I\

IRJET

Peer Reviewed Journal

International Research Journal of Education and Technology

ISSN 2581-7795

Performance Analysis of ECG Signal Classification Using Machine

Learning

BALA PRASANNA N1, NARESH S?, SUBAASH HARI B3, YUVAN KESAV A#

Dept. of Electronics and Communication Engineering, Bannari Amman Institute of Technology

Abstract - Electrocardiogram (ECG) signal classification is
crucial in diagnosing cardiac disorders, aiding in early
detection and accurate medical intervention. Traditional
methods for ECG classification often involve manual
interpretation, which is time-consuming and prone to human
error. This project aims to implement a machine learning-
based approach for ECG signal classification by integrating
the MIT-BIH Arrhythmia and PTB Diagnostic ECG datasets.
The combined dataset ensures diverse sample
representation, improving classification accuracy. To
address class imbalance issues, the Synthetic Minority Over-
sampling Technique (SMOTE) is applied, enhancing the
model’s ability to learn from underrepresented classes.
Feature extraction focuses on the PQRST intervals of ECG
waveforms, allowing the model to capture essential
characteristics of normal and abnormal heartbeats. Various
machine learning algorithms, including Support Vector
Machines (SVM), Convolutional Neural Networks (CNN), and
Long Short-Term Memory (LSTM) networks, are explored to
classify ECG signals into normal or abnormal categories.
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1. INTRODUCTION

Electrocardiogram (ECG) signal classification plays a vital
role in detecting cardiac abnormalities and assisting in the
early diagnosis of heart diseases. Traditional ECG analysis
methods rely on manual interpretation by healthcare
professionals, which can be time-consuming and prone to
human errors. With advancements in machine learning,
automated ECG classification systems have emerged,
offering improved accuracy and efficiency in diagnosing
arrhythmias.

This project aims to classify ECG signals into normal and
abnormal categories using machine learning techniques.
The MIT-BIH Arrhythmia and PTB Diagnostic ECG datasets
are combined to create a more diverse dataset, enhancing
model performance. Since ECG datasets often suffer from
class imbalance, the Synthetic Minority Over-sampling
Technique (SMOTE) is applied to ensure balanced data
distribution, improving classification accuracy.

Feature extraction focuses on analyzing the PQRST
intervals of ECG waveforms, as these contain crucial
information for detecting abnormalities. Various machine
learning models, including Support Vector Machines (SVM),
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Convolutional Neural Networks (CNN), and Long Short-
Term Memory (LSTM) networks, are implemented for
classification. The models are fine-tuned through
hyperparameter optimization and cross-validation
techniques to achieve optimal performance.

The proposed system aims to assist medical practitioners
by automating ECG classification, reducing diagnostic
workload, and improving patient outcomes. Evaluation
metrics such as accuracy, precision, recall, and F1-score are
used to assess model performance. The results
demonstrate the potential of machine learning in
healthcare applications, paving the way for more advanced
and efficient cardiac diagnostic tools.

1.1 DATA PREPROCESSING
EXTRACTION

AND FEATURE

Before beginning the ECG signal classification process, it is
essential to collect, preprocess, and organize the data
effectively. The dataset used in this study combines the
MIT-BIH Arrhythmia and PTB Diagnostic ECG datasets to
ensure a diverse and representative sample of ECG signals.
Proper data preprocessing steps, including noise filtering
and normalization, are applied to enhance model accuracy.

During data handling, it is crucial to maintain consistency
in labeling and ensure that class distributions are balanced.
The Synthetic Minority Over-sampling Technique (SMOTE)
is implemented to address class imbalance issues, thereby
improving model training and classification performance.
Additionally, a structured approach to feature extraction is
followed, focusing on key ECG characteristics such as
PQRST intervals. The extracted features are then fed into
machine learning models, such as Support Vector Machines
(SVM), Convolutional Neural Networks (CNN), and Long
Short-Term Memory (LSTM) networks, for classification.

Finally, before proceeding with the implementation phase,
all content is reviewed and validated to ensure correctness
and consistency. Careful proofreading of dataset integrity,
algorithm selection, and model architecture is performed to
minimize errors and achieve optimal results in ECG
classification.
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To address class imbalance in the ECG dataset, the Synthetic
Minority Over-sampling Technique (SMOTE) is applied.
This technique is widely used in machine learning to
generate

synthetic samples for underrepresented classes, ensuring a
more balanced distribution of normal and abnormal ECG
signals. Since ECG datasets often contain significantly more
normal heartbeats than abnormal ones, the model may
become biased towards predicting the majority class. This
imbalance can lead to poor classification performance,
especially in detecting rare arrhythmias.

