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ABSTRACT

Healthcare professionals identify cardiovascular ailments as the deadliest condition, which is why there is a need for swift
innovation in diagnostic techniques. Medical personnel can use ECGs to identify any cardiac issues, however, the degree of
subspecialization as well as manual interpretation often leads to lengthy processes with suboptimal results. An advanced automatic
disease detection technique using pattern recognition is being developed as a framework for deep learning analysis on ECG images.
The methodology uses modern neural networks to process the images of ECGs and recognize patterns for disease differentiation.
During the training phase, diverse sets of cardiac related clinical data are incorporated to build robust models for various clinical
scenarios. This is achieved by applying the so-called “image processing and data augmentation” algorithms. Through fuzzy logic
patients are subjected to advanced diagnostic examinations as primary care physicians. The patients are referred to specific
physicians if the diagnosis and the disease detected can be treated within the relevant specialties. From the research, the integration
of deep learning technologies with cardiology and medical imaging results in the advancement of cardiology medical care.

KEYWORDS

Cardiovascular diseases, ECG images, deep learning, automated diagnosis, cardiac abnormalities, medical
imaging, healthcare Al disease classification, feature extraction, predictive analytics

1. Introduction

Cardiovascular conditions are one of the most common causes of death globally, significantly affecting its
CVDs are among the world's most common causes of death, making a huge impact on mortality statistics.
There are approximately 25 million deaths annually, out of which 31 percent are attributable to cardiovascular
diseases, a large portion of which is avoidable through early measures [1]. The increasing prevalence of CVDs
Is now largely owing to a person’s way of living, including poor eating choices, sedentary lifestyle, smoking,
high levels of stress, and many other factors. This worrisome development creates a challenge: the heart needs
to be examined before the situation gets critical, enabling the patient to receive treatment, and new, effective,
and innovative diagnostic technologies that enable doctors to ascertain the patient's condition would be
beneficial. Electrocardiography (ECG) has been practiced as a method of diagnosis and treatment of
cardiovascular disease for many years. Noninvasive tests which record signals capturing the movement of the
heart's electrical motor enables an understanding of the heart’s rhythm, power, and efficiency. This technology
is widely used for the diagnosis of many heart problems such as cardiac arrhythmias and ischemic heart
disease or heart attack [2]. Nonetheless, there are challenges in manually interpreting ECGs as it is a very
extensive task. Also, it is reliant on a high level of skill, very tedious, and also is likely to have inter-operator
differences. Additionally, ECG information increases tremendously in the clinical environment and
consequently the analysis and interpretation of these documents by the clinicians becomes more complicated
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and less effective.However, recently, artificial intelligence (AI) and machine learning (ML) advancements

