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Abstract. The automatic classification of arrhythmias from ECG signals transformed into images represents a
major advance in computer vision for cardiology, enabling faster and more accurate diagnoses. This study presents
a comparative analysis of the deep learning frameworks PyTorch and TensorFlow for arrhythmia classification,
using the publicly available PTB Diagnostic ECG Database. ECG signals were segmented and labeled into two
categories (Abnormal and Normal), generating 14,552 vectors with 187 positions each at 125 Hz, divided into
training and testing sets (80/20). Different signal representations were evaluated, including one-dimensional (1D)
and two-dimensional (2D) formats, with Recurrence Plot used for image transformation. Implemented models
included multilayer Perceptron’s and convolutional neural networks (ResNet-18 and AlexNet). Performance was
evaluated using various metrics, while computational efficiency was measured by training time and hardware
utilization. The results showed that AlexNet in PyTorch achieved the best performance (99.55% accuracy, 99.49%
precision, 99.38% recall, 99.44% F1 score, 0.9889 MCC), outperforming TensorFlow (99.17%, 98.97%, 98.97%,
and 98.97%, 0.9784). The comparative analysis showed that PyTorch proved more efficient and accurate under
identical conditions.
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1 Introduction

The electrocardiogram (ECG) records the electrical activity of the heart, providing relevant information
regarding its dynamics and rhythm. These recordings enable specialists to identify a wide range of cardiac
abnormalities. However, long-duration examinations, such as 24-hour ECGs—which may contain more than
100,000 heartbeats—pose significant challenges to manual analysis, rendering the process time-consuming,
repetitive, and prone to errors [1]. In this context, automated systems emerge as promising tools to support clinical
diagnosis, allowing for more accurate and efficient analyses of the information collected by monitoring devices.

The earliest approaches to automatic ECG classification were based on supervised learning, in which studies
employed techniques such as linear discriminant analysis, decision trees, and rough sets to extract morphological
features from the signals and subsequently apply Artificial Neural Networks (ANNs) for classification [1]. With
the advancement of Deep Neural Networks (DNNs), the application of architectures such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs) has become increasingly prevalent in ECG analysis.
CNNs have demonstrated effectiveness in both one-dimensional (1D) signals and two-dimensional (2D)
representations, the latter obtained through transformations that convert temporal signals into matrices or images.
Deep learning models operate in an end-to-end manner, automatically extracting hierarchical features from raw
data. Studies suggest that 2D representations may yield higher accuracy in heartbeat classification compared to
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1D representations [2]. Nevertheless, further investigation is required into deep learning techniques applied to the
automatic classification of cardiac arrhythmias, particularly by exploring different representations of ECG signals.
Moreover, it is essential to establish a comparative analysis of computational tools implemented in the Python
environment.

Therefore, the objective of this study was to identify, between PyTorch and TensorFlow, the framework with
superior performance and computational efficiency in the automatic classification of cardiac arrhythmias. To this
end, the public PTB Diagnostic ECG Database (PTB) was employed, applying three distinct neural network
architectures: a Multilayer Perceptron (MLP) and two Convolutional Neural Networks (CNNs), namely AlexNet
and ResNet-18. Performance was evaluated using metrics such as accuracy, precision, recall, F1-score, and the
Matthews Correlation Coefficient, with comparisons to the state of the art, in addition to an analysis of
computational resource usage under different framework configurations.

This article is organized into four sections: Section 1 presents this Introduction; Section 2 details the
Methodology employed, including the database, tools, and techniques; Section 3 discusses the experimental
Results and their implications; and Section 4 provides the Conclusions of the study.

2 Methodology

This section describes the procedures adopted in the development of the present study, from data selection
and preparation to model configuration and evaluation. The methodology is structured into five main components:
(1) description of the database employed; (ii) the artificial neural network models implemented; (iii) the data
preprocessing strategy; (iv) the training and evaluation process of the models; and (v) the description of the
computational environment used for the experiments.

2.1 Database

The Association for the Advancement of Medical Instrumentation (AAMI), founded in 1967 and composed
of more than 10,000 professionals, is a reference institution in the definition of technical standards, such as
ANSI/AAMI EC57 [3], which is dedicated to reproducible testing for ECG analysis [4]. In this study, the PTB
Diagnostic ECG Database (PTB), recommended by AAMI for scientific applications, was employed. This
database, made available by Bousseljot et al. [5] and Goldberger et al. [6], comprises 549 records from 290 patients
aged between 17 and 87 years (mean age of 57.2 years), including 209 males (55.5 = 12.4 years) and 81 females
(61.6 + 15.5 years).

