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Abstract: Cardiovascular disorders are among the primary
causes of mortality and morbidity globally. Early detection
requires consistent monitoring of several clinical and lifestyle
variables. This explains the increasing number of researches
aimed at automating the prediction of cardiac disorders, starting
with the analysis of ECG pictures, which is the first diagnostic
test administered to patients and is also the most straightforward
and cost-effective to execute. Current study presents various
heart disease diagnostic systems using diverse advanced
methodologies; however, enhancing these procedures remains
a compelling research domain. This study proposes a smart
healthcare system for diagnosing heart illness via ECG data.
This paper presents a deep learning system for detecting
cardiovascular problems using electrocardiogram (ECG)
pictures. The Convolutional Neural Network (CNN) was
trained and assessed, reaching a classification accuracy of
99.1%. The suggested approach illustrates the capability of
deep learning models in facilitating cardiovascular diagnostics
and underscores the need of accessible deployment tools.
Subsequent study will concentrate on more extensive datasets,
supplementary heart diseases, and model interpretability using
explainable Al methodologies.

Keywords: Smart Systems, Convolutional Neural Networks
(CNN), Deep Learning, ECG Signals, Heart Disease, Medical
Images.

1. Introduction

Cardiovascular illnesses are among the primary causes of
sickness, disability, and death. Consequently, prompt
prediction of illness onset is crucial [1]. The majority of
disorders are detected by the analysis of the electrocardiogram
(ECG), a graphical representation of the heart's electrical
activity throughout its function. An ECG is a diagnostic
technique using one or more sensors to capture and visually
display the heart's rhythm and electrical activity. To record an
ECG, 12 electrodes are typically placed on the body's surface

to detect voltage fluctuations, which are then represented in an
ECG picture, allowing for the visualization and quantification
of the acquired signal. An ECG picture captures the bio-
electrical activity of the cardiac system, and in the presence of
heart illness, some signals from the electrodes deviate from
their normal condition. ECG is favoured over other diagnostic
modalities, including cardiac magnetic resonance, diagnostic
coronary angiography, or myocardial scintigraphy, for several
reasons: the procedure is completed within minutes, the report
is available within thirty minutes, it is applicable to individuals
of all ages, and it is a non-invasive examination. Consequently,
ECGs are essential in scientific study and have been extensively
examined. Cardiac illness may be diagnosed by the analysis of
the ECG pattern; specifically, a "arrhythmia™ refers to a series
of abnormal cardiac impulses.

Recently, the advent of deep learning methods has significantly
transformed medical imaging, offering potential options for
automating illness identification with remarkable accuracy.
Deep learning models may discern complex patterns
immediately from raw data, obviating the need for human
feature extraction, hence making them very successful in
interpreting ECG pictures [7][8]. This study focuses on
developing a machine learning system capable of autonomously
detecting cardiovascular problems using electrocardiogram
(ECG) pictures. The convolutional neural network (CNN) was
trained and assessed using a dataset consisting of four
categories: myocardial infarction (MI) patients, individuals
with a history of M1, irregular heartbeats, and normal ECGs.
The proficient models exhibited exceptional classification
accuracy, with the bespoke CNN model attaining an impressive
accuracy of 99.1% on the test dataset. To connect research with
clinical usefulness, the trained models were implemented via an
intuitive online application developed using Stream lit,
allowing real-time predictions on fresh ECG pictures. A
majority voting strategy was used to enhance the system's
dependability by integrating the benefits of many models [12].
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2. Related Work

Numerous researches in the relevant literature focus on the
automated detection of cardiac disease using ECG signals [13].
The attributes obtained from the cardiac rhythm and the chosen
classification algorithms are the two most essential elements of
a heart disease prediction system [14]. Numerous factors have
been extracted from the ECG to classify heartbeats:
morphological characteristics, wavelet transformation, Fourier
transform, and statistical metrics [15]. In recent decades, the
research community has focused on Acrtificial Intelligence (Al)
to establish a connection between humans and technology,
concentrating on digital image processing, sound recording,
clinical data, and various data types to diagnose different
cardiac pathologies. Concerning ECG pictures, recent research
indicates that they are often transformed into signals for
analysis rather than used as images in their original form [19].
In the majority of studies, these signals are examined using
Deep Learning (DL) methodologies. Deep learning processes
multidimensional ECG data as a time series classification and
is the predominant Al-based approach for detecting
cardiopathies; also, deep learning has shown significant growth
potential with outstanding outcomes in medical picture
recognition and classification applications. The Convolutional
Neural Network (CNN) is recognized as a state-of-the-art
approach for the detection and classification of cardiac signals,
having been investigated in several forms, including one-
dimensional (1-D), two-dimensional (2-D), or a combination of
both.