SMOTE works by creating synthetic data points rather
than duplicating existing samples. It does this by selecting
a minority class instance and generating new points along
the line segments that connect it with its nearest neighbors.
This process helps in improving model training by
providing diverse and meaningful representations of the
minority class, making the classifier more robust and
reducing the risk of overfitting to the majority class.

By incorporating SMOTE, the model gains better
generalization capabilities, reducing bias towards majority
classes and improving classification accuracy. This ensures
that both normal and abnormal ECG signals are properly
learned, resulting in improved precision and recall for
arrhythmia detection. Additionally, using SMOTE in
combination with deep Ilearning models such as
Convolutional Neural Networks (CNNs) and Long Short-
Term Memory (LSTM) networks enhances the overall
performance by providing a richer and more diverse
training dataset.

It is important to apply SMOTE carefully, as excessive
oversampling may introduce synthetic noise, leading to
false classifications. Therefore, a careful balance between
real and synthetic samples is maintained to optimize model
performance. The entire document should be in Cambria
font. Type 3 fonts must not be used. Other font types may
be used if needed for special purposes.

2. MODEL TRAINING AND OPTIMIZATION

Model training and optimization are key processes
in building an accurate and efficient ECG signal
classification system. In this project, a hybrid CNN-LSTM
deep learning model is employed to classify ECG signals
into normal and abnormal categories. The CNN layers
extract spatial features from ECG waveforms, while the
LSTM layers capture temporal dependencies, ensuring
better classification performance.

To enhance model accuracy, the dataset is split into

training, validation, and testing sets using a stratified
approach to maintain class distribution. The model is
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trained using the Adam optimizer, which efficiently
updates the weights during backpropagation. Various
activation functions such as ReLU and Softmax are applied
to ensure non-linearity and multi-class classification.

Hyperparameter tuning is conducted to find the optimal
learning rate, batch size, and number of epochs.

Regularization techniques like dropout and L2
regularization are implemented to prevent overfitting,
ensuring the model generalizes well to unseen data. Cross-
validation is also performed to evaluate the model’s
robustness across different data splits.

The entire document should be in Cambria font. Type 3
fonts must not be used. Other font types may be used if
needed for special purposes. By continuously refining
model parameters and optimizing its architecture, the ECG
classification system achieves improved accuracy,
precision, and reliability in detecting arrhythmias.

101,104 Normal Sinus

Rhythm(NSR)
2 106,109 108 Premature
ventrioular

contraction{PVC)

3 207,214 602 Left bundle branch

block buat{LBEE)

3. OBJECTIVES AND METHODOLOGY
3.1 Objectives

The primary goal of this project is to develop a robust and
efficient ECG signal classification system using machine
learning techniques. The objectives include:

1. Accurate C(lassification: Implement a model
capable of distinguishing between normal and
abnormal ECG signals with high precision.

2. Data Enhancement: Combine the MIT-BIH
Arrhythmia Dataset and PTB Diagnostic ECG
Dataset to create a more diverse and
comprehensive dataset.

3. Class Imbalance Handling: Apply the Synthetic
Minority Over-sampling Technique (SMOTE) to
balance the dataset and improve classification
accuracy for underrepresented arrhythmia types.

4. Feature Extraction: Identify key ECG signal
characteristics, such as PQRST intervals, heart rate
variability, and waveform patterns, to enhance
model learning.

5. Model Optimization: Fine-tune hyperparameters,

test different machine learning architectures
(CNN, LSTM, hybrid models), and implement
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regularization techniques like dropout to prevent
overfitting.

6. Performance Evaluation: Validate the model using
performance metrics such as accuracy, precision,
recall, Fl-score, and AUC-ROC to ensure its
reliability in real-world applications.

7. Practical Application: Develop a user-friendly
framework for integrating the trained model into
healthcare systems for real-time ECG analysis.