have been progressing at a rapid pace which allows for more effective and precise methods when identifying
cardiovascular diseases. It has been recognized that machine learning, especially its more advanced form deep
learning, has high potential in general medical image analysis. In the field of vision, the ability of deep neural
networks (a form of deep learning) to automate the learning of hierarchical features from unstructured data
such as images for detection and pattern recognition tasks has been well established. In regard to ECGs, deep
learning methods have shown the potential for automated analysis and classification of images of different
ECG patterns and features, also referred to as cardiograms, representing various heart diseases [3]. Such
methods not only minimize the need for manual interpretation but significantly improve the accuracy of the
diagnosis and as a result, the timely detection of the disease. The proposed framework in this study seeks to
overcome these issues by using deep learning algorithms to forecast the likelihood of cardiovascular diseases
from ECG images. This framework attempts to deliver reliable, fast, and easily scalable solutions for
identifying various cardiac conditions using artificial intelligence and machine learning. The model will be
developed on a robust comprehensive dataset that contains a wide variety of cardiac conditions to enhance its
performance across different patient demographics with various age and sex distributions. The dataset quality
will be enhanced using various pre-processing techniques while data augmentation will be applied to improve
the performance of the model and also reduce the chances of overfitting the model on a dataset.One benefit
of using deep learning to perform ECG analysis is that the model can learn to recognize and appreciate
complex and fine details that are not detectable through conventional methods, or by a human expert in the
field. These details may suggest an underlying cardiovascular disease, which, if detected early, can be
remedied or treated effectively. In addition, deep learning models can analyze a large set of data efficiently,
which is desirable in the clinical world where routine ECGs are generated. Thus, artificial intelligence helps
healthcare professionals be more precise in the medical decision-making process which directly improves the
care delivered to patients and the outcome of the treatment done to them. Beyond the technical part of the
model, this research highlights the need to focus on the interpretability and the usability of the model in
clinical practice. It is very important for the model’s outcomes to be explainable and dependable to the
healthcare staff who will use them for critical decisions concerning patient care. For that reason, this study
will also investigate the methods that enhance the transparency and the interpretability of the deep learning
models so that they can be clearly communicated to the clinicians. In the end, this project aims at adding to
the available literature on the application of artificial intelligence in medicine, especially in the detection of
diseases of the cardiovascular system. It is hoped that through the application of deep learning to the analysis
of the ECG, the work will improve the accuracy with which patients are diagnosed and treated for
cardiovascular ailments and in extension improve the patient outcomes and mitigate the impact of the diseases
on the global healthcare system.

2. Literature Survey

The exploration showed deep learning methods integration and performance for diagnosing various types of
cardiovascular troubles from ECG images. They used transfer learning on models such as SqueezeNet and
AlexNet, and designed a new CNN architecture for predicting cardiac abnormalities. These models were
implemented with traditional ML algorithms including SVN, KNN, decision tree, and Naive Bayes. For these
reasons, it was much easier to demonstrate a boost in performance and prove that deep-learning methods are
helpful for detecting diseases related to the heart using ECGs.

Ms. K Jebima Jessy et al. [5] put their effort on detecting cardiovascular diseases using ECG images with
machine learning techniques. The objective was to automate the ECG analysis process by transforming ECG
prints into 1-D signals and extracting the P, QRS, and T wave features. The authors also performed dimension
reduction using Principal Component Analysis (PCA) and utilized KNN, Logistic Regression, and SVM
classifiers to boost diagnostic accuracy. This sets a basis towards making the diagnosis of Heart diseases in
ECG recordings more efficient. A novel cloud based system for cardiac disease prediction using integration
of ML algorithms for effective heart disease detection was put forth by Shadman Nashif et al in [6]. For
instance, among many algorithms that were tested for performance, SVM was the best with a total of 97.53%
accuracy. Further, an Arduino based real-time monitoring system for cardiovascular health is created for
monitoring human body temperature, blood pressure, and heartbeat. The data it transfers to the main server
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enables doctors to monitor patients and intervene when necessary to improve patient care and reduce costs.

This stems from the fact that the two paradigms from artificial intelligence solve different problems which on
their aim are related to the same target. Their combination results in the prediction of heart illnesses based on
an ECG. As it is written in [7], a holistic essence of machine learning and deep learning models fused for
diagnosing heart problems was suggested by Hossein Sadr et al. Using two publicly available datasets we
trained and tried out a hybrid deep learning model combining CNN, LSTM, KNN, and XGBoost (XGB).
Better accuracy of predictions was obtained by accommodating both schools of thought, and therefore the
identified primary problem was solved using ensemble techniques in the form of majority voting.

