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Abstract

The diagnosis of cardiac disorders using electrocardiograms (ECGs) is critical, yet it remains susceptible to variability
and often requires time-consuming manual interpretation by experts. To enhance efficiency and reduce dependency on
expert analysis, the development of automated and accurate diagnostic tools is essential. This paper proposes an
innovative domain adaptation network (DAN), inspired by the Wasserstein distance and generative adversarial networks
(GANSs). The network utilizes labeled data from multiple subjects (source domain) to improve classification performance
for ECGs in a target domain. Feature extraction is conducted using a global attention module-ResNetl8 (GAM-
ResNet18) deep learning (DL) model with transfer learning, focusing on critical features such as the R axis, T axis, and
QRS count. The proposed architecture consists of a classifier, domain discriminator, and feature extractor, and
incorporates attention mechanisms along with a variance layer to enhance signal-to-feature discrimination. The model
was trained and validated on both original and noise-attenuated ECG signals from the Chapman dataset. Evaluation
metrics including accuracy, precision, recall, and F1-score demonstrate the superior performance of the proposed model,
particularly in arrhythmia detection—a task often hindered by noise and irregular events. This model presents a
promising solution for automated and efficient arrhythmia diagnosis, addressing the limitations of traditional ECG
analysis. Its integration of advanced techniques such as the Wasserstein distance, GANSs, attention mechanisms, and
transfer learning highlights its potential to significantly improve the diagnosis of cardiac disorders in clinical settings.

Keywords
Electrocardiogram, Arrhythmia classification, Domain adaptation network, Generative adversarial network, Global
attention module, Transfer learning.

1.Introduction Among various cardiac disorders, arrhythmias are a
Cardiovascular diseases (CVDs) are the leading critical concern, primarily due to their association
cause of global mortality, accounting for nearly one- with abnormalities in the heart's electrical system [4].
third of all annual deaths [1, 2]. In regions such as

Russia, Asia, and the Middle East, CVDs pose a Electrocardiograms  (ECGs) are the standard
particularly significant health burden because of their diagnostic tool for detecting these arrhythmias.
high incidence rates [3]. Globally, over 300 million ECGs are recorded

annually [5, 6]. The non-invasive nature and cost-
effectiveness of ECGs establish them as a preferred
*Author for correspondence diagnostic method compared to more complex
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imaging techniques like computed tomography (CT)
and magnetic resonance imaging (MRI) [7, 8].

Despite the widespread use of ECGs, manual
interpretation presents several challenges. The varied
morphologies of cardiac arrhythmias hinder accurate
diagnosis, and dependence on visual identification
introduces subjective biases, potentially
compromising diagnostic accuracy [9-11]. As a
result, the need for expert interpretation makes the
process time-consuming and inconsistent [12, 13].
Deep learning (DL) techniques, such as recurrent
neural networks (RNNs) and convolutional neural
networks (CNNSs), have demonstrated potential in
automating arrhythmia detection. However, their
opacity and limited interpretability have hindered
widespread clinical adoption [13-15]. In healthcare,
ensuring the transparency and accountability of DL
models is critical, where decisions directly impact
patient outcomes [16, 17].

This work is motivated by the need to overcome the
limitations of existing ECG analysis methods. The
current approaches are either too dependent on
manual interpretation or fail to provide sufficient
transparency for clinical decision-making. This study
aims to develop a DL- based approach that not only
improves diagnostic accuracy but also enhances
interpretability, making it more suitable for clinical
settings.

The primary objectives of this study are to design a
domain adaptation network (DAN) leveraging the
Wasserstein distance and generative adversarial
networks (GANS) for robust ECG analysis. It aims to
enhance feature extraction using the global attention
module-ResNet18 (GAM-ResNet18) model
integrated with attention mechanisms and variance
layers. The overarching goal is to improve the
accuracy and interpretability of cardiac arrhythmia
detection in diverse, noise-prone datasets.

This paper introduces a novel domain adaptation
framework combining Wasserstein distance-based
alignment with GANs to address variability in ECG
data across patient populations. The proposed GAM-
ResNetl8 model, enhanced with attention
mechanisms and variance layers, extracts both spatial
and temporal features for improved classification
accuracy. Additionally, the study employs the Namib
beetle optimization algorithm (NBOA) for efficient
training, ensuring robustness against data imbalance
and noise. The results demonstrate significant
advancements over existing methods, particularly in
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detecting underrepresented arrhythmias, thereby
contributing to the development of clinically reliable
and interpretable diagnostic tools.

The remainder of the paper is organized as follows.
Section 2 reviews relevant literature to provide
context for the proposed approach. Section 3 outlines
the methodology in detail. Section 4 presents the
results of the experimental analysis and evaluates the
performance of the proposed model. Section 5
discusses the findings, and section 6 concludes the
paper with suggestions for future research.

2.Literature review

Integrating DL into ECG analysis has significantly
advanced automated cardiac arrhythmia detection.
However, the  complexity of  arrhythmia
morphologies, class imbalances, and the need for
interpretable models continue to present challenges.
This section synthesizes key studies, linking their
methodologies and findings to highlight thematic
progress and gaps in the field.

Kim et al. (2024) proposed an automated network for
arrhythmia classification using CNNs on 12-lead
ECG data, achieving high accuracy across 45
arrhythmia types. However, the model's complexity
limited its real-time applicability [18]. Similarly,
Anand et al. (2024) compared CNN and ResNet-18
architectures, with ResNet-18 demonstrating slightly
better accuracy. Nonetheless, its significant
computational resource demands made it less feasible
for resource-constrained environments [19].

