057 | 0.64935 | 0.64977 | 0.65028
EFO 34.5 | 24.505 | 24.505 | 12.987 | 12.997 | 12.999 |0.024972(0.025047 [ 0.025045 | 0.65011 | 0.64984 | 0.64933
GWO | 24.505 | 24.524 | 24.503 | 13.007 | 13.003 | 13.007 [0.025026|0.025005 [ 0.025031| 0.64999 | 0.64994 | 0.65045
ISM-EFO| 26.497 | 26.51 26.5 | 12.016 | 11.99 12 [0.015029| 0.01495 | 0.05037 | 0.74981 | 0.74923 | 0.74967
Proposed 29.5 29.5 29.5 11.32 | 11.32 | 11.32 [ 0.011 0.011 0.011 0.95 0.93 0.92
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Statistical Significance Analysis: To evaluate whether the observed
improvements in RMSE (from 0.015 to 0.010) are statistically significant,
we conducted a paired t-test comparing our method to the SMEFO method.
The p-value from the t-test was 0.002, which indicates that the observed
improvement is statistically significant and not due to random variation.
This provides strong evidence that our method outperforms SMEFO in
terms of artifact removal accuracy.

In addition to the t-test, we employed 5-fold cross-validation to
further validate the robustness and consistency of our results. This cross-
validation procedure involved splitting the dataset into five subsets (folds),
training the model on four folds, and testing it on the remaining fold. This
process was repeated five times, each time using a different fold as the test
set, to ensure that the performance improvements in RMSE were consistent
across different data splits. The results from cross-validation were
consistent with the original findings, supporting the reliability and
generalizability of the observed improvements.

Despite the relatively small dataset used in this study, the statistical
significance of the results and the consistency across cross-validation
suggest that the observed improvements are meaningful. However,
acknowledge that the small dataset size may limit the generalizability of the
findings. We recommend that future research expand the dataset size to
further validate the effectiveness of our method across a broader range of
data and use cases.

4.7. Discussion. Existing approaches to EEG artifact removal have
shown progress, but they still encounter several critical limitations. Many
deep learning models, particularly those employing hybrid optimization
strategies, suffer from overfitting and elevated computational complexity
due to the simultaneous use of multiple optimization algorithms. While
these methods can enhance accuracy, they often do so at the cost of
efficiency and robustness. In contrast, the proposed AdaptiveSynth
OptiHierarchy Network addresses these issues through a more efficient and
balanced design. The integration of Annealed Grasshopper Algorithm
(AGA) offers a compelling solution to the optimization challenge by
combining the global search capabilities of the Grasshopper Optimization
Algorithm with the fine-tuned local convergence of Simulated Annealing.
This hybrid optimization approach ensures high-quality convergence while
mitigating overfitting and computational overhead. Furthermore, while
several prior models rely heavily on manual preprocessing techniques such
as wavelet transforms, PCA, ICA, and harmonic decomposition, these
techniques often struggle with variability in artifact frequency and type. The
proposed method avoids this reliance by adopting a deep, hierarchical 1D-
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CNN architecture capable of learning relevant temporal features directly
from the raw EEG data. This architecture uses adaptive convolutional
windows and hierarchical pooling layers to improve generalization across
various artifact types, including muscle movement, eye blinks, and
environmental noise. In addition, many earlier methods exhibited poor
adaptability to new or rare artifact patterns due to class imbalance in the
training data. By incorporating Adaptive Synthetic Sampling (ADASYN),
the proposed model can generate synthetic samples in sparse regions of the
feature space, enhancing its ability to learn from underrepresented artifact
classes and improving overall detection and removal accuracy. While other
deep learning models have focused on long-term EEG recordings or specific
artifact types, their performance was often tied to uniform sampling rates or
required manual tuning. The current model is designed to be robust across
diverse EEG acquisition setups without requiring manual frequency pattern
identification or tuning, thus increasing its real-world applicability.

By leveraging data balancing, adaptive deep feature extraction, and
an efficient hybrid optimization strategy, the AdaptiveSynth OptiHierarchy
Network offers a more accurate, scalable, and computationally efficient
solution for EEG artifact removal. It not only improves the quality of
cleaned EEG signals but also preserves essential neurological information,
which is crucial for applications like brain—computer interfaces, epilepsy
monitoring, and cognitive load assessment.

5. Conclusion. The proposed Adaptive Synth Opti Hierarchy
Network provides a new technique for accurately removing artifacts from
EEG data. The model manages difficult feature space areas by including the
ADASYN to correct the class imbalance and prevent overfitting to the
minority class. Incorporating an Optimized Hierarchical 1D CNN with
MaxPooling and ReLU activation for effective feature extraction, as well as
adjustable windows in the convolutional layers, significantly improves the
artifact removal procedure. The Annealed Grasshopper Algorithm (AGA) is
a critical component of CNN parameter optimization, which enhances the
model's performance. AGA combines SA's local search refinement with
GOA's global search capability. With the help of this hybrid technique, the
model is guaranteed to converge effectively toward the ideal parameters,
improving both artifact removal and the accuracy of the EEG signal. The
retrieved features are guaranteed to reflect a cleaned EEG signal by the
dense and sigmoid layer incorporated into the final layer of the Hierarchical
1D CNN. Specifically, the proposed method achieved a PSNR of 29.5dB,
MAE of 11.32, CC of 0.93, and RMSE of 0.011, which outperforms prior
works. Overall, this innovative method greatly increases the quality of
artifact removal from EEG signals, making it a promising tool for
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neuroimaging and related fields where accurate analysis and decision-
making depend on clean and reliable EEG data. The model's relevance in
clinical situations can be increased by extending it to handle real-time EEG
data processing in future work. Furthermore, investigating its efficacy on
other biological signals may expand its range and adaptability.
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YK 004 DOI 10.15622/ia.24.5.6