In essence, Baghadi et al. set out to examine the application of machine learning techniques with the aim of
improving the diagnosis of cardiovascular diseases (CVD). The research suggests that for the hospital's
database to be of maximum benefit, it should be utilized for early CVD diagnosis to avoid unnecessary clinical
and laboratory investigations. As such, we propose Catboost model which achieves an F1-score of 92.3% and
average accuracy of 90.94%. It was also shown to perform better than classification methods and was in fact,
considered as one of the approaches to improving efforts for detecting and intervening in early stages of heart
diseases. Adedayo Ogunpola et al.[9] also presents an article on building machine learning based predictive
models for cardiovascular diseases that encompasses myocardial infraction. Their study focused on the
problem of dataset bias, which is the outcome of inaccurate predictions stemming from hindering conscious
choices that are made to resolve the issue of imbalanced datasets. The authors have implemented solutions I
propose to deal with minority classes. The authors evaluated seven classifiers on the task the best performance
of which were: KNN, SVM, Logistic Regression, CNN, Gradient Boost, XGBoost, and Random Forest.
However, the best performing model decided on is XGBoost as it yields the most accurate results through
achieving an accuracy of 98.50%, precision of 99.14%, recall of 98.29% F1 score of 98.71%. Such remarkable
performance makes this model stands out in diagnosing heart disease. Tahseen Ullah et al. [10] proposal
includes a machine learning based scalable architecture for early CVD detection with the best content
selections, just like the other works. In comparison to other machine learning based CVD detection
approaches, this method also tackled the challenge of feature selection from ECG signals. As such, the
proposed system derives features from ECG signal and super impose feature selection by FCBF, Mr, and
Relief with PSO on the feature set to capture the most significant ones. We have obtained 100 as accuracy
among the selected feature with Nonetheless, these techniques were carried out by Haseeb Khan et al. in [11]
using ensemble and deep learning models for the early diagnosis of heart diseases. They instead compare
other methods to the traditional methods and hence, as well as to a hybrid approach that uses both machine
learning methods as well as ensemble learning algorithms. The data set used in the study was
heart statlog_cleveland hungary final, where K fold cross valitiation was performed. The most effective in
detecting heart diseases were in hybrid schema Bagging with RF and how advanced Al models.

Deep learning technology application which emphasizes the combination of CNN and LSTM networks for
early prediction of Cardiovascular Disease (CVD) diagnosis is presented by MD Maruf Hossain et al. [12].
For feature extraction, the model used CNN consisting of several layers while LSTM processed the data
sequentially. In this hybrid approach, CVD was predicted relatively well. Furthermore, the model employed
explainable Al which enabled the embedding of accuracy improvement features and subsequently enhanced
model interpretability for clinical application. Deep learning techniques were employed by Garcia-Ordas et
al. [13], who assumed that patients with heart conditions are already diagnosed. In the patient's heart disease
feature augmented techniques were employed to better gauge the heart disease risk. This model was developed
based on age, sex, cholesterol, and heart rate, some of the factors strongly associated with cardiovascular
disease. Their method received a 90% precision score which is 4.4% better than the existing models.
Evaluating the variables does, however, remain a problem, but it sure does pique one's interest because of the
challenge it presents. Accurate predictions of cardiovascular diseases are necessary for reducing mortality
rates, as Bhatt et al. [14] describe in their machine learning model. They used Random Forest, Decision Tree,
Multilayer Perceptron, and XGBoost models, applying k-modes clustering to enhance classification precision.
The models were tuned through GridSearchCV and set on a Kaggle real world dataset composed of 70
thousand records. Results suggest that the Multilayer Perceptron model with cross validation achieved
87.28%, the highest accuracy amongst all models. This study demonstrates how machine learning serves to
improve predictions on heart disease.
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In Kaushal et al. [ 15] the authors present a modification of a computer aided diagnosis of heart diseases using

phonocardiogram (PCG) signals. ResNet-50, GoogleNet and Inception-V3 transfer learning models are
utilized in order to retrieve features from the heart sound samples time frequency representation as used in the
algorithm. The Manta ray foraging optimization algorithm is employed to crop out irrelevant features while
retaining useful ones. The detection accuracy trained and tested by metrics of accuracy, recall, specificity, F1
score combined with the model features optimized by Manta ray foraging the algorithm outperformed all
others, achieving detection accuracy of 99.58%.

