Corr.lpute_r Modell.ng N < Tech Science Press
Engineering & Sciences )

D0i:10.32604/cmes.2025.071512

ARTICLE Check for

updates

Quantum Genetic Algorithm Based Ensemble Learning for Detection of Atrial
Fibrillation Using ECG Signals

Yazeed Alkhrijahl, Marwa Fahim’, Syed Muhammad Usman’, Qasim Mehmood’,
Shehzad Khalid"”", Mohamad A. Alawad' and Haya Aldossary’

'Department of Electrical Engineering, Imam Mohammad Ibn Saud Islamic University (IMSIU), Riyadh, 11432, Saudi Arabia
*Department of Creative Technologies, Faculty of Computing and Artificial Intelligence, Air University, Islamabad, 44000, Pakistan

*Department of Computer Science, Bahria School of Engineering and Applied Sciences, Bahria University, Islamabad, 44000,
Pakistan

4Computer and Information Sciences Research Center (CISRC), Imam Mohammad Ibn Saud Islamic University (IMSIU), Riyadh,
11564, Saudi Arabia

>Department of Computer Engineering, Bahria School of Engineering and Applied Sciences, Bahria University, Islamabad, 44000,
Pakistan

6Computer Science Department, College of Science and Humanities, Imam Abdulrahman Bin Faisal University, Jubail, 31961,
Saudi Arabia
*Corresponding Author: Shehzad Khalid. Email: shehzad@bahria.edu.pk

Received: 06 August 2025; Accepted: 23 October 2025; Published: 26 November 2025

ABSTRACT: Atrial Fibrillation (AF) is a cardiac disorder characterized by irregular heart rhythms, typically diagnosed
using Electrocardiogram (ECG) signals. In remote regions with limited healthcare personnel, automated AF detection
is extremely important. Although recent studies have explored various machine learning and deep learning approaches,
challenges such as signal noise and subtle variations between AF and other cardiac rhythms continue to hinder accurate
classification. In this study, we propose a novel framework that integrates robust preprocessing, comprehensive feature
extraction, and an ensemble classification strategy. In the first step, ECG signals are divided into equal-sized segments
using a 5-s sliding window with 50% overlap, followed by bandpass filtering between 0.5 and 45 Hz for noise removal.
After preprocessing, both time and frequency-domain features are extracted, and a custom one-dimensional Con-
volutional Neural Network—Bidirectional Long Short-Term Memory (ID CNN-BiLSTM) architecture is introduced.
Handcrafted and automated features are concatenated into a unified feature vector and classified using Support Vector
Machine (SVM), Random Forest (RF), and Long Short-Term Memory (LSTM) models. A Quantum Genetic Algorithm
(QGA) optimizes weighted averages of the classifier outputs for multi-class classification, distinguishing among AF,
noisy, normal, and other rhythms. Evaluated on the PhysioNet 2017 Cardiology Challenge dataset, the proposed method
achieved an accuracy of 94.40% and an Fl-score of 92.30%, outperforming several state-of-the-art techniques.

KEYWORDS: Quantum genetic algorithm; AF detection; heart disease; ECG signals; CNN; LSTM

1 Introduction

Cardiovascular disease is an imminent threat to life and health today, and it is becoming more common
each year. The diagnosis and prevention of cardiovascular disease must therefore be a top priority. Cardiac
problems can be analyzed using Electrocardiogram (ECG) signals. Atrial Fibrillation (AF) is a type of heart
arrhythmia in which a patient undergoes an irregular heartbeat. If untreated in a timely manner, this AF
can lead to heart failure in the worst case. According to the published guidelines on AF set forth by the

@ Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits

unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



https://www.techscience.com/journal/CMES
https://www.techscience.com/
http://dx.doi.org/10.32604/cmes.2025.071512
https://www.techscience.com/doi/10.32604/cmes.2025.071512
mailto:shehzad@bahria.edu.pk

2340 Comput Model Eng Sci. 2025;145(2)

Heart Rhythm Society (HRS) [1], implementing a rhythm control strategy in conjunction with rate control
can significantly improve symptoms. In remote areas, where only a few radiologists are available and there
is a lack of sufficiently experienced cardiologists, automated detection of AF becomes extremely important.
Researchers [2-4] have proposed different methods for automated detection of AF and other arrhythmias.
With timely detection of AF, therapeutic measures can be taken for the prevention of heart attacks [5,6].

