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I. INTRODUCTION 
 

Heart disease has become one of the most common 

and life-threatening health issues across the world. 

Many people do not recognize early symptoms, 

which leads to delayed treatment and serious 

medical complications. Electrocardiography (ECG) is 

a simple and widely used method to check the 

heart’s electrical activities, but its analysis usually 

requires medical experts and proper clinical facilities. 

In many areas, this expertise is limited or not quickly 

accessible, causing risks for patients who need timely 

diagnosis. 

 

With the growth of technology, Artificial Intelligence 

(AI) and Machine Learning (ML) have created new 

possibilities in medical decision support. These 

intelligent systems can process ECG data 

automatically and indicate potential heart 

abnormalities in just a few seconds. This project 

focuses on developing a web-based application that 

allows users to upload their ECG reports and 

instantly receive heart disease risk predictions. The 

system aims to improve early detection, support 

healthcare workers, and encourage individuals to 

monitor their heart health more effectively. 

Project Overview 

Our complete system works in the following steps: 

1. Upload ECG file (Image/PDF) 

2. ECG pre-processing and noise reduction 

3. Feature extraction such as QRS detection, heart 

beats and waveform patterns 

4. Machine Learning-based classification of risk 

5. Display result with instructional suggestions on 

the web UI 

 

II. PROBLEM DOMAIN 
 

Challenges in Early Cardiac Diagnosis 

Heart disease often develops gradually, and many 

individuals do not experience noticeable symptoms 

until the condition becomes critical. ECG testing 

helps detect electrical abnormalities in the heart, but 

the interpretation of ECG patterns requires trained 

cardiologists and advanced tools. In many rural or 

overloaded healthcare centers, timely consultation 

with specialists may not be possible, leading to 

delayed diagnosis. Additionally, manual evaluation 

can sometimes be influenced by fatigue or human 

error, which may affect accuracy. Another major 

challenge is that people do not undergo regular 

heart checkups unless symptoms are visible, which 
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results in missed opportunities for early detection 

and prevention. 

 

Impact and Importance 

Early identification of heart abnormalities can 

significantly reduce the risk of severe cardiac events 

such as strokes and heart attacks. A computerized 

ECG analysis system can provide fast feedback and 

support healthcare professionals in initial screening. 

This approach helps patients take immediate action, 

improves access to diagnosis in remote regions, and 

reduces unnecessary hospital visits. When 

individuals can quickly check their heart health 

through an automated system, they are more likely 

to become aware of their cardiac condition and seek 

medical advice sooner. Therefore, an intelligent ECG- 

based prediction model has the potential to save 

lives, lower treatment costs, and improve overall 

public health by promoting early and preventive care 

 

III. DATASETS AND DATA 

PREPARATION 
 

Developing a reliable AI model for heart disease 

prediction requires accurate and well-structured ECG 

data. In this project, publicly accessible ECG datasets 

are used to train and validate the machine learning 

model. These datasets include heart signals from 

both healthy individuals and patients with cardiac 

conditions, which helps the system learn important 

differences in heart behavior. 

  

Dataset Source 

The ECG datasets are collected from recognized 

online repositories such as PhysioNet and Kaggle, 

where medical research data is openly shared. The 

data contains ECG signals recorded under clinical 

conditions along with labels that specify diagnostic 

outcomes like normal rhythm, arrhythmia, or other 

abnormalities. 

 

Data Preprocessing 

Raw ECG data often contains noise due to body 

movements, electrical interference, or inaccurate 

sensor placement. To improve clarity and usefulness 

of the signal, several preprocessing steps are 

applied: 

 

 Removal of baseline noise and artifacts 

 Normalization of signal amplitude for standard 

comparison 

 Filtering unwanted frequency ranges using 

bandpass filters 

 Converting ECG images to clean grayscale for 

feature extraction 

 Segmenting useful heartbeat cycles from the 

signal 

These steps ensure that only meaningful information 

is used for prediction. 

