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Abstract: ECG signals are essential for diagnosing
heart diseases but often contain noise from various
sources. This study presents a hybrid denoising
approach using Empirical Mode Decomposition
(EMD) and Wavelet Transform (WT). EMD
decomposes the signal into Intrinsic Mode Functions
(IMFs), removing noise-heavy components.
Simultaneously, Discrete Wavelet Transform (DWT)
refines the signal by eliminating high-frequency
disturbances. The cleaned ECG is reconstructed, and
key time and frequency features are extracted. These
features are then used to train a Support Vector
Machine (SVM) classifier. The model is tested on the
MIT-BIH Arrhythmia Database, achieving high
accuracy. Performance is evaluated using accuracy,
sensitivity, and specificity metrics. Results show that
the method enhances ECG quality while preserving
essential details. This approach is promising for real-
time heart monitoring and automated ECG analysis.

I. Introduction

Electrocardiograms (ECGs) are essential for diagnosing
heart diseases by recording the heart's electrical activity.
However, these signals often get distorted by noise from
sources like power-line interference, muscle movements,
and baseline drift. Such noise can make it difficult to
accurately interpret ECG readings, which is why effective
noise removal techniques are needed.

signal into different components, filtering out noise-heavy
parts, while WT further refines the signal by analyzing it
at multiple resolutions. Together, these methods improve
signal clarity without losing crucial heart activity details.
After denoising, we extract important features that capture
both time and frequency characteristics of the heartbeat.
These features are then fed into a Support Vector
Machine (SVM) classifier, which can accurately
differentiate between normal and abnormal heartbeats. We
test our model using the MIT-BIH Arrhythmia
Database, a widely used dataset for ECG classification,
ensuring reliable results.
This approach enhances the quality of ECG signals,
making automated heart monitoring more effective. By
improving accuracy in detecting irregular heartbeats, this
system could support early diagnosis of heart conditions
and assist doctors in better patient care.

I1. Literature Review
Over the years, numerous studies have explored different
techniques for improving ECG signal denoising and
classification. One of the most recent contributions is from
Xu et al. (2022), who developed an advanced EEMD-WT-
SVM model capable of classifying ECG signals into
multiple categories, including normal heart rhythms,
arrhythmias, and myocardial infarctions. Their approach
combined Empirical Mode Decomposition (EEMD) and

Standard filtering methods often fail to remove noise while
preserving important ECG features. To solve this, we propose a
hybrid approach that combines Empirical Mode Decomposition
(EMD) and Wavelet Transform (WT). EMD breaks down the
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Wavelet Transform (WT) for effective denoising, followed
by Support Vector Machine (SVM) classification. The
model achieved an outstanding accuracy of 99.1%,
demonstrating its potential for real-world clinical
applications.

A vyear earlier, Zhang et al. (2021) proposed a hybrid
EEMD-WT-SVM framework that further improved the
denoising process before classification. By leveraging
EEMD to decompose the signal and applying wavelet
thresholding to remove noise, their system significantly
enhanced the signal quality. The final classification step,
performed using an SVM model, resulted in an accuracy
of 98.5% in detecting arrhythmic heartbeats, making it a
promising approach for automated ECG analysis.

In 2020, Song et al. introduced a method that combined
EEMD and wavelet thresholding techniques to improve
ECG denoising. Their approach effectively eliminated
unwanted noise while preserving important cardiac
features. Compared to using EMD or wavelet transform
alone, this hybrid technique achieved better performance,
yielding a higher signal-to-noise ratio (SNR) and a lower
root mean square error (RMSE).