Most of the current research focuses on a binary classification between healthy participants and AF
subjects. It is projected that more than 12 million people in Europe and America have AF, and that number
is expected to increase in the following 30 to 50 years [7]. Despite the scale of the issue, AF detection is still
a challenge since it may be episodic. AF detectors may be thought of as falling into one of two categories,
having approaches based on ventricular response analysis or atrial activity analysis. The examination of the
lack of P waves or the presence of fibrillation f waves in the TQ interval is the foundation for atrial activity
analysis-based AF detectors. The R-peak, which has a highly noticeable large amplitude as a feature in the
ECG and whose detection can be much more noise-resistant, is where RR intervals are formed. Therefore,
this method could be more suited for automated, real-time AF detection [8-11]. A variation of the peaks (P,
Q, R, S, and T) or inconsistency in the ECG signals or segment intervals indicating an irregular ECG leads
to Cardiovascular Diseases (CVD) [12,13]. The P waves in the ECG signal during AF degrade into a string of
weak fibrillation f waves [14,15].

Researchers [16-20] have proposed various machine learning and deep learning techniques for AF pre-
diction using heart ECG signals. These techniques include Bandpass/Bandstop filters [21-23], Butterworth
filter [24], Wavelet transform [25], Fourier transform [24], and the Pan-Tompkins algorithm [21,25] for
QRS detection from ECG signals. Zhang et al. [24] applied a Butterworth filter for preprocessing to flatten
the frequency in the passband and zero out responses in the stopband. Zhang et al. [24] used the Fourier
Transform for non-periodic signals and for transforming the signal from the time domain to the frequency
domain. The Bandpass filter is used to limit the range of frequencies that may pass through, since the Low-
Pass Filter’s (LPF’s) cutoff frequency is greater than the High-Pass Filter’s (HPF’s) cutoft frequency in [21-23].
Hernandez et al. [25] used the technique of wavelet transformation to create a representation of the signal in
the temporal domain. Handcrafted features include temporal features [21,22,26] and spectral features [21,27].
Multiple frequency bands have been extracted as features by dividing ECG signals [25-28]. Zhao et al. [29]
used Long Short-Term Memory Units (LSTMs) and Convolutional Neural Networks (CNNs), while Hong
et al. [28] and Mukherjee et al. [23] used ensemble learning to differentiate between the classes. Support
Vector Machine (SVM) was used for classification by Garcia et al. [22]. Multiple classes were also classified
using dense networks, CNNs, and Random Forest (RF) models [21,26,27,30].

Recent studies using the same PhysioNet/CinC 2017 single-lead dataset have pushed performance with
diverse pipelines. Zhao et al. [29] fused Temporal Convolutional Networks with ResNet backbones for single-
lead AF detection and reported strong accuracy and F1 scores on the CinC-2017 setting. Zhang et al. [24]
investigated overfitting suppression strategies in deep learning-based AF detection using the same dataset.
For robustness and deployment, Soleimani et al. [31] trained on CinC-2017 and showed that test-time data
augmentation (TTA) improves generalization under cross-domain shifts to a distinct wearable dataset. These
works strengthen the empirical context for AF detection on CinC-2017 and motivate our hybrid feature
extraction method and QGA-optimized ensemble direction.

Automated detection of AF from ECG signals faces multiple challenges. The presence of noise due to
body movements, electrode impedance, and external interference often distorts the ECG signals. Narrow
differences between AF and other cardiac rhythms further hinder reliable detection, especially in multiclass
scenarios. Many existing methods focus only on binary classification. Moreover, existing methods rely only
on on either handcrafted or deep features that limits the ability to capture the full complexity of ECG signals.



Comput Model Eng Sci. 2025;145(2) 2341

Feature level fusion and ensemble classification methods remain underexplored, whereas, most models lack
optimization strategies that effectively combine multiple classifiers. Unlike existing approaches that rely only
on handcrafted features or deep learning models, our work introduces a hybrid feature extraction strategy
and a quantum-optimized ensemble. We performed feature level fusion by concatenating handcrafted
statistical and morphological features with machine learned features extracted using a customized 1D CNN-
BiLSTM. Furthermore, we apply a Quantum Genetic Algorithm (QGA) to dynamically optimize classifier
weights a novel contribution not yet reported in the AF detection literature. Finally, we extend beyond
binary AF detection by addressing four clinically important classes (normal, AE noisy, and other rhythms),
enhancing practical applicability in real-world and remote healthcare scenarios. The specific contributions
of the proposed work are as follows:

o Hybrid feature extraction pipeline: Feature level fusion of handcrafted features with deep CNN-
BiLSTM features for AF detection.