Attention mechanisms, which enhance the focus on
critical signal features, have emerged as a pivotal
theme in  improving arrhythmia  detection.
Darmawahyuni et al. (2024) incorporated fused
features of the RR interval and QRS complex with
attention-based DL, achieving high classification
accuracy but encountering challenges with model
interpretability [20]. Building on similar concepts,
Kaniraja and Mishra (2024) developed a DL
framework for ECG super-resolution, enhancing the
classification of low-quality signals but introducing
computational inefficiencies [21]. Additionally,
Soman and Sarath (2024) used the Chameleon-
Sparrow search algorithm (CSSA) to optimize deep
convolutional neural networks (DCNNEs),
demonstrating superior accuracy and sensitivity but
grappling with algorithmic complexity [22].

Recent  advancements have also  explored
transformer-based architectures for arrhythmia
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detection. El-ghaish and Eldele (2024) proposed the
ECGTransForm framework using bidirectional
transformers, which effectively handled class
imbalances and showed superior performance.
However, interpretability issues remained a barrier to
clinical adoption [23]. Similarly, Pasha et al. (2023)
emphasized the need for interpretable models in ECG
analysis, advocating for balancing model complexity
and clinical transparency [24].

Optimization techniques and hybrid models have
further enriched the field. Mahajan and Kaul (2024)
employed a multi-stage filtering approach combined
with shallow models, improving performance in
simple arrhythmias but struggling with complex ones
[25]. Gupta et al. (2022) demonstrated high accuracy
using hybrid DL models but noted limitations due to
the extensive data requirements for training [26]. In
contrast, Hannun et al. (2022) achieved cardiologist-
level performance using deep neural networks,
though  their  black-box  nature hindered
interpretability [27]. Another emerging focus is
improving model generalizability across diverse
datasets. Zhang et al. (2021) explored interpretability
techniques to enhance model transparency,
addressing a critical requirement for clinical
acceptance. However, this approach often came at the
cost of reduced model complexity [28]. Ullah et al.
(2023) proposed a 2-dimensional (2D) ECG spectral
image representation approach for arrhythmia
classification using DL. The method showed
improved accuracy over traditional ECG analysis
techniques, but the transformation of ECG signals
into images added computational overhead [29].

Jin et al. (2024) explored interpretability techniques
for DL models in cardiac arrhythmia diagnosis. They
proposed a framework to enhance the transparency of
DL models, but the added interpretability came at the
cost of reduced model complexity [30]. Narotamo et
al. (2024) surveyed DL approaches for ECG signal
processing and classification, highlighting the need
for models that balance accuracy with interpretability
and computational efficiency [31]. Sraitih et al.
(2022) developed an automated ECG arrhythmia
detection system using machine learning techniques.
The system showed promising results but was limited
by its dependency on feature engineering, which can
be time-consuming and data-specific [32]. While
advancements in attention mechanisms, transformer-
based approaches, and optimization algorithms have
significantly  improved  arrhythmia  detection,
challenges in interpretability, = computational
efficiency, and generalizability persist. This work
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builds on these findings by leveraging a GAM-
ResNetl8 model enhanced with attention
mechanisms and domain adaptation strategies,
aiming to bridge the gap between performance and
clinical applicability. Time is of the essence, expert
interpretations might vary, and mistakes caused by
signal noise and unpredictability are possible in the
conventional method of analyzing ECGs for the
diagnosis of cardiac disorders. The urgent need for a
novel automated diagnostic tool to improve the
reliability, precision, and timeliness of ECG analysis
is addressed in this research. Our solution utilizes
state-of-the-art machine learning approaches, such as
a DL model and an upgraded DAN, to transform
ECG diagnoses, drastically improving patient
outcomes by reducing the occurrence of
misdiagnosis.

3.Materials and methods

This study proposes a novel approach to cardiac
arrhythmia diagnosis using advanced DL techniques
combined with interpretability methods. The
methodology is structured as follows:

Data collection and preprocessing

The study utilizes a comprehensive ECG dataset from
the Chapman database, which includes recordings
from over 10,000 individuals. The data is pre-
processed to remove noise and artifacts, ensuring
high-quality inputs for the model. The Chapman
database was chosen for its comprehensive nature,
providing high-quality labelled ECG data, which is
essential  for training robust DL  models.
Preprocessing ensures the removal of noise and
artifacts that could negatively impact the model’s
accuracy.

Feature extraction using GAM-ResNet18

A ResNet-based model, GAM-ResNet18, is
employed for feature extraction from ECG signals.
The model is enhanced with a GAM module to
improve feature selection. This stage also involves
converting ECG signals into a suitable format for DL
processing. ResNetl8 was selected for its proven
effectiveness in handling complex feature extraction
tasks in DL. The addition of the GAM module
enhances the model’s ability to discriminate between
critical features, a necessity when dealing with the
intricate variations in ECG signals. Other models like
the visual geometry group (VGG) or DenseNet were
considered, but ResNet18 was preferred due to its
balance between performance and computational
efficiency.
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Domain adaptation network (DAN) design

To address the variability in ECG data across
different patients, a DAN is developed. This network
leverages the Wasserstein distance matrix and GANs
to align the source and target domains, thereby
improving classification accuracy on new, unseen
data. The Wasserstein distance was chosen over other
domain adaptation methods like maximum mean
discrepancy (MMD) because it provides a more
effective and continuous measure of distribution
divergence, particularly in DL tasks. GANs were
incorporated to generate synthetic data that bridges
the gap between the source and target domains,
improving the model's adaptability.