The year before, Chen et al. (2019) explored a novel
EEMD-WT framework aimed at optimizing ECG signal
denoising. They utilized EEMD to extract Intrinsic Mode
Functions (IMFs) from the signal and then applied wavelet
thresholding to selectively remove noise-dominated IMFs.
This strategy successfully preserved clinically significant
components of the ECG while filtering out irrelevant noise,
leading to better overall signal quality. Around the same
time, Li et al. (2019) focused on improving arrhythmia
detection by integrating wavelet-based denoising with
SVM classification. Their research aimed to minimize
false positives while ensuring high classification accuracy.
By combining these techniques, they achieved reliable
results in detecting various types of arrhythmic conditions,
making their method highly suitable for diagnostic
applications.A significant challenge with traditional
Empirical Mode Decomposition (EMD) is mode mixing,
where signal components blend together, reducing the
effectiveness of the decomposition process. Wu and
Huang (2019) addressed this issue by introducing
Ensemble Empirical Mode Decomposition (EEMD),
which adds white noise during decomposition to improve
mode separation. Their innovation significantly enhanced
the reliability and stability of EMD-based ECG
denoising, making it a more practical tool for biomedical
signal processing.Liu et al. (2018) worked on an adaptive
wavelet thresholding technique combined with adaptive
filtering to enhance ECG signal clarity. Their approach
significantly increased the signal-to-noise ratio while
preserving crucial cardiac features, making it particularly
useful for clinical applications where maintaining
diagnostic accuracy is essential.
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A vyear earlier, Zhang et al. (2017) demonstrated the
effectiveness of Discrete Wavelet Transform (DWT) in
ECG denoising. They implemented an adaptive
thresholding strategy that removed unwanted noise while
ensuring the original signal remained intact. Their findings
showed considerable improvements in noise reduction
without causing signal distortion, highlighting the
advantages of wavelet-based methods.

Park et al. (2016) explored the use of SVM classifiers for
ECG signal classification. They extracted wavelet-based
features from ECG recordings and trained an SVM model
to distinguish between normal and abnormal signals. Their
approach achieved over 97% accuracy, proving that SVM
is a powerful tool for automated cardiac diagnostics.

That same year, Wang et al. (2016) focused on using
Empirical Mode Decomposition (EMD) to denoise ECG
signals. By filtering out high-frequency Intrinsic Mode
Functions (IMFs) that contained noise, they significantly
improved the clarity of ECG recordings. Their study
established EMD as an effective method for reducing
interference in biomedical signals.

Overall, research over the past decade has consistently
emphasized the importance of ECG denoising and
classification. While traditional methods like EMD and
wavelet transform have proven effective, hybrid
approaches that combine EEMD-WT denoising with SVM
classification have set new benchmarks in accuracy and
reliability. These studies provide strong evidence that
integrating multiple denoising techniques and machine
learning algorithms can significantly improve automated
ECG analysis, making it a valuable tool for real-world
healthcare applications.

I11. Problem Statement
Electrocardiography (ECG) is a fundamental tool in
diagnosing heart conditions, providing crucial insights into
cardiac activity. However, in real-world applications, ECG
signals are often contaminated by noise from various
sources, including powerline interference, baseline
wander, motion artifacts, and electromyographic (EMG)
noise. These distortions can obscure critical diagnostic
features, making it difficult for both healthcare
professionals and automated systems to accurately assess
heart conditions. While traditional filtering techniques can
help reduce noise, they often remove important clinical
details along with it, leading to less reliable diagnostic
outcomes.

To overcome these challenges, researchers have explored
advanced signal processing techniques such as Empirical
Mode Decomposition (EMD) and Wavelet Transform
(WT). EMD is particularly effective for handling non-
stationary signals but suffers from mode mixing, which
affects its efficiency. On the other hand, WT provides a
multi-resolution approach, effectively removing noise
across different frequency bands while preserving
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significant signal components. Recent studies have shown
that a hybrid approach combining Ensemble Empirical
Mode Decomposition (EEMD) and Wavelet Thresholding
(WT) offers superior denoising performance, ensuring that
essential cardiac features remain intact while eliminating
unwanted noise.

Input data

l
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l

Feature Extraction

|

Classification

l

Output data

Beyond denoising, the accurate classification of ECG
signals is crucial in distinguishing between normal heart
activity and various cardiac abnormalities, such as
arrhythmias and myocardial infarctions. Traditional
classification methods often struggle with the complexity
of ECG data, necessitating more sophisticated techniques.
Support Vector Machines (SVM) have proven to be highly
effective for ECG classification due to their ability to
handle high-dimensional and non-linear data, making them
well-suited for this task.

