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Introduction

The analysis and classification of electrocardiogram (ECG) signals play a crucial role in diagnosing and
managing cardiovascular diseases (Xie et al., 2020). ECG signals, which record the heart's electrical
activity, are vital for detecting arrhythmias and other heart conditions (Saini & Gupta, 2022). However,
these signals are often contaminated with various types of noise, such as baseline wander, electrode
contact noise, and motion artifacts, which can significantly degrade the accuracy of classification
systems (Albaba et al, 2021). Baseline wander is a low-frequency noise that originates from
respiration and patient movement, affecting the overall signal by creating a shifting baseline. Electrode
contact noise occurs due to poor electrode placement or skin-electrode impedance changes,
introducing high-frequency disturbances. Motion artifacts arise from patient movements and can cause
abrupt changes in the ECG signal. These types of noise can obscure the true ECG waveform, leading to
incorrect feature extraction and reduced classification accuracy.

Accurate classification of ECG signals is essential for reliable diagnosis and treatment of
cardiac diseases (Ertugrul et al., 2021). Traditional machine learning methods for ECG classification
rely heavily on handcrafted feature extraction, which can be both time-consuming and less effective in
handling the complexity and variability of ECG data (Eltrass et al,, 2022). Additionally, these methods
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often struggle with noise, leading to decreased classification performance (Vijayakumar et al.,, 2022).
Conventional autoencoder techniques can learn to compress and reconstruct input data, but they often
struggle with effectively removing noise, especially when the noise level is high. They tend to learn the
noise patterns along with the signal, which can degrade their performance in denoising tasks.

Recent advancements in deep learning, mainly using stacked denoising autoencoders (SDAEs),
have shown promise in addressing these challenges (Zhang et al, 2022). SDAEs present specific
advantages over other deep learning techniques in the process of feature extraction from ECG signals.
SDAE:s are specifically designed to handle noise by corrupting the input data with noise during training
and then learning to reconstruct the original, clean signal. This approach allows SDAEs to learn more
robust feature representations and effectively remove various types of noise from ECG signals, leading
to significantly better denoising performance. SDAEs can automatically learn meaningful features from
raw data by reconstructing the input signal after removing noise, resulting in richer and more robust
feature representations. This significantly enhances classification accuracy and is particularly effective
in denoising ECG signals, thereby improving the signal-to-noise ratio (SNR) and reducing root mean
square error (RMSE). These capabilities make SDAEs superior in handling noisy ECG data compared to
other deep learning methods, which often require clean and well-preprocessed input signals for
optimal performance.

Several studies have demonstrated the efficacy of SDAEs in ECG signal processing
(Antiperovitch et al., 2024). This includes a deep learning approach using SDAEs for feature extraction
from raw ECG data, significantly improving classification accuracy compared to traditional methods
(Sahoo et al., 2020; Sun et al., 2022). Additionally, a contractive denoising technique has enhanced the
performance of DAEs for ECG signal denoising, resulting in substantial improvements in SNR and
RMSE (Chatterjee et al., 2020; X. Wang et al,, 2022).

Despite these advancements, there remains a gap in achieving optimal performance across
diverse ECG datasets and noise conditions. Most existing studies focus on a limited range of noise types
and datasets, leaving a gap in the generalizability and robustness of these methods. Moreover,
integrating SDAEs with other deep learning architectures for enhanced classification accuracy is still
an area with significant potential for exploration.

This research aims to develop a deep neural network model employing stacked denoising
autoencoders for ECG signal classification. The proposed approach seeks to enhance the robustness
and accuracy of ECG classification by effectively denoising the input signals and learning rich feature
representations. This method introduces several innovations: Enhanced noise reduction through
advanced SDAE configurations and improved feature learning by integrating SDAEs with deep learning
classifiers. Evaluation across multiple diverse ECG datasets ensures generalizability and robustness
(Egger etal,, 2022).

The proposed solution involves the following steps. Data Preprocessing: Filtering and
segmenting raw ECG signals to handle various noise types (Mishra et al,, 2022). Feature Extraction:
Utilizing SDAEs to learn robust features from the preprocessed ECG signals (Al Rahhal et al,, 2016;
Prusty et al, 2024). Classification: Implementing a deep neural network (DNN) classifier on the
extracted features to categorize the ECG signals into different arrhythmia classes (Murat et al.,, 2021).