+ QGA-optimized ensemble classifier: Novel application of Quantum Genetic Algorithm for assigning
optimized weights of SVM, RE and LSTM outputs.

o Multi-class classification: Unlike prior binary AF methods, our framework classifies four rhythms
(normal, AF, noisy, and other arrhythmias).

+ Clinical robustness: Demonstrate state-of-the-art accuracy (94.40%) and Fl-score (92.30%) on Phys-
ioNet 2017 dataset.

2 Proposed Methodology

In this research, we propose a novel QGA based ensemble method for the automated detection of AF
using single-lead ECG signals. Our proposed method includes data acquisition, preprocessing of ECG signals
to remove multiple types of noise, feature extraction of both types, i.e., handcrafted as well as automated
machine learned features, and ensemble classification among AF, noisy, normal, and other rhythms.

2.1 Dataset Description

We used the publicly available PhysioNet/Computing in Cardiology Challenge (CinC) 2017 dataset in
this research. The dataset contains 12,186 single-lead ECG recordings, whereas, each recording lasts for 9 to
61 s. ECG signals have been sampled at 300 Hz, and annotated by clinical experts into four categories, i.e.,
Normal (5154 recordings), Atrial Fibrillation (771 recordings), Other Rhythms (2557 recordings), and Noisy
signals (46 recordings). The CinC dataset is imbalanced, with the AF and noisy classes being significantly
smaller than the normal class. To address this and ensure fair evaluation, we used the overlaping window with
50% overlap for segmentation of ECG signals into equal length segments. We used k fold cross validation
for splitting the ECG signals into train and test with value of k equals to 10. Brief description of the dataset
used in this research is presented in the Table 1.

Table 1: Description of dataset used in this research

Channels Subjects Sampling rate Normal AF Other rhythm Noisy
Single channel 09 300 Hz 5154 771 2557 46

After data acquisition, we segmented ECG signals into equal-length samples using an overlapping
window of 5 s with an overlap of 2.5 s. A second-order Butterworth bandpass filter was then applied with
cutoff frequencies of 0.5 and 45 Hz to remove the high-frequency components that are susceptible to noise
and to eliminate power line interference from the ECG signals. The Fast Fourier Transform (FFT) was then
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applied to convert the time-domain signals into frequency-domain signals. A comprehensive feature vector
was extracted by concatenating features from a customized one-dimensional CNN architecture and statistical
features in both the time and spectral domains. This feature vector was then passed to three classifiers,
including SVM, LSTM, and RE The QGA was employed to assign weights to the outputs of these three
classifiers for the final decision among four classes, i.e., AF, normal, noisy, and other rhythms. Fig. 1 shows
the flow diagram of the proposed novel method for the classification of AF, normal, other rhythms, and noisy
classes in ECG signals.

Butterworth Bandpass Filter .
s 05 Seconds : . Fast Fourier
Data Acquisition . . with cutoff frequencies of 0.5 to
Overlapping Window Transform

45Hz

T 15 Support Vector _Atrial

I~ Temporal Features §‘ Machine [ 2 Fibrillation
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Figure 1: Flow diagram of the proposed novel method for classification of atrial fibrillation, normal, other rhythms and
noisy classes in ECG signals

2.2 Preprocessing

ECG signal X = [xi,...,x,] is fed into the model as input which produces labels O;, where I €
(N; O; A; ~), corresponding to normal, others, AF, and noise classes, respectively. Fast Fourier Transform
(FFT) is applied to transform the signal into frequency domain where bandpass filter is used to remove noise
and the signal is converted back into time domain using inversion Fourier transform. The data duration can
range in length from 30 to 60 s. ECG signals are first resampled to 300 Hz followed by baseline drift, by
applying the Butterworth bandpass filter with cutoff frequencies of 0.5 and 45 Hz to generate the baseline
drift signal is then subtracted from the original signal to attain the baseline reformed signal. ECG signals are
divided into segments of equal length using an overlapping window of 05 s with 50% overlap. Computation
of the window is done as follows:

Window = window size x sampling rate (1)