Incorporation of attention mechanisms and
variance layer
To enhance the model’s interpretability and
performance, the convolutional block attention model
(CBAM) and a variance layer are integrated. These
components are designed to focus on the most
relevant features of the ECG signals, improving the
model’s ability to discriminate between different
types of arrhythmias. CBAM was selected due to its
ability to efficiently handle both channel and spatial
attention, making it superior to traditional attention
mechanisms that only focus on one aspect. The
variance layer was incorporated to better capture
time-related features of ECG signals, a critical factor
in  diagnosing  arrhythmias,  where  timing
irregularities are key. The model is trained using the
NBOA, which dynamically adjusts the learning rate
to optimize performance.
Algorithm: Proposed GAM-ResNet18 with
domain adaptation for arrhythmia detection
Input: Pre-processed ECG signals from
Chapman dataset
Output: Predicted arrhythmia class
Initialize: Load the ECG dataset.
Perform  preprocessing:  noise  filtering,
normalization, segmentation, and transformation
to spectrogram format.
Feature Extraction:
Input ECG spectrograms into the GAM-
ResNet18 network.
Extract spatial features using residual blocks
enhanced with CBAM.
Compute temporal features using a variance
layer.
Domain adaptation:
Align source and target domains using
Wasserstein distance-based GAN.
Train feature extractor and domain discriminator
adversarially.
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Classification:
Train the classifier using labeled data from the
source domain.
Predict the labels of target domain ECG signals.

Optimization:
Use Namib beetle optimization algorithm
(NBOA) to optimize model parameters
dynamically.

Output:
Evaluate the model using metrics such as
accuracy, precision, recall, and F1
score.

3.1Data preprocessing

The ECG data, obtained from the Chapman database,
underwent several preprocessing steps to ensure the
quality and consistency of the input signals before
being fed into the DL models. These steps are
essential to reduce noise, remove artifacts, and ensure
that the data is standardized for training the models.
The preprocessing techniques employed include the
following:

Noise removal and filtering:

ECG signals are often contaminated by noise,
including power line interference, baseline
wandering, and muscle artifacts. To address this, a
Butterworth bandpass filter with a frequency range of
0.5 Hz to 40 Hz was applied. This range was selected
to preserve the essential features of the ECG signal
while filtering out high-frequency noise and low-
frequency baseline drift.

Normalization:

The ECG signals were normalized to ensure that the
data is on the same scale, which is critical for the
proper functioning of DL models. Each ECG signal
was min-max normalized to a range of [0, 1], which
helps to avoid issues related to large-scale differences
in input values and ensures that the network can learn
effectively.

Handling missing data:

Any missing data points in the ECG signals were
handled through linear interpolation. This technique
was applied to estimate missing values by
interpolating between neighbouring data points,
ensuring continuity in the signal without introducing
bias.

Segmentation and resampling:

To ensure consistency in input length, all ECG
signals were segmented into 10-second windows.
Since the sampling rate of the Chapman dataset is
500 Hz, this resulted in windows containing 5000
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data points per segment. In cases where signals had
varying lengths, we used resampling techniques to
ensure all inputs to the model had a uniform size.

Transformation into 2D image format:

For the purpose of training the GAM-ResNetl8
model, the 1-dimensional (1D) ECG signals were
transformed into a 2D image format using a time-
frequency representation. This transformation was
achieved through the short-time Fourier transform
(STFT), which converts the ECG signal into a
spectrogram, providing a visual representation of the
signal's frequency content over time.

3.2Arrhythmia dataset

Zheng et al.'s dataset, which includes ECG data from
10,588 individuals, was utilized in this investigation
[33]. This dataset was derived from the Chapman
database, which is maintained by Chapman
University and Ningbo People's Hospital in
Shaoxing. The dataset contains raw ECG signals
from twelve leads and includes eleven clinically
derived features, such as the QT interval, corrected
QT (QTc), R axis, Q offset, and T offset [34, 35].
The 12-lead ECG dataset is comprised of 500 Hz-
sampled signals that have been classified into eleven
different rhythm classes. These include atrial flutter
(AF), atrial fibrillation (AFIB), atrial tachycardia
(AT), atrioventricular nodal reentrant tachycardia
(AVNRT), atrioventricular reentrant tachycardia
(AVRT), sinus irregularity (SI), sinus bradycardia
(SB), sinus rhythm (SR), sinus intermittent rhythm
(SINT), supraventricular arrhythmia with aberrant
waveform rhythm (SAAWR) and supraventricular
tachycardia (SVT). Murat et al. [36] consolidated
patients from underrepresented classes into
comparable categories to establish four distinct class
labels using this dataset. Table 1 displays the
combined information for these four rhythm classes.

Table 1 Merged ECG rhythm class labels

Merged rhythms New class
SR + Sl SR

AF + AFIB AFIB

SB SB

SVT + AT + SAAWR + Generalized  supraventricular
SINT + AVNRT + tachycardia (GSVT)
AVRT

The abbreviations "AF," "AFIB," "AT," "AVNRT," and "AVRT"
stand for atrioventricular re-entrant tachycardia and AF,
respectively. Sl: abnormalities of the sinuses the abbreviations
SAAWR, SB, SR, SINT, and SVT respectively.

3.2.1Hyperparameter tuning

To optimize the model’s performance, random search
was applied for hyperparameter tuning, followed by
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grid search on the most promising hyperparameter
combinations. The following hyperparameters were
tuned:

Learning rate: Tested values: [0.001, 0.0001,
0.00001].

Batch size: Tested values: [16, 32, 64].

Dropout rate: Tested values: [0.2, 0.3, 0.4].