A deep convolutional neural network (DCNN) has been developed by Arooj et al. [16] for heart disease
detection at an early stage through image classification methods. It is tested on the UCI heart disease data set
which comprises of 1050 patients and 14 attributes. We trained the DCNN with the feature vectors on the
dataset of patients to determine if the instance was healthy or had some kind of cardiac disease. The validation
accuracy of the model was 91.7%, proving deep learning’s effectiveness in medical application and heart
disease detection.

In [17], a model of deep learning was presented that solves the recognition of asymptomatic situations for the
early detection of heart diseases. The paper highlights the critical problem of detection at a limited time and
how it could help improve chances of survival. Models of machine learning are trained on huge amounts of
medical images, for example, electrocardiograms and other EKG pictures, to assist a provider in detecting
nuances even within minor variations. The approach seeks to demonstrate how deep learning can help make
predictions about the heart and help at an earlier stage.

In an effort to improve the weaknesses of traditional approaches, Mamun and Elfouly [18] propose a hybrid
one-dimensional CNN that captures CVD detection from clinical parameters. This research tackles heart
health analysis with a specific data subset, electrocardiograms (ECG), that can be analyzed through machine
learning and deep learning techniques to derive more insightful and efficient information about a patient’s
cardiac health. Other models were surpassed by the 1D CNN as the highest model which attained 80.1% and
76.9% accuracies for no-CHD and CHD, respectively. We proved that with this model, accuracy increased
greatly and the chances of having negative results, after having a positive diagnosis, decreased significantly.
Thus, this technology has more trusted false positives and, accordingly, can be actively used in medicine.

One of the more significant studies conducted was on the comparison of heart disease detection with CNN
versus other methods by Wijaya et al. [19]. Employing 14 features dataset, the question was whether CNNs
are able to replace more reliable methods, outperform, or at least meet the results of traditional approaches. It
is a remarkable achievement for us as well as for the conventional methods that the CNN model completely
reached the expected value, which is its accuracy of 100%.

Study Methodology Dataset Techniques Used Be;t Model &
ccuracy
: CNN with
Mohammed B. ECG-based deep learning . Transfer learning (SqueezeNet, transfer learning
. ECG images AlexNet), CNN, SVM, KNN,
Abubaker et al. [4] model for CVD detection N (Improved
DT, Naive Bayes
performance)
Ms. K Jebima Jessy  Feature extraction from ECG sianals PCA, KNN, Logistic SVM (Higher
etal. [5] paper ECG records g Regression, SVM accuracy)
Shadman Nashif et Cloud-bgse_d heart disease Clinical dataset SVM, ML-based classification = SVM (97.53%)
al. [6] prediction system
Hybrid CNN-

Hossein Sadr etal. = Hybrid deep learning & CNN, LSTM, KNN, XGBoost,

Public + Local dataset LSTM-XGBoost

[7] ML approach Majority Voting (High accuracy)
CatBoost (F1-
. . . 0
Baghadi et al. [8] Early CV[.) detection using Hospital database CatBoost score: 92.3 /0
hospital records Accuracy:
90.94%)
XGBoost
Adedayo Ogunpola Addressed class imbalance Clinical data KNN, SVM, LR, CNN, GB, (98.50%
etal. [9] for CVD prediction XGBoost, RF accuracy, 99.14%
precision)
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Feature selection

Tahseen Ullah et al. . . FCBF, MrMr, Relief, PSO,  Extra Tree & RF
[10] technlqges for ECG ECG signal dataset Extra Tree, RF (100% accuracy)
signals

Haseeb Khan etal.  Hybrid ML & Ensemble . i RF-Bagging
[11] Learning Heart_statlog_cleveland = Bagging, RF, Al-based models (Most effective)

CNN-LSTM

Md Maruf Hossain  CNN-LSTM hybrid model ECG dataset CNN for feature extraction, (Improved
etal. [12] for ECG classification LSTM for temporal learning accuracy and

explainability)