There are 9000 and 18,000 samples in each signal, due to having a different number of signal lengths,
preprocessing mandatory in such situations. Due to the difference in each signal length, we have applied
the Butterworth filter and segmentation to gain the right and equal lengths. For this purpose, we take both
the order of 2 and 4, but their results are not that much different except for the computational time. To
systematically validate this choice, we conducted additional experiments varying both the filter order (24,
4th and 6th) and the window size (3, 5, and 7 s, each with 50% overlap). The results confirm that the ond
order Butterworth filter offers similar or slightly better classification performance compared to higher-order
filters, while requiring less computation. Moreover, the 5-s window size achieved the best balance between
classification accuracy and robustness, outperforming both shorter (3 s) and longer (7 s) windows. Based on
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this evidence, we selected the 2" order Butterworth filter and a 5-s overlapping window for all subsequent
experiments. Fig. 2 shows the filtered ECG signal. One of the most popular categories of digital filters is
the Butterworth filter. They have a well-known flat frequency response and were first put forth in 1930.
w. =1rad/s is the normalized cut-off frequency having the Butterworth filter has the following definition
for its magnitude-squared function:

1
1+ w?

|H(w)]* = (2)

The FFT operates on s[m] to produce a frequency domain representation F[r], where r is the index of
the frequency components. The FFT of the discrete signal is expressed as:

_ j2mrm

M-1
F[r]:Zs[m]-e M forr=0,1,2,..., M -1 (3)
m=0

To recover the original signal in the time domain from its spectral components, the inverse FFT is
applied, defined as:
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Figure 2: Filtered ECG signal

2.3 Feature Extraction

We compute statistical measures including mean, standard deviation, and degree of peakness or
flatness, skewness, and kurtosis. These calculations are very helpful for detecting irregular heart rhythms,
known as cardiac arrhythmia. To detect cardiac muscle injury, the morphological parameters of ECG
signals can be extracted, such as the area, perimeter, and compactness of the QRS complex. Time-domain
research analyze signal fragments in the time-domain directly. Frequency-domain features are extracted after
conversion of time-domain signals to frequency-domain signals using the Fourier transform. Techniques
for morphological feature extraction are peak detection, for example, recognizing peaks, troughs, and other
noteworthy ECG waveform features, and template matching to extract distinguishing characteristics and
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compare the ECG waveform with established templates. Moreover, segment the ECG waveform into separate
sections to illustrate the various components.

1 M
Y= mZ: ylm] (5)
o’ = L % 1-9)? (6)

YT M-14
0> Ema(y[m] - 7)° -
y (0y)°

1 M o\

o = 2 Zmzl(y[T] b )
(0y)

¥ = median(y[1], y[2],..., y[M]) 9)

Assume Y (v) is the Fourier transform of y(t).
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Spectral Median = median(|Y (1)|, |Y(2)],..., |Y(L)]) (14)

Handcrafted features provide important information for classification between different classes used
for AF detection. The mean amplitude reflects the baseline ECG level and can indicate signal shifts due to
electrode placement or noise. Variance/ standard deviation capture beat-to-beat variability, which is often
increased in case of atrial fibrillation due to irregular ventricular response. Skewness and kurtosis measure
the asymmetry and peakedness of the ECG waveform distribution. Abnormal values of skewness and kurtosis
may correspond to distorted QRS complexes or the absence of distinct P-waves. Similarly, in the frequency
domain, the spectral centroid reflects the average frequency content, which tends to shift upward in noisy
or fibrillatory signals. Spectral skewness and spectral kurtosis provide irregular distributions of frequency
energy, commonly observed when AF disrupts normal periodicity. The spectral median provides a robust
marker of frequency balance and helps in classification between different rhythms and AE These features
are concatenated together and provide morphological and spectral fluctuations that help in classification of
atrial fibrillation and other arrhythmias. A summary of the extracted features and their diagnostic roles is
provided in Table 2.
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Table 2: Summary of extracted features from time and frequency domains

Domain Feature Description/Role
Time-domain Mean (u) Average signal amplitude; reflects baseline ECG level. x[n] =
ECG sample, N = number of samples.
Time-domain Variance (0%) Measures variability/spread of the signal; higher variance
indicates irregular heartbeat fluctuations.
Time-domain Skewness (S) Asymmetry of signal distribution; captures morphological
irregularities.
Time-domain Kurtosis (K) Peakedness/flatness of distribution; distinguishes sharp QRS
complexes from flatter segments.
Time-domain Median (M) Robust measure of central tendencys; less sensitive to outliers
compared to mean.
Frequency-domain  Spectral centroid Indicates the “center of mass” of spectral energy; balance of
low vs. high frequencies.
Frequency-domain Variation Relative variability of spectral energy; detects instability in
coefficient frequency distribution.
Frequency-domain  Spectral skewness Measures asymmetry in spectral distribution; highlights

dominance of certain frequency bands.
Frequency-domain  Spectral kurtosis ~ Detects sharp concentration vs. spread of frequency energy;
helps differentiate noisy vs. structured signals.
Frequency-domain  Spectral median Frequency value below which 50% of spectral energy lies;
robust indicator of spectral balance.