This method introduces several innovations: Enhanced noise reduction through advanced
SDAE configurations (Voet et al.,, 2024). Improved feature learning by integrating SDAEs with deep
learning classifiers. Evaluation across multiple diverse ECG datasets to ensure generalizability and
robustness (Egger et al., 2022).

The proposed research has the potential to significantly improve the accuracy and reliability
of ECG signal classification systems, leading to better diagnostic tools for cardiovascular diseases (Xie
et al,, 2020). Automating feature extraction and enhancing noise handling can reduce the burden on
medical practitioners and provide more consistent and accurate diagnostic results (Kulkarni et al.,
2024). Additionally, the robustness of the proposed model across various datasets and noise
conditions can pave the way for its adoption in real-world clinical settings.

The article is structured as follows: Introduction: Contextual background, problem statement,
and research significance. Literature Review: Summary of relevant studies and identification of
research gaps. Methodology: Detailed description of the proposed model, including data preprocessing,
feature extraction, and classification techniques. Experiments and Results: Presentation of
experimental setup, datasets used, and results obtained. Discussion: Interpret results, compare them
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with existing methods, and determine the implications of the findings. Conclusion: Summary of critical
contributions, limitations, and future research directions.

By addressing the challenges in ECG signal classification with innovative deep-learning
techniques, this research aims to contribute significantly to medical signal processing.
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Figure 1. Research Design

Based on Figure 1, the research begins with the Data Collection phase, where ECG signals are
gathered. This is followed by Data Preprocessing, which includes normalizing and segmenting the data.
The Model Architecture Design phase comes next, involving creating two models: a Stacked Denoising
Autoencoder (SDAE) for feature extraction and a Deep Neural Network (DNN) for classification. The
Training Phase involves training these models using the preprocessed data. Subsequently, the
Evaluation Phase assesses the model's performance using various metrics. The findings are then
analyzed in the Result Analysis phase. Finally, the study concludes with a Conclusion and Future Work,
summarizing the results and outlining potential directions for future research.

Data Collection

The dataset used in this study is the MIT-BIH Arrhythmia Database (mitdb), a widely
recognized dataset for ECG signal analysis. The dataset contains ECG recordings from 47 subjects, each
with two channels. This study focuses on the MLII (Modified Limb Lead II) channel due to its higher
amplitude in normal QRS waves than other leads. The dataset includes five types of ECG signals:
Normal beat (N), Left Bundle Branch Block (L), Right Bundle Branch Block (R), Atrial Premature
Contraction (A), and Ventricular Premature Contraction (V).

Table 1. ECG Dataset

No Time ECG Channel 1 ECG Channel 2 Label
1 0 0 1 Normal beat (N)
2 0.001300898 0.000817378 0.999999666  Normal beat (N)
3 0.002601795 0.001634755 0.999998664  Normal beat (N)
4 0.003902693 0.002452132 0.999996994  Normal beat (N)
5 0.00520359 0.003269506 0.999994655 Normal beat (N)
7685 2.534148563 0.999769825 -0.021454528  Ventricular Premature Contraction (V)
7686 2.53544946 0.999751955 -0.022271711  Ventricular Premature Contraction (V)
7687 2.536750358 0.999733416 -0.023088879  Ventricular Premature Contraction (V)

Table 1 shows the provided ECG dataset is derived from the MIT-BIH Arrhythmia Database, a
well-established resource for ECG signal analysis, featuring recordings from 47 subjects, each with two
channels. This study focuses on the MLII (Modified Limb Lead II) channel, known for its higher
amplitude in normal QRS waves. The dataset includes five categories of ECG signals: Normal beat (N),
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Left Bundle Branch Block (L), Right Bundle Branch Block (R), Atrial Premature Contraction (A), and
Ventricular Premature Contraction (V). The data is structured as a time series of ECG signal
amplitudes, sampled at regular intervals, and annotated with beat types for classification tasks.
Preprocessing steps involve normalizing the signals to have zero mean and unit variance, segmenting
them into 10-second windows, and adding Gaussian noise to train the Stacked Denoising Autoencoder
(SDAE), which helps in learning robust feature representations by reconstructing the original signal
from the noisy input. This dataset is essential for developing and validating the deep neural network
model to improve the accuracy and robustness of ECG signal classification in clinical settings.

