™

Check for
updates

Preediction Of Cardiovascular Diseases Using ECG
Images

S.Ram Prasad Reddy *, M.Jahnavi, K.Samuel , P.Mohith ,V.N.V.S Abhishek

Department of Information Technology, Anil Neerukonda Institute of Technology and Sciences,
Sangivalasa, Visakhapatnam, Andhra Pradesh, India

reddysadi.it@anits.edu.in

Abstract. Cardiovascular disease remains a leading global health concern.
Electrocardiograms (ECGs) are widely used for heart disease detection, but
manual interpretation is time-consuming and prone to error. This study com-
pares two deep learning models—Convolutional Neural Networks (CNN) and
MobileNet—for classifying ECG images into five categories: myocardial in-
farction, history of MI, abnormal heartbeat, normal, and COVID-19. Using la-
beled ECG images, both models learn spatial and temporal features. While
CNN captures complex patterns well, MobileNet achieves higher accuracy and
efficiency due to its lightweight architecture, making it ideal for real-time diag-
nosis in resource-limited settings. The findings emphasize the role of deep
learning in improving cardiac care and the need to balance performance with
computational demands.
Keywords:Electrodiagram(ECG),ConvolutionalNueral = Network,Myocardinal
Infraction(MI)

1 Introduction

Cardiovascular diseases (CVDs) are leading causes of death worldwide, and therefore
early diagnosis is essential. Electrocardiogram (ECG) signals play a key role in the
diagnosis of cardiac conditions such as myocardial infarction and arrhythmias. Inter-
pretation of ECG manually is typically time consuming, prone to errors, and cumber-
some owing to small changes in wave forms.

This paper will suggest a robust system to identify ECG images into four categories:
myocardial infarction, history of myocardial infarction, abnormal heart rhythm, and
normal. By utilizing advanced deep learning architectures like CNN and MobileNet,
the system will gain knowledge about the spatial patterns and time of ECG signals.
Medical cardiac diagnosis is greatly influenced by this research.The early diagnosis of
ECG symptoms, such as myocardial infarction and arrhythmia, is facilitated by this
tool for cardiologists.This theme underscores the increasing need for accurate ECG
classification systems to assist healthcare providers.' By utilizing advanced deep
learning methods like CNN and MobileNet, the paper seeks to enhance the reliability
and precision of cardiac diagnosis. The comparative study examines the advantages
and disadvantages of each approach and identifies its most effective. The matter is a
significant concern for medical technology innovation and improved patient out-
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comes.

2 Literature Survey

Cardiovascular diseases (CVDs) are a major global health concern, making early and
accurate diagnosis essential. ECG signals are key in detecting conditions like myo-
cardial infarction and arrhythmias, but manual interpretation is time-consuming and
prone to error.Deep learning models, particularly CNNs and MobileNet, offer promis-
ing solutions for automated ECG classification. CNNs effectively capture spatial fea-
tures, while MobileNet provides a lightweight, efficient alternative suitable for real-
time use in resource-limited settings.This study builds on existing research by com-
paring CNN and MobileNet for classifying ECG images into four categories: myocar-
dial infarction, history of MI, abnormal rhythm, and normal. The aim is to enhance
diagnostic accuracy and support clinical decision-making through reliable, efficient
Al tools.
Table 1 : Summary of Literature Review

S.No Title Authors Publication Year
1 A hybrid deep | Wang, L., | IEEE Transac- | 2024
learning model for | Zhang, H., & | tions on Bio-
ECG signal classi- | Kumar, P. medical Engi-
fication neering
2 Electrocardiogram | Smith, J., Da- | Computers in | 2023
classification vis, A., & | Biology and
using hybrid deep | Patel, R. Medicine
learning
3 Fusion of wavelet | Chen, M., | Frontiers in | 2023

transform and | Garcia, P., & | Physiology
deep learning | Yang, X.
models for realis-
tic ECG classifi-

cation

4 End-to-end deep | Brown, L., | Artificial Intel- | 2023
learning for cardi- | Sharma, V., & | ligence in Med-
ac signal analysis: | Gonzalez, C. icine
An overview of
hybrid methods

5 Multi-lead ECG | Rivera, J., | IEEE Journal of | 2024
classification Singh, N., & | Biomedical and
using  advanced | Robinson, A. Health  Infor-
hybrid neural matics
networks

6 Integrating deep | Li, W., Naka- | Biomedical 2024
learning and ex- | mura, H., & | Signal Pro-
pert rules for ro- | Jones, M. cessing and

bust ECG classifi- Control
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cation

7 Explainable  hy- | Ozturk, A., | Journal of Med- | 2023
brid deep learning | Elhassan, S., & | ical Systems
models for ECG | Nguyen, T.
arrhythmia detec-
tion and analysis