Acharya et al. [26], 2017, introduced a CNN-based architecture
for classifying arrhythmias using ECG data, exhibiting
enhanced performance compared to conventional classifiers. In
a similar vein, Kiranyaz et al. [27]. Implemented a 1D CNN
model for individualized arrhythmia detection, demonstrating
strong real-time performance. Recent studies have concentrated
on using 2D CNNs for ECG image data, converting ECG
signals into visual formats for picture-based categorization.
AlexNet and its variants, including SqueezeNet and ResNet,
have shown effective performance in biological image
classification tasks owing to their robust feature extraction
abilities [29]. VYildirim [30] used a mix of wavelet
transformations and a Bi-directional Long Short-Term Memory
(BiLSTM) network for the categorization of ECG signals. Their
hybrid approach effectively incorporated both spatial and
temporal characteristics, enhancing the overall model
performance across various arrhythmia classes. Islam et al. [31]
used conventional machine learning classifiers to forecast
cardiovascular risk based on demographic and ECG-derived
characteristics. Although less precise than deep learning
approaches, their research highlighted the significance of
feature engineering and ensemble methodologies. Recent
research by Li et al. [32] concentrated on implementing
lightweight CNNs for edge devices, tackling the issue of
computing constraints in rural or mobile healthcare settings.
Their methodology effectively classified ECGs on CPUs with
little compromise to accuracy.

T. Sadad et al. [33] introduced a lightweight CNN including
attention modules, attaining a classification accuracy of 98.39%
on the ECG Images dataset of cardiac patients. Pre-processing
procedures, including brightness modification and scaling,
were implemented. A comparable methodology using deep

CNNs with normalization and data augmentation enhanced the
performance to 97.47% [34]. An augmented version using
attention modules had a superior accuracy of 98.73% [35].
Nonetheless, these solutions encountered difficulties related to
dataset imbalance and real-time deployment. Y. Liu et al. [36]
introduced a multimodal deep learning system that integrated
ECG pictures and textual records, attaining an accuracy of
99.63% via data augmentation. Although useful, it may
encounter scaling challenges when used to real-time healthcare
systems. T. Alsayat [37] presented an ensemble model
including Inception, MobileNet, and NASNetLarge, achieving
an F1 score of 0.9651 and a balanced accuracy of 0.9640;
nevertheless, generalizability was constrained by the use of
single-source data. R. Ao and G. He [38] developed a VGG16-
based model to identify 13 cardiac disorders from ECG
pictures, achieving AUROC values of up to 1.000 for particular
situations such as RBBB; nevertheless, the binary classification
framework constrained multi-label functionality. A. H. Khan et
al. [39] created a heart disease diagnosis method using 12-lead
ECG pictures from several formats. They suggested a
generalized processing technique using an SSD MobileNet v2-
based deep neural network to identify four principal cardiac
anomalies (myocardial infarction, arrhythmia, previous
myocardial infarction history, and normalcy) with an accuracy
of 98%. Utilizing the PhysioNet Challenge 2021 dataset, the
model included CNNs for spatial feature extraction and
BIiLSTM networks for temporal analysis, attaining optimal
performance metrics, including 99% accuracy for normal
heartbeats and an overall accuracy of 98.5% [42].

3. Heart Disease

An optimal heart delivers the appropriate volume of blood
necessary for the proper functioning of the whole body. The
many components, of which it consists, function in a
coordinated manner at every moment of human existence. In
the presence of cardiac lesions or illnesses, the organs fail to
obtain the necessary oxygen for optimal function.
Cardiovascular illness, including all cardiac diseases, may
impair the heart's pumping function. Furthermore, its function
may be hindered by structural diseases, such as compromised
blood arteries, or by functional disorders, such as electrical
system anomalies of the heart, e.g., arrhythmias. Congenital
cardiac disease is characterized by abnormalities apparent at
birth, often attributable to hereditary reasons. Acquired heart
disease is a condition that develops as a consequence of various
illnesses resulting  from  inappropriate  activities.
Electrocardiography (ECG) is a widely used, non-invasive, and
cost-effective diagnostic instrument for detecting cardiac
abnormalities, as seen in figure 1.