A.KOKATE, T. JIDKAJTXAB
HOBBIN MOAXOJI K YIAJIEHUIO APTE®AKTOB 33T
C UCNIOJb30BAHUEM ADASYN U OIITUMU3UPOBAHHOM
HEPAPXUYECKOM OJJHOMEPHOI CBEPTOYHOM
HEWPOHHOM CETH 1D CNN

Kokame A., []ucaoxae T. Howlii moaxon Kk yaadenuwo apredpaxkroB IO
c ucnonb3oBanneM ADASYN u onTHMH3HPOBAHHOW HepapXHYecKOH OJHOMepHOM
CcBepTO4HOIi HeiipoHHoii cetu 1D CNN.

AnHoTanusi. B HeiipoHayke, HelpoumXKeHepHH M OHOMEIHIIMHCKOH HHXEHEPUH
anekTposHuedanorpapus (O3I') mHpoko Ucmoiab3yercs: Giarogapst CBOei HEMHBa3HBHOCTH,
BBICOKOMY BPEMEHHOMY pa3pEIICHHIO M JOCTYNHOCTH. OJHAKO IIyM M (PU3HOJIOTHYECKHE
apTedaKThl, TakHe KaK CepAedHble, MHOTCHHbIE M IJa3Hble apTe(aKThl, 4acTO HCKAXKAIOT
ucxoxuble naHasle DOI'. MeTons! IMIyMOIIOJABICHUsI Ha OCHOBE IiryOokoro oOydenus (DL)
MOTYT YMEHbBIIATh WM YCTPAHATh 3TH apTe(akThl, KOTOpble yxXydmanT I3I'-curxai.
HecmoTpst Ha HanaMupe STHX METOJOB, 3HA4YUTENbHBbIC apTe(hakThl BCE emé MOIYT CHIDKATh
9 EKTUBHOCTH aHAIN3a, YTO JeNaeT yHaJICHHEe IIyMa OCHOBHBIM TPEOOBAaHHEM JUIS TOYHOTO
anamm3a OOI. Kpome Toro, it s¢hdexkTHBHOrO ynaaeHus apTe(akToB MpEACTaBICHA
ONTHUMU3UPOBAHHAS HepapXUyuecKas OJHOMEpHas cBepToyHas HeriponHas cetb (1D CNN). us
3¢ }EeKTUBHOTO M3BIICUCHUS NpU3HAKOB Hepapxudeckas CNN coderaer B cebe MakCHMaIbHOE
obbenuHeHne, ¢yHkiuo axktuBaimu ReLU wu anmanTuBHBle CBepTOYHbIe OKHA. Jlis
ONTUMU3AIUYN TaPaMETPOB CETH NMPUMEHSETCS ITOPUTM OTXMra KysHeunka (AGA), yto
JOTIOJHUTENBHO YIIydlIaeT YycTpaHeHHe apTedaktoB. Jins obecredeHHs BCECTOPOHHETO
HCCIIEZIOBAaHUS U CXOMUMOCTH K MieanbHbIM HacTpoiikam CNN, AGA coyeraeT TOYHOCTb
TOHKOW HACTPOMKH METO/a MMHUTAlMU OTXUTa (SA) ¢ rio0anbHBIMU HCCIEA0BATENHCKUMH
BO3MOXKHOCTSIMH ~ aropuT™Ma onTtuMumsanuu KysHeunka (GOA). HMcmons3ys ruOpuaHbId
HOJIXOJ1, CETh MOXKET Ooree 3P (HEKTUBHO yCTPaHATh apTedaKThl HAa PA3IMYHBIX HEPAPXHIECKUX
YPOBHSIX, 4TO NPUBOIUT K 3aMETHOMY YJIy4IIEHHIO YETKOCTH CHUTHala M OOIeH TOYHOCTH.
Ounmiennsle ganHble OO mpencTaBlIeHbl BOCCTAHOBJICHHBIMH JJIEMEHTAMH B IIOCIECIHEM
IUIOTHOM cjoe uepapxudeckod onHoMepHoit CNN, HCHONB3YIOIIEH CUrMOMIAIBHYIO
¢ynkumo. CoOrnacHo 3SKCIEPHMEHTAIBHBIM pe3yJbTaTaM, MPEIIOKEHHBI METOJ JOCTUT
IMHKOBOro OTHomleHWs curHana k myMmy (PSNR) 29,5 nb, cpenmeil aOGcomoTHOH oImmMOKH
(MAE) 11,32, cpennexBanparuyeckoii omubku (RMSE) 0,011 u xoaddurmenta koppeasnun
(CC) 0,93, uTO NPEBOCXOAMT PE3yJNbTaThl MpeAbIAYIIMX padoT. IlpemnoskeHHbIl MeTOx
MO3BOJISICT IIOBBICHTH TOYHOCTh yjaleHus apredakrtoB OOI, 4Wro sBIseTCS IIOIE3HBIM
JIOTIOJIHEHUEM K 00paboTKe OHOMETUIIMHCKUX CHIHAJIOB U HEHPOUHKECHEPHH.

KioueBble ciioBa: snextpossuedanorpapus (33I), 06paboTKa CUrHANIOB, CBEPTOUHAS
HeliponHast cetb (CNN), nmuTanms omkura (SA), anroput™ ontuMu3anuu KysHeurnka (GOA).
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