This project aims to develop an advanced hybrid
framework that enhances both the quality and
interpretability of ECG signals. By integrating EEMD-WT
for denoising with an SVM-based classification system,
the goal is to achieve a higher signal-to-noise ratio (SNR),
lower root mean square error (RMSE), and improved
classification accuracy. This approach will ensure that
ECG signals are not only cleaner but also more accurately
categorized, leading to better detection of heart conditions.
By enhancing the efficiency and reliability of automated
ECG analysis, this project aspires to contribute to more
precise and dependable cardiac diagnostics in clinical
practice.

IV.Proposed System

Electrocardiography (ECG) is one of the most essential
tools in diagnosing heart conditions, as it records the
heart’s electrical activity and helps detect abnormalities.
However, ECG signals are often affected by unwanted
noise from various sources like powerline interference,
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motion artifacts, baseline wander, and electromyographic
(EMG) noise. This interference can distort the signal,
making it difficult to identify crucial details required for
accurate diagnosis. Traditional filtering methods attempt to
remove noise, but they often compromise important
components of the signal, especially the QRS complex,
which plays a key role in analyzing heart conditions.

To address this issue, a more refined approach is needed—
one that effectively removes noise while ensuring that vital
ECG features remain intact. Instead of using conventional
filtering techniques that may eliminate necessary signal
components, this method selectively processes only the
first three Intrinsic Mode Functions (IMFs) derived
through Empirical Mode Decomposition (EMD). The QRS
complex, which carries crucial diagnostic information, is
primarily embedded in these IMFs. Completely removing
them could result in the loss of essential details, so instead
of discarding them, this approach filters out the noisy
portions while preserving the fundamental -cardiac
features. This ensures that the high-frequency variations of
the signal remain unaffected, improving diagnostic
accuracy.Unlike standard filtering methods that operate in
the frequency domain and can introduce distortions, this
method focuses on temporal processing. Many commonly
used high-pass and low-pass filters alter the waveform’s
natural shape, which can negatively impact diagnosis.
Instead, this approach applies time-domain filtering that
aligns with the natural oscillations of the QRS complex.
By processing the signal within two zero-crossing points,
it ensures that only noise is removed while preserving the
meaningful parts of the ECG.

Once the signal is denoised, the next step is feature
extraction to classify the heart’s condition accurately.
Important features such as RR intervals, QRS duration, the
morphology of the P-wave and T-wave, signal energy, and
entropy are extracted. These characteristics provide a clear
understanding of the heart’s activity and help in identifying
potential abnormalities. To analyze these features, a
Support Vector Machine (SVM) classifier is used. SVM is
a powerful machine-learning algorithm that efficiently
processes complex and high-dimensional data. By training
this model with labeled ECG signals, it can accurately
differentiate between normal heart activity and conditions
like arrhythmias or myocardial infarctions.

This method offers several advantages over conventional
approaches. Instead of completely discarding certain
signal components, it selectively filters noise while
retaining critical information, ensuring that diagnostic
features remain accurate. By preserving the QRS complex,
it enhances the reliability of ECG classification, leading to
more precise detection of heart conditions. Additionally,
since it is designed to handle different types of noise, it
proves to be highly effective in real-world applications,
such as clinical and ambulatory ECG monitoring.
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By combining a sophisticated denoising technique with
machine-learning-based classification, this approach
significantly improves the accuracy and reliability of
automated ECG analysis. The ability to efficiently remove
noise while maintaining key diagnostic features enhances
the effectiveness of heart condition detection, making this
method a valuable tool for more accurate and efficient
cardiac diagnosis and patient monitoring.

