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Atrial fibrillation (AF) detection from electrocardiogram (ECG) signals is
crucial for early diagnosis and intervention. This study presents a multi-
objective optimization approach for AF detection, focusing on feature
extraction, selection, and neural network hyperparameter tuning. The
methodology uses cross-validation during the training of the two
concatenated ECG dataset features and simultaneously minimizes the error
rate on the separate validation folds of each dataset and reduces the number
of selected features, enhancing model generalization and efficiency. Particle
swarm optimization (PSO), grey wolf optimization (GWO), and differential
evolution (DE) algorithms were implemented to navigate this multi-
objective space. While all three algorithms were explored, the final solution,
demonstrating a superior trade-off between accuracy and feature reduction,
was obtained using DE. This approach effectively identifies optimal feature
subsets and neural network configurations, yielding a robust and compact
AF detection model. The proposed approach has shown promising results,
with the model achieving accuracies of 96.38% and 90.69%, and
corresponding area under the curve (AUC) values of 0.99 and 0.96, for the
first and second datasets, respectively, using 10 optimally selected features.
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1. INTRODUCTION

The prevalence of atrial fibrillation (AF) is expected to increase dramatically in the near future [1], it
is the most prevalent type of cardiac arrhythmia and is linked to a five times greater risk of stroke if left
untreated [2]. The early and accurate prediction, screening, and timely intervention are of substantial clinical
importance [3]. While clinical risk scores can help identify susceptible individuals, their predictive accuracy

is limited [4].

The electrocardiogram (ECG) is a widely used tool for diagnosing cardio-vascular conditions.
It captures the electrical activity of the heart through surface electrodes placed on the limbs or chest. Intervals
between different waves contain diagnostic information about heart diseases. The P wave corresponds to
atrial depolarization, the QRS complex indicates ventricular depolarization, and the T wave reflects
ventricular repolarization [5]. The efficacy of automated ECG interpretation could be significantly increased
by the combination of the increasing availability of digital ECG records and the creation of advanced
algorithms designed to analyze large amounts of data [6]. By analyzing the features of these waves,
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abnormalities in a person’s heart function can be detected [7]. Irregular R-R intervals, the lack of clearly
defined, repeating P waves, disorganized and irregular atrial activity are among the key features of
AF detection [8].

The use of machine learning (ML) and deep learning (DL) for AF detection based on ECG signals is
a field of growing interest. A number of studies have explored this domain, Laghari et al. [9] developed a
deep residual-dense network with a bidirectional recurrent neural network (RNN), and achieved 97.72%
accuracy, sensitivity was 93.09%, and specificity was 98.71%. In, Rad et al.[10] introduce a system that uses
a “voting” approach, where the results of six different AF detection algorithms are combined to make a more
accurate final decision in mobile ECG devices, and is evaluated across diverse datasets. Zhao et al. [11]
propose a single-lead ECGs AF classification approach, which consists of using combined temporal
convolutional network (TCN) and residual network architecture. The model achieved a 97% accuracy and an
87% F1-score on the 2017 PhysioNet/CinC dataset.

Jahan et al. [12] evaluating several ML algorithms as support vector machine (SVM), decision tree
(DT), and random forest (RF) for AF using statistical features extracted from ECG signals. The used dataset
for training consists of 23 ten-hour ECG records using leave one group out cross-validation technique, and
the best performing model achieved a sensitivity of 85.67%, specificity of 81.25%, positive predictive value
of 90.85%, false positive rate of 18.75%, and F1-score of 88.18%. Duranta et al. [13] present a novel method
for AF detection combining wavelet transform-based filtering and 24 ECG extracted features as input to the
neural network classifier. Results demonstrate promising performance, achieving accuracies of 96% (receiver
operating characteristic (ROC) 0.95) and 86% (ROC 0.84) on publicly available ECG datasets. Furthermore,
5-fold cross-validation was employed to enhance model robustness, resulting in accuracies of 99% and 90%
for the two datasets.