3.2 Methodology

The proposed methodology follows a structured approach
to ECG signal classification:
1. Data Acquisition & Preprocessing:

e Collect ECG signals from MIT-BIH and PTB
Diagnostic ECG datasets.
e Apply filtering techniques to remove
baseline drift and high-frequency noise.
e Normalize the ECG signals for consistent
input representation.
2. Dataset Balancing Using SMOTE:

e Address class imbalance by generating
synthetic ECG samples for minority
arrhythmia classes.

e Ensure a more balanced dataset to
prevent model bias towards dominant
classes.

3. Feature Engineering & Extraction:

e Extract critical features such as PQRST
interval durations, heart rate variability,
and signal morphology.

e C(Convert raw ECG waveforms into
structured data suitable for ML model
training.

4. Model Development & Training:

e Implement a hybrid deep learning model
combining CNN for spatial feature
extraction and LSTM for temporal pattern
analysis.

e Used cross-validation techniques to
enhance model generalization.

5. Evaluation & Performance Analysis:

e Test the trained model on unseen ECG
samples and measure its accuracy, recall,
and precision.

e Compare results with baseline models
(e.g., SVM, Random Forest) to validate
improvements.

e Generate confusion matrices and
classification reports for detailed analysis.

6. Deployment & Future Enhancements:
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e Store trained models and provide API-
based access for integration into
healthcare applications.

e Explore IoT-based real-time ECG
monitoring for future advancements.

4. PROPOSED WORK MODULES
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The proposed methodology focuses on developing an
accurate and efficient ECG signal classification system using
a combination of machine learning techniques. This project
utilizes a hybrid approach by integrating Convolutional
Neural Networks (CNN) and Long Short-Term Memory
(LSTM) networks to effectively classify ECG signals into
normal and abnormal categories.

To improve classification accuracy and address class
imbalance, the MIT-BIH Arrhythmia Dataset and the PTB
Diagnostic ECG Dataset are combined to create a diverse and
representative dataset. Additionally, the Synthetic Minority
Over-sampling Technique (SMOTE) is applied to generate
synthetic samples for underrepresented arrhythmia classes,
ensuring balanced training data and reducing model bias.

The methodology consists of several key steps:

1. Data Collection & Preprocessing - ECG signals
from both datasets are merged, denoised, and
normalized. Artifacts such as baseline wander and
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2. Feature Extraction - Important features such as
PQRST intervals, heart rate variability, and
waveform morphology are extracted for model
input.

3. Model Development - A hybrid CNN-LSTM
architecture is implemented, where CNN extracts
spatial features from ECG waveforms and LSTM
captures temporal dependencies in sequential data.

4. Training and Hyperparameter Tuning - The
model is trained using optimized parameters,
incorporating regularization techniques like
dropout to prevent overfitting.

5. Model Evaluation - The trained model is tested on
unseen data, and performance metrics such as
accuracy, precision, recall, and F1-score are
calculated for validation.

5. CONCLUSIONS

This project successfully implements machine learning
techniques for ECG signal classification, aiming to enhance
the accuracy and efficiency of detecting cardiac
arrhythmias. By combining the MIT-BIH Arrhythmia
Dataset and the PTB Diagnostic ECG Dataset, the model
benefits from a diverse range of ECG signals, improving its
robustness. To address class imbalances, the Synthetic
Minority Over-sampling Technique (SMOTE) was applied,
ensuring that minority arrhythmia classes were well-
represented during training.

The CNN-LSTM hybrid model developed in this study
effectively extracts both spatial and temporal features from
ECG waveforms. Performance evaluation using accuracy,
precision, recall, F1-score, and AUC-ROC demonstrated
significant improvements over traditional classification
models like Support Vector Machines (SVM) and Random
Forest. Hyperparameter tuning and regularization
techniques, such as dropout further optimized the model’s
performance, preventing overfitting and enhancing
generalization.

Through this research, an automated and reliable ECG
classification system has been proposed, which can assist
healthcare professionals in diagnosing cardiac conditions
more efficiently. The system has the potential for real-time
applications in wearable ECG monitoring devices,
telemedicine, and  clinical = diagnostics. = Future
enhancements may include the integration of IoT-based
real-time ECG monitoring and the use of explainable Al
(XAI) techniques to improve interpretability and trust in
model predictions.

In conclusion, this project lays a strong foundation for the
use of machine learning in ECG analysis, providing a
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scalable and effective solution for early detection of heart

disorders, ultimately contributing to better patient
outcomes and advancements in cardiac healthcare
technology.
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