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Abstract: In this study, we propose an optimized approach for electrocardiogram (ECG) classification, leveraging
wavelet decomposition and convolutional neural networks (CNNs). Through wavelet decomposition, we extract
informative features from ECG signals, which are then fed into a CNN model for accurate classification. Our results
demonstrate improved performance in ECG classification, showcasing the efficacy of our optimized methodology. We
utilized a comprehensive dataset to benchmark our approach against traditional methods, achieving superior accuracy,
sensitivity, and specificity. This paper also discusses the potential clinical implications of our method, emphasizing its
robustness in handling noisy and complex ECG signals. The proposed method holds promise for real-time medical
diagnostics and automated healthcare solutions.
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L INTRODUCTION

Electrocardiogram (ECG) signal classification is a vital process in diagnosing various heart conditions, such as
arrhythmias, myocardial infarction, and other cardiovascular disorders. Traditional methods often face challenges in
accurately classifying ECG signals due to their complex and non-stationary nature. These challenges are exacerbated by
the presence of noise and artifacts in the signals, which can significantly degrade the performance of classification
algorithms.

This paper presents an optimized method combining wavelet decomposition and convolutional neural networks (CNNs)
to enhance ECG classification accuracy. Wavelet decomposition is a powerful signal processing technique that breaks
down a signal into its constituent parts at different scales or levels of detail. It is particularly useful for analyzing signals
with transient features or non-stationary characteristics, such as ECG signals. In our approach, we use the Symlet 4
wavelet for denoising the ECG signals, preserving crucial signal features while removing noise.

Convolutional Neural Networks (CNNs) are widely recognized for their ability to automatically and adaptively learn
spatial hierarchies of features from input data. By feeding the wavelet-transformed ECG signals into a CNN, we leverage
its feature extraction capabilities to achieve high classification accuracy. The CNN architecture is designed to capture
intricate patterns within the ECG signals, which are crucial for distinguishing between different cardiac conditions.

II. LITERATURE SURVEY

1. Acharya et al. (2017) : Acharya et al. proposed an automated system for arrhythmia detection using
convolutional neural networks (CNNs). Their study focused on utilizing different intervals of tachycardia ECG segments
to train the CNN, demonstrating significant improvements in accuracy compared to traditional methods. This work
underscores the potential of deep learning in ECG classification by leveraging the CNN's ability to learn complex features
from raw signal data.

2. Khan et al. (2019) : Khan et al. developed a classification framework based on hybrid features and ensemble
classifiers for ECG signal analysis. Their approach combined statistical, temporal, and spectral features to improve the
robustness of the classification model. This study highlighted the importance of feature engineering in enhancing the
performance of ECG classification systems, particularly when integrating multiple types of features.

3. Martis et al. (2013) : Martis et al. employed principal component analysis (PCA), linear discriminant analysis
(LDA), independent component analysis (ICA), and discrete wavelet transform (DWT) for ECG beat classification. Their
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comparative analysis demonstrated that DWT provided superior performance in capturing the relevant features of ECG
signals. This research laid the groundwork for using wavelet transforms in ECG signal processing.

4. Kiranyaz et al. (2016) : Kiranyaz et al. introduced a real-time patient-specific ECG classification system using
onedimensional convolutional neural networks (1-D CNNs). Their system was designed to adapt to individual patient
data, providing personalized diagnostics. This study emphasized the flexibility and scalability of CNNs in real-time
applications, particularly in the context of personalized medicine.

5. Zhao and Zhang (2018) : Zhao and Zhang explored the combination of wavelet transform and support vector
machines (SVMs) for ECG feature extraction and classification. Their results showed that the wavelet transform
effectively enhanced the discriminative power of the features, leading to improved classification accuracy. This work
highlighted the synergy between wavelet-based preprocessing and traditional machine learning classifiers.

I11. PROPOSED SYSTEM

Our proposed system leverages the combination of wavelet decomposition and convolutional neural networks (CNNs)
for enhanced ECG signal classification. The system is designed to preprocess ECG signals using wavelet decomposition
to extract significant features and reduce noise, followed by using a CNN for accurate classification of the processed
signals. The key components and workflow of the proposed system are outlined below:

The proposed system aims to address the challenges of noisy and complex ECG signals, offering an optimized solution
for ECG classification with significant implications for improving patient care and diagnostic accuracy. System
Architecture:

The architecture of the proposed ECG classification system using wavelet decomposition and convolutional neural
networks (CNNs) is designed to efficiently preprocess, extract features, and classify ECG signals. The system architecture
is comprised of several key components, each performing specific functions to achieve high accuracy in ECG
classification. Below is the detailed architecture of the system:

1. Data Acquisition Module: -ECG Signal Collection: Raw ECG signals are collected from a comprehensive
dataset that includes a variety of cardiac conditions. Data Storage: The collected signals are stored in a database for
further processing.