Metaheuristics offer robust solutions to complex optimization problems in artificial intelligence
(AI). Specifically, this study apply metaheuristics to optimize neural network performance by efficiently
selecting features and tuning hyperparameters. Within wrapper methods, they can be used in selecting
features based on the actual performance of a classifier, distinguishing it from filter methods that utilize
statistical measures [14].

This study aims to perform metaheuristic algorithm optimization, including number of features
minimization and accuracy maximization of two different datasets using proper ECG signal features
extractor, hyper-parameters tuning and features selection techniques, to enhance AF detection. The remainder
of this paper is structured as follows: section 2 provides an overview of the used datasets, details the
preprocessing techniques, and the optimization process steps. Section 3 exposes the experimental setup, the
comparison between results of the three algorithms in terms of computations and quality of solution, and then
the final chosen model’s performance. Section 4 concludes the paper with a summary and outlines potential
directions for future research.

2. METHOD
2.1. Datasets

Figure 1 represents the data splitting, respecting randomness to ensure representative samples and
reduce bias, stratification to maintain class distributions, and a hold out test set for an unbiased evaluation of
the model’s final performance. Two publicly available single-lead ECG datasets are used, the first one is
collected from the website Mendeley data [15], corresponding to ECG signals from 45 patients, classified
into 15 classes of CVD with a sampling frequency of 360 and 10 s as the time of the signal. The second one
is ‘The PhysioNet in cardiology challenge 2017’ [16], and consist of 8,528 single lead data divided into AF,
normal rhythm and other rhythm with a sampling frequency of 300. Both datasets are unbalanced; they were
adapted by Duranta et al. [13] to generate new datasets representing two classes only (AF and normal data).
With the authors' permission, these adapted datasets were used in this study and remain publicly available
through the source link provided in their original paper.

2.2. Preprocessing

Noise during acquisition and transmission frequently compromises the integrity of ECG signals.
This includes baseline wander resulting from patient respiration, power line interference caused by electrical
power sources, muscle artifacts generated by muscle movements, and Gaussian noise rising from poor signal
transmission, all of which are deviations from the ideal of high-quality, noise-free signal [17]. Wavelet
transform denoising is a common technique used in ECG signal processing to improve signal quality. The
Symlet-4 (Sym4) wavelet was selected because its near-symmetrical shape closely mirror the morphological
peaks of an ECG signal. Artifact removal was achieved by discarding the highest frequency detail
coefficients (level 0) to eliminate muscle artifacts and power-line interference, while the lowest frequency
coefficients (levels 3 and 4) were removed to eliminate low-frequency artifacts such as respiratory drift.
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Only the intermediate coefficients (levels 1 and 2), which capture the essential morphological features of the
ECG, were retained for reconstruction. Following ECG signal filtering, P, QRS, and R-peaks were identified,
from which 15 features were derived. Subsequently, standardization was applied to these features to ensure
uniform scaling, enhancing model performance by allowing each feature to contribute equally. Next step is to
select from these features, the ones that characterize the AF, this step is called features selection. This process
has become essential for the development of efficient data mining and ML algorithms [18]. After extracting
features from the training data, and performing the selection, the resulting feature set (same for both datasets)
is concatenated into a single dataset for model training as shown in Figure 2. This approach aims to enhance
the model’s generalization capabilities.

Splitnting

' Dataset 1 Dataset 2
! Training DATA 328 Sample 1375 Sample
] (80%) Normal: 222 Normal: 776
] AFIB: 106 AFIB: 599
DATA i
]
i
. Dataset 1 Dataset 2
H Tt B *  Random
: L R 83 Sample 344 Sample +  Hold Out
i (20%) Normal:pSﬁ Normal: ]1]94 +  Stratified
! AFIB: 27 AFIB: 150
Figure 1. Data splitting
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Figure 2. Datasets concatenation