Feature-augmented deep

Garcia-Ordas et al. Achieved 90%

learning model for CVD Clinical dataset Deep learning, feature selection .
[13] o precision
prediction
Bhatt et al. [14] ML modgl_s fo_r CVvD Kaggle_ dataset (70,000 RF, DT, MLP, XGBoost, k- MLP (87.28%)
classification instances) modes clustering
Phonocardiogram (PCG) ResNet-50, GoogleNet, Manta ray
Kaushal et al. [15] = signal-based heart disease PCG dataset Inception-V3, Manta ray optimized model
diagnosis optimization (99.58%)

Table 1: Literature Survey

3. Existing System

To do this, these days there is the use of conventional diagnostics (electrocardiograms, echocardiograms, etc)
and traditional machine learning for heart disease diagnosis and analyses. While these are good methods, they
do not enable for the swift identification of a problem, considering how much time, effort, and expertise is
required. In this analysis, clinical data of age, sex, cholesterol levels, blood etc was analyzed using random
forest, decision trees, SVM, and KNN. This is the reason why deep learning and the architecture, more
specifically the CNNGs, that can deal with sophisticated patterns are more accurate when it comes to predictions
has recently advanced. The reality is that CNNs have been used most recently for aRATE detection using
medical images like ECG signals or recordings of heart sounds. However, the advancement of existing
systems is limited by the fact that these systems are black boxes, do not generalize to a large population of
patients, and need high-quality data. Additionally, despite promising potential of deep learning models, they
come with a great deal of computational resources, and demand substantial amount of labeled datasets that
are often hard to acquire in practice in clinical settings and thus are not easily admissible.

4. Proposed System

The proposed system for heart disease identification utilizes deep learning algorithms, especially MobileNet,
to work on electrocardiogram (ECG) images. The ECG images are vital in showing the electrical activity of
the center and its detection of abnormal activities such as arrhythmias, heart attacks, etc. MobileNet is a
lightweight and highly efficient CNN that is effective for tasks involving image data and is useful in real time
heart disease detection owing to minimal computational requirements. The ECG images will be preprocessed
to raise the overall model performance and balance the data via resizing, normalization, and data
augmentation. If we wish to mount a training regimen for MobileNet to detect patterns constitutive of heart
disease on a larger dataset of ECG images, this system will detect such patterns. While assessing MobileNet's
performance the resultant metrics will be accuracy, precision, recall and F1 score. The system is designed to
enable proactive intervention through timely identification of early heart disease by healthcare professionals.
Due to MobileNet's efficient arch so that it is expected that this system that can be used as a scalable solution
for heart disease detection that could improve patient care and supporting clinicians in their diagnostic
processes.

5. Dataset

The dataset procurement for this project is taken from Kaggle and consists of ECG images of varying heart
conditions. It contains four different categories of heart health ECG images: MI patients, post MI patients,
patients with abnormal heart beats, and a healthy individual with no cardiac issues. The ECG images dataset
is considered broad and diverse because it possesses differing levels of cardiac activity and facilitates the
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model learning different patterns of heart diseases. Images that are classified according to the patient's

condition as well as the labeled nature of the dataset makes it ideal for supervised learning tasks. bealize, the
model can do a much better with the data after it has undergone resizing, normalization, and a few more
transformations to minimize chances of overfitting. On top of that, they can increase the distribution of heart
conditions the model is trained on with a few class imbalance balancing methods. - This dataset serves as a
valuable tool for training the MobileNet model, and confirming that MobileNet classifies the ECG images to
the appropriate heart disease types correctly. The purpose of this dataset will be for analyzing its usefulness
in developing an effective and dependable heart disease detection system.

6. Methodology

The methodology for this project consists of the classification of ECG images and disease diagnosis through
detection which in turn employs the use of deep learning techniques. The approach taken in image
classification involves the employment of the mobile net architecture as it is efficient for this purpose due to
its lightweight CNN. The approach taken in the project is comprised of Data gathering, pre-processing,
choosing a model, training, assessment, and optimization.

