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PAPER

Hybrid Deep Learning Structure for Classifying 
ECG Signals Using CNN, MVO-Based Feature 
Selection, and SVM

ABSTRACT
An accurate and effective heart disease diagnosis through the electrocardiogram (ECG) 
analysis remains the crucial issue in clinical practice due to complexity and nonlinearity of 
ECG patterns, morphological variability, and noise interference. This study proposes a hybrid 
framework that combines a convolutional neural network (CNN) with a support vector 
machine (SVM) for ECG signal classification. In the proposed hybrid model, feature extraction 
was done with CNN. Then, a multi-verse optimizer was used for feature selection. The classi-
fier of the hybrid model is an SVM. The proposed hybrid model is trained and evaluated on 
the standard publicly available QT database (QTDB). Spectrogram and scalogram images gen-
erated from individual ECG beats were used as input to the proposed model. The 512 features 
obtained with spectrogram and scalogram images decreased to 259 features. The same data-
set was used to determine the classification accuracy, which was 99.29% for scalogram-based 
images and 92.12% for spectrogram-based images. This notable enhancement shows that, in 
comparison to spectrograms, scalogram representations offer better distinguish features for 
classification of ECG signals. Moreover, a proposed method outperformed existing techniques. 
A paired t-test confirmed that proposed method significantly improved accuracy compared 
with CNN+SVM (p < 0.0001).

KEYWORDS
convolutional neural network (CNN), electrocardiogram (ECG), feature selection, metaheuristic 
optimization, multi-verse optimizer (MVO), scalogram, spectrogram

1	 INTRODUCTION

Heart failure is a major global health problem affecting millions of people 
and placing a significant burden on healthcare systems [1]. Early and accurate 
diagnosis is essential for effective treatment and improved clinical outcomes. 
Electrocardiography (ECG) is one of the most widely used tools for detecting 
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cardiovascular diseases because it provides a non-invasive assessment of the 
heart’s electrical activity [2]. However, traditional ECG interpretation relies heavily 
on expert analysis and may be affected by subjectivity and human error, leading 
to delayed or inaccurate diagnoses [3]. Recent advances in artificial intelligence 
(AI) and deep learning (DL) have transformed medical diagnosis by enabling 
automated feature extraction and classification from ECG signals. Deep learning 
models, particularly convolutional neural networks (CNNs), have demonstrated 
remarkable performance in analyzing complex ECG data and improving diagnos-
tic accuracy [4], [5], [6]. These approaches offer an efficient and reliable alterna-
tive to conventional methods for the detection and classification of cardiovascular 
diseases. CNN are widely used for image processing and classification because 
they can automatically learn hierarchical features through convolutional, pool-
ing, and fully connected layers. Unlike traditional machine learning methods, CNN 
integrate feature extraction and classification within a single framework, elim-
inating the need for manual feature engineering [7]. However, not all extracted 
features are equally informative, and redundant features may increase compu-
tational complexity while reducing classification performance [8], [9]. Therefore, 
feature selection methods, particularly metaheuristic optimization algorithms, 
are often applied to identify the most discriminative features. Recent studies 
have shown that combining CNN-based feature extraction with feature selection 
and SVM classifiers can improve both classification accuracy and computational 
efficiency [10], [11].

The key contributions and advantages of proposed model are summarized 
as follows:

I.	 This study proposes a hybrid model combining CNN, multi-verse optimizer 
(MVO), and SVM for improved classification of ECG signals.

II.	 Spectrogram and scalogram images from the QTDB database are used as inputs 
for the CNN. This allows for the extraction of time-frequency information. MVO is 
then used to reduce feature size by selecting the most relevant features.

III.	The carefully selected collection of features is sorted using SVM. The research 
looks at how the optimization stage impacts both feature size and categoriza-
tion accuracy.

IV.	This study makes a significant contribution to the field by showing meta-heuristic 
feature selection is effective for ECG spectrogram/scalogram features. It gives an 
applicable hybrid model that can help guide future ECG signal work.

The remainder of this paper is structured as follows: Section 2 provides infor-
mation about the studies carried out in literature. Section 3 provides information 
about the methods used in our research, database, and the MVO algorithm used 
in feature selection. Section 4 discusses the experimental results while Section 5 
presents conclusions along with directions for future work.