2. Pre-processing Module: -Noise Filtering: The raw ECG signals undergo initial noise filtering to remove
baseline wander and other artifacts. Wavelet Decomposition: The filtered signals are then decomposed using the Symlet
4 wavelet to transform them into wavelet coefficients. This step helps in denoising the signals and preserving significant
features. 3. Feature Extraction Module: Wavelet Coefficient Extraction: The wavelet coefficients obtained from the
decomposition are used as the primary features for the classification model. These coefficients capture important temporal
and spectral characteristics of the ECG signals.

4. Classification Module: CNN Model: A convolutional neural network (CNN) is designed to process the
wavelettransformed ECG signals. The architecture of the CNN includes: Input Layer: Takes the wavelet coefficients as
input. Convolutional Layers: Multiple layers that apply convolution operations to extract hierarchical features from the
input data. Pooling Layers: Used to reduce the spatial dimensions of the feature maps, retaining the most important
information. Fully Connected Layers: After the convolutional and pooling layers, the network includes fully connected
layers to perform the final classification. Output Layer: Provides the probability distribution over the predefined classes
(e.g., normal, arrhythmia).

5. Training and Optimization Module

Training Dataset: The CNN is trained using a labelled dataset, where the wavelet-transformed ECG signals are associated
with their respective classes. Gradient Descent Optimization: The network weights are updated iteratively using a
gradient descent algorithm to minimize the classification error.

Validation: During training, a validation set is used to monitor the performance of the model and prevent over fitting.

6. Performance Evaluation Module:

Testing Dataset: The trained CNN is evaluated on a separate test set to assess its performance. Performance Metrics: Key
metrics such as accuracy, sensitivity, and specificity are calculated to compare the performance of the proposed system
with traditional methods like SVMs and k-NN.

7. Clinical Application Module: Real-time Classification: The trained model is deployed for real-time ECG signal
classification, providing immediate diagnostic support. Integration with Healthcare Systems: The system is designed to
be integrated with existing healthcare infrastructure, aiding healthcare professionals in making timely and accurate
diagnoses.
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8. User Interface Module: Visualization: A graphical user interface (GUI) is provided for visualizing ECG signals,
classification results, and performance metrics. User Interaction: Allows healthcare professionals to input ECG signals,
view classification outcomes, and analyse detailed reports.

Diagram of System Architecture:
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Fig 3: System architecture

This architecture ensures that the proposed system can pre-process ECG signals, extract relevant features, and classify
them with high accuracy. The integration with clinical applications and user interfaces makes it a practical solution for
real-time medical diagnostics.

Algorithm: Algorithm: ECG Classification using Wavelet Decomposition and CNNs Input:
Raw ECG signals dataset Output:
Classified ECG signals (normal, arrhythmia, etc.)
Step 1: Data Acquisition
1. Collect raw ECG signals from the dataset.
2. Store the raw ECG signals in a database. Step 2: Preprocessing 1. Noise Filtering:
Apply noise filtering techniques to remove baseline wander and other artifacts from the raw ECG signals.
2. Wavelet Decomposition:
Perform wavelet decomposition on the filtered ECG signals using Symlet 4 wavelet. Obtain the wavelet coefficients
representing the ECG signals at different scales.
Step 3: Feature Extraction
1. Extract wavelet coefficients as features from the decomposed ECG signals. Step 4: CNN Model Design 1. Input
Layer:
- Define the input layer to take wavelet coefficients as input.
2. Convolutional Layers:
- Add multiple convolutional layers to learn spatial hierarchies of features.
3. Pooling Layers:
- Incorporate pooling layers to downsample the feature maps and retain important features.
4. Fully Connected Layers:
- Add fully connected layers to combine features and perform classification.
5. Output Layer: Define the output layer to provide the probability distribution over the predefined classes (e.g., normal,
arrhythmia).
Step 5: Training and Optimization
1. Split the dataset into training and validation sets.
2. Training:
Train the CNN model using the training set with wavelet-transformed ECG signals.
Use gradient descent optimization to minimize the classification error.
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3. Validation: Validate the model performance using the validation set to monitor and prevent overfitting. Step 6:
Performance Evaluation

1. Evaluate the trained CNN model using a separate test set.

2. Calculate performance metrics such as accuracy, sensitivity, and specificity.

Step 7: Clinical Application

1. Deploy the trained model for real-time ECG classification.

2. Integrate the system with existing healthcare infrastructure for real-time diagnostics.

Step 8: User Interface

1. Develop a graphical user interface (GUI) for visualizing ECG signals, classification results, and performance
metrics.

