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Abstract

Electrocardiogram (ECG) signals are crucial in diagnosing
cardiac arrhythmias, which can lead to severe health issues if
not detected early. This paper presents an advanced approach
to arrhythmia diagnosis by integrating ECG time-frequency
domain fusion with a Convolutional Neural Network (CNN).
Time-frequency domain analysis enhances the feature
extraction process by capturing temporal and spectral patterns
in ECG signals. The CNN model effectively processes these
complex features, enabling accurate and automated
arrhythmia detection. The proposed method improves
diagnostic accuracy and robustness compared to traditional
machine learning models.

Keyword: Arrhythmia Detection, Time-Frequency Analysis,
Wavelet Transform (WT), Convolutional Neural Network
(CNN), Deep Learning, Automated Diagnosis.

1. Introduction

Arrhythmia is a condition characterized by irregular heart
rhythms, which can be life-threatening if left undetected.
Early and accurate diagnosis is crucial for effective treatment,
as arrhythmias can lead to complications such as stroke and
heart failure. Electrocardiograms (ECGs) serve as the
primary diagnostic tool for arrhythmia detection by recording
the heart’s electrical activity. However, traditional manual
analysis of ECG signals is time-consuming and prone to
human error.

With advancements in artificial intelligence and signal
processing, deep learning techniques, particularly
Convolutional Neural Networks (CNNs), have demonstrated
remarkable success in medical diagnostics. CNNs can
automatically extract essential features from ECG signals,
improving classification accuracy. Additionally, integrating
time-frequency domain fusion techniques, such as Short-
Time Fourier Transform (STFT) and Wavelet Transform
(WT), enhances the model’s ability to analyze both temporal
and spectral characteristics of ECG signals.

This study proposes an advanced approach for arrhythmia
detection by leveraging time-frequency domain fusion and
CNNSs. The fusion of time and frequency features ensures a
comprehensive representation of ECG signals, enabling
robust and precise classification of arrhythmias. The
proposed model aims to enhance diagnostic accuracy, reduce
false positives, and assist healthcare professionals in making
timely and informed decisions.

2. Literature survey

1. Title: Arrhythmia Classification Using Wavelet Transform
and Support Vector Machines

Author: Osowski, S., Hoai, L.T., Markiewicz, T., 2004
Summary: This study employs wavelet transform for feature
extraction from ECG signals and classifies arrhythmia using
Support Vector Machines (SVM). The approach enhances
classification accuracy by capturing both time and frequency
characteristics. However, the reliance on handcrafted features
makes it less scalable for large datasets.

2. Title: Automated ECG Arrhythmia Classification Using
Convolutional Neural Networks

Author: Acharya, U.R., Oh, S.L., Hagiwara, Y., Tan, J.H.,
Adam,M.,2017

Summary: This research introduces a CNN-based model for
automatic ECG arrhythmia detection. The model eliminates
the need for manual feature extraction by learning spatial
patterns directly from raw ECG signals. While it outperforms
traditional methods, the high computational cost limits real-
time deployment on resource-constrained devices.

3. Title: Time-Frequency Representation and Deep Learning
for ECG-Based Arrhythmia Classification

Author: Yildirim, O., Talo, M., Baloglu, U.B., Yildirim, P.,
Acharya, U.R., 2019

Summary: This research introduces a CNN-based model for
automatic ECG arrhythmia detection. The model eliminates
the need for manual feature extraction by learning spatial
patterns directly from raw ECG signals. While it outperforms
traditional methods, the high computational cost limits real-
time deployment on resource-constrained devices.

4. Title: Attention-Based Convolutional Neural Networks for
ECG Arrhythmia Detection

Author: Zhao, X., Liu, C., Li, Y., 2021

Summary: The study enhances CNN performance by
incorporating an attention mechanism, allowing the model to
focus on critical ECG regions. This improves interpretability
and classification precision. However, training an attention-
based model requires additional computational resources.

5. Title: ECG-Based Arrhythmia Detection Using Hybrid
Deep Learning Models

Author: Huang, L., Zhang, T., 2023

Summary: A hybrid approach combining CNNs with
recurrent networks (LSTMs) is proposed for better temporal
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analysis of ECG signals. The model achieves state-of-the-art
results in arrhythmia detection, but continuous retraining is
necessary to adapt to new patient data and physiological
variations.