2	 RELATED WORKS

Electrocardiogram signal analysis has attracted significant research interest, and 
deep learning-based approaches have increasingly replaced traditional methods 
due to their superior performance in handling large and complex datasets. Shu 
Lih et al. [12] combined CNN and LSTM networks for arrhythmia detection using 
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variable-length heartbeats, achieving improved classification performance, although 
the model was affected by dataset imbalance. Londhe and Atulkar [13] proposed a 
hybrid channel-mix CNN and bidirectional LSTM model for ECG wave segmentation, 
while Nurmaini et al. [14] developed a bidirectional LSTM-based framework for 
automatic ECG waveform delineation. Despite their effectiveness, both approaches 
face challenges related to generalization across diverse ECG datasets. Recent stud-
ies have focused on transforming ECG signals into time-frequency representations. 
Houssein et al. [15] employed wavelet transform-based feature extraction combined 
with Manta Ray Foraging Optimization (MRFO) for arrhythmia classification, while 
Madan et al. [16] utilized CWT scalograms with a CNN–LSTM architecture for auto-
matic arrhythmia recognition. Acharya et al. [17] demonstrated the effectiveness of 
CNNs for myocardial infarction detection, achieving an accuracy of 95.22%. More 
recently, Xiao et al. [18] reported that classification performance often decreases 
under inter-patient evaluation settings, whereas Qiu et al. [19] and Ikram et al. [20] 
improved classification accuracy using transformer-based architectures and CWT 
representations.

Despite these advances, challenges such as signal noise, patient variability, lim-
ited labeled data, and computational complexity continue to hinder real-world 
deployment. To address these limitations, this study proposes a hybrid framework 
that combines CNN-based feature extraction with Multiverse Optimizer (MVO) 
feature selection and support vector machine (SVM) classification for accurate 
discrimination between normal and abnormal ECG signals.

3	 MATERIAL AND METHODOLOGY

This study aims to increase the success rates by selecting the features 
obtained with CNN using the metaheuristic algorithm using scalogram and 
spectrogram images. QTDB was used in our study. Scalogram and spectrogram 
images were obtained from the ECG signals records in this database. Feature 
extraction was performed from these images with the created CNN model, and 
feature selection was made using the MVO algorithm then fed it to SVM for 
classification. Finally, classification accuracies before and after feature selection 
were compared.

3.1	 Dataset description

We used the QT database (QTDB) from the PhysioNet repository [21], which con-
tains 105 ECG recordings with diverse QRS and ST–T morphologies collected from 
multiple established databases. In this study, 28 recordings were selected by taking 
the first four records from each available class in order to balance the dataset, since 
the smallest class contained only four records. This ensured equal representation 
across classes and consistency in the experimental setup. The dataset is organized 
into data and label fields, where data field forms a 28 × 224,999 matrix sampled at 
250 Hz, and the corresponding class labels are provided in label field, as summarized 
in Table 1.
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Table 1. Distribution ECG signal across seven classes in the QTDB

Row Index Range Records IDs Class Name Class Label Records Number

1–4 sel100, sel102, 
sel103, sel104

MIT-BIH Arrhythmia ARR sel100, sel102, 
sel103, sel104

5–8 sel301, sel302, 
sel306, sel307

MIT-BIH ST Change ST sel301, sel302, 
sel306, sel307

9–12 sel803, sel808, 
sel811, sel820

MIT-BIH 
Supraventricular 
Arrhythmia

SVT sel803, sel808, 
sel811, sel820

13–16 sel0104, sel0106, 
sel0107, sel0110

European ST-T ESC sel0104, sel0106, 
sel0107, sel0110

17–20 sel14046, sel14157, 
sel14172, sel15814

MIT-BIH 
Long-Term ECG

LTA sel14046, sel14157, 
sel14172, sel15814

21–24 sel16265, sel16272, 
sel16273, sel16420

MIT-BIH Normal 
Sinus Rhythm

NSR sel16265, sel16272, 
sel16273, sel16420

25–28 sel30, sel31, sel32, sel33 BIH Sudden Death  SCD sel30, sel31, 
sel32, sel33

3.2	 Data preprocessing

The preparation of data for testing and training is done at this step. Initially, a 
converted data store and the resize data helper function are used to segment the 
data. Furthermore, 1-D ECG signals were converted into 2-D colorful scalogram and 
spectrogram images using Continuous Wavelet Transformation (CWT) for scalogram, 
while spectrogram images were created using Short-Time Fourier Transform (STFT).