V.Regulatory Compliance
Developing an ECG denoising and classification system
requires strict adherence to regulatory guidelines to ensure
patient safety, data security, and medical accuracy. Since
the system processes ECG signals for diagnostic purposes
using Empirical Mode Decomposition (EMD), Wavelet
Transform (WT), and Support Vector Machine (SVM),
it must comply with several international medical and data
protection standards.
Given its role in analyzing medical data, the system may
be classified as Software as a Medical Device (SaMD).
This means it must meet regulations like the U.S. FDA (21
CFR Part 820 & Part 11) and European Medical Device
Regulation (MDR 2017/745) to ensure it is both safe and
effective for clinical use. Under FDA guidelines, the
software must follow strict quality control processes,
electronic recordkeeping standards, and risk management
procedures. Similarly, CE marking under EU regulations
ensures compliance with 1SO 13485, which governs
medical software quality management. Additionally, 1SO
14971 helps identify and mitigate risks, such as the
possibility of misdiagnosis due to incorrect ECG
classification.
Since ECG data contains sensitive patient information,
data privacy and security regulations must be followed.
In the United States, HIPAA requires encryption, secure
data storage, and restricted access to patient records. In
Europe, GDPR mandates lawful data processing, patient
consent, and anonymization to prevent unauthorized
access. These measures help protect personal health
information from breaches or misuse.
For the system to function effectively in clinical settings, it
must meet international technical standards like 1EC
60601-2-47, which defines the performance requirements
for ECG monitoring devices, ensuring accurate signal
processing. AAMI EC11 provides additional guidelines to
ensure the system preserves critical ECG waveform
features, such as the QRS complex, after denoising.
Because machine learning (ML) is used for
classification, the system must comply with Al-related
regulations. The FDA’s Good Machine Learning
Practices (GMLP) emphasize transparency, fairness, and
clinical validation for Al-based medical tools. ISO/IEC
24029 focuses on Al risk management, ensuring bias
detection, explainability, and accountability in medical
applications. If the system is trained and tested using real
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patient ECG data, Institutional Review Board (IRB)
approval may also be required to confirm ethical
compliance.
To fully meet these regulations, the system must go
through regulatory approval processes, such as FDA
clearance or CE marking, while ensuring
HIPAA/GDPR-compliant encryption and clinical
validation against ECG standards. Additionally, Al
governance frameworks should be implemented to ensure
the system remains unbiased and reliable.
By complying with these medical, data security, and Al
regulations, this ECG denoising and classification system
can be safely used in healthcare settings. This not only
enhances the reliability of automated ECG analysis but
also contributes to more accurate, efficient, and secure
cardiac diagnostics.

VI. Comparative Analysis

Electrocardiogram (ECG) signal processing plays a crucial

role in diagnosing cardiovascular diseases. However, ECG

signals are often affected by noise, which can reduce the

accuracy of diagnosis. Traditional methods for ECG

denoising and classification have limitations in terms of

noise reduction, feature preservation, classification

accuracy, and computational efficiency. The proposed

system, which integrates Empirical Mode

Decomposition (EMD), Wavelet Transform (WT), and

Support Vector Machine (SVM), addresses these

challenges and provides a more efficient solution.

1. Noise Reduction

Noise is one of the biggest challenges in ECG signal
processing. Existing methods primarily rely on simple
filtering techniques, such as low-pass and high-pass filters,
to remove noise. However, these methods often fail to
completely eliminate noise without distorting the signal.
Proposed Improvement: The combination of EMD and
WT effectively reduces noise while preserving important
ECG characteristics.

e EMD breaks down the ECG signal into multiple
components, allowing for better isolation and
removal of noise.

e WT helps further refine the signal by analyzing it
in both time and frequency domains, ensuring that
noise is removed without affecting critical signal
features.
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As a result, the proposed system significantly improves
signal clarity, making it more reliable for clinical
diagnosis.

2. Feature Preservation

In traditional filtering methods, noise removal often comes
at the cost of signal distortion. This can lead to the loss of
essential ECG components such as P waves, QRS
complexes, and T waves, which are crucial for detecting
heart abnormalities.

Proposed Improvement: The EMD-WT approach
ensures that key ECG features are retained.

e EMD decomposes the signal into intrinsic mode
functions (IMFs), allowing selective noise removal while
preserving diagnostic information.

e WT processes the signal at multiple levels,
ensuring that vital features remain intact while
eliminating unwanted artifacts.

By maintaining the integrity of these features, the proposed
system ensures more accurate heart condition analysis.

3. Classification Accuracy

Traditional ECG classification techniques often rely on
threshold-based or rule-based methods, which can struggle
with complex variations in ECG signals. These methods
have limited adaptability and may result in incorrect
classifications, leading to potential misdiagnosis.
Proposed Improvement: The use of SVM significantly
enhances classification accuracy.

e SVM is a machine learning model that effectively
distinguishes between normal and abnormal ECG
patterns.

e It learns from training data and improves over
time, reducing the chances of incorrect classification.

e  The model is capable of handling variations in ECG
waveforms, ensuring higher reliability in detecting
different heart conditions.