8 Hybrid deep | Kim, S.-J., | IEEE Access 2023
learning for multi- | Ahmad, F., &
class ECG classi- | Peters, K.
fication

9 Deep learning | Singh, M., | Journal of | 2024
methods for real- | Jackson, T., & | Healthcare
istic ECG signal | Zhao, W. Informatics
analysis Research

10 Cardiac  arrhyth- | Garcia, J., Lee, | Biomedical 2024
mia detection | M.-S., & | Engineering
using hybrid deep | Chen, R. Online
learning tech-
niques

11 Deep learning- | Khan, M. A., | IEEE Transac- | 2024
based real-time | Younis, M. I., | tions on Artifi-
ECG classifica- | & Rehman, A. | cial Intelligence
tion for arrhyth-
mia detection

12 Multi-scale  fea- | Zhao, L., Ku- | Expert Systems | 2023
ture fusion using | mar, R., & | with Applica-
CNNs for ECG | Smith, C. tions
classification

13 Transformer- Wang, X., | Nature Bio- | 2023
based ECG classi- | Tan, J., & | medical Engi-
fication: A novel | Chen, R. neering
approach for car-
diac disease detec-
tion

14 Edge Al for ECG | Nguyen, D. T., | IEEE Internet | 2024
classification: Garcia, M., & | of Things Jour-
Optimizing deep | Li, Y. nal
learning  models
for wearable de-
vices

15 Adaptive deep | Rodriguez, P., | Journal of Bi- | 2023
learning models | Ahmed, S., & | omedical and
for personalized | Patel, R. Health  Infor-
ECG classifica- matics
tion

16 Self-supervised Kim, H., | Neural Net- | 2024
learning for ECG | Singh, V., & | works
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analysis: Enhanc- | Zhao, W.
ing classification
with unlabeled
data

17 Anomaly detec- | Chen, J., Rive- | IEEE Access 2023
tion in ECG sig- | ra, L., &
nals using GAN- | Nakamura, H.
based deep learn-

ing models

18 Improving ECG | Brown, T., | Biomedical 2024
classification with | Garcia, P., & | Signal Pro-
hybrid CNN- | Wang, S. cessing and
LSTM  architec- Control
tures

19 A comprehensive | Kumar, A., | Artificial Intel- | 2023
review of Al-| Lee, M., & | ligence in Med-
driven ECG clas- | Ozturk, A. icine
sification models

20 Enhancing ECG | Gonzalez, C., | Frontiers in | 2024

classification with | Singh, J., & | Physiology
explainable Al | Robinson, A.
techniques

3 Existing System

Recent deep learning advancements have greatly improved automated ECG classifica-
tion for diagnosing cardiovascular diseases (CVDs). Hybrid models combining CNN
and LSTM effectively capture spatial and temporal ECG features [1], [2], while
wavelet-based preprocessing enhances multiscale feature extraction [3]. Explainable
Al models increase clinician trust by offering transparent predictions [7],
[20].Architectural innovations such as multi-scale feature fusion with CNNs [12],
CNN-LSTM hybrids [18], and transformer-based models for long-range dependencies
[13] have boosted diagnostic accuracy. Self-supervised learning improves perfor-
mance using unlabeled ECG data [16], and edge Al enables efficient real-time classi-
fication on wearables [14], [11].Efforts also include anomaly detection using GANs
[17], personalized classification via adaptive models [15], multi-lead ECG analysis
with hybrid networks [5], and integration of deep learning with expert rules for better
interpretability [6]. Reviews emphasize the transformative role of hybrid and explain-
able models in ECG diagnostics [4], [19].




Preediction of Cardiovascular Diseases Using ECG Images 817
4 Proposed Methodology

Electrocardiography (ECG) is a widely used non-invasive method for assessing heart
activity, but manual interpretation can be error-prone and requires expert knowledge.
To overcome these limitations, this work presents a deep learning system using
Convolutional Neural Networks (CNN) and MobileNet to classify ECG images into
five categories: myocardial infarction, past MI, abnormal rhythm, normal condition,
and COVID-19-related cardiac issues. The model improves diagnostic accuracy while
offering scalability and speed, making it suitable for both clinical and remote
healthcare use.

4.1 ADVANTAGES OF PROPOSED SYSTEM:

e By leveraging CNN and MobileNet, the system can accurately classify
complex ECG patterns, reducing the risk of human error in diagnosis.

e The lightweight MobileNet architecture allows for fast processing and easy
deployment, making the system suitable for use in both clinical settings and
remote or resource-limited environments.

4.2 METHODOLOGY :

The technique of "Prediction of Cardiovascular Diseases Using ECG Images" is a
structured deep learning approach to automate and enhance the classification of ECG
images into various heart conditions. The methodology involves the following steps:

Step-1 : Data Collection

Labeled ECG image datasets were collected from Kaggle. The data was organized
into training and testing directories, and the training set was further split in an 80:20
ratio for validation purposes.