Data segmentation. Deep learning models such as CNNs require sufficient 
training data; however, very long ECG recordings may increase computational 
cost and lead to overfitting. Therefore, the QTDB, which contains 105 ECG records, 
was utilized in this study, and each record (224,999 samples) was divided into 375 
non-overlapping segments of 500 samples (extra samples were discarded). To main-
tain class balance, four recordings were selected from each ECG class, resulting in 
28 records and a total of 10,500 segments. The dataset was split into 80% for training 
and validation (8,400 segments) and 20% for testing (2,100 segments).

Training, validation, and testing strategy. The generated ECG images were 
divided into training, validation, and testing sets, comprising 72% (7,560 images), 8% 
(840 images), and 20% (2,100 images), respectively. Where the testing set contained 
unseen samples that were not used during model training the model was trained and 
performed using the SGDM optimizer with a learning rate of 0.0001, mini-batch size 
of 16, and 35 epochs. During training, validation was carried out at a frequency of 10 
iterations to monitor performance and reduce overfitting. The final evaluation was 
reported using accuracy, precision, recall, F1-score, specificity, and confusion matrix.

Spectrogram and scalogram images. Traditional ECG classification methods 
often rely on one-dimensional signals that are sensitive to noise and require 
extensive preprocessing [22]. In this study, ECG segments were transformed into 
two-dimensional color spectrograms and scalograms to provide richer time–
frequency information [23]. Spectrograms were generated using the Short-Time 
Fourier Transform (STFT) [24], while scalograms were obtained using the Continuous 
Wavelet Transform (CWT) [25–27], which is well suited for analyzing non-stationary 
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ECG signals. Both image types were resized to 227 × 227 × 3 to match the CNN input 
requirements. Examples of the generated images are shown in Figure 1.

Fig. 1. Sample Arrhythmia (ARR) images from the database  
(a) 1D ECG segment (b) spectrogram (c) scalogram

3.3	 Proposed method

The proposed framework integrates a CNN for deep feature extraction, the 
Multiverse Optimizer for feature selection, and a SVM for final classification, as 
illustrated in Figure 2. The CNN automatically learns discriminative representations 
from ECG time–frequency images, while MVO removes redundant features and 
selects the most informative subset. The selected features are then provided to the 
SVM to achieve robust multi-class classification.
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Fig. 2. System architecture method combining CNN, MVO, and SVM

Adopted CNN architecture consists of five convolutional layers, three max-pooling 
layers, and a flattening layer for feature vector generation. Spectrogram and scalo-
gram images are resized to 227 × 227 pixels before being fed into the network. The 
first convolutional layer employs 64 filters (kernel size 11 × 11, stride 4 × 4) followed 
by ReLU activation and a 3 × 3 max-pooling layer with stride 2. The second layer uses 
128 filters (stride 1) followed by ReLU and max-pooling (3 × 3, stride 2). The third 
and fourth layers apply 256 filters each, while the fifth layer uses 128 filters, with 
ReLU activation in all convolutional layers. Finally, a third max-pooling layer (3 × 3, 
stride 2) is applied and the resulting feature maps are flattened to produce the deep 
feature vector. This hybrid CNN+MVO+SVM structure combines the advantages of 
deep feature learning, metaheuristic feature selection, and margin-based classifi-
cation. Compared with Genetic Algorithms (GA), MVO provides an effective balance 
between exploration and exploitation, enabling improved feature subset selection. 
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To reduce overfitting and enhance generalization, dropout (0.5) and normalization 
were applied, and the training settings are summarized in Table 2.