3.1 Myocardial Infarction

This term denotes myocardial damage characterized by clinical
signs of acute myocardial ischemia and the detection of
variations in cardiac troponin (cTn) levels. Furthermore, one or
more of the following symptoms must manifest: Symptoms of
myocardial ischemia include new ischemic electrocardiogram
changes, development of pathological Q-waves, imaging
evidence of new loss of viable myocardium, new regional wall
motion abnormalities consistent with ischemic ethology, and
identification of a coronary thrombus via angiography or
autopsy.
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3.2 Abnormal Heartbeat

The pulse, synonymous with heartbeat rate, refers to the
frequency of a person's heartbeats per minute. The standard
heart rate varies according to the person. An adult's heart
typically beats between 60 and 100 times per minute. An
arrhythmia occurs when the heart beats too slowly, too rapidly,
or irregularly. Cardiac arrhythmias manifest in various forms:
bradycardia, characterized by a heart rate below 60 beats per
minute, indicating a slower rhythm; tachycardia (atrial or
ventricular), where the heart rate exceeds 100 beats per minute,
signifying an accelerated rhythm; and beat arrhythmias, which
involve alterations in the rhythm rather than the rate,
exemplified by extrasystole, defined as the occurrence of single
or repetitive extra beats.
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Figure 1: The ECG Image

4. Proposed Framework
4.1 Convolutional Neural Network

Deep learning has seen significant performance improvements
in recent years across several domains, including voice
recognition, picture identification, and natural language
processing [51]. Specifically, Convolutional Neural Networks
(CNNs) are one of the most extensively researched types of
deep neural networks. A CNN is a feed-forward neural network
used to assess visual images via data processing in a grid-like
structure. It consists of many stages or layers, each
concentrating on a certain functional component. In contrast to
the neurons of a conventional neural network, the neurons of a
CNN are structured in three dimensions: width, height, and
depth. The neurons within a layer will not be fully
interconnected with those in the preceding layer; for example,
if the input image measures 32x32x3 (width, height, and depth),
the final output layer will measure 1x1x10, as the CNN
ultimately compresses the entire image into a singular vector of
class scores arranged along the depth axis. A CNN generally
consists of a sequence of structured blocks, each designated to
a layer of the network responsible for transforming the volume
of activations into another layer using a differentiable function.
Pretrained deep learning models, such as convolutional neural
networks (CNNs), have shown efficacy in tasks including
electrocardiogram (ECG) picture categorization via transfer
learning and feature extraction. These models, first trained on
large datasets such as ImageNet, provide robust feature
representations that may be used for medical picture

interpretation. In transfer learning, the terminal layers of these
models are substituted with new layers customized for the target
task specifically, the classification of ECG data into distinct
cardiovascular conditions, while preserving the convolutional
basis to use acquired low- and mid-level characteristics. Fine-
tuning these altered models on the ECG dataset enables them to
acclimate to the domain-specific patterns inherent in the
signals. Furthermore, pretrained networks may serve as static
feature extractors by eliminating the classifier head and use the
outputs of intermediate layers as inputs for conventional
machine learning methods [55]. This method is especially
advantageous when using constrained computing resources or
datasets, since it significantly decreases training duration and
enhances model precision.

4.2 Dataset

This research used a dataset of 1050 ECG pictures, classified
into four unique categories, each corresponding to a particular
heart condition: Myocardial Infarction, Abnormal Heartbeat,
History of Myocardial Infarction, and Normal Heart Activity.
The data were gathered from 1050 individuals, each providing
recordings from 12 ECG leads [56]. The dataset comprises 340
photos from patients diagnosed with Myocardial Infarction, 260
images from patients with an Abnormal Heartbeat, 172 images
from patients with a History of Myocardial Infarction, and 450
images from persons displaying Normal Heart Activity. The
equitable distribution of these classes guarantees a thorough
description of the circumstances, which is essential for creating
a model that can generalize well across diverse cardiac
situations.