Step-2 : Data Preprocessing

All ECG images were resized to 224x224 pixels. Using Keras’ ImageDataGener-
ator, the images were normalized, augmented, and shuffled to improve robustness
and minimize overfitting during model training.

Step-3:FeatureExtractionusingMobileNet

A pre-trained MobileNet model with ImageNet weights was used as a feature extrac-
tor. Its layers were frozen to retain learned patterns, and a Global Average Pooling
layer was used to obtain compact image representations. Features and labels were
stored in . joblib files for reusability.

Step-4:DataSplittingandModelTraining

Extracted features were split again into training and validation sets. Two models were
used: a custom CNN and the pre-trained MobileNet. Both were trained with categori-
cal cross-entropy as the loss function and optimized using the Adam optimizer. Evalu-
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ation metrics included accuracy, precision, recall, and F1-score..

Step-5:ModelEvaluation

The models were evaluated using validation and test datasets. Performance metrics
showed MobileNet outperformed CNN in terms of Fl-score across all classes—
especially for "Myocardial Infarction" (0.99), "COVID" (0.98), and "History of MI"
(0.94), demonstrating higher precision and recall..

Step-6:Deployment

The trained model was integrated into a user-friendly interface to enable real-time
ECG image classification, making it accessible for clinical and remote healthcare
applications.

Step-7 : The system is regularly updated with new data.

ALGORITHMS AND TECHNOLOGIES USED

e Algorithms: CNN,MobileNet,

e Technologies: TensorFlow, Keras,Sci9t-learn,joblib,Flask, MySQL,
Kaggle ECG image Dataset

5 Designing The System : Architecture And Components

a) System Architecture
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Data Collection

ECG Images from Kaggle
L]

Data Preprocessing

Resizing, Normalization
L ]

Feature Extraction -
MobileMet

Extract Spatial Features
L]

Model Training

CNN & MobileNet, Adam
Optimizer
v

Model Evaluation

Metrics: Accuracy,
Precision, Recall, Fi1-score

L]

Result Interpretation

Compare MobileNet & CNN
¥

Conclusion & Future Work

Expand to Multi-Lead ECG,
Improve Real-Time Analysis

L

Final Implementation

Fig 1 : System Architecture of Fraud App Detection

b) IMPLEMENTATION

The HealthWise system, titled "Prediction of Cardiovascular Diseases Using ECG
Images," is developed with a modular, deep learning-driven architecture designed for
reliability, clinical relevance, and real-time accessibility. The architecture comprises
several functional modules that work together to deliver automated, accurate heart
disease classification using ECG images.
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1. Data Collection and Preprocessing
2. Feature Extraction

3. Model Training

4. ECG Condition Classification

5. Result generation and analysis

6. Deployment and User Interface

Data Collection Module and Preprocessing Module:
In this module, labeled ECG images are sourced from publicly available datasets such
as Kaggle ECG datasets. The collected images are:

e Resized uniformly to 224x224 pixels.

e Normalized and augmented using Keras' ImageDataGenerator for con-
sistent input and better generalization.

e  Split into training, validation, and testing sets (80:20 ratio), ensuring a robust
training pipeline and avoiding overfitting.

Feature Extraction Module:

MobileNet pretrained on ImageNet is used as a feature extractor.Layers are frozen,
and feature representations are saved to joblib files for efficient reuse.

Model Training Module:

Models: Custom CNN and MobileNet.Trained using categorical cross-entropy,
Adam optimizer, and performance metrics like accuracy, precision, recall, and F1-
score.

ECG Condition Classification Module:

Models classify ECG images into conditions such as Normal, Abnormal, COVID,
and Myocardial Infarction.

MobileNet shows superior performance with high Fl-scores (up to 0.99 for MI
Mcardial Infarction).

Alert Generation and Reporting Module:
ECG Condition Classification Module:
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Models classify ECG images into conditions such as Normal, Abnormal, COVID,
and Myocardial Infarction.

MobileNet shows superior performance with high F1-scores (up to 0.99 for MI
Mcardial Infarction).

Result generation and analysis Module:

The system processes uploaded ECG images using trained CNN and MobileNet mod-
els to predict conditions like Normal, Abnormal, COVID, Myocardial Infarction, and
History of MI. MobileNet outperformed CNN in most categories, especially Abnor-
mal and History of MI, with higher F1-scores. Both models showed excellent accura-
cy in detecting COVID and Myocardial Infarction. Results are displayed to users via a
Flask interface with the predicted condition and confidence score, enabling clear and
reliable health insights.

User Interface and Visualization Module:

Built using Flask, this module serves as the interaction layer for users:

User Registration & Login for secure access.