Table 2. Parameter tuning of proposed model

Component Parameter Value

CNN Input Image size 227 × 227 × 3

CNN Architecture Convolution filters(Conv1-Conv5) 64, 128, 256, 256, 128

CNN Architecture Filter sizes 11 × 11 (Conv1), 5 × 5 (Conv2),  
3 × 3 (Conv3–Conv5)

Pooling Pool size/Stride 3 × 3/2

Activation Function ReLU

Fully Connected Layers Neurons 512, 512

Dropout Rate 0.5

Training Optimizer SGDM

Training Learning rate 0.0001

Training Mini-batch size 16

Training Epochs 35

Feature Extraction Layer FC7

3.4	 Algorithm of the proposed framework

To ensure clarity and reproducibility, the complete procedure of the proposed 
hybrid CNN+MVO+SVM framework is summarized in Algorithm 1. The work-
flow includes ECG segmentation, time–frequency image generation, deep feature 
extraction, feature selection, and final classification.

Algorithm 1: Proposed CNN+MVO+SVM Classification

Input: QTDB ECG recordings (28 records, 7 classes × 4 records).
Output: Predicted ECG class label (7 classes).
1.	Load data: Import ECG signals and labels from QTDB.
2.	Segmentation: Split each record (224,999 samples) into 375 non-overlapping segments of 500 samples 

(total = 10,500 segments).
3.	Time–frequency images: For each segment, generate:

•	 Spectrogram (STFT): window = 64, overlap = 60, NFFT = 128, fs = 250 Hz.
•	 Scalogram (CWT): |CWT| using MATLAB CWT filter bank. Resize all images to 227 × 227 × 3.

4.	CNN feature extraction: Train the CNN using SGDM (lr = 0.0001, batch = 16, epochs = 35, 
dropout = 0.5) and extract deep features from the flatten layer.

5.	Feature selection (MVO): Apply binary MVO (population = 10, iterations = 30; WEP: 0.2→1.0, p = 6) 
to select the most informative features.

6.	Classification: Train a multi-class SVM using the selected features and predict the ECG classes.
7.	Evaluation: Report accuracy, sensitivity, specificity, F1-score, and confusion matrix.

In the next section, the proposed framework is evaluated using spectrogram 
and scalogram representations. First, CNN feature extraction performance is 
analyzed. Next, the effect of MVO-based feature selection and SVM classification is 
examined. Finally, proposed method is compared with existing studies to highlight 
its effectiveness.
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3.5	 Multi verse optimizer

Multiverse optimization (MVO) is a population-based metaheuristic inspired by 
cosmological concepts to solve optimization problems. In MVO, each universe rep-
resents a candidate solution, and the search process is guided by three mechanisms: 
white holes, black holes and wormholes. White and black holes support global 
exploration by exchanging features between universes, while wormholes enhance 
exploitation by moving solutions toward the best universe. Through these interac-
tions, MVO effectively balances exploration and exploitation to identify an optimal 
solution, as illustrated in Figure 3 [28], [29], [30].

Fig. 3. Concepts of cosmology implemented in MVO algorithm

In the algorithm, the term universe refers to candidate solution, represented 
mathematically as a matrix (1). Here, U is the population of universes with size n × d.
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Two parameters, WEP and TDR, are calculated to update the solutions. They 
regulate the update frequency and step size, and are defined as follows [28]:
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The key TDR parameter is p, which controls the level of exploitation. After comput-
ing WEP and TDR, the solution positions are updated using the following equation:
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Here, xj is the j-th element of the best solution. lbj and ubj are the lower and upper 
bounds, and r2, r3, r4 ∈ [0,1] are random numbers. x

i
j denotes the j-th parameter of the 

i-th solution, while x j
RW

 is selected using roulette wheel selection. In our experiments, 
WEPmin = 0.2 and WEPmax = 1. Figure 4 illustrates the MVO flowchart.

Start

Initialize U with dimension n xd

Define, lb, ub, L and best universe

itr = 1

Calculate Inflation rates of all universes

Perform roulette wheel

Update WEP and TDR

Last
universe?

Print the best universe inflation rate

End

iter = iter+1

i = i+1

i = 1

Iter> = L

Yes

Yes

No

No

Yes

Fig. 4. MVO algorithm flowchart representation

3.6	 Multiclass support vector machine

The SVM was initially a binary classifier that used training data to select the best 
hyperplane for classifying unknown data into two groups. A finite number of hyper-
planes can be established in SVM, and the hyperplane is placed at the distance where 
the nearest points of the two classes are separated by a maximum value known as 
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the margin. SVM selects the maximum one, though. Let X be the following: (x1, y1), 
(x2, y2), …, (xm, ym), where xi, i ∈ {1, 2, 3, …, m} belong to the training set and yi 
represent their labels as yi ∈ {1, −1}, Figure 5 displays the perfect SVM. Equation 5 
provides an equation for the separating hyperplane.