To overcome the challenges presented by low ECG data signal’s verbose nature in time series analysis,
we propose a model utilizing both deep convolutional strategies and BiLSTM models to produce effective
feature extraction. Architecture of the proposed custom CNN-BiLSTM list of trainable and non-trainable
parameters is shown in Table 3. In a CNN, there are shared weights across local receptive fields. Gaussian
noise is added to the training set, in order to improve accuracy, so it will perform well if the outlier arrives
on the testing set and to enhance the accuracy and resilience of the proposed classifier, various techniques
have been employed.

R-1

ZJ(P) _ g(z 95?) -u](-f;l) " /3(?)) (15)

r=0

(

where sz ) is the activation at the jth position of the pth layer, ulfy

jir s the input from the previous layer at

position j + 7, 6% ) is the rth weight of the pth layer’s kernel, 8(?) is the bias, R is the filter size, and g is a

nonlinear activation function.

Table 3: Description of layer wise trainable and non trainable parameters of the proposed customized IDCNN-BiLSTM
Model

Layer Output shape Parameters
ConvlD None, 1490, 32 384
MaxPooling None, 745, 32 0

(Continued)
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Table 3 (continued)

Layer Output shape Parameters
Dropout None, 745, 32 0
Batch normalization None, 745, 32 128
ConvlD None, 738, 64 16,448
MaxPooling None, 369, 64 0
Dropout None, 369, 64 0
Batch normalization None, 369, 64 256
BiLSTM None, 64 24,832
Dropout None, 64 0
Dense None, 64 4160
Dropout None, 64 0
Dense None, 32 2080
Dropout None, 32 0
Dense None, 4 132

Total parameters: 42,308

Trainable parameters: 42,116

The LSTM network operations for a given time step s are:

Forget gate:
¢s = 0(Uy - [qe-1,vs] +11¢)
Input gate:

ls = U(Ui : [qs—l’ VS] + ]71)

MS = tanh(Um * [qg—b Vs] + 77m)

Cell state update:
Ms = ¢s'Ms—1+ls'Ms
Output gate:

ws = U(Uo : [QS—lx Vs] + ’70)
qs = w; - tanh( M)

2.4 Classification

(16)

(17)
(18)

(19)

(20)
(21)

After feature extraction, we passed the feature vector to three different classifiers including SVM, LSTM
and RE Output of these classifiers is then assigned a unique weight using QGA to classify the segments into
four classes. Classical Genetic Algorithms (GA) are widely used for optimization problems, but they often
suffer from premature convergence and slow exploration of large solution spaces. The Quantum Genetic
Algorithm (QGA) enhances GA by introducing principles of quantum computing. In QGA, each gene is
represented as a qubit that can exist in a superposition of states, allowing multiple potential solutions to
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be explored simultaneously. Quantum operations such as rotation gates and probability amplitude updates
adjust the qubits adaptively, ensuring a more diverse search and reducing the risk of being trapped in local
optima. This global search capability makes QGA particularly suitable for complex optimization problems
such as assigning optimal weights to ensemble classifiers. QGA is a probabilistic search algorithm for
optimization that is more intelligent, efficient, and adaptive. The optimization involves using qubits to
characterize genes, utilizing quantum information to make all possible information exist, and incorporating
quantum concepts such as quantum states, quantum revolving gates, quantum state characteristics, and
probability amplitudes into fundamental genetic algorithms. Among the genes expressed by qubits, it
possesses strong uncertainty, compensating for low randomness and tendency to fall into the local optimum
of common genetic algorithms.