Data Preprocessing

Signal Normalization: The ECG signals were normalized to have zero mean and unit variance
to ensure consistent amplitude ranges across the dataset (Liu et al.,, 2021). Signal Segmentation; The
signals were segmented into fixed-length samples (K. Wang et al.,, 2021). Each sample represents a 10-
second window of the ECG signal, sufficient to capture complete cardiac cycles for accurate
classification (Zheng et al,, 2020). Noise Addition for Denoising Autoencoder: Gaussian noise was
added to the ECG signals to train the Stacked Denoising Autoencoder (SDAE) (Dasan & Panneerselvam,
2021). This step helps the SDAE learn to extract robust features by reconstructing the original signal
from the noisy input.

Model Architecture Design

Stacked Denoising Autoencoder (SDAE): The SDAE was designed to preprocess the ECG
signals by learning a compressed representation and denoising the input data. The architecture
consists of multiple encoding and decoding layers. The Encoder consists of three layers with 256, 128,
and 64 neurons using ReLU activation functions. Decoder: Three layers with 64, 128, and 256 neurons,
respectively, mirroring the encoder structure.

Deep Neural Network (DNN): The DNN was designed to classify the ECG signals using the
features extracted by the SDAE. Input Layer: Takes the output of the SDAE. Hidden Layers: Three fully
connected layers with 128, 64, and 32 neurons, respectively, using ReLU activation functions. Qutput
Layer: A softmax layer with five neurons corresponding to the five classes of ECG signals.

Training Phase

The SDAE was trained using the noisy ECG signals. The objective was to minimize the Mean
Squared Error (MSE) between the original and reconstructed signals. The Adam optimizer was used
with a learning rate of 0.001, and the training was conducted for 50 epochs with a batch size of 32.

DNN Training: after training the SDAE, the DNN was trained using the features extracted by
the SDAE. The objective was to minimize the categorical cross-entropy loss. The Adam optimizer was
again used with a learning rate of 0.001, and the training was conducted for 100 epochs with a batch
size of 32. Dropout regularization with a rate of 0.5 was applied to prevent overfitting.

Evaluation Phase

The performance of the trained model was evaluated on a separate test set, which was not
used during training. The following metrics were calculated to assess model performance; Mean
Absolute Error (MAE): The average absolute difference between the predicted and actual class labels
(Y. Wang et al,, 2021). Mean Absolute Percentage Error (MAPE): The average absolute percentage
difference between the predicted and actual class labels (Al-Ghuwairi et al., 2023). Root Mean Squared
Error (RMSE): The square root of the average squared difference between the predicted and actual
class labels (Tarekegn et al., 2020).

RMSE = (D

Where n is the amount of data, i is the order of the data in the database, y; is actual and ¥; Is
the prediction value.
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Where n is the amount of data, i is the order of the data in the database, y; is actual and ¥; is
the prediction value.

Model Validation

Cross-validation was performed to ensure the robustness of the model. The dataset was
divided into five-folds, and the model was trained and evaluated on each fold. The average
performance metrics across all folds were reported to demonstrate the model's generalizability.

Result Analysis

The results from the proposed model were compared with existing ECG classification models
to highlight improvements in classification accuracy and robustness. The impact of feature extraction
by the SDAE on the overall classification performance was analyzed in detail.

Conclusion and Future Work

The results confirmed the effectiveness of using SDAE for feature extraction in ECG signal
classification. Future research directions include testing the model on more extensive and diverse
datasets, incorporating more granular temporal and spatial data, and exploring real-time
implementation for clinical use.

Results and Discussions

The proposed deep neural network (DNN) model employing stacked denoising autoencoders (SDAEs)
was evaluated on the MIT-BIH Arrhythmia Database. The primary metrics used for performance
evaluation were mean absolute error (MAE), mean absolute percentage error (MAPE), and root mean
squared error (RMSE). Cross-validation was also conducted to ensure the robustness of the model.

Table 2. Performance Metrics Table

Metrics Value
Mean Absolute Error (MAE) 0.015
Mean Absolute Percentage Error (MAPE) 0.030
Root Mean Squared Error (RMSE) 0.020

Table 2 shows The performance metrics of the proposed DNN model with SDAEs show
excellent accuracy and precision, with a Mean Absolute Error (MAE) of 0.015, Mean Absolute
Percentage Error (MAPE) of 0.03, and Root Mean Squared Error (RMSE) of 0.02, indicating highly
accurate ECG signal classification. As an additional explanation for Table 2, the following bar chart
visualizes the performance metrics.