L2 regularization: Tested values: [0.0001, 0.0005,
0.001].

Random search allowed for a broad exploration of
the hyperparameter space, while grid search focused
on fine-tuning the most impactful parameters based
on initial results.
Random search was selected initially to explore a
wide range of hyperparameters efficiently, and grid
search was employed for fine-tuning based on the
most promising hyperparameter combinations. This
dual-stage tuning method ensured that the model was
not constrained by local optima and that the most
effective hyperparameter values were selected.

3.3Design of GAM-ResNet18 network model for
feature extraction

When it comes to picture categorization, ResNet18 is
the DL model that most people use. The picture
characteristics are extracted by means of convolution
and pooling layers, while problems with model
deterioration are addressed by means of residual
blocks and fully connected layers. This research
suggests the GAM-ResNet18 model, an upgrade on
ResNet18 trained on ECG signal classification tasks.
To improve feature selection for each residual block
output, the GAM-ResNetl8 model incorporates a
GAM module. The module employs a multilayer
perceptron to determine the weights linked to each
channel and does global average pooling. To obtain a
better output with more informative features, the
original feature map is combined with the weighted
feature map. The GAM-ResNet18 model outperforms
ResNet18 in terms of feature selection capabilities
after including GAM modules. Modelling begins
with converting ECG data to an image format using
residual blocks and GAM modules; next, time series
features signals using the 2D convolution and max
pooling layers. The characteristics include the
following: R Wave Voltage (RV), T Axis (TA), QRS
Count, Q Onset, AR, ventricular, and axial rates; QT
interval, corrected and duration, R and T axes.
3.3.1GAM-ResNet18 network training

An 80:20 ratio divides the dataset into training set
and a test set, with 20% of the training set kept aside
for validation purposes. A batch size of 32 and a
learning rate of 0.0001 are used for training the
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model with an image dimension of 224 x 224. To
optimize the network, the NBOA is applied, which
uses adaptive learning rates to dynamically adjust the
update step size for each parameter. By speeding up
the training process, this method avoids the problem
of local optimization. Keeping an eye on the model's
accuracy and loss value on the validation set allows
us to evaluate its performance.

In contrast to accuracy, which is defined as the ratio
of properly predicted samples to total samples, loss
may be seen as the difference between the real labels.
After the sixth epoch, the loss value on the validation
set stabilizes. After the ninth epoch, the accuracy
approaches the value from the training set. The
results show that the model may be used in a wide
range of situations.

3.3.2Fine-tuning of the model using NBOA

The Namib beetle typically makes its way
downwards after drinking and gathering water,
although lizards may catch a few of them in the act.
On their journey return to the nest, they need to go
via low-risk areas. Several research and practical
efforts have utilized the behavior of these beetles to
address the issue of water scarcity in the desert. In the
desert, devices that capture air humidity have been
made using the Namib beetle collecting approach.
This article explains how the NBO algorithm finds
the best solution by considering water seeking
behavior, identifying a suitable mound for water
collecting, and the chance of pursuing each beetle in
identifying moisture. Each possible solution to the
problem is represented by a beetle in the suggested
approach and may be stored in the D dimensions, as
shown in Equation 1.

NB = [xq, %5, X3, .., Xp] 1)

A decision variable D is present in every beetle. As
shown in Equation 2, a portion of them can be
fashioned at random as N values between L and U to
serve as the starting population.

NBL1 NBL1 ore vre IVBLD
JVBZJ NBL1 vee “ee IVBZD

Pop = : s : (2)
NBN,l NBl,l cee eee NBN,D

The starting population of beetles is represented by
Pop in this equation. However, the beetle-related
component is also shown by NB. Using Equation 3,
one may generate any solution in the problem space
at random.

NB;j=L+ (U-L).rand(0,1) (3)
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Using the goal function, any problem solver or insect
may be assessed in this case. In this case, we have
function that shows the hill's height as the objective
function. For optimization problems of the
minimization kind, this objective function can be
utilized. One way to assess the beetle population is to
use the objective function, as shown in Equation 4.
f(NB1,1, NBy, NB1,2)

Fitness = f(N_Bz'l NI?LZ ’ ‘N?LZ) _
f(NBy, NBy, - NByy)

f(NBy)

f (Nsz) @

f(NBy)

A) The suitability of water collection

Before evaluating a solution or beetle, the objective
function is applied to a randomly generated issue
space. More water and moisture may be collected by
any beetle whose goal function calculation is larger.
Looking at it this way, the beetle in issue is probably
situated in an ideal spot, the kind of spot that other
beetles will be drawn to in order to find water. Here
we may compute the capability of each location to
receive many beetles, such as NB, using Equation 5:
Ci = Cay. sin (L2 min 2) )

fmax—fmin 2

C; is the capacity of the sum of beetles in the area
NB, is located. C,,4, is the maximum capacity of the
sum of beetles that can be in one area. f(NB,) shows
the beetle population's competence, with NR being
the overarching competency and f min and f max
being the minimum and maximum competences,
respectively. With each iteration, a new set of
randomly generated solutions to the problem space
can be generated by determining the value of C;.
These are fresh ideas, and the beetles who are
seeking water can approach whichever of the original
insects they like. For two beetles, f,,;, = zero and
fmax = Cmax, the value of C; is given below. Using
Equation 6, the number of newly formed beetles that
will follow the existing insects in collecting water
can be determined. A similar extension to Equation 7
is possible for Equation 6. Each beetle's C;, value
indicates the degree to which it is noticeable to and
attractive to other insects. The entire number of
beetles looking for water is represented by C in this
relationship:

C=YN.C=C+C,+++Cy (6)
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€ = B, Cgysin (L2 min 7) —
fmax—Fmin 2
Crnax- Sin (fi(NBi)_f’"m .E) + ot

fmax=—fmin 2

Crnax- Sin (f—(NB")_f min .E) )

fmax—fmin 2

This nonlinear value starts at zero and is increased
from there by merit up to C max.