1.Dataset Preparation The images containing ECGs of varying heart states were collated from Kaggle and
serve as the data set for this project. All heart rhythm types, normal and abnormal, are labelled and grouped
within the images. In order to make all images compatible with the deep learning model, they are preprocessed
and cropped into various sizes. The images are split into a train set and a test set. The goal of the train set is
to enable the model to learn, while the test set provides a means for evaluating the model's performance on
previously unseen data. Data set is balanced throughout all classes, which helps the model learn to identify
different abnormalities of the heart.

2. Data Preprocessing: Private key is central point in the model. To begin with, we resize the images to 224
by 224 pixels, the standard accepted size by MobileNet. This is done so that there is a fixed dimension for all
images and thus prevents any discrepancies during training. The images approximately resized in the batch
are normalized, that is, their pixel values are set to a scale of 0 to 1. Normalization is also important because
we may get better results using the neural networks if the input features are terabytes better results.
Additionally, data augmentation techniques are applied to increase the size of the dataset to tackle the
overfitting problem. Random transformation of images like rotation, Zooming and flipping are included. This
becomes important as it helps the model to learn from the variety of data and improve model generalization.
Then the other part of the work is to split the dataset into a training set made of 80 % of the total data and a
test set 20%. The split is designed in a way that the model will be tested on unseen data.

3. Model Selection: The deep learning model adopted for this project is the MobileNet
architecture. MobileNet is a light-weight deep, mobile and embedded efficient convolutional
network (CNN). It uses depthwise separable convolutions that are far smaller and cheaper (in
terms of parameters and computations) than the traditional ones. MobileNet is a candidate
architecture for real time applications that demand fast processing speed. The MobileNet
model by itself is able to learn complicated patterns from images and can execute them very
quickly. In this project MobileNet was tasked with classifying ECG images from different
categories of heart diseases. We load the model with parameters for ImageNet, a dataset with
millions of images from various categories. In this way, the MobileNet model is first adapted
to the ECG dataset through a process called transfer learning; this means that instead of
training a model from scratch, the knowledge learned by the MobileNet on the ImageNet
dataset is used as a starting point for some of the tasks, thus saving time and enhancing
performance on the task Fine tuning is adapting the weights of the pre trained model as per the
properties of the ECG images, for it to work well on the task. It contains a few convolutional
layers, pooling layers and a fully connected layer(s) that when combined, can extract features
from the ECG images and make predictions
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MobileNet Algorithm Formula:

1. Depthwise Convolution:
y =W, (Wxx)

Where:

W-Each input channel in the network contains its own spatial filter which is denoted by W.
x-The algorithm operates on the input image or feature map which it represents as x.

2. CNN Algorithm Formula:

It typically runs on the sequence of layers composed of convolutional and pooling layers, ending with the fully connected layers.
There is calculation formula for each stage of these steps:

Convolution Layer:

¥ = oW« x=1 4 p0)

The filter/kernel W<) from convolutional layer It performs the convolution operation
* using input x(-1) (which originates from the previous layer or is the It layer input) with bias term b.

The bias term b exists in the layer together with the filter/kernel W< and the activation function o which usually uses ReLU.

4. Model Training: Now that the model architecture has been defined, the next step is to train
the model on the ECG dataset. Training consists of providing the MobileNet model with
preprocessed images and updating the model weights to improve accuracy of its predictions.
Training process is guided by the following components:

Loss Function: The loss function model is the categorical cross entropy which is used in multi
class classification. This function captures how far off the predicted class probabilities are
from the actual class labels. This is the loss function we have to minimize, that is make the
model prediction as best as possible.

Optimizer: During training the model's weights are updated with the Adam optimizer. Adam
1s among the most popular optimization algorithms because it combines properties of both
momentum as well as adaptive learning rate. It is useful in supporting the tuning of the deep
neural networks.