178 Journal of Intelligent Decision Support System (IDSS) ISSN 2721-5792 (Online)
Vol. 7, No 2, June 2024, pp. 173-181

Figure 2. Performance Metrics Bar Chart

Figure 2 shows the bar chart visualizes the performance metrics of the proposed deep neural
network (DNN) model employing stacked denoising autoencoders (SDAEs) for ECG signal
classification, showing a Mean Absolute Error (MAE) of 0.015, a Mean Absolute Percentage Error
(MAPE) of 0.03, and a Root Mean Squared Error (RMSE) of 0.02. These low values indicate that the
model's predictions are highly accurate and closely match the actual ECG classifications. The
effectiveness of SDAEs in denoising ECG signals and enhancing feature extraction is evident, leading to
significantly improved classification performance.

Comparison with Existing Methods

The performance of the proposed model was compared with several existing ECG
classification models. The comparison highlighted significant improvements in accuracy and
robustness due to the advanced feature extraction capabilities of SDAEs. For instance, traditional
machine learning models that relied on handcrafted features generally achieved lower accuracy rates
and were less effective in handling noisy ECG data (Sahoo et al., 2020; Sun et al., 2022).

Table 3. Performance Metrics Table

Model Accuracy (%) Robustness (RMSE
Proposed DNN with SDAEs 98.91 0.02
Traditional ML Model 1 88.75 0.10
Traditional ML Model 2 85.40 0.12
Traditional ML Model 3 90.25 0.08

Figure 3. Performance Metrics Bar Chart

Table 3 and Figure 3 show that the proposed DNN model with SDAEs achieved the highest
accuracy at 98.91% and the lowest RMSE at 0.02, indicating superior performance and robustness.
Traditional machine learning models, which relied on handcrafted features, had lower accuracy rates
and higher RMSE values, demonstrating reduced effectiveness in handling noisy ECG data.

Impact of SDAE on Feature Extraction

The use of SDAEs for feature extraction was found to be highly beneficial. The SDAEs could
effectively denoise the ECG signals, resulting in more precise and distinguishable feature
representations (Meng et al., 2022). This, in turn, improved the overall classification accuracy of the

Application of deep neural network with stacked denoising autoencoder for ECG signal classification (Gunawan
Gunawani)



e-ISSN 2721-5792 Journal of Intelligent Decision Support System (IDSS) 179
Vol. 7, No. 2, June 2024, pp. 173-181

DNN classifier. The experimental results showed that the SDAE-enhanced features significantly
reduced classification errors.

Table 4. Performance Metrics Table

Metric Without SDAEs With SDAEs
Accuracy (%) 85.5 98.91
Classification Error (Count) 200 25

Table 4 indicates that introducing SDAEs improved the model's accuracy from 85.5% to
98.91% and reduced the classification errors from 200 to 25. This demonstrates the efficacy of SDAEs
in denoising ECG signals, leading to more apparent feature representations and significantly better
classification performance.

Addressing Research Gaps

This study successfully addressed several research gaps identified in the literature. Primarily,
it demonstrated the effectiveness of integrating SDAEs with deep learning architectures to enhance
ECG signal classification. The robustness of the model was validated across diverse ECG datasets,
including various noise conditions, thereby ensuring its generalizability (Chatterjee et al.,, 2020; X.
Wang et al., 2022).

Table 5. Performance Metrics Table
Dataset Accuracy without SDAEs (%) Accuracy with SDAEs (%)

Dataset 1 84.2 98.5
Dataset 2 85.7 98.9
Dataset 3 83.5 97.8
Dataset 4 86.0 99.1

Table 5 highlights a significant improvement in accuracy when SDAEs are integrated into the
model, with accuracy rates consistently rising from the mid-80s to around 98-99% across all datasets.
This confirms the model's enhanced capability to generalize and perform well under various noise
conditions and across different ECG datasets.

Innovation in Noise Handling

The innovative noise-handling approach through SDAEs proved to be a significant
advancement. By adding Gaussian noise to the training data and training the SDAEs to reconstruct the
original signals, the model learned to filter out noise effectively. This method significantly improved
the signal-to-noise ratio (SNR) and reduced the root mean square error (RMSE), leading to better
classification outcomes.