3. Existing System

Existing arrhythmia diagnosis systems rely on rule-based,
machine learning, and deep learning approaches. Traditional
methods use statistical features like heart rate variability but
struggle with complex arrhythmias. Machine learning models
(SVM, KNN) improve accuracy but require manual feature
extraction. Deep learning models, especially CNNs and
LSTMs, automatically learn features from raw ECG signals,
enhancing classification but requiring high computational
power. Time-frequency analysis (Wavelet Transform, STFT)
integrated with CNNs improves accuracy by capturing both
spectral and temporal features. However, challenges like high
training time and real-time adaptability persist, requiring
further optimization for clinical deployment.

3.1 Drawbacks of Existing System

1.High Dependency on Feature Engineering:

Traditional machine learning models like SVM and KNN
require handcrafted feature extraction techniques such as
wavelet transform or principal component analysis. This
process demands expert knowledge and is time-consuming,
making it difficult to scale for large datasets. Moreover,
manually selected features may not always capture the
intricate patterns in ECG signals, leading to suboptimal
classification performance.

2. Low Accuracy in Complex Arrhythmia Detection:
Rule-based and statistical methods often fail to detect rare and
complex arrhythmias due to their reliance on predefined
thresholds. These methods struggle to differentiate between
arrhythmias with overlapping morphological characteristics.
As a result, misclassifications occur, reducing their reliability
in real-world clinical applications. Furthermore, these models
cannot adapt dynamically to variations in ECG signals across
different individuals.

3. Noise Sensitivity:

ECG signals are prone to noise from muscle movements,
electrode displacement, and electrical interference. Many
existing systems lack robust noise filtering techniques,
leading to inaccurate arrhythmia classification. Small
variations in ECG waveforms can significantly impact model
performance, causing an increase in false positives and false
negatives. This limits their application in ambulatory or real-
time monitoring systems.

4. Computational Complexity:

Deep learning models, particularly CNNs and LSTMs,
require extensive computational resources for training and
inference. Their high memory and processing power demands
make them unsuitable for resource-constrained devices like
wearable health monitors. Additionally, large-scale models
require specialized hardware, increasing deployment costs
and limiting accessibility in low-resource medical settings.

5. Limited Generalization:

Many existing models are trained on specific datasets,
making them less effective when applied to diverse patient
populations. ECG signals vary significantly due to factors
like age, gender, and medical history. Without proper domain
adaptation or retraining, these models fail to maintain high
accuracy when tested on unseen data, reducing their clinical
applicability.

4. Proposed System

The proposed system integrates time-frequency domain
analysis with Convolutional Neural Networks (CNNs) for
accurate and automated arrhythmia diagnosis using ECG
signals. Time-frequency transformations, such as Wavelet
Transform (WT) and Short-Time Fourier Transform (STFT),
are applied to ECG signals to extract both temporal and
spectral features, enhancing signal representation. These
transformed ECG data are then fed into a CNN model, which
automatically learns spatial patterns and classifies different
types of arrhythmias.

Compared to existing methods, this approach eliminates the
need for manual feature extraction while improving
classification accuracy. The fusion of time-frequency features
enables the model to capture both transient and periodic
arrhythmia characteristics, leading to more robust
performance. The proposed system aims to reduce false
positives, improve real-time adaptability, and provide a
reliable tool for clinical applications. Future enhancements
may include optimization for lightweight deployment and
real-time processing for continuous ECG monitoring.

4.1 Algorithms
The proposed system integrates time-frequency analysis

(STFT, CWT) with deep learning (CNN) to enhance
arrhythmia classification accuracy. These algorithms ensure
robust feature extraction, noise reduction, and precise ECG
classification.

1. Short-Time Fourier Transform (STFT):
Purpose: Converts ECG signals into spectrograms, capturing
time-frequency variations.

Steps:

e  Apply Hamming windowing to divide the ECG
signal into short segments.

e  Compute Fast Fourier Transform (FFT) for each
segment.

e Plot a time-frequency spectrogram for feature
extraction.

2. Continuous Wavelet Transform (CWT):
Purpose: Extracts transient arrhythmic patterns at multiple
scales.
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Steps:

e Select an appropriate mother wavelet function (e.g.,
Morlet wavelet).

e Compute wavelet coefficients across different
frequency bands.

e Compute wavelet coefficients across different
frequency bands.