For this work, the subset of the PTB database pre-processed by Kashuee, Fazeli, and Sarrafzadeh [7] was
used, which includes only heartbeat records labeled with myocardial infarction (MI) diagnosis and healthy
controls. This subset contains 14,552 heartbeats extracted from 290 patients, of which 148 belong to the MI class
and 52 to the healthy class. Each record consists of 188 samples of a single heartbeat, with a sampling frequency
of 125 Hz. The study exclusively employed lead II signals, as this lead is among the most widely used in both
clinical and experimental ECG analysis. The division of data into training and testing sets, as well as the binary
categorization of beats (Abnormal ‘A’ and Normal ‘N’), will be detailed in Section 2.4

2.2 Artificial Neural Network Models

Artificial Neural Networks (ANNs) represent a computational approach widely applied to the modeling of
complex patterns, particularly due to their ability to learn from examples. In this study, three distinct architectures
were employed with the aim of comparing their performance in heartbeat classification: a Multilayer Perceptron
(MLP) with 100 neurons in the hidden layer, and two Convolutional Neural Networks (CNNs), namely AlexNet
[8] and ResNet-18 [9].

2.3 Preprocessing Strategy

The preprocessing stage of the electrocardiogram signals was essential to adapt the data to the different neural
network models employed. As described in Section 2.2, one-dimensional models, such as the MLP, and two-
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dimensional convolutional models, such as AlexNet and ResNet-18, were utilized, requiring specific data
representation strategies. Heartbeats were initially preserved in their 1D form to feed the MLP, which is suitable
for capturing sequential patterns in temporal signals. In parallel, to exploit the spatial feature extraction capabilities
of CNNss, the same heartbeats were converted into 2D representations through visual transformation techniques,
enabling the learning of more complex structural patterns.

Section 2.3.1 describes the construction of these representations, including the use of recurrence plots for
image generation, while Section 2.4 addresses supervised training, the cost function, and the evaluation metrics.

2.3.1 1D and 2D Transformation

A Recurrence Plot (RP) is a technique that represents the recurrence of patterns in a temporal signal,
highlighting relationships between points in the series and revealing changes in the signal’s dynamics. The RP is
represented as an image (matrix) derived from the time series, where each element encodes the pairwise distances
between points in the series [10][11].

Considering a temporal signal represented by N points x = [x; X, X3 ... Xy], the RP is mathematically
defined as a square matrix of size N X N, where each element of the matrix is given by:

Rij(e) = 0 — |[X; - %)) (1)

fori,j=1,..., N, where € represents the threshold or tolerance limit within which two points of the series are
considered recurrent, and ® denotes the Heaviside step function, which returns 1 (recurrent points) if & —
||xi — xj” >0and0ife— ||xl- — xj” < 0. Here ||. || denotes the norm, with the most used being the minimum,
maximum, and Euclidean norms. In this case, the RP generates a black-and-white image.

In this study, a modified version of the RP [12] was adopted, which produces a color image, where each
element of the matrix is obtained as follows:

Rij = [|xi — x| &Y

fori,j=1,..., N, where ||. || corresponds to the Euclidean norm.
Figure 1 illustrates the recurrence plots of one record from each class, with &€ = 0. and a rainbow colormap,
as employed by Di Paolo and Castro [13], with each record converted into an image for input into the CNN.
Time serie Recurrence Plot
Class “N” (Normal) l :

Class “A” (Abnormal)

Figure 1. Recurrence plots for one record from each class.

It is observed that the standard version of the Recurrence Plot employs the Heaviside step function, which
generates a binary matrix in which each element indicates whether the distance between two points of the signal
is below a given threshold. In contrast, the adapted version used in this study applies a continuous rescaling of
distances, producing a matrix with gradual values and thereby mapping color images with a richer visual pattern.
This approach preserves more information from the signal, beyond binary recurrence, which is particularly useful
for CNN:s, as it highlights subtle differences between classes. The drawback, however, lies in the need for tuning
additional hyperparameters, requiring further optimization experiments.

2.4 Training and Evaluation Process

After preparing the data as images, as described in Section 2.3 and organized according to Table 1 in an 80/20
ratio, the models were subjected to a supervised training process aimed at learning patterns distinguishing normal
from abnormal heartbeats. Each neural network architecture was trained independently, using the same datasets
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and validation criteria, in order to ensure a fair comparison among models. Training employed the Binary Cross-
Entropy (BCE) loss function to measure the discrepancy between predictions and true labels, iteratively adjusting
the network parameters across epochs.

Table 1. Quantitative distribution of the study dataset.