2.3. Features extraction

In the context of ECG signals, feature extraction involves distilling the signal into a set of clinically
relevant characteristics that can be used for various diagnostic and analytical purposes. For the case study,
we’ll focus on extracting each of the P-wave, R-peak, and QRS complexes as shown in Figure 3, and these
waveforms served as the foundation for deriving the features used in model analysis. R-peaks were detected
using the “find peaks” function from the SciPy library and their number calculated. A minimum distance of
50 samples between detected peaks was implemented to avoid the detection of adjacent peaks. This function
returns the peak heights, from which the mean and standard deviation were calculated. Next would be the
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R-R intervals calculation in the ECG signal, from which the mean, standard deviation, root mean square of
successive differences (RMSSD) of the R-R intervals, and the percentage of successive R-R intervals that
differ by more than 50 milliseconds were obtained.
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Figure 3. ECG signal

P-peaks are detected using the same function, in a 0.1 s window before R-peak. The mean and
standard deviation are determined for each of the P-wave duration and P-wave width, in addition to the
P-wave mean area. For the QRS complex, this study focus on the characteristic QRS intervals, from which
the mean and standard deviation are extracted as features.

2.4. Metaheuristics

Three different metaheuristics are used during this study, Figure 4 represents the general process of
those algorithms. In the particle swarm optimization (PSO) algorithm, particle movement is governed by
velocity updates, which are calculated based on a particle’s current speed, its personal best position, and the
swarm’s global best position. This dynamic adjustment enables the swarm to effectively balance exploring
the search space and exploiting promising areas [19]. Differential evolution (DE) is a population-based
optimization algorithm introduced by Storn and Price [20], that generates new candidate solutions by
combining existing ones. It creates 'mutant’ vectors from vector differences, blends them with ‘target’
vectors via crossover to form ‘trial’ vectors, and selects the fittest for the next generation. The grey wolf
optimization (GWO) emulates the hierarchical hunting strategy of gray wolves, utilizing alpha, beta, and
delta wolves to guide the search. Omega wolves update their positions based on the leaders, simulating prey
encircling and attacking behaviors. This process balances exploration and exploitation, enabling efficient
navigation of complex search spaces by iteratively adjusting wolf positions towards promising regions [21].
Electronic circuit design optimization [22]-[25], metaheuristic-optimized ML to identify security breaches in
Healthcare 4.0 [26], or even metaheuristic algorithms that create optimal daily schedules for home health
care workers by figuring out the best routes and times for their patient visits [27], are a few examples of
metaheuristic use cases in the literature.

Population
Initialzation

[«
Population Fitness
Evaluation

Update Solution based on search
strategy (GWO, PSO, DE)

-~

Termination

Criteria met
?

Output Best Solution

Figure 4. General metaheuristic optimization flowchart

Metaheuristic optimization for atrial fibrillation detection: feature extraction, selection ... (Zaid Nouna)



3882 O3 ISSN: 2252-8938

2.5. Optimization process

As shown in Figure 5, this study opted for simultaneous features selection and hyperparameter
tuning since the optimal set of features often depends on the chosen hyperparameters, and vice versa. By
optimizing these aspects concurrently, the potential for identifying the globally optimal combination is
enhanced. Each individual of the population is divided into a feature selection part and a hyperparameter
selection part. Once the features and the hyperparameters are selected using a metaheuristic algorithm, the
neural network model is built. This study employed 5-fold cross-validation to ensure a robust evaluation of
the model’s performance and to mitigate the risk of overfitting. For each dataset, the average performance is
calculated to enable model evaluation during the iterations of the optimization process and to enable the
metaheuristics to explore the solutions space effectively. To balance performance with clinical utility, this
study assigned a lower weight to feature reduction (0.1) compared to accuracy (0.45) within the cost
function. This deliberate constraint prevents aggressive feature reduction, ensuring the model retains a
respectable number of morphological biomarkers essential for interpretability. By avoiding an overly
minimalist feature set, the framework maintains the transparency and diversity of data needed to generalize
effectively across different patient populations without sacrificing critical diagnostic details. The experiments
are conducted on a system with an ASUS Prime H610M- K motherboard, featuring an Intel 12th Gen Core
15-12400F processor (6 cores/12 threads, 2.5 GHz), 16 GB DDR5-4800 RAM, and Windows 10 Professional
64-bit as the operating system.