2. Allow user interaction for inputting ECG signals, viewing classification outcomes, and analyzing detailed

reports. Pseudocode:
Algorithm ECG_Classification
Input: Raw_ECG_Signals
Output: Classified ECG_Signals
1. Data_Acquisition(Raw_ECG_Signals)
a. Store in Database
2. Preprocessing
a Filtered Signals = Noise_ Filtering(Raw_ECG_Signals)
b. Wavelet Coefficients = Wavelet Decomposition(Filtered Signals)
3. Feature Extraction
a. Features = Extract Wavelet Coefficients(Wavelet Coefficients)

4. CNN_Model Design

a. Define Input Layer(Features)

b. Add_Convolutional Layers()

c. Add_Pooling_Layers()

d. Add Fully Connected Layers()

e. Define Output_Layer() 5. Training_and Optimization
a. Split Dataset(Training_Set, Validation_Set)

b. Train_Model(CNN, Training_Set)

c. Optimize_Model(Gradient Descent)

d. Validate Model(CNN, Validation_Set)

6. Performance Evaluation

a. Evaluate Model(CNN, Test_Set)

b. Calculate Metrics(Accuracy, Sensitivity, Specificity)
7. Clinical Application

a. Deploy_Model(CNN)

b. Integrate_with Healthcare System()

8. User_Interface

a. Develop GUI()

b. Enable User Interaction()

End Algorithm

IV. ADVANTAGES OF PROPOSED SYSTEM

These additional findings underscore the robustness and versatility of our proposed approach in optimized ECG
classification.

1. ECG Signal Acquisition:
ECG signals are collected from a comprehensive dataset, ensuring a variety of cardiac conditions are represented.

2. Wavelet Decomposition:

The raw ECG signals undergo wavelet decomposition using the Symlet 4 wavelet. This step transforms the signals  into
wavelet coefficients, effectively denoising and preserving crucial features necessary for accurate classification.
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3. Feature Extraction:
The wavelet coefficients obtained from the decomposition are used as input features for the classification model. This
step ensures that significant temporal and spectral features of the ECG signals are captured.

4. Convolutional Neural Network (CNN):

A CNN architecture is designed to process the wavelet-transformed ECG signals. The network consists of multiple
convolutional layers that learn hierarchical representations of the input features, followed by fully connected layers for
classification.

The CNN is trained using a gradient descent algorithm to minimize the classification error. The training process involves
iteratively updating the network weights to optimize performance.

5. Classification:
The trained CNN model classifies the ECG signals into different categories, such as normal, arrhythmia, and other cardiac
conditions. The output of the model provides the probability of each class, facilitating accurate diagnosis.

6. Performance Evaluation:

The proposed system is evaluated on a test set of ECG signals to assess its accuracy, sensitivity, and specificity.
TheComparisons are made with traditional classification methods, such as support vector machines (SVMs) and knearest
neighbors (k-NN), to demonstrate the superiority of the wavelet-CNN approach.

7. Clinical Application:

The system's robustness and high accuracy make it suitable for real-time medical diagnostics and automated healthcare
solutions. It holds potential for integration into clinical settings, providing timely and reliable assistance to healthcare
professionals.

V. PERFORMANCE EVALUATION AND RESULTS
We evaluated our approach on a comprehensive dataset of ECG signals, comparing the performance of our wavelet-CNN
method with traditional methods such as support vector machines (SVMs) and k-nearest neighbors (k-NN). The results

demonstrate the superiority of our approach in terms of classification accuracy and robustness to noise.

Table: Classification Accuracy Comparison

Method Accuracy (%) Sensitivity (%) Specificity (%)
SVM 85.3 84.7 85.8
k-NN 87.1 86.5 87.6
Wavelet-CNN 93.4 92.8 94.1
VI CONCLUSION

Our results indicate that the combination of wavelet decomposition and CNN significantly improves the classification
performance of ECG signals. This improvement is attributed to the wavelet’s ability to denoise and highlight important
features of the ECG signals, which are then effectively learned by the CNN.

The superior performance of the wavelet-CNN approach suggests its potential for real-world applications in medical
diagnostics. Future work can explore the integration of additional signal preprocessing techniques and more advanced
CNN architectures to further enhance classification accuracy.
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