A N Total
Train 8,404 3,237 11,641
Test 2,102 809 2,911
Total 10,506 4,046 14,552

Source: Data extracted from [14].

Section 2.4.1 presents the metrics employed in the evaluation of classifications, namely accuracy, precision,
recall, F1-score, and the Matthews Correlation Coefficient (MCC), which are essential for comparative analysis,
particularly in cases of class imbalance.

24.1 Performance Indicators

The ANSI/AAMI EC57:2012 R2020 [3] standard specifies the indicators that must be used for the
performance evaluation of arrhythmia classifiers. The selected indicators include accuracy, precision (positive
predictive value), and sensitivity (or recall), which can be calculated as follows:

4 _ TP+ TN 3)
CUrAY = TP Y TN + FP + FN

TP
ision = ———— 4)
Precision TP+ FP
TP
== (%)
Recall TP T FN
TN
e (6)
Specificity TN+ FP

where TP denotes True Positives, TN denotes True Negatives, FP denotes False Positives, and FN denotes False
Negatives. Thus, as observed in the literature and recommended for evaluation on highly imbalanced datasets, the
harmonic mean between precision and sensitivity, known as the F1-Score, and the Matthews Correlation
Coefficient (MCC) can be calculated as follows:

Precision * Recall 7
F1_Score = 2. @)

Precision + Recall
TP XTN — FP X FN
McC = 3
J(@TP +FP)x (TN + FP) x (TP + FN) x (TN + FN)

3 Results and Discussion

This section presents and analyzes the results obtained from the application of proposed neural architecture
to the PTB Diagnostic ECG Database, as previously described. The experiments were conducted with the dataset
randomly divided into training (80%) and testing (20%) sets. Three models were employed: a Multilayer
Perceptron (MLP) for one-dimensional (1D) signal classification, and two Convolutional Neural Networks
(CNNs), AlexNet and ResNet-18, for classification based on two-dimensional (2D) representations generated by
recurrence plots. The models were implemented in Python 3.10.9, using specialized libraries such as Pandas,
NumPy, TensorFlow 2.16.2, Keras, PyTorch 2.3.1, and Scikit-learn. The experiments were conducted in a local
environment equipped with an AMD Ryzen 5 5600G processor, integrated Radeon Graphics, 16 GB of RAM, and
a 128 GB SSD. The following subsections detail the performance indicators evaluated (Section 3.1) and a
comparison with related literature (Section 3.2), based on the classification models implemented (Section 2.2).
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3.1 Performance Indicators

The models were trained from randomly initialized weights, without the use of pre-training. For each
architecture and framework, 30 runs were performed, retaining the results with the highest F1-Score, and the mean
of these values is reported here. Performance was assessed based on classification metrics (accuracy, precision,
recall, F1-score, and MCC) and computational efficiency indicators (average time per epoch).

Table 2 presents the average times per epoch for the three models tested. The MLP implemented in
TensorFlow was the most efficient (0.09 s), whereas the same architecture in PyTorch required significantly more
time (3.40 min). For the convolutional networks, TensorFlow also exhibited lower average times per epoch,
particularly for AlexNet (7.23 min) and ResNet-18 (20.26 min), compared to PyTorch (15.19 min and 24.32 min,
respectively). These differences reflect the internal characteristics of each framework and parameter
configurations, including the Adam optimizer, learning rates for each model (1e~3 for MLP, 1e~* for CNNs), 100
epochs for CNNs and 300 for MLP, and variations in batch size—where only a value of 128 could be used for
CNNs in PyTorch, while TensorFlow required reduction to 32 due to high memory consumption..

Table 2. Average Time per Epoch.

Model Average time per

epoch (minutes)
MLP Tensorflow 0.09
MLP Pytorch 3.40
ResNet-18 Tensorflow 20.26
ResNet-18 Pytorch 24.32
AlexNet Tensorflow 7.23
AlexNet Pytorch 15.19

Table 3 summarizes the overall classification results. The AlexNet architecture implemented in PyTorch
achieved the best overall performance, with an accuracy of 99.55% and an F1-score of 99.44%. ResNet-18 in
PyTorch also achieved high performance (accuracy of 99.31%, F1-score of 99.14%). The MLP model, although
efficient, yielded lower performance, with accuracy values of 97.18% (TensorFlow) and 97.56% (PyTorch).

Table 3. Classification performance indicators for each model and framework.