4.3 Data Pre-processing

A sequence of image processing procedures was executed to
improve data precision and elucidate signal specifics. The
photos were first cropped to exclude regions beyond the ECG
paper's signal area, concentrating only on the pertinent signal
data. The photos were then imported in grayscale format to
enable additional processing. Subsequently, Otsu's thresholding
technique was used to transform the grayscale pictures into a
binary format, accentuating the signal lines by establishing a
global threshold that distinguishes the ECG signal (white lines)
from the background. Morphological opening was used with a
disk-shaped structuring element to eliminate little black spots
and noise from the photos. Prior to inputting the photos into the
neural networks, many pre-processing procedures were used.
Images were scaled to 227x227 pixels and standardized to
achieve a zero mean and unit variance using conventional
normalization procedures. Data enrichment techniques,
including random rotation and horizontal flipping, were used to
enhance generalization and mitigate overfitting.

5. Proposed Architecture

The primary objective of a CNN is to autonomously recognize
and extract significant and distinctive features from incoming
pictures using a hierarchical framework. The essential elements
of CNNs are the pooling layers and convolutional layers seen
in figure 2. Convolutional layers execute a crucial function of
feature extraction by applying filters, also known as kernels, to
the input picture. These filters traverse the input spatially, doing
element-wise multiplication and aggregating the results to
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generate feature maps that emphasize certain patterns, such
edges, textures, or forms. The convolution process is
fundamentally linear, therefore it is usually succeeded by a non-
linear activation function, such as ReL U (rectified linear unit)
or its derivatives, to include non-linearity, allowing the network
to learn intricate mappings. Subsequent to the convolutional
layers, pooling layers, including max-pooling, are used to
diminish the spatial dimensionality of the feature maps. The
down sampling procedure facilitates the extraction of the most
prominent characteristics while decreasing computing
complexity. This procedure, termed down sampling, reduces
the quantity of parameters and calculations inside the network,
while enhancing the invariance of features to minor translations
in the input. At the conclusion of the network, fully connected
layers amalgamate the extracted characteristics for final
decision-making, with the last layer often using a SoftMax or
sigmoid activation function to provide class probabilities [59].
This organized design allows CNNs to efficiently learn spatial
hierarchies of information, making them particularly successful
for applications like ECG picture categorization. The suggested
convolutional neural network (CNN) architecture comprises 38
layers, which include three max-pooling layers, eight leaky
ReLU activation layers, eight batch normalization layers, five
dropout layers, six 2D convolutional layers, three fully
connected layers, two depth concatenation layers, and a
concluding SoftMax output layer. This framework is designed
to extract the most significant characteristics from ECG
pictures, which may then be used to improve classification
accuracy.

The leaky ReLU activation function, with a negative slope
coefficient of 0.1, is selected over the normal ReLU to avert the
"dying ReLU" phenomenon by permitting a minimal gradient
while the unit is inactive. The batch normalization layers
equalize the inputs for each mini-batch, enhancing the overall
stability and speed of model training. Max-pooling layers use a
6 x 6 filter with a stride of 3 to down sample feature maps,
therefore reducing spatial dimensions, minimizing the number
of parameters, and alleviating the computational load [61]. This
meticulously crafted architecture allows the model to
proficiently acquire hierarchical features from ECG pictures
while mitigating challenges such as vanishing gradients and
overfitting, hence improving the model's classification
accuracy and efficiency. The proposed CNN architecture
includes max-pooling layers using a filter dimension of 6x6 and
astride of 3. This stage utilizes 64, 128, and 224 filters to extract
complex information from the data in the first, second [62], and
third convolutional layers, respectively. The output dimensions
of the whole branch of our proposed CNN model are 2 x 2 x
224. The first layer in this branch is a completely linked layer,
thus its designation. The completely linked layer in our model
has 16 neurons. Conv04 is a convolutional layer with
dimensions 322x2, using a stride of 1 and padding of 1, whereas
conv05 is a convolutional layer with 64 filters of size 3x3,
employing a stride of 2 and padding of 2. The feature maps
produced by the two convolutional layers are amalgamated to
form a feature map measuring 2x2x96. A dropout layer is then
used to mitigate overfitting and address correlated features. The
outputs from the two branches are amalgamated to create a
feature map measuring 2x2x320. A dropout layer is then
included to reduce the model's overfitting. A 1x1 convolutional
layer with 256 filters is included to augment the model's
nonlinearity and reduce the number of feature mappings. A

layer of 512 neurons is included into the fully linked layer to
improve the classification process. The output comprises a
fully connected layer containing 4 neurons, each corresponding
to a class for classification, succeeded by a SoftMax layer to
ascertain the anticipated output [63].
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Figure 2: The Proposed Architecture