With improved classification accuracy, the proposed
system provides more dependable results and aids
healthcare professionals in making better-informed
decisions.

4. Computational Efficiency

One of the drawbacks of advanced filtering and
classification methods is their high computational cost.
Many traditional approaches, despite being simple, lack
the efficiency needed for real-time applications.

Proposed Improvement: The system is optimized to
balance computational efficiency with accuracy.

e EMD and WT are applied in a structured
manner, minimizing unnecessary calculations and
speeding up processing.

e SVM operates efficiently, classifying ECG signals
without requiring extensive computational resources.

This ensures that the system can be deployed in real-time
ECG monitoring devices, making it practical for clinical
and portable healthcare applications.
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Comparison of Existing and Propcsed Syst =

VI1. Results and Discussion
The newly developed ECG denoising and classification
system, which uses Empirical Mode Decomposition
(EMD), Wavelet Transform (WT), and Support Vector
Machine (SVM), offers several improvements over
traditional methods. This system was evaluated based on
four key aspects: noise reduction, feature preservation,
classification accuracy, and computational efficiency.
One of the biggest advantages of the proposed system is
its ability to reduce noise more effectively. By combining
EMD and WT, it achieves 3% better noise reduction
compared to conventional filtering techniques. This
means that the ECG signals are much clearer, allowing
for more accurate interpretation by healthcare
professionals. A clearer signal can significantly improve
the ability to detect heart conditions early, leading to
better patient outcomes.
Preserving important features of the ECG waveform is
also crucial, as these features—such as the P wave, QRS
complex, and T wave—play a vital role in diagnosing
cardiac issues. The proposed system performs just as well
as existing methods in this regard, ensuring that no
critical information is lost or distorted. This makes it a
reliable tool for doctors and medical researchers.
When it comes to classification accuracy, the new system
performs slightly lower than traditional methods, with a
2% reduction. This is likely due to the complexity of
using SVM for classification, compared to simpler rule-
based methods. However, this gap can be minimized by
training the model with a larger dataset or integrating
deep learning techniques, which have shown promising
results in medical applications.
Another important factor is computational efficiency,
especially for real-time applications such as wearable
ECG monitoring devices. While the proposed system
improves noise reduction and maintains feature integrity,
it experiences a slight 1% drop in computational
efficiency due to additional processing steps. However,
with further optimization, such as using faster hardware
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or parallel processing, this issue can be addressed
effectively.

The comparison between the existing and proposed
systems is summarized in the table below:

Petfarmance Melrs Existnng Yyatem (% Progeesed Sitem hange

Overall, the proposed system shows significant
improvements in noise reduction while maintaining the
integrity of ECG features, making it a promising solution
for medical ECG analysis. While classification accuracy
and computational efficiency show slight reductions,
these can be improved with further advancements in
machine learning techniques and hardware optimizations.
With these refinements, the system could become a
highly effective tool for more accurate and efficient ECG
signal processing, leading to better diagnostic capabilities
in healthcare settings.

VI11. Conclusion
The project aimed to improve the accuracy and reliability
of ECG signal processing by using a combination of
Empirical Mode Decomposition (EMD), Wavelet
Transform (WT), and a Support Vector Machine (SVM)
classifier. Compared to existing methods, this approach
has shown significant improvements in reducing noise
while preserving important features of the ECG
waveform. This ensures that the signals remain clear and
useful for medical diagnosis.
One of the key advantages of this system is its ability to
effectively remove noise without distorting critical
components of the ECG, such as the QRS complex. This
makes it a promising solution for more accurate heart
condition assessments. However, while the classification
accuracy is slightly lower than some traditional
approaches, this can be further refined by improving the
training process and using a larger dataset. Additionally,
the system'’s computational efficiency is slightly impacted
due to the additional processing steps, but this can be
optimized using better hardware or parallel computing
techniques.
Overall, the proposed system has great potential for
practical applications, including wearable health
monitoring devices and clinical diagnosis. By ensuring
compliance with medical regulations and incorporating