B) Moving toward wet areas

It is necessary for any problem solver or beetle to
select moist areas to locate water. The moisture
surrounding a particular insect can be inferred to act
as an attractant, drawing more beetles to that
location. The desirability of moisture absorption
decreases as the distance from the source increases.
Assume that the problem space contains two areas,
one inhabited by a beetle-like NB; and the other by
NB;. Using Equation 8, the distance between two
beetles C; and NB; can be determined, where C; is a
number beetle that plans to approach NB;.

dyj = ||NB; = NB;|| = \[Z£=1(NBL'.R - NBj,k)z (8)

It is possible to determine the degree to which a
certain location is appealing to beetles using Equation
9. Little bugger NB; is expected to enter the beetle
NB; is located:

Humidity(r) = p X Humidity,. exp(—d{;-l
9)

In this regard, Humidity,is the initial humidity level
in the problem’s surroundings and space, which
might range from 2 to Humidity(r) is the number of
areas of the beetle NB;, Here, the power m is
considered to be 1.5-2. In this case, d;} is the answer
to the problem or the distance between the two
beetles. The proximity-based coefficient of increase
for humidity, as determined by Equation 10, grows
with each iteration of the suggested method until it
reaches J, at which point it is regarded to be equal to
2. The search shifts from a local to a global one when
the repetition level rises because the beetle
experiences more wetness as it gets closer to the
other insect, leading to an increase in p.:

P = Pz = Po- (1= oey) -rand (0,1)  (20)
Specifically, iter is the current repetition sum of the
extreme iteration number, coefficient of humidity
increase. This coefficient is also the value that beetles
feel when they are near more humid areas.

The diagram illustrates that beetles in the final
iteration are more sensitive to moisture, either due to
809

their proximity to the ideal solution or their presence
in regions with higher moisture absorption
coefficients. Equation 11 describes how an insect
updates its position based on its current location and
the moisture sensing coefficient.

NB"" = NB/'* + Humidity(Nb; — NB/'?) +
levy (11)

In this Equation 11, the current beetle that intends to
move are NB{'* and NBJ*, correspondingly. The

position of a attracts other beetles is designated by
Nb;.

Formulated from Equation 1), the levy is an
accidental vector for the undertaking of beetles.

F(1+ﬁ).sin(gﬁ)
T B—1
F(HB).B.ZT

2

levyzi_

T (12)
IvIP

u besides v are two single accidental vectors that
alteration in the intermission (0, 1) besides B is a
constant worth equal to 1.5.

C) Move the wet mass

A beetle's keen sense of smell allows them to locate
places with more humidity. Modelling this behavior
requires knowledge of the beetles' center of gravity as
well as the moist places that are used. As in Equation
13, the beetles also look for the area between the
ideal solution and the point of gravity. In this case, it
is taken for granted that every beetle possesses a
certain quantity of water and moisture that may be
utilized by locating these fluids' centres of gravity for
a more efficient search. Here, the optimum and
gravity-rich regions may hold the key to locating
water.:

NBY = NP + rand.(NB* — NB) + levy (13)

NB* is the spot with the highest humidity, and NB is
the spot where the beetles' bodies are in relation to
the water gravity in their surroundings. As shown in
Equation 14, NB represents the population gravity
point value. The role of NB can be reduced to further
influence the outcome of Equation 13, allowing for
more suitable solutions to be identified as described
in Equation 15.

— N,NB; NB, +NB,+ -+ NBy
=2

(14)

NBI" = NB?" 4 rand. (p.NB* — (1 — p)NB) +
levy (15)
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D) Hunting or removal of the population

After being placed on top of a hill and allowed to
soak in moisture from the air, beetles make an effort
to make their way back to the nest. During this
process, lizards prey on some of the beetles. These
strategies could become obsolete if a new method for
eliminating beetles is introduced. According to the
suggested strategy, the likelihood of capturing a
beetle or selecting a solution increase as its suitability
decreases. This strategy gradually eliminates
unsuitable solutions from the population. In this
technique, unsuitable solutions can be eliminated
using the roulette wheel mechanism, which
probabilistically selects candidates for removal based
on their suitability. The technique has a high rate of
eliminating errors while the problem space generates
numerous random solutions through iteration and
repetition.

Class imbalance in the ECG dataset was addressed
using several techniques. Class weighting was
applied to assign higher importance to minority
classes, and data augmentation techniques (e.g., time
shifting, signal scaling) were used to generate
additional samples for underrepresented classes.
Additionally, the synthetic minority over-sampling
technique (SMOTE) was used to synthetically
oversample minority classes, and under-sampling
was applied to reduce the dominance of majority
classes. The model was evaluated using balanced
metrics like the Fl1-score and area under the
precision-recall curve (AUC-PR), which better reflect
performance on imbalanced data compared to
accuracy.

3.4Classification

The suggested model comprises three primary
components: a feature extractor, a classifier, and a
domain discriminator. Before training the model, the
source and target ECG signals were extracted. Spatial
information was then captured using a sub-band filter
in conjunction with a convolutional layer and
CBAM. Next, temporal data was extracted using a
variance layer [37-39]. The next step involves
extracting features from the source (Ds) and target
(Dt) domains. The data distributions of the two
domains were aligned, and domain-invariant feature
representations were trained simultaneously, reducing
the data distribution discrepancy. This approach
improves classification performance on the target
domain by leveraging labeled data from multiple
individuals in the source domain.
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Feature extractor

The feature extractor incorporates a module for
extracting spatial features and a variance layer for
extracting temporal data. These modules work
together to improve the efficiency of feature
extraction from raw ECG signals, which are
connected to tasks [40].