Often, complex problems that would take a lifetime to solve, can be solved with the help of Genetic
Algorithms (GAs) to obtain optimal or nearly optimal solutions. In research and machine learning, as well
as in solving optimization problems, these are widely employed. Finding the input values so that we obtain
the “best” output values is referred to as optimization. Although the term "best” has different meanings for
different problems, in mathematics it means maximizing or minimizing one or more objective functions by
changing the input parameters. Similarly to classical genetic algorithms, QGA has the advantage of utilizing
quantum principles for more effective solution space exploration, and QGA can be used to solve classification
problems. The classifier serves as the fitness function after the population has been initialized and decoded.
The solution’s individual is put through a crossover mutation process called selection.

The primary procedures and characteristics of their non-quantum equivalents are shared by quantum
evolutionary algorithms. In machine learning, weights are frequently connected to a model’s parameters.
GA uses selection to enhance populations, while QGA uses rotation to change individuals towards best
fitter states. Some QGA use roulette or elite selection to avoid premature convergence. Taking advantage of
quantum parallelism, QGA computes multiple outcomes at once. This is helpful when solving optimization
problems. The same set of problems that the traditional genetic algorithm can be used to solve can also be
solved with this algorithm, but because of quantum parallelization and quantum state entanglement, the
evolutionary process can be accelerated considerably. A global search for a solution with a fast convergence
and a low population value is made possible by the evolutionary algorithm and the probabilistic mechanism
of quantum computations. The efficiency of these algorithms has been shown to resolve issues in signal
processing, image processing optimization, combinatorial and functional optimization, and many other
areas. Algorithm 1 presents all the steps performed by QGA. In our framework, QGA is used to dynamically
optimize the weights assigned to the outputs of SVM, RE and LSTM classifiers. Instead of relying on static or
heuristic weight assignment, QGA adaptively learns the optimal combination that maximizes classification
performance across all four classes (AF, normal, noisy, and other rhythms). This ensemble classification using
QGA based optimized weights enable the use of strengths of the base learners resulting in improved accuracy
and robustness against noise. The quantum population size in the proposed GQA was set to 40 individuals,
each represented by qubits. The maximum number of generations was fixed at 100, or earlier if convergence
occurred. The quantum rotation angle §6 was initialized at 0.05 radians and adaptively updated during
evolution to balance exploration and exploitation. A mutation probability of 0.01 was applied to preserve
population diversity. The fitness function was defined using the weighted Fl-score of the ensemble on the
validation subset. The termination condition was satisfied either upon reaching the maximum number of
generations or when no significant improvement in fitness was observed for 10 consecutive iterations.
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Algorithm 1: Quantum genetic algorithm steps

Quantum Computing:

Initialize a quantum population Q(0)

Map the quantum population Q(0) to a classical population P(0) using a measurement process

Repeat the following steps until termination condition is met:
Increase counter: a < a +1
Apply rotation Q-gate
Apply mutation Q-gate

Classical Computing:

Evaluate P(0)

Evaluate P(t) after each iteration

3 Results and Discussion

In this research, we performed experiments on the Physionet CniC 2017 dataset. Table 4 presents the
ablation study performed by varying different approaches of preperocessing, feature extraction and classi-
fication. In the ablation study conducted for the detection of heart disease using ECG signals, a systematic
evaluation of various preprocessing, feature extraction, and classification techniques was performed. Results
presented in the Table 4 shows the performance of experiments with varying approaches of preprocessing,
feature extraction and classification. It can be observed from the results obtained from the experiments that
no preprocessing resulted in lower classification performance with the baseline classification models like
RE, SVM, and LSTM. When combining with preprocessing, these models achieved modest accuracy and
F1 scores using the handcrafted features which shows that handcrafted features can provide discrimination
between different classes for AF detection. Introducing bandpass filtering as a preprocessing step resulted
in a improved accuracy and F1 score when used with an SVM classifier. This indicates that bandpass filter
increases the signal to noise ratio by removing noise from ECG signals. In this way, more distinct features
can be extracted that provides high interclass variance for classification between different classes. Inclusion
of Fourier transform along with bandpass filter improved the performance of classifier.