Modelos Accuracy (%) Precision (%) Recall (%) FI1-Score (%) MCC

MLP Tensorflow 97.18 96.30 96.72 96.51 0.9302
MLP Pytorch 97.56 96.88 97.06 96.97 0.9394
ResNet-18 Tensorflow 99.17 98.97 98.97 98.97 0.9795
ResNet-18 Pytorch 99.31 99.29 99.00 99.14 0.9829
AlexNet Tensorflow 99.11 99.19 98.58 98.88 0.9770
AlexNet Pytorch 99.55 99.49 99.38 99.44 0.9889

Framework performance differed: TensorFlow tended to exhibit higher memory consumption, requiring
parameter adjustments to avoid failures. PyTorch demonstrated greater flexibility in configuration, as well as
competitive training times, particularly with larger batch sizes, which could not be handled by TensorFlow.

3.2 Comparison with the Literature

Table 4 compares the results of this study with previous works using the PTB database, also employing an
80/20 train-test split, thereby illustrating the evolution of models over time. For instance, Diker et al. [15] reported
an accuracy of 83.82%, whereas Ahmad et al. [2] achieved 99.20%, reflecting advances in deeper architectures,
optimized preprocessing, and increased computational capacity.
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Table 4. Comparison of heartbeat classification results on the PTB database with previous studies.

Previous Results Accuracy (%)  Precision (%) Recall (%) F1-Score (%)

Sharma, Tripathy, Dandapatl (2015) [16] 96.00 - 93.00 -
Acharya et al. (2017b) [17] 95.22 - 95.49 -
Chen et al. (2018) [18] 96.18 - 93.67 -
Kachuee, Fazeli, Sarrafzadeh (2018) [7] 95.90 95.20 95.10 -
Liu et al. (2018) [19] 96.00 - 95.40 -

Diker et al. (2019) [15] 83.82 82.35 95.45 88.42
Cao et al. (2020) [20] 96.65 - - -
Ahamed et al. (2020) [21] 97.66 96.90 97.06 -
Ahmad et al. (2021) [2] 99.20 98.00 98.00 -

Lakhdari, Saeed (2022) [22] 99.00 99.00 98.00 99.00

Kim et al. (2023) [23] 96.53 95.54 95.85 95.69

Victor et al. (2023) [24] 98.45 98.45 98.45 98.45

El-Ghaish, Eldele (2024) [25] - 99.35 99.46 99.41
Yousuf et al. (2024) [26] 99.84 - 99.70 -

This work (AlexNet Pytorch) 99.55 99.49 99.38 99.44

The model proposed in this study (AlexNet with PyTorch) achieved a precision of 99.55%, matching or
surpassing other works in the literature on heartbeat classification using this database. The performance indicators
consistently outperformed those of the compared studies, with particular emphasis on precision (99.49%), F1-
Score (99.44), and MCC (0.9889), indicating a low rate of false negatives.

The study sought to maximize the performance of each architecture within its environment, showing that
TensorFlow required batch size adjustments due to memory limitations, whereas PyTorch allowed greater
flexibility and the use of larger batches, resulting in shorter iteration times and superior performance. Therefore,
the results are consistent with metrics reported in previous works and reinforce the feasibility of the proposed
model in real-world contexts, providing methodological insights, particularly for the PyTorch environment.

4 Conclusions

This study analyzed tools and methods based on artificial neural networks for the automatic classification of
cardiac arrhythmias. Three objectives were defined and achieved: selecting a reliable database, implementing
different neural network models in distinct frameworks, and comparing their performance. Accordingly, the public
PTB Diagnostic ECG Database provided a representative variety of cardiac signals, serving as a solid foundation
for model training and validation.

Classifiers were developed using MLP, AlexNet, and ResNet-18, implemented in TensorFlow and PyTorch.
The results demonstrated superior performance with PyTorch, particularly in CNNs, with higher accuracy,
precision, recall, F1-score, and MCC, as well as greater efficiency in computational resource usage, with lower
memory consumption and greater flexibility in hyperparameter tuning. TensorFlow required parameter
adjustments, such as batch size reduction, due to hardware limitations.

The strengths of this study include the use of a public database and the comparison between two deep learning
frameworks, with results surpassing those of previous works. The main limitation was the absence of a dedicated
GPU, which restricted the number of epochs and prevented testing with deeper networks or larger batch sizes.

As future work, it is proposed to expand the evaluation of models to other databases, such as MIT-BIH or
PhysioNet Challenge, as well as to test more advanced architectures, including RNNs or hybrids combining CNNs
with SVMs/KNN:gs, in addition to experiments with dedicated GPU usage. It is also suggested to investigate more
robust preprocessing techniques, feature engineering approaches, ensemble learning, and mechanisms for
continuous model adaptation, aiming to enhance robustness in clinical applications.
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property and authorship of the authors.
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