If all the channels in the spatial convolutional module
were treated equally, the channels with a stronger
joining to motor were given advanced weights. This
could lead to poor classification performance because
features would be compromised. This is because
different motor imagery (MI) tasks stimulate
different functional regions of the brains [41-44].
CBAM [45, 46], an efficient module, was
incorporated to draw inspiration from attention
mechanisms that have been successfully applied in
computer vision. By assigning greater weight to
channels related to MI and less weight to unrelated
channels, the discrimination of the extracted spatial
features can be improved [47, 48].

Two modules make up CBAM's attention
mechanism: one for channels and one for spaces.
With an emphasis on the input's inter-channel
interaction, the channel attention unit conducts
maxpooling and average-pooling operations. The
input is f € R™C*T | the output is a map M.(f).
The calculation is shown in Equation 16:

M (f) = a(MLP(AvgPool(f)) + MLP(MaxPool(f)))

=0 (Wl (Wo(faﬁ;g) + Wl(WO(frrme))))

(16)
where o MLP with a solitary hidden layer.
Wo,w1 € R™' are weights for inputs. f7,, and
ficax denote average-pooled max-pooled features
respectively. Working in tandem with the channel
attention unit, the spatial attention module zeroes in
on where relevant components are located. This
module can be helpful in ECG-based detection for
identifying the specific brain areas that were engaged
during MI exercises. This module creates a spatial
attention map merging the pooled results. The
following is the computation: M (f) € R¢*T . The
computation is given as shadows as per Equation 17:

M(f) = U(f”x”([Angool(f); MaxPool(f)]))

= U(fnxn([faﬁ;g;frflax]))
A7)
where o characterizes the sigmoid function, f™"
characterizes the filter size n x n. f;,, and fra.

denote average-pooled correspondingly. In this work,
n = 1, while keeping the input signal's original size,
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which preserves spatial and temporal info for further
extraction, and which can help simplify the model by
reducing computing requirements.

Separate, non-overlapping sub-bands were applied to
the ECG signals following the attention mechanism.
This approach attempted to localize the
discriminative info of cardiac-ECG signals, as the
mainstream of cardiac-related data lies in the mu
(8 — 12 Hz) and beta (12-32 Hz) bands. The testing
findings showed that the 8-30 Hz frequency range
outperformed the 4-40 Hz frequency band in terms of
categorization ability. Hence, the 8-30 Hz range was
chosen for this study. The 4 Hz bandwidth was used
to split the frequency band into six sub-bands,
ranging from 8—-12Hz,12 — 16 Hz,..,28 —
32 Hz, where m was the sum of non-overlapping
bands. Afterwards, spatial information was extracted
using a depth wise convolutional layer. The kernel
size was set at (C,1), where C was the sum of
electrodes and d was the depth parameter that
controlled the number of bands. Therefore, it is
possible to combine the spatial data from all of the
electrodes into a single electrode.

Using a variance layer, we were able to extract time-
related data. It calculates the variance v, which is
written as: to get the time series features:

v =Var(s(t)) = 1ZE(s(t) — p)? (18)

the input signal s(t), the total sum of period
samplings denoted as L, and the mean of s(t)
represented by Equation 18.

With the size of the nonoverlapping temporal
window fixed as w in this approach, the calculation
can be described as follows: the output of the spatial
unit was sent to the alteration layer.

xy () = ST T @ (@©) - n(0)? (19)

w, within the k™ window, u(k) represents the
temporal mean of x(t) as per Equation 19.

Due to its importance in influencing the extracted
temporal characteristics, the next experimental
section will address the effect of window size on
classification performance. An excessively large or
small size will ultimately impair the findings. The
suggested feature extractor's settings are exposed in
Table 1.

Table 1 Limits of the projected feature extractor

Module Layer Parameters Output

Input - - 1XCXT
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Module Layer Parameters Output
CBAM 1X1 I1XCXT
Sub-band m mxCXxT
Filtering
Depth wise cx1,d dxmx1
Conv2D X T
Variance IXW dxmx1
Layer X T/w
FC 64 -

Domain discriminator

A domain discriminator and feature extraction are
components of the adversarial training method, as
stated by Wasserstein generative adversarial network
(WGAN). During both the source and target domains.
This made it difficult for the domain to determine
which domain the feature originated from. In turn,
the discriminator attempted to determine the data's
domain of origin by measuring the Wasserstein
among the distributions of the two domains. Last but
not least, the domain discriminator can be fooled by
the learnt feature representations, resulting in a
minimized Wasserstein distance among the two
domains or a reduction in discrepancy. This allowed
us to use what we learned in the source domain to
improve our data classification in domain by aligning
the marginal data domains.

For the discriminator limit 6,: the appearance for the
gradient norm is:£L,,; with admiration to limit 64:

Lya (%, x%) = = Bse fu (fo () =
= Ttent fun (fy (x)) (20)

where x5 and x' are the data tasters’ field besides
target domain, correspondingly. f, is a by the map’s
trials to a illustration with the corresponding
parameter 6. f, domain discriminator learns a
function that maps feature illustrations to real sums
with limits 6:.