Table 4: Results of ablation study performed by varying approaches of preprocessing, feature extraction and
classification

Preprocessing Feature extraction = Classification Accuracy F-1 score
No preprocessing Handcrafted features RF 72.3 65.39
No preprocessing Handcrafted features SVM 75.4 71.67
No preprocessing Handcrafted features LSTM 74.12 70.35

Bandpass filter Handcrafted features SVM 76.38 72.68
Fourier transform Handcrafted features SVM 76.52 71.6

Bandpass filter, Handcrafted features SVM 77.21 73.51
Fourier transform

Bandpass filter, 1IDCNN SVM 78.62 74.13
Fourier transform

Bandpass filter, IDCNN, BiLSTM SVM 85.6 79.37
Fourier transform

Bandpass filter, Handcrafted features, SVM 87.9 84.6
Fourier transform IDCNN, BiLSTM

(Continued)
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Table 4 (continued)

Preprocessing Feature extraction Classification  Accuracy F-1score

Bandpass filter, Handcrafted features, LSTM 88.1 85.3
Fourier transform 1IDCNN, BiLSTM

Bandpass filter, Handcrafted features, Ensemble 94.40 92.30
Fourier transform 1DCNN, BiLSTM Classifier

The combined preprocessing method and handcrafted features with SVM classifier outperformed the
other experiments with no preprocessing. This underscores the complementary nature of the time-frequency
domain transformations in capturing salient features of the ECG signals. Table 5 presents the ablation
studies performed by varying different order of filters and window length. The 2nd-order Butterworth
filter with a 5-s overlapping window achieved the better accuracy. Fig. 3 shows the confusion matrix of the
proposed method. ROC curve of four classes is presented in Fig. 4 whereas, Fig. 5 presents results obtained
by varying the number of epochs. After performing the ablation study, we propose a hybrid feature vector
that concatenates both handcrafted features and automated features extracted from a custom IDCNN-LSTM
architecture. This comprehensive feature set consists of high interclass variance, therefore, helps in accurate
classification between AF and normal rhythms than traditional single-method approaches. The integration
of SVM, RE and LSTM into a single ensemble classifier, optimized by a QGA also contributes towards
accurate classification. The QGA uses principles of quantum computing to efficiently explore and optimize
the solution space, enhancing the ensemble’s decision-making capabilities. This optimization allows the
ensemble to effectively combine the strengths of its constituent classifiers, leading to higher accuracy and
stability across varied test conditions.

Table 5: Effect of butterworth filter orders and window sizes on classification performance

Filter order Window size (s) Accuracy (%) Fl-score (%) Sensitivity (%) Specificity (%) AUC

2nd Order 3 (50% overlap) 91.8 89.6 88.9 92.4 0.94
2nd Order 5 (50% overlap) 94.4 92.3 91.5 94.9 0.96
2nd Order 7 (50% overlap) 93.1 90.7 90.2 93.8 0.95
4th Order 3 (50% overlap) 91.5 89.2 88.6 92.0 0.93
4th Order 5 (50% overlap) 94.1 91.9 91.2 94.5 0.95
4th Order 7 (50% overlap) 92.9 90.5 90.0 93.6 0.94
6th Order 3 (50% overlap) 91.4 89.1 88.5 91.9 0.93
6th Order 5 (50% overlap) 93.9 91.7 91.0 94.3 0.95
6th Order 7 (50% overlap) 92.7 90.3 89.8 93.4 0.94

The proposed 1D Convolutional Neural Networks (IDCNN) for automated feature extraction from
the flatten layer and classification with SVM showed an improved performance over handcrafted features.
This shows that the automated features extracted from IDCNN have increased interclass variance than
handcrafted features. A significant improvement in performance was observed with the combination of
bandpass filtering, Fourier Transform, and the integration of both IDCNN and BiLSTM as feature extractors,
followed by classification with SVM. The BiLSTM likely captured temporal dependencies in the ECG signals,
providing a more comprehensive feature set for the SVM classifier to operate on. The highest accuracy and F1
score were achieved by the ensemble classifier that utilized all the combined preprocessing and feature level
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fusion of handcrafted and automated features. This concludes the benefit of combining multiple models and
techniques, which can capture a broad range of signal characteristics and reduce the likelihood of overfitting
to noise or specific artifacts within the ECG data.
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Accuracy and F-1 Score of the Proposed Method Over Different Epochs
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Figure 5: Results with difference Epochs

To assess the computational feasibility of our framework, we analyzed both the theoretical time
complexity and practical runtime. The preprocessing stage, including bandpass filtering and FFT/iFFT
transformations, operates in O(N log N') where N is the number of ECG samples, while handcrafted feature
extraction requires only O(N). The CNN-BiLSTM feature extraction contributes a complexity of O(k -
m - d), where k is the kernel size, m is the number of filters, and d is the input sequence length, and the
LSTM classifier incurs a cost of O(d - h*) with h hidden units. The QGA-based ensemble optimization has
a complexity of O(P - G - C), where P is the quantum population size, G is the number of generations, and
C is the cost of evaluating the base classifiers. In practice, our implementation with a population size of 40
and 100 generations converged within 3-5 min during training. On an NVIDIA RTX 3080 GPU with 64 GB
RAM, the complete training process required approximately 2.5 hfor 10-fold cross-validation, whereas the
inference stage classified each 30-s ECG recording in under 0.15 s. These results indicate that the proposed
model, despite incorporating deep learning and QGA optimization, remains computationally efficient and
suitable for near real-time deployment in clinical and wearable healthcare scenarios.