Epochs and batch size: In our example, suppose a certain number of epochs of 50 has been
set for training the model and within every epoch, the entire training dataset is processed once.
The number of images the system processes at one time is referred to as batch size. Depending
on the framework used, there might be preset algorithms for optimizing loss that are more
effective, but batch sizes of 32 and 64 tend to work well for loss minimization and resource
utilization. Subsequently, the model is periodically modified and its accuracy on the training
set 1s tested after every few batches of images. These step processes are repeated until the
model reaches a certain level of accuracy which in this case, is trained to optimize the correct
identification of ECG images.

5. Evaluation of the Model: After the model construction is finished, the model is then tested
against ECG images that are foreign to it, that is, the test dataset. In this phase, during the
evaluation, different performance measures like accuracy of the model and effectiveness of
the model on the data are evaluated using different performance measures.
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Accuracy Metric: This is calculated as the percentage of predictions that were found to be

true. Higher accuracy suggests that the ECG images are being classified seamlessly using the
model and the classification is done very well.

Recall, Precision, and F1-Score: These enable more in-depth analysis of the performance of
the model. It is actually precision, the proportion of true positives out of the total positive
supersets, and recall the ratio of true positives over the real positive sets which makes it so. It
1s also a class balanced measure, hence, the harmonic mean of precision and recall is still
better, that is the model’s classification functionality as well.

Confusion Matrix: The model’s performances across all classes are visualized using a
confusion matrix. It provides the number of actual positives, negatives, false positives,
and negatives for each class, assisting in determining which classes are misclassified.

6. Hyperparameter tuning: One step that needs to be performed is optimization of the model,
which is where hyperparameter tuning comes into play. In this phase, steps like setting dropout
rates, the number of epochs, batch size, the learning rate and so on is set to find the most
optimal values. Some approaches are grid search and random search, which are base methods
for systematic exploration of combinations for hyperparameter values.

7. Post processing: This part comprises actions taken after the completion of training and
evaluation of the model with the primary aim of enhancing the model’s performance and its
explainability:

Model Explaining: A technique called Grad-CAM might be used to see what part of an ECG
the model is attending for making predictions. This helps in analyzing the reasoning of the
model.

Model Serving: Once the machine learning model is trained and tested and performs at a
reasonable level, it can be embedded into real systems for early detection of heart diseases. A
mobile application or diagnostic tool can be implemented wherein the user uploads ECG
images and receives predictions regarding the patient’s heart health.

This methodology describes complete usage of deep learning to classify risks of heart ailments
from ECG images. This trains to accurately diagnose several heart conditions with MobileNet
architecture, which was fine-tuned on ECG images dataset. Nevertheless, the system that has
been proposed offers a great hope for the automation of heart disease detection so that it can
be used for the rapid and efficient diagnosis of heart diseases by medical practitioners.

\
_/

Data
CVD Dataset

. S Pre-processing

Fig.1. Model Deployment
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7. Result and Discussion

We present the outcome of the deep learning carried out and elaborate on the results with respect to the
objective of the project. The primary aim of this project was to use the MobileNet deep learning architecture
to determine if an image of an ECG shows a heart problem or not. To assess the model’s generalization, a test
set that was not presented during training was used. In addition, we assess the MobileNet model performance
as well as other classical machine learning approaches in order to highlight the importance of deep learning
in ECG image classification.To achieve this, the model MobileNet is fed with the ECG images and the results
are analyzed using standard measures of evaluation such as the accuracy, precision, recall, F1 score and
confusion matrix. The analysis performed on the test set confirms that the model’s accuracy was exceptionally
high at 94.5%. This indicates that the model was able to classify the images of the ECGs accurately. The
MobileNet network on the ECG dataset has shown remarkably positive results. The precision of the
MobileNet model was 93.2%, giving us the number of correct predictions of heart disease condition while
model was predicting heart disease condition. This suggests that the model has good ability to identify non
breast tumour cases, an important property in medical applications where false positives can result in costly,
unnecessary treatments or tests.
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Recall: Looking at this from another perspective, Recall score was 95.6%. Therefore, the model was reporting
a rate of over 95.6 % of the heart disease patients in the test dataset. Does it matter? Yes. Because a model
with high recall should guarantee that the model has not missed out any heart disease cases which, if
undiagnosed or treated at an appropriate time, would be life threatening.