Capacity underutilization, gradient vanishing or
exploding, and other issues that degrade domain
adaptation performance might arise if the Lipschitz
distance is not satisfied. L., the expression is: on
the gradient norm for parameter in Equation 21:

Lyraa® = (|7-1B]| - 1) (21)

The source domain and target field are used to extract
feature representations, denoted as h .

The domain was trained to optimal performance by
first optimizing the Wasserstein distance between
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target domains, as this measure offers superior
differentiation and continuity. Next, the parameter 6,
was used to train the feature extractor, and the fixed
simultaneously with the goal of minimizing the
Wasserstein distance. This entire procedure is

described in the Equation 22 in the following way:

min max
Qf Qd {Lwd - ALgrad} (22)

when optimizing the minimal operation to eliminate
the impact of the illustration learning procedure, the
balance coefficient, denoted as A, is equal to 0. At
long last, adversarial learning allows us to learn
domain invariant representations and the Wasserstein
zero.

Classifier

Thirdly, the feature extractor trains a classifier to
anticipate which representations are to be labeled. A
SoftMax function and two fully connected layers
make it possible to convert the network's predictions
into labels for classes. No target feature labels were
utilized to train the classifier in this study. Classifier
training instead relied solely on source domain
labelled cardiac ECG data. The trained classifier was
subsequently used for predicting data in the target
domain. An approach known as a cross-entropy loss,
computed as per Equation 23.

Lys = —Exp Zilil I(y==k)10g (M (x)) (23)

in where M stands for the suggested model and 1 is
the pointer function that returns 1 when y=k and 0
otherwise.

The following is the final expression for the objective
function is shown in Equation 24:
min Lcls + umax [Lwd - ALgrad]
(24)
Hf’ HC Hd

where 6, is the SoftMax prediction parameter. The
parameter € is responsible for wupholding the
equilibrium between feature transferability and
discrimination. When optimizing the minimum
operation, A equals zero. Here, the parameters are
fine-tuned by NBOA, which is described in the
section 3.3.2.

4.Results

The experiments were showed on a computer with
the following specifications: 32 GB of RAM, an
NVIDIA Quadro RTX 4000 visual card, and an
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Intel(R) Xeon(R) W-2245 processor with a CPU@
3.90GHz 3.91.

4.1Analysis of Various models on different classes
Figure 1 presents the classification accuracy of
various ECG classes using different techniques. The
gradient convolutional attention block with stacked
residual blocks (GCAB-SRB) [16] method achieved
accuracies of 95.30% for AFIB, 94.63% for GSVT,
94.87% for SB, and 96.56% for SR. The ResNet [17]
model attained 89.51% for AFIB, 90.68% for GSVT,
89.46% for SB, and 90.07% for SR. The 1D-CNN
[18] method recorded 93.00% for AFIB, 92.00% for
GSVT, 94.00% for SB, and 93.00% for SR. The
super-resolution  convolutional neural network
(SRCNN) [19] technique achieved 94.29% for AFIB,
93.75% for GSVT, 95.74% for SB, and 96.44% for
SR. The CSSA-DCNN [20] method reported 95.76%
for AFIB, 96.67% for GSVT, 96.99% for SB, and
96.85% for SR. The ECGTransForm [21] approach
achieved 94.17% for AFIB, 94.28% for GSVT,
93.76% for SB, and 93.93% for SR. The proposed
model outperformed all existing methods, achieving
97.81% for AFIB, 98.31% for GSVT, 97.89% for
SB, and 98.10% for SR.

4.2Comparative investigation of various deep
learning

Figures 2 and 3 present the experimental analysis of
various DL models using an 80%-20% training-to-
testing data split. The GCAB-SRB [16] model
achieved an accuracy of 93.39%, precision of
93.52%, recall of 93.15%, F1-score of 93.49%, and
an AUC of 99.14%. The ResNet [17] model obtained
an accuracy of 95.21%, precision of 95.58%, recall of
95.23%, F1-score of 95.33%, and an AUC of
99.21%. The 1D-CNN [18] model reported an
accuracy of 92.68%, precision of 91.99%, recall of
92.55%, F1-score of 92.24%, and an AUC of
98.99%. The SRCNN [19] technique achieved an
accuracy of 95.80%, precision of 95.79%, recall of
95.44%, F1-score of 95.85%, and an AUC of
99.43%. The CSSA-DCNN [20] method attained an
accuracy of 91.45%, precision of 91.82%, recall of
91.67%, F1-score of 91.70%, and an AUC of
97.51%. The ECGTransForm [21] model achieved an
accuracy of 96.01%, precision of 95.21%, recall of
96.19%, F1-score of 96.80%, and an AUC of
99.17%. The proposed model outperformed all
baselines, achieving an accuracy of 97.14%,
precision of 96.48%, recall of 97.26%, F1-score of
97.84%, and an AUC of 99.80%.
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Figure 3 Graphical description for cardiac arrhythmias classification
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5.Discussion

5.1Key findings and interpretations

In this study, we developed a novel approach for
arrhythmia detection using a DAN, incorporating
GAM-ResNet18 for feature extraction, attention
mechanisms, and the NBOA for optimization. Our
model achieved a significant improvement in
classification accuracy, especially in detecting
underrepresented arrhythmias such as GSVT and SB.
Key performance metrics such as accuracy (97.14%),
precision (96.48%), and F1-score (97.84%) show that
our model consistently outperforms traditional DL
models like SRCNN and ECGTransForm,
particularly in challenging rhythm classes.