Image Upload Feature for users to submit ECG images.

Real-Time Prediction Display showing diagnosis with relevant confidence scores.
Dashboard to track upload history and view diagnostic summaries..

6 Results

4 CARDIOVASCULAR DISORDERS HOME LOGIN REGISTER

SCOPE OF PROJECT

f this project enc ping a robust

Five categories: myocardial inf
infarction, abnofmal heartbeat, and normal

and covid patients

Fig 2 Index page
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&2 Cardiovascular Disorders =ere tuah fegiser

!

Fig 3 Registration page
&2 Cardiovascular Disorders =ene o zsser

Login

Email

Email

Password

Password

Don't have an account? Register

Fig 4 login page
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&2 Diagnosis of Cardiovascular Disorders from ECG Images vsrers Lo

HealthWise - Upload
ECG Image

Choose Image

Choose File  No file chosen

Select Algorithm

CNN ¥

Upload and Analyze

Fig 5 User Home page

Prediction: ECG Images Normal Person

ECG REPORT
renlly R

i r— R

S LA W0 E-1 Y M LY

Upload and Analyze

Fig 6 ECG analysis of normal person
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Prediction: ECG Images of Myocardial Infarction Patients

ECG REPORT
umily W &

..... skt

N T

Upload and Analyze

Fig 7 ECG analysis forMI patients

Prediction: ECG Images of Patient that have abnormal heartbeat

EOG REPORT

Cimer et

Upload and Analyze

Fig 8 ECG analysis for abnormal heartbeat
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Prediction: ECG Images of Patient that have History of kAl

Fig 9 ECG analysis of history of MI

Prediction: ECG Images of COWVID-19 Patients
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7.ANALYSIS

a. PERFORMACE METRICS

Table 2 : Performance analysis for CNN

Condition Precision Recall F1-Score Support
Normal 0.86 0.89 0.88 112
COVID 1.00 0.96 0.98 51

Myocardial 0.96 1.00 0.98 112

Infraction

Abnormal 0.89 0.77 0.82 112

HistoryOfMI 0.87 0.94 0.90 99
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Table 3 : Performance analysis for the mobileNet

Condition Precision Recall F1-Score Support
Normal 0.86 0.89 0.88 112
COVID 1.00 0.96 0.98 51

Myocardial 0.96 1.00 0.98 112

Infraction

Abnormal 0.89 0.77 0.82 112

HistoryOfMI 0.87 0.94 0.90 99

b. DISCUSSION:

Classification Criteria and Observations

8

Model Sensitivity: The CNN model demonstrated stricter classification be-
havior compared to MobileNet, often flagging borderline ECG patterns as
abnormal. This heightened sensitivity helps in early detection but may in-
crease false positives.

Model Generalization: MobileNet showed better generalization, classifying
images with more balanced precision and recall, particularly in complex cas-
es like "Abnormal" and "History of ML," making it more reliable for real-
world deployment.

Consistent Detection: Both models consistently identified COVID and My-
ocardial Infarction cases with high accuracy, indicating these conditions ex-
hibit distinct ECG patterns easily captured by deep learning.

Clinical Relevance: The differences in model behavior underline the im-
portance of selecting the right model for clinical use—stricter models are
better for screening, while general models support accurate diagnosis.

Conclusion

The project "Prediction of Cardiovascular Diseases Using ECG Images" show-
cases the effectiveness of deep learning models, specifically CNN and MobileNet, in
classifying ECG images into five heart conditions: Myocardial Infarction, History of
MI, Abnormal, COVID-19, and Normal. MobileNet outperformed CNN with 89.7%
accuracy, offering real-time applicability due to its lightweight design, while CNN
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provided strong feature extraction. The system automates diagnosis, reducing manual
effort, and features a user-friendly interface for ECG uploads and result display. Fu-
ture improvements include integrating multi-lead ECGs, enabling real-time pro-
cessing on wearable devices, adding explainable Al for clinical trust, and deploying
the model on cloud or mobile platforms for remote diagnostics. Expanding the dataset
will enhance model generalization, making the system more scalable and accurate.
This work proves that Al-powered ECG classification can support cardiologists, re-
duce diagnostic errors, and improve early detection of cardiovascular diseases.

9 Future Scope

To enhance the system’s clinical applicability and scalability, future developments
may include integrating multi-lead ECG signals for more accurate diagnosis, optimiz-
ing the model for real-time processing on low-power wearable devices, and applying
explainable Al techniques to make predictions more interpretable for clinicians. Ex-
panding the dataset with diverse ECG samples will improve model generalization,
while implementing cloud and mobile support will enable remote monitoring and
telemedicine. These advancements will strengthen early detection, increase accessibil-
ity, and make the system more reliable for real-world cardiovascular disease diagno-
sis.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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