3 .Convolutional Neural Network (CNN):

Purpose: Automatically extracts spatial and temporal
features from ECG signals for  classification.
CNN Architecture:

Steps:

e Input Layer: Accepts time-frequency transformed
ECG spectrograms.

e Convolutional Layers: Extract local patterns using
2D filters.

e Batch Normalization & RelLU Activation:
Normalizes activations and introduces non-linearity.

e Pooling Layers (Max-Pooling): Reduces
dimensionality while preserving important features.

e Fully Connected Layer: Integrates features for final
classification.

e Softmax Layer: Assigns probability scores to
different arrhythmia types (e.g., Normal, AFib, V-
Tach).

4.2 Architecture

The Arrhythmia Disease Diagnosis System is structured
around a central processing unit (CPU) or cloud server, which
acts as the core component responsible for collecting,
processing, and analyzing ECG signals. The system
integrates time-frequency domain fusion and Convolutional
Neural Networks (CNNs) to improve arrhythmia detection
accuracy.

The system follows a multi-stage processing pipeline where
ECG signals are first collected from wearable devices,
hospital ECG machines, or public datasets. These signals are
then transmitted to the processing unit for preprocessing,
feature extraction, and classification.

1. Data Acquisition Layer:

e ECG signals are collected from wearable ECG
sensors, medical devices, or real-time hospital
monitoring systems. The acquired data is
transmitted to the preprocessing unit through a
secure communication protocol.

2. Preprocessing Layer:

e Noise Filtering: Uses wavelet denoising and
bandpass filtering (0.5-50 Hz) to remove artifacts.

e Segmentation: Detects R-peaks using the Pan-
Tompkins algorithm and extracts individual
heartbeats.

e Normalization: Ensures uniform scaling of ECG
signals for consistent analysis.

3. Feature Extraction Layer:

e Short-Time Fourier Transform (STFT): Converts
ECG signals into spectrograms, capturing time-
frequency variations.

e Continuous Wavelet Transform (CWT): Extracts
multi-scale features for identifying transient
arrhythmic patterns.

e Feature Fusion: Merges time-domain and
frequency-domain representations for improved
classification.

4. Deep Learning-Based Classification Layer:

A CNN-based model is deployed to process 2D spectrogram
representations of ECG signals. The CNN architecture
consists of:

e Convolutional layers for automatic feature
extraction.

e Pooling layers for dimensionality reduction and
pattern recognition.

e  Fully connected layers for final classification.

e Softmax activation for identifying arrhythmia types.

5. Diagnosis and Alert System:

e Once classification is completed, the system
generates a diagnostic report indicating whether the
ECG signal is normal or abnormal (arrhythmic). If
an arrhythmia is detected, an alert notification is sent
to medical professionals for further evaluation.

6. Adaptive Real-Time Monitoring:

e The system is designed for real-time ECG
monitoring through wearable health devices, cloud-
based healthcare platforms, and mobile applications.
It continuously processes incoming ECG data,
updating the diagnosis dynamically.

© 2025, ISJEM (All Rights Reserved) | www.isjem.com

| Page 3



L5720

\'j ISJj'EM :’, International Scientific Journal of Engineering and Management (ISJEM)

\ll <% Volume: 04 Issue: 02 | Feb - 2025

ISSN: 2583-6129
DOI: 10.55041/ISJEM02268

1!% An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

4.3 Dataflow

The data flow in the proposed system follows a structured
sequence, ensuring efficient ECG signal processing and
accurate arrhythmia detection. The process starts with data
acquisition, where ECG signals are collected from wearable
ECG sensors, hospital ECG machines, or public datasets such
as the MIT-BIH Arrhythmia Database. These signals contain
raw, unfiltered data that need further processing before
analysis. Once collected, the signals are transmitted to a
preprocessing unit for noise reduction and segmentation.

In the preprocessing stage, signal artifacts such as baseline
wander, power-line interference, and muscle noise are
removed using bandpass filtering and wavelet denoising. The
ECG signals are then segmented into individual heartbeats
using the Pan-Tompkins algorithm, which detects the QRS
complex and helps isolate each heartbeat for analysis.
Normalization techniques are applied to standardize the
signals, ensuring consistent feature extraction across different
datasets.