FO F1 F2 F14 HO H1 H2 H3
Features probability of existence Coefficients
ool || v |Fla@M 0 [ HL | H2 | H3 —

v v

Thresholding | 0 I 1 | 0| .. | | 1 |

Selected features indexes - Selected Hyperparameters

Figure 5. Solution generation

3.  RESULTS AND DISCUSSION
3.1. Experimental setup

While the neural network’s optimizer, number of epochs, and loss function are fixed at Adam, 20,
and binary cross-entropy, respectively, other optimized hyperparameter ranges are exposed in Table 1. The
input layer is set as the number of features since it is changing through iterations, and the output layer is a
one neuron using sigmoid activation function. Regarding the metaheuristic algorithms, Table 2 resumes the
parameter values, and GWO’s core mechanism automatically handles the convergence factor and the
calculation of “A” and “C” vectors, which are crucial for the encircling and hunting behavior.

3.2. Metaheuristic solutions comparison

Once all parameters are set up, the search for the optimal solution starts. Table 3 represents
computation time for each algorithm. The computation time is generally not changing much between
program runs, which shows that both GWO and PSO have been about 3 times faster than DE.

Table 1. Hyperparameter ranges and types

Hyperparameter Range Type
Learning rate (le-4, le-1) Continuous
Number of layers 2,5) Integer
Number of neurons [8, 16, 24, 32] Categorical
Activation [’relu’, ’sigmoid’, ’tanh’]  Categorical
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Table 2. Metaheuristics parameters

Algorithm Parameter Value

General parameters Number of Iterations 10
Population Size 10

PSO w (Inertia) 1
Wdamp (Damping factor) 0.8

cl (Personal coefficient) 2

c2 (Social coefficient) 2
DE CR (Crossover rate) 0.5
F (Scaling factor) 0.8

Table 3. Computation time comparison
Algorithm GWO PSO DE
Computation time (s)  629.7711  710.6278  2017.6134

The convergence curves of the three metaheuristic algorithms are illustrated in Figure 6.
Numerically, PSO and GWO exhibit superior convergence speed, reaching a lower global minimum within
the first iterations, which suggests high efficiency in minimizing the mathematical cost function. Conversely,
DE displays a slower descent. While this might initially imply lower optimization efficiency, it suggests that
DE avoids premature convergence by performing a more exhaustive exploration of the search space.
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=
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Figure 6. Global minimum convergence

PSO best solution accuracies have achieved 95.18% and 88.66%, area under the curve (AUC) of
0.99 and 0.94, for datasets 1 and 2 successively, using 6 features. GWO best solution has achieved 95.18%
and 87.5% accuracies with an AUC of 0.98 and 0.93, using 5 features. DE best solution has achieved 96.38%
and 90.69% accuracies with an AUC of 0.99 and 0.96, for datasets 1 and 2 successively, using 10 features,
demonstrating the best overall balance across all performance indicators.

3.3. Optimal model

The 10 selected features during the optimization process are detailed in Table 4, and the
corresponding model is a neural network with a ten-node input layer corresponding to the number of features
and a single-neuron output layer, utilizing a sigmoid activation function, which was implemented to produce
a probability score for binary classification. Table 5 shows the selected hyperparameters in the hidden layers
using DE algorithm. For each layer, the same activation function is used in all the neurons.

Using the selected features and the discussed hyperparameters, the neural network model achieved
high performance across both evaluated datasets, as illustrated in the confusion matrices in Figure 7.
Specifically, Figure 7(a) illustrates model’s performance on dataset 1, while Figure 7(b) shows performance
on dataset 2. Although the number of test samples in these subsets is smaller compared to the total training
pool, the consistency of the results across both datasets confirms the model's robustness and generalizability.