6. Outcome

This section presents the findings derived from experiments
done on the ECG picture dataset with deep learning models
based on CNN architecture. The proposed model is assessed
using performance metrics including accuracy, precision,
recall, F1-score, and confusion matrix, offering insights into its
efficacy in diagnosing cardiovascular illnesses [64]. The
experimental findings indicate that the suggested framework
excels at identifying heart illness using ECG signals. The
expectations for this experiment are summarized in the form of
confusion matrices shown in figure 3.

Contusion Matrix

Normal ECG

ol M|

% Pybeety

Namal BCG

Figure 3: The Confusion Matrix of the CNN

The Custom CNN, constructed with two parallel branches, had
exceptional performance. This design enabled the network to
concurrently learn both localized and global properties.
Methods include batch normalization, leaky ReL U activations,
and dropout regularization facilitated effective learning and
generalization, mitigating overfitting despite the model's high
complexity. To enhance prediction accuracy, a majority voting
method was used, whereby the ultimate classification choice is
based on the consensus of the CNN architecture models. The
CNN achieved a remarkable performance with 99.10%
accuracy, attributed to its extensive design and expansive
receptive fields seen in figure 4.
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Figure 4: The CNN Model Performance Measures Accuracy,
Precision, Recall, F1-Score

The heatmap overlay on the right emphasizes the areas of the
ECG that the algorithm concentrated on most during
categorization. The regions highlighted in red and yellow on the
heatmap indicate the segments of the ECG that had the most
effect on the model's judgment, indicating that these locations
included essential characteristics pertinent to the classification
job. This representation is essential for comprehending how the
model analyses ECG data and recognizes clinically relevant
patterns that aid in correct diagnosis, as seen in figure 5.
Integrating these trained models into a Streamlet-based web
application enables real-time inference on supplied ECG
pictures, ensuring a smooth user experience. The user interface
is deliberately designed to be user-friendly, necessitating little
technical skills, hence making it suitable for many
environments. This include healthcare institutions with limited
resources, mobile diagnostic units, and outpatient clinics, where
quick and accurate first assessments may facilitate timely
therapeutic decisions.

Figure 5: The Heatmap Overlay on ECG Image

7. Conclusion

This study conducted a binary categorization of healthy
individuals and those afflicted with a specific kind of cardiac
disease. The model used in this work has shown significant
efficacy, especially in precisely detecting myocardial infarction
and normal instances. Challenges arose in categorizing
individuals with a history of myocardial infarction and irregular
heart rhythms, highlighting the need for enhancements in the
model's overall efficacy. The CNN architecture attains a

classification accuracy of 99.10%. The experimental findings
illustrate the efficacy of deep learning, especially CNN-based
architectures, in discerning intricate patterns from ECG data
and delivering precise diagnoses. By facilitating the
interpretation of ECG data and identifying aberrant patterns, it
may save diagnostic time and enhance assessment accuracy,
particularly in resource-constrained environments. These
applications together underscore the model's potential influence
in enhancing both personal and clinical cardiac care. Our
methodology demonstrates that ECG pictures serve as a very
effective aid for the efficient categorization of cardiac illnesses,
independent of the electrical signals itself. The examination of
the various bands also indicates the most effective electrodes
for predicting different heart diseases.

8. Future Work

Subsequent research should concentrate on augmenting the
dataset to include more cardiac diseases, hence improving the
model's generalizability. Furthermore, transforming the model
into a decision support system may enhance the precision and
efficacy of cardiovascular disease diagnosis, resulting in
improved patient outcomes. This advanced technology may aid
physicians in the field, facilitating more efficient and precise
decision-making. These enhancements will be essential for the
model’s successful implementation in practical clinical settings.
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