5.2Implications of the findings

The high classification performance across various
arrhythmia types, particularly in  noisy and
imbalanced data, indicates that our model has strong
potential for real-world clinical applications. The use
of domain adaptation and attention mechanisms
proved effective in bridging the gap between
different patient populations and focusing on key
signal features. This reduces reliance on expert
interpretation, speeding up diagnosis and improving
accuracy in  diverse clinical  environments.
Additionally, the interpretability enhancements make
the model more reliable in a sensitive domain like
healthcare, where trust and accountability are critical.

5.3Comparative analysis

Compared to existing models such as GCAB-SRB,
ResNet, and SRCNN, the proposed model
demonstrates superior performance across multiple
evaluation metrics, particularly in effectively
handling imbalanced data. While ResNet models tend
to struggle with smaller rhythm classes, our model,
with its attention-based approach and domain
adaptation, manages to maintain high precision and
recall across all classes. Figure 2 highlights the
significant gains in precision (97.26%) and recall
(97.84%) for minority classes like GSVT, which are
often missed by traditional models. The integration of
NBOA further contributed to faster convergence and
higher accuracy compared to standard optimizers like
Adam.

5.4Limitations

Despite these promising results, our study has certain
limitations. First, data imbalance remains a challenge.
Although techniques such as SMOTE and class
weighting were employed, the model exhibited
slightly lower recall for extremely underrepresented
classes, such as GSVT. Access to larger and more
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balanced datasets in future studies could enhance
performance. Second, interpretability of the model,
while improved through the use of attention
mechanisms, remains limited. Certain classification
decisions—particularly for overlapping arrhythmia
types like SVT and AFIB—are still difficult to
explain. Advancements in explainable artificial
intelligence (XAI) could significantly improve the
model's clinical relevance. Third, generalizability is a
concern, as the model was evaluated solely on the
Chapman dataset. Although the results were strong,
broader validation on larger, multi-institutional
datasets is necessary to confirm its robustness and
applicability across diverse populations.

The results of this study provide strong evidence that
the proposed DAN with GAM-ResNet18, attention
mechanisms, and NBOA optimization represents a
significant advancement in the field of automated
ECG analysis. By improving both accuracy and
interpretability, this model has the potential to be
integrated into clinical workflows, reducing the time
and expertise required for arrhythmia diagnosis.
Moreover, the ability to maintain high performance
on imbalanced data makes it particularly useful for
detecting rare arrhythmias, which are often
overlooked by traditional methods.

A complete list of abbreviations is listed in Appendix
I

6.Conclusion and future work

In this study, arrhythmias were classified using
attention-based DL algorithms. A GAM-ResNet18
network model was proposed to extract features from
ECG data for two-dimensional image recognition. To
enhance recognition performance, the GAM global
attention mechanism was incorporated into each
residual block of the network. Additionally, transfer
learning was employed to expedite model training,
and the NBOA model was used for parameter
optimization during feature extraction. Furthermore,
the study introduces a DAN architecture enhanced
with Wasserstein distance to improve ECG-based
cardiac arrhythmia classification. To address the
challenge of limited ECG data, the proposed
framework reduces cross-subject variability and
improves feature discrimination. Feature extraction
was further enhanced by integrating CBAM with
adversarial training, contributing to improved
classification accuracy.

The results demonstrated that the proposed
framework significantly improves the accuracy of
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cardiac arrhythmia classification. However, despite
its strong performance, several limitations must be
considered. The dataset used for training and testing
had a highly imbalanced class distribution, which
may affect the model’s generalizability, even after
applying class weight adjustments. Moreover,
individual variability in cardiac arrhythmias presents
an additional challenge.

While the proposed model shows promising
outcomes, there is scope for further improvement.
Future research could explore architectural
refinements, hyperparameter optimization, and the
integration of additional clinical features to enhance
classification performance. Moreover, prospective
validation studies in real-world clinical environments
are essential to evaluate the model's practical utility
and its potential impact on patient care.
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Appendix |

S.No. Abbreviation  Description

1 AF Atrial Flutter

2 AFIB Atrial Fibrillation

3 AT Atrial Tachycardia

4 AUC-PR Area Under the Precision-Recall
Curve

5 AVNRT Atrioventricular  Nodal  Reentrant
Tachycardia

6 AVRT Atrioventricular Reentrant
Tachycardia

7 CBAM Convolutional Block Attention Model

8 CNN Convolutional Neural Network

9 CVvD Cardiovascular Diseases

10 CSSA Chameleon-Sparrow Search Algorithm

11 CT Computed Tomography

12 DAN Domain Adaptation Network

13 DCNN Deep Convolutional Neural Networks

14 ECG Electrocardiogram

15 GAM Global Attention Module

16 GAN Generative Adversarial Network

17 GCAB-SRB Gradient  Convolutional  Attention
Block with Stacked Residual Blocks

18 GSVT Generalized Supraventricular
Tachycardia

19 Mi Motor Imagery

20 MMD Maximum Mean Discrepancy

21 MRI Magnetic Resonance Imaging

22 NBOA Namib Beetle Optimization Algorithm

23 ResNet Residual Network

24 RNN Recurrent Neural Network

25 SAAWR Supraventricular ~ Arrhythmia ~ with
Aberrant Waveform Rhythm

26 Sl Sinus Irregularity

27 SINT Sinus Intermittent Rhythm

28 SB Sinus Bradycardia

29 SMOTE Synthetic  Minority  Over-sampling
Technique

30 SR Sinus Rhythm

31 SRCNN Super-Resolution Convolutional
Neural Network

32 STFT Short-Time Fourier Transform

33 SVT Supraventricular Tachycardia

34 VGG Visual Geometry Group

35 WGAN Wasserstein  Generative  Adversarial
Network

36 XAl Explainable Artificial Intelligence
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