It is notable that the score for F1 was calculated using a precision weighted recall score mean of 94.4%, which
is also called as as balanced performance. High F1 scores imply that not only is the model accurate but it also
captures all possible cases of heart disease without omitting them. The model used the confusion matrix to
test the claims that were made across different classes. It turned out that the MobileNet model performs
phenomenally at classifying different heart diseases and normal results of ECGs. Each of the model’s
categories was evaluated against the matrix, and the results contained a large number of true positives and
almost no false positives and false negatives, which helps to build the credibility of the model. However, the
model in some cases, had slightly poorer performance in predicting the category of some heart disease. For
sake of explanation these misclassifications are caused by factors that contribute to the inherent complexity
of ECG images, since some heart conditions have similar or very slight image features. Overall performance
was very strong and the model was effective in generalizing across unseen data, still.
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MobileNet's performance was evaluated by comparing it to a benchmark CNN model which had an accuracy
of 91.2%, some points lower than what MobileNet achieved. MobileNet’s is a deep learning model, but its
lightweight architecture allows it to outperform other models in both accuracy and efficiency. In this case,
MobileNet benefits significantly by being computationally efficient while still having good data performance
for images.

The results confirm that ECG image classification MobileNet is superior to the traditional CNN methods-
based models, especially when it comes to heart disease detection. The model demonstrates a high level of
precision and other metrics for detecting very critical features which are decisive in classifying various heart
conditions from the ECG images. However, class imbalance and the need for interpretable models remains
major challenges. Future work clearly remains to be done to enhance the model accuracy, increase the model
generalization with more varied data, and for improve the model interpretability so that it becomes practical
for clinical use.

8. Conclusion

MobileNet's performance was evaluated by comparing it to a benchmark CNN model which had an accuracy
of 91.2%, some points lower than what MobileNet achieved. MobileNet’s is a deep learning model, but its
lightweight architecture allows it to outperform other models in both accuracy and efficiency. In this case,
MobileNet benefits significantly by being computationally efficient while still having good data performance
for images. The results confirm that ECG image classification MobileNet is superior to the traditional CNN
methods-based models, especially when it comes to heart disease detection. The model demonstrates a high
level of precision and other metrics for detecting very critical features which are decisive in classifying various
heart conditions from the ECG images. However, class imbalance and the need for interpretable models
remains major challenges. Future work clearly remains to be done to enhance the model accuracy, increase
the model generalization with more varied data, and for improve the model interpretability so that it becomes
practical for clinical use. This overall study shows that deep learning, in particular, MobileNet has the potential
to improve the diagnostic accuracy and reduce human error in the healthcare domain to help in the
management of heart disease with better patient outcomes.

9. Future Scope

In the years to come, this system could be designed to work with the wearable ECG devices for continuous
heart monitoring with early detection of heart diseases. With this, MobileNet can be used as an improvement
on ResNet or XGBoost that also increases reliance on the accuracy of the prediction. It is also able to shift
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how the diagnosis can be done, not limiting to their medical records, but being able to access individual patient

information. Doctors will have complete data from echocardiograms and MRIs along with their interpretations
to focus on the heart part. For these edge and cloud computing systems, this technology becomes accessible
for a site, which is positioned at a remote location. Ai based, using XAI doctors will have clearer insight of
the model decisions made during the process. Making the system more precise would entail incorporating a
broader and more varied dataset alongside advanced methods of data augmentation. In terms with being ready
to be put on a medical institution, the platform will need modern clinical trial and regulatory clearances. This
system is useful for the patients when integrated into telemedicine where users can pass doctor’s guidelines
and actively manage their heart health without leaving home. The proposed Al based emergency alert system
can be used to determine critical heart problems so that the mails can be sent to doctors and emergency
contacts in time which might save lives.
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