Metaheuristic optimization for atrial fibrillation detection: feature extraction, selection ... (Zaid Nouna)



3884 O3 ISSN: 2252-8938

Table 4. DE selected features
Algorithm Selected features
Differential evolution =~ Mean R-R intervals
R-R standard deviation
RMSSD OF R-R intervals
Percentage of successive R-R intervals that differ by more than 50 ms
R mean height
R height standard deviation
P wave duration standard deviation P-wave mean area
P wave width standard deviation
QRS mean interval

Table 5. Hyperparameter values

Hyperparameters Values
Learning rate 0.0174
Number of hidden layers 3
Numbers of neurons [32, 24, 16]
Activation function [’tanh’,’tanh’,’sigmoid’]

True Labels
True Labels

20

1
=]
1

* Predicted Labels ' " Predicted Labels '

(a) (b)

Figure 7. Confusion matrices of (a) dataset 1 and (b) dataset 2

To provide a concise overview of the models' overall performance, Table 6 presents the accuracy,
Fl-score, precision, and recall for each class, while Figure 8 displays the ROC curves evaluating
classification performance. Specifically, Figures 8(a) and 8(b) present the ROC curves for dataset 1 and
dataset 2, respectively. The model demonstrates high diagnostic efficacy, with a consistent AF precision of
90 to 92% and high F1-scores (up to 97%), ensuring reliable classification with few false alarms. In dataset 1,
the system achieved a perfect 100% recall for AF, though this sensitivity slightly decreased to 87% in
dataset 2. These metrics are further supported by the rapid rise of both ROC curves toward the upper-left
coordinate, reflecting high discriminative power, maximizing sensitivity while minimizing false positives.

Table 6. Performance of the model
Dataset ~ Accuracy (%)  Precision (%) Recall (%) F1-score (%)
Normal AF Normal AF Normal AF
Dataset 1 96.38 100 90 95 100 97 95
Dataset 2 90.69 90 92 94 87 92 89

Tables 7 and 8, adapted from [13], present a comparative analysis of AF detection models on
datasets 1 and 2, respectively. This study has extended these tables to include the performance of the
proposed model. As shown, the model achieves an accuracy of 96.38% on dataset 1 and 90.69% on dataset 2,
outperforming the other models. The superior performance of the proposed model is primarily due to the
elimination of manual or standard hyperparameter tuning and fixed feature sets, a common limitation in
existing studies. Instead of relying on human-biased selection, this study utilized DE to perform a global
search for a unified optimal configuration of both features and hyperparameters. By identifying a single set of
parameters that remains highly effective across two independent datasets, this study demonstrate that the
model captures fundamental physiological markers of AF rather than dataset-specific noise. This
dual-optimization approach ensures a more objective, robust, and generalizable diagnostic tool.
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Table 8. Model comparison (dataset 2)

Model Year  Accuracy (%) Model Year  Accuracy (%)
Deep ANN [28] 2020 93.00 16 layer 1-D CNN [31] 2017 82.00
Feedforward NN [29] 2022 84.00 LSTM [32] 2020 78.35
11-layer CNN [30] 2017 94.90 DCNN [33] 2018 71.00
24-Features ANN [13] 2023 96.00 24-Features ANN [13] 2023 86.00
Proposed model 2025 96.38 Proposed model 2025 90.69

4. CONCLUSION

1.0

The main objective of this study is to enhance AF detection based on ECG recordings, by
developing a novel detection model trained on a concatenated dataset, and evaluated on hold out, random and
stratified test sets. The optimization process has been conducted using three different metaheuristic
algorithms, PSO, GWO and DE, that have been compared in terms of solution quality and computation time.
The final selected model demonstrated interesting performances, achieving accuracies of 96.38% and
90.69%, AUC scores of 0.99 and 0.96, on both datasets, surpassing the results reported in previous studies.
This improvement highlights the effectiveness of the feature extraction and optimization methodology. The
successful application of metaheuristic optimization underscores its potential to enhance the accuracy and
reliability of AF detection systems. A promising direction for future research is to explore the model’s
robustness to noise and artifacts in ECG recordings, as well as its performance on larger and more diverse
datasets. This work contributes valuable insights towards the development of more precise and efficient AF

detection technologies.
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