Table 6 presents the comparison of the results achieved by the proposed method with state of the art
methods of AF detection using ECG signals. The proposed method outperforms in terms of both accuracy,
F1 score and ROC curves than existing models. The robustness of this method suggests it could be highly
effective in clinical settings, providing reliable AF detection crucial for timely and accurate diagnosis and
treatment. The proposed method could be utilized in real time settings as well for wearable devices of
AF detection. This capability could transform how cardiac conditions like AF are managed, enabling early
intervention and ongoing patient monitoring in everyday settings. It is important to note that, to the best of
our knowledge, this is the first work applying QGA-based optimization to ensemble AF detection. Moreover,
the combination of handcrafted and a cutomized 1IDCNN for automated features within a multi-class
classification framework further distinguishes our approach from prior binary AF models.



2352 Comput Model Eng Sci. 2025;145(2)

Table 6: Comparison of the existing methods with the proposed model

Method Preprocessing Method Result
Soleimani et al. [31] Down-sampling TTA Fl-score: 76.6%
(2025)
Zhao et al. [29] (2024) Segmentation Temporal Convolutional Fl-score: 87%
Networks (TCN)-ResNet
Bui et al. [32] (2023) Down-sampling Deep Neural Network  Fl-score: 83.1% Fl-score:
(DNN) 82.6%

Nguyen et al. [33] (2021) Segmentation CNN-SVM Fl-score: 85%
Cheng et al. [34] (2021) Median-Filter CNN-Bi-LSTM Acc:89.3% Fl-score: 89.1%
Duan et al. [35] (2021) ECG CNN/DNN Acc:31.2% Fl-score: 50%

resampling+Segmentation
Ping et al. [36] (2020)  Normalization+Cropping CNN-LSTM Fl-score: 89.55%
Mukherjee et al. [23] Bandpass Filter, Ensemble Fl-score:82%
(2019)
Hernandez et al. [25]  Wavelet decomposition+ ANN Fl-score:64%
(2018) Pan-Tompkins’s
Rubin et al. [27] (2018) QSA DNN Fl-score:82%
Sopic et al. [26] (2017) Pan-Tompkins’s RF Acc: 80%
algorithm
Proposed Method FFT Transformation 1D-CNN-BLSTM Acc: 94.40% Fl1-score:
(2025) 92.30%

Despite its strengths, the method requires further validation on larger, diverse datasets for real time
applications. Additionally, considerations for computational efficiency and the practical implementation of
QGA in wearable devices need to be addressed in future developments. This study sets a new standard for AF
detection through its innovative use of hybrid feature extraction and quantum-optimized classification. Its
implications for enhancing diagnostic accuracy and expanding the capabilities of wearable cardiac monitors
highlight its significant impact on the field of cardiac health monitoring and patient care.

4 Conclusion and Future Directions

In this research, we propose a novel ensemble learning method for classification of ECG signals for
AF detection. The proposed algorithm efficiently removes noise from ECG signals and extracts meaningful
features, enabling reliable classification. Our proposed method integrates handcrafted features with a CNN-
BiLSTM architecture and demonstrated improved classification performance, achieving an accuracy of
94%. It can be used for multiple applications, including wearable devices such as pacemakers and portable
ECG monitoring stations, for analyzing data in real time to support timely medical interventions. While
CNN-based architectures are effective, they involve parameter tuning and computational cost. Hybrid
models may provide more accurate solutions but require further optimization for resource-constrained
devices. Future research will focus on testing these models on larger datasets to evaluate their robustness
over extended periods. Expanding the classification framework to include a wider variety of arrhythmias,
with appropriate subclassification by medical experts, would further improve diagnostic capability. More-
over, the use of deeper architectures, transfer learning, and real-time monitoring systems integrated into
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wearable technology may advance AF detection and continuous patient monitoring, thereby improving
clinical outcomes.
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