 

Feature Preparation 

From each ECG sample, essential cardiac features are 

analyzed: 

 RR interval and heart rate variability 

 QRS complex shape and duration 

 Changes in ST and T-wave formation 

 Any irregular rhythm patterns These features 

reflect how well the heart is 

functioning and help the model detect abnormal 

cardiac activities. 

 

Splitting Data for Training and Testing 

To evaluate the system’s prediction ability, the 

dataset is divided into two parts: 

 Training set: Used for learning patterns in heart 

signals 

 Testing set: Used to check how well the model 

performs on unseen data 

A balanced split like 80% for training and 20% for 

testing helps prevent overfitting and ensures a fair 

evaluation of accuracy. 

 

IV. SYSTEM REQUIREMENTS 
 

Functional Requirements 

Functional requirements describe the key features 

and operations that the system must perform to 

meet its objectives. 

1. ECG Signal Input Module 

 Accept ECG data from pre-recorded datasets or 

real-time sources (wearable devices or APIs). 

 

2. Signal Preprocessing Module 

 Remove noise, baseline wander, and power line 

interference from ECG signals. 
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3. Feature Extraction 

 Automatically extract spatial and temporal 

features using deep learning layers. 

4. Prediction Module 

 Use the trained hybrid model (CNN + BiLSTM + 

Attention) to classify heart disease conditions. 

5. User Interface (UI) 

 Display ECG graphs, prediction results, and 

alerts. 

 Provide summary reports to users or clinicians. 

6. Storage & Retrieval System 

 Store ECG records, predictions, and logs for 

future reference or model retraining. 

 

Non-Functional Requirements 

These requirements define the quality attributes of 

the system rather than specific behaviors. 

1. Performance 

 System should provide prediction results within 

3–5 seconds of receiving ECG input. 

2. Scalability 

 Must support additional datasets or user inputs 

without affecting core performance. 

3. Accuracy and Reliability 

 Aim for ≥ 90% accuracy with low false 

positives/negatives. 

4. Portability 

 Should be deployable on various platforms, 

including cloud, desktop, and mobile devices. 

5. Security 

 Ensure secure data handling using encryption 

for patient ECG data and results. 

6. Maintainability 

 Code should be modular and well- documented 

to allow for easy updates or improvements. 

 

Basic Operational Requirements 

These are the minimum required hardware and 

software specifications to run the system effectively. 

 

Hardware Requirements 

 Minimum RAM: 8 GB 

 Processor: Intel i5 or equivalent (for 

development); ARM-based (for embedded 

deployment) 

 Storage: 100 GB (for dataset and logs) Software 

Requirements 

 Operating System: Windows 10/Linux/macOS 

 Programming Language: Python 3.x 

 Libraries/Frameworks: TensorFlow/Keras, 

NumPy, Pandas, OpenCV, Flask/Streamlit 

 Tools: Jupyter Notebook, Visual Studio Code 

Network Requirements 

 Stable internet connection (for real-time data 

input or remote model access) 

 Optional: Cloud services like Google Colab, AWS, 

or Azure for model training and deployment 

  

V. SYSTEM DESIGN 
 

Effective system design is essential to ensure robust, 

scalable, and interpretable ECG-based heart disease 

prediction. This chapter outlines the architectural 

and design diagrams used in building the system. 

 

System Architecture 

The system follows a modular architecture, 

integrating data preprocessing, feature extraction, 

deep learning- based prediction, and result 

visualization. 

 

High-Level Architecture Components: 

1. Input Layer 

 ECG signal input via datasets or real- time 

sensors. 

2. Preprocessing Module 

 Signal denoising: baseline wander removal, 

filtering power line interference. 

 Normalization and segmentation of ECG signals. 

3. Model Layer 

 CNN: Extract spatial features from ECG signal 

segments. 

 BiLSTM: Capture temporal dynamics in 

sequential ECG data. 

 Attention Mechanism: Focuses on key segments 

to improve prediction. 

4. Prediction Output 

 Classifies ECG input into multiple heart disease 

conditions or normal rhythm. 