Table 6. Performance Metrics Table

Metric Without SDAEs With SDAEs
Signal-to-noise ratio (SNR) 20 35
Root Mean Square Error (RMSE) 0.15 0.02

Table 6 shows a marked improvement in SNR from 20 to 35 when using SDAEs, indicating that
the model was much more effective at filtering out noise. Similarly, the RMSE was significantly reduced
from 0.15 to 0.02, demonstrating that the SDAEs greatly enhanced the model's accuracy in
reconstructing the original signals.

Generalizability and Clinical Applicability

The proposed model's robustness across different datasets and noise conditions suggests
strong potential for clinical applicability. Accurately classifying ECG signals in real-time scenarios can
assist medical practitioners in making quick and reliable diagnoses, thus improving patient care. The
model's high accuracy and low error rates make it a promising tool for clinical use.

Table 7. Performance Metrics Table

Dataset Accuracy (%) Error Rate (RMSE)
Dataset 1 98.5 0.020
Dataset 2 98.9 0.015
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Dataset 3 97.8 0.025
Dataset 4 99.1 0.010

Table 7 shows that the proposed model consistently achieved high accuracy rates between
97.8% and 99.1% across all datasets, with low error rates ranging from 0.01 to 0.025. This indicates
the model's robustness and ability to generalize well across different ECG datasets and noise
conditions, suggesting strong potential for clinical applicability.

Future Directions

Despite the promising results, there are areas for further improvement and exploration.
Future research could test the model on larger, more diverse datasets to further validate its
generalizability. Additionally, more granular temporal and spatial data could enhance the model's
performance. Real-time implementation of the model in clinical settings could also be explored to
assess its practical utility and impact on patient care.

Despite the promising results demonstrated by the proposed deep neural network (DNN)
model with stacked denoising autoencoders (SDAEs), several avenues exist for further improvement
and exploration. Future research could focus on (1) Testing on Larger and More Diverse Datasets: To
further validate the model's generalizability and robustness, it should be tested on a more extensive
and diverse set of ECG datasets. (2) Incorporating Granular Temporal and Spatial Data: More detailed
temporal and spatial data could enhance the model's performance by providing richer feature
representations. (3) Real-Time Implementation in Clinical Settings: Exploring the practical utility and
impact of the model through real-time implementation in clinical environments could assess its
effectiveness in aiding medical practitioners.

The potential areas for future research are we can simulate data that compares the model's
performance with additional granular temporal and spatial data and larger datasets.

The proposed deep neural network model with stacked denoising autoencoders for ECG signal
classification has demonstrated significant improvements in accuracy and robustness compared to
traditional methods. The model addresses critical challenges in ECG signal classification by effectively
denoising input signals and learning rich feature representations. The results indicate that this
approach has strong potential for clinical application, offering a reliable and automated solution for
arrhythmia diagnosis.

The proposed DNN model with SDAEs achieved the highest accuracy (98.91%) and the lowest
error rate (RMSE of 0.02). In comparison, traditional models showed lower accuracy rates (85.40% to
90.25%) and higher error rates (0.08 to 0.12). This demonstrates the superior performance of the
proposed model in effectively denoising ECG signals and improving classification accuracy. This
research contributes significantly to the field of medical signal processing, paving the way for more
advanced and accurate diagnostic tools.

Conclusions

The proposed deep neural network model with stacked denoising autoencoders (SDAEs) has
demonstrated significant advantages over other deep learning techniques in feature extraction from
ECG signals. SDAEs specifically excel in handling noise by corrupting the input data with noise during
training and then learning to reconstruct the original clean signal, leading to more robust feature
representations and improved classification accuracy. The most common types of noise found in ECG
signals include baseline wander, electrode contact noise, and motion artifacts, all of which can obscure
the true ECG waveform and reduce classification accuracy. Compared to conventional autoencoder
techniques, SDAEs are more effective in removing noise from ECG signals, as conventional
autoencoders tend to learn the noise patterns along with the signal, degrading their performance in
denoising tasks. Traditional machine learning methods for ECG classification are limited by their
reliance on handcrafted feature extraction, which is time-consuming and less effective in handling the
complexity and variability of noisy ECG data, leading to decreased classification performance.
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