	 W ⋅ xi + b = 0	 (5)

Fig. 5. Conceptual of SVM classification boundary

The SVM classifies samples using a decision function based on feature weights 
and a bias term, while maximizing the margin between classes. For multi-class 
problems, the classification task is decomposed into multiple binary classifications. 
In this study, a one-versus-one strategy with a linear kernel function was employed 
for multi-class ECG classification [31].

4	 EXPERIMENTAL RESULTS

The proposed model was implemented in MATLAB R2021b on a system with an 
Intel Core i7 processor, 32 GB RAM, and an NVIDIA GPU. CNN training, MVO-based 
feature selection, and SVM classification were performed using spectrogram and 
scalogram images from the QTDB dataset.

4.1	 Performance metrics

The effectiveness of the proposed model was quantified using confusion- 
matrix-based indicators that are broadly recognized in classification research [32]. 
Overall correctness was measured by accuracy, defined as

	 Accuracy
TP TN

TP TN FP FN
�

�
� � �

	 (6)

•	 The reliability of positive predictions was determined using precision

	 Precision
TP

TP FP
�

�
	 (7)
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•	 Recall measured the detection rate of actual positive samples.

	 Recall
TP

TP FN
�

�
	 (8)

•	 Specificity measured the model’s ability to correctly reject negative cases.

	 Specificity
TN

TN FP
�

�
	 (9)

•	 The F1-score was used to measure the balance between precision and recall.

	 F score
recall precision

recall precision
1

2
� �

�
* *

�	 (10)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and 
false negatives, respectively. The classifier performance was further evaluated using 
ROC curves and the corresponding AUC values, where higher AUC indicates better 
class separability.

	 AUC
TP

TP FN

TN

TN FP
�

�
�

�
�

�
�

�

�
�

1

2
�	 (11)

4.2	 Evaluation of the proposed method

This study evaluated the effectiveness of MVO-based feature selection and SVM 
classification using deep features extracted by a CNN from ECG scalogram and spec-
trogram images generated from the QTDB dataset. The CNN initially extracted 512 
deep features, which were subsequently reduced to 259 informative features using 
the MVO algorithm. The selected features were then classified into seven ECG classes 
using SVM. As presented in Tables 3–6, the proposed CNN+MVO+SVM framework 
consistently outperformed the standalone CNN model, with the highest classification 
performance achieved using scalogram-based representations.

Table 3. Comparison of ECG classification efficiency using CNN-based feature extraction  
with scalogram representations (512 Features) in QTDB

Class No. Precision (%) Recall (%) Specificity (%) F1-Score (%)

ARR 99.66 99.00 99.21 99.33

ESC 100.00 99.33 99.89 99.67

LTA 99.66 97.00 97.90 98.31

NSR 99.00 98.67 100.00 98.83

SCD 95.21 99.33 99.49 97.23

ST 97.97 96.67 97.78 97.32

SVT 96.38 97.67 99.00 97.02

Average 98.27 98.24 99.03 98.24

https://online-journals.org/index.php/i-joe


	 116	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 9 (2026)

Ahmed et al.

Table 4. Comparison of ECG classification efficiency using CNN-based feature extraction  
with spectrogram representations (512 Features) in QTDB

Class No. Precision (%) Recall (%) Specificity (%) F1-Score (%)

ARR 97.39 99.33 99.22 98.35

ESC 99.66 99.00 100.00 99.33

LTA 91.51 97.00 99.00 94.17

NSR 95.02 82.67 97.16 88.41

SCD 71.25 95.00 95.16 81.43

ST 99.27 91.00 99.50 94.96

SVT 88.43 71.33 98.78 78.97

Average 91.79 90.76 98.14 90.80

Table 5. Comparison of ECG classification efficiency using hybrid method CNN+MVO+SVM  
with scalogram representations (259 Features) 

Class No. Precision (%) Recall (%) Specificity (%) F1-Score (%)