5. User Interface 

 Displays ECG input, prediction results, and 

medical suggestions. 

6. Data Storage & Logging 

 Maintains historical data for retraining, 

validation, and reporting. 
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Use Case Diagram 

Actors: 

 User (patient or clinician) 

 System (AI Model + Interface) 

 

Use Cases: 

 Upload ECG data 

 View prediction result 

 Monitor ECG in real-time 

 View historical logs and charts 

 Download reports 

 

 
 

 

 

VI. ANTICIPATED OUTCOMES AND 

IMPLEMENTATION PLAN 
 

Anticipated Outcomes 

The primary goal of this project is to design a smart 

and supportive heart-health monitoring system that 

analyzes ECG reports using AI. The expected results 

of the system include: 

 Instant ECG Risk Prediction: Users receive 

immediate feedback on heart health condition 

such as normal, moderate risk, or high risk. 

 Enhanced Decision Support: Helps patients 

and healthcare professionals identify possible 

cardiac abnormalities early. 

 Accurate Feature Analysis: The system can 

extract key ECG signals such as heart rate, QRS 

complex, and waveform regularity. 

 User-Friendly Platform: The web application is 

simple to use, even for individuals without 

medical background. 

 Increased Awareness: Users become more 

conscious of their heart condition and are 

encouraged to take timely medical action. 

 

Key Observations 

 The system successfully analyzes ECG files and 

provides instant heart disease risk prediction, 

which supports faster medical decision-making. 

 Extracted ECG features such as heart rate, QRS 

complex and waveform patterns play an 

important role in identifying abnormalities 

accurately. 

 Machine Learning-based classification enhances 

the reliability of predictions compared to manual 

visual inspection. 

 The web interface is easy to use, making the tool 

suitable for both medical and non-medical users. 

 The performance of the system depends on the 

quality of ECG data used for training and testing. 

 The model gives better results when ECG noise 

is removed properly during preprocessing. 

 Real-time feedback encourages users to monitor 

their heart condition more frequently and take 

proactive steps toward healthcare. 

 The system reduces dependency on 

cardiologists for initial screening and can be 

extremely helpful in remote or resource-limited 

areas. 

 The prediction results include not only the risk 

category but also helpful recommendations that 

promote awareness and preventive action. 

 This approach shows strong potential for 

integration into digital healthcare, telemedicine 

and smart wearable devices in the future 
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Implementation Plan 
Phase Task 

Description 

Output 

 

Phase 1 

Requirement analysis C 

system 

planning 

 

Project design 

 

Phase 2 

Collecting ECG dataset C 

data 

preprocessing 

Cleaned and 

structured 

dataset 

 

Phase 3 

Feature 

extraction C signal analysis 

Key ECG 

parameters 

obtained 

 

Phase 4 

AI/ML model development 

C training 

Classifier for 

risk prediction 

 

 

Phase 5 

Web 

application development 

(UI + API 

integration) 

 

Working frontend 

+ backend 

 

VII. CONCLUSION 
 

Heart diseases continue to be one of the most 

serious health concerns across the world, and early 

identification can greatly improve patient survival 

and quality of life. This project presents an AI-

assisted system that evaluates ECG data to estimate 

the user’s heart health condition within a few 

seconds. By analyzing waveform patterns and 

extracting key cardiac features, the model helps 

detect abnormalities that might otherwise go 

unnoticed in the initial stages. 

 

The web-based design ensures that the system is 

easy to access, especially for people who do not have 

immediate medical support. It does not replace 

doctors, but acts as a helpful assistant that 

encourages faster decision-making and timely 

clinical consultation. Through rapid prediction and a 

user-friendly interface, the project contributes 

toward more preventive healthcare rather than 

reactive treatment. 

 

As technology continues to advance, this smart ECG- 

based prediction system holds strong potential for 

integration into telemedicine, home monitoring, and 

digital healthcare solutions, ultimately supporting 

healthier and more informed communities. 
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