After preprocessing, the signals are transformed in the feature
extraction stage using time-frequency domain techniques.
The Short-Time Fourier Transform (STFT) generates
spectrograms, capturing frequency variations over time,
while the Continuous Wavelet Transform (CWT) extracts
multi-scale features, highlighting transient arrhythmic
patterns. These extracted features are fused to provide a
comprehensive representation of the ECG signals, making it
easier for the classification model to distinguish between
normal and abnormal heart rhythms.

In the classification phase, a Convolutional Neural Network
(CNN) processes the time-frequency transformed ECG
spectrograms. The CNN model consists of convolutional
layers that extract essential spatial and temporal features,
pooling layers that reduce dimensionality, and fully
connected layers that classify the ECG signals. A softmax
activation function determines the final classification into
different arrhythmia types, such as Atrial Fibrillation,
Ventricular Tachycardia, or Normal Sinus Rhythm.

Once classification is completed, the system generates a
diagnostic report summarizing the results. If an abnormality
is detected, an alert notification is sent to healthcare
professionals for further evaluation. The final stage includes
real-time monitoring and deployment, where the trained CNN
model is integrated into cloud-based servers, mobile
applications, or wearable ECG devices for continuous patient
monitoring. This ensures that any irregularities in heart
activity are detected promptly, allowing for early medical
intervention and improved patient outcomes.

By following this structured data flow, the system ensures
high accuracy, reliability, and real-time adaptability, making
it a valuable tool for automated arrhythmia diagnosis in
healthcare settings.

5. Requirements

The requirements for the proposed system are categorized
into hardware requirements and software requirements,
ensuring smooth functionality and efficient implementation.

5.1 Hardware Requirements

The System requires a combination of hardware components

for ECG data collection and processing, along with software

tools for data analysis, feature extraction, and deep learning-

based classification:

e Processor: Intel Core i5/i7 or AMD Ryzen 5/7
(minimum)

e RAM: Minimum 8GB (Recommended: 16GB for faster
computation)

e Storage: Minimum 500GB SSD (Recommended: 1TB
SSD for large datasets)

e GPU: NVIDIA GTX 1660 or RTX 2060 (recommended
for deep learning)

5.2 Software Requirements

To implement and deploy the system, the following software

tools and frameworks are required:

e  Operating System: Windows 10/11 (64-bit) or Ubuntu
20.04+ (Recommended for deep learning)

e Programming Language: Python 3.x

e Development Tools: Jupyter Notebook, Anaconda

e Database: MySQL

e Libraries and Frameworks:
o Deep Learning: TensorFlow/Keras, PyTorch
e Signal Processing: SciPy, NumPy, OpenCV
e Time-Frequency Analysis: PyWavelets, Librosa,

Matplotlib

e Machine Learning: Scikit-learn

6. Conclusion

Arrhythmia disease diagnosis plays a crucial role in
preventing life-threatening cardiac conditions by enabling
early detection and timely medical intervention. Traditional
methods of ECG analysis often struggle with accuracy,
scalability, and real-time adaptability. To address these
challenges, this project integrates time-frequency domain
fusion with Convolutional Neural Networks (CNNs) to
enhance arrhythmia detection accuracy and efficiency.

By leveraging wavelet transform (WT) and short-time
Fourier transform (STFT), the system extracts meaningful
time-frequency features from ECG signals. These extracted
features are then processed using a CNN-based deep learning
model, which classifies ECG signals into different arrhythmia
categories with high precision. The automation of feature
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extraction reduces dependency on manual interpretation,
minimizing errors and improving diagnostic reliability.

The proposed system is designed to operate in real-time
healthcare environments, supporting cloud-based monitoring,
mobile applications, and wearable devices. It ensures
continuous ECG tracking, alerting medical professionals in
case of severe abnormalities. Additionally, the deployment of
the model on lightweight architectures, such as TensorFlow
Lite, makes it suitable for resource-constrained devices.

Despite the advantages, challenges such as computational
complexity, data privacy concerns, and real-time deployment
efficiency remain areas for future improvement. Optimizing
deep learning architectures and integrating explainable Al
(XAI) models could further enhance clinical adoption.

In conclusion, this project provides an efficient, scalable, and
intelligent solution for arrhythmia diagnosis, paving the way
for automated, Al-driven cardiac monitoring that can save
lives through early detection and timely medical intervention.
Future advancements will further refine this approach for
broader healthcare applications.
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