ARR 100.00 99.67 100.00 99.83

ESC 100.00 99.33 100.00 99.67

LTA 99.67 99.67 99.94 99.67

NSR 99.67 99.33 99.94 99.50

SCD 99.67 99.67 99.94 99.67

ST 98.33 98.00 99.72 98.16

SVT 97.70 99.33 99.61 98.51

Average 99.29 99.29 99.88 99.29

Table 6. Comparison of ECG classification efficiency using hybrid method CNN+MVO+SVM  
with spectrogram representations (259 Features) 

Class No. Precision (%) Recall (%) Specificity (%) F1-Score (%)

ARR 98.65 97.67 99.44 98.16

ESC 99.33 99.33 100.00 99.33

LTA 94.50 97.33 99.00 95.89

NSR 92.14 86.00 97.17 88.97

SCD 73.80 92.00 95.17 81.90

ST 96.61 95.00 99.56 95.80

SVT 89.80 73.33 98.78 80.73

Average 92.12 91.52 98.44 91.54

In Table 6 the relatively lower performance observed for the SCD class can be 
attributed to several factors. First, morphological similarities between SCD and other 
ECG classes in the spectrogram domain may reduce class separability. Second, spec-
trogram representations may not fully capture discriminative frequency-domain 

https://online-journals.org/index.php/i-joe


iJOE | Vol. 22 No. 9 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 117

Hybrid Deep Learning Structure for Classifying ECG Signals Using CNN, MVO-Based Feature Selection, and SVM

characteristics specific to this class. In addition, class imbalance and intra-class 
variability can further affect the model’s ability to learn robust SCD-specific features. 
These limitations suggest that future improvements could be achieved by incorpo-
rating advanced data augmentation strategies, utilizing larger and more balanced 
datasets, and exploring alternative time–frequency representations that may better 
preserve class-specific patterns for SCD detection. To further assess robustness, 
statistical analysis was performed over 20 independent runs. The CNN+MVO model 
achieved 98.16% ± 0.10, while the proposed CNN+MVO+SVM reached 99.28% ± 0.14. 
A paired t-test confirmed that the improvement is statistically significant (p < 0.0001), 
demonstrating the effectiveness of the proposed framework. As shown in Figure 6, 
both spectrogram and scalogram representations improve performance on the QTDB 
dataset; however, scalogram features yield higher accuracy due to their stronger 
representation of ECG time–frequency characteristics. It is also important to note 
that CNN and CNN+MVO+SVM represent different approaches. CNN performs end-
to-end classification, whereas the proposed method uses CNN as a feature extractor 
followed by MVO-based feature selection and SVM classification. Therefore, results 
are reported separately for a fair comparison between deep learning and hybrid 
machine learning approaches.

a) Scalogram + CNN

b) Spectrogram + CNN

Fig. 6. CNN performance comparison of the CNN model for ECG classification  
using scalogram and spectrogram representations

https://online-journals.org/index.php/i-joe


	 118	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 9 (2026)

Ahmed et al.

a) Scalogram + CNN

b) Scalogram + CNN+MVO+SVM

Fig. 7. (Continued)
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c) Spectrogram + CNN

d) Spectrogram + CNN+MVO+SVM

Fig. 7. Confusion matrix of ECG classification results for scalogram and spectrogram representations 
using both the CNN model and the proposed CNN+MVO+SVM framework
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Figure 7 shows that the proposed method provided the greatest improvement for 
the ARR and LTA classes in scalogram images and for the ESC class in spectrogram 
images. Additionally, the ROC curves in Figure 8 demonstrate that scalogram repre-
sentations achieved higher AUC values and superior classification performance than 
spectrograms.

a) Scalogram with proposed method

b) Spectrogram with proposed method

Fig. 8. ROC curve of the both scalogram and spectrogram using proposed method for classification QTDB
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4.3	 Generalization evaluation (unseen testing samples)

To evaluate performance on unseen data, four QTDB records were selected per 
class and segmented into fixed-length windows. An 80% and 20% split was applied 
within each record, where 80% of segments were used for training and 20% were 
reserved as unseen test data. Under this setting, CNN+SVM achieved 98.16% ± 0.10, 
while the proposed CNN+MVO+SVM achieved 99.28% ± 0.14. Although the proposed 
model demonstrated stable performance across 20 independent runs, the present 
study relies on a fixed 80/20 train–test partition. Future work will investigate more 
rigorous validation strategies, such as k-fold cross-validation and cross-database 
evaluation, to further assess the robustness and generalization capability of the 
proposed framework.

4.4	 Comparative analysis with related studies

To evaluate the effectiveness of the proposed framework, its performance was 
compared with representative ECG classification methods reported in the literature, 
as summarized in Table 7. Despite differences in datasets and experimental settings, 
which limit direct benchmarking, the proposed approach achieved competitive 
results. Unlike many existing methods that rely on deeper network architectures, 
the proposed framework integrates CNN-based feature extraction, MVO-based fea-
ture selection, and SVM classification to achieve high classification performance 
with a relatively simple architecture.

Table 7. Comparison of the obtained results with related studies

Author Input Image/Features 
Extraction Database  Model Architecture Accuracy Sensitivity Specificity

Noman et al. [5] Spectrogram/ 
Raw(norm-dur)+MFCC

CinC Challenge 2016 
Heart Sound

ECNN 89.22% 89.94% 86.35%

Zabihi et al. [8] Raw ECG (1D signal) MIT-BIH arrhythmia ResNet+LSTM 99.26% 96.03% –

Karthiga & 
Abriami [10]

DWT feature vector MIT‑BIH arrhythmia CNN 91.92% 90.21% 95.18%

Ahmed et al. [11] Scalogram/CNN ECG Images dataset GoogleNet+SVM 96.58% 96.58% –

Londhe & 
Atulkar [13]

Scalogram/CNN QTDB CNN+LSTM 96.88% – 88.69%

Houssein et al. [15] Scalogram/LBP, HOS, 
and RR intervals

MIT-BIH arrhythmia MRFO+SVM 97.86% 97.88% 99.35%

Madan et al. [16] Scalogram/CNN QTDB CNN-LSTM 98.90% 98.33% 98.35%

Acharya et al. [17] Scalogram/ R-Peak MIT-BIH arrhythmia 11-layer CNN 96.00% 95.49% 94.19%

Bhekumuzi 
et al. [22]

Scalogram/ images using 
2D recurrent plots

MIT-BIH Atrial
MIT-BIH Malignant

CNN 95.30% 94.20% 95.00%

Zheng et al. [23] Scalogram/CNN MIT-BIH arrhythmia CNN-LSTM 99.01% 97.67% 99.57%

Proposed Method Scalogram QTDB CNN+MVO+SVM 99.29% 99.29% 99.88%

Spectrogram 92.12% 91.52% 98.44%
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The proposed CNN contains five convolutional layers, three max-pooling layers, 
and two fully connected layers, providing an effective balance between fea-
ture learning capability and model simplicity. As a result, approximately 50% of 
the extracted features were removed during the optimization stage, reducing feature 
redundancy and improving the quality of the selected feature subset. This feature 
reduction also supports better generalization by limiting unnecessary information 
in the final feature space. Although some published studies achieve high accuracy 
using more complex architectures, the results in Table 7 indicate that the proposed 
hybrid framework can achieve comparable or superior classification performance. 
By combining CNN-based feature extraction, MVO-based feature selection, and SVM 
classification, the proposed method provides an effective approach for ECG signal 
classification.

5	 CONCLUSION

Reducing unnecessary data in data sets plays an important role in increasing the 
ECG signals success rate. This article aims to improve the success rates by selecting 
the features obtained with CNN using the metaheuristic algorithm using scalogram 
and spectrogram images. We designed a CNN model comprising five convolutional 
layers, three max-pooling layers, and two fully connected layers. Performance and 
effectiveness of model were tested using QTDB. Scalogram and spectrogram images 
obtained from digitized ECG signals recordings available in this database. By apply-
ing these obtained images to the designed CNN model, feature extraction was carried 
out, and then feature selection was carried out using the MVO algorithm finally the 
classify of ECG signals were done by SVM. As a result of the experiments, the pro-
posed method has accuracy of 99.29% and 92.12% in the QTDB in scalogram and 
spectrogram images, respectively. The number of features was reduced by 50% in 
both kinds of image. We are planning studies on different hybrid models to increase 
the success rate further in future studies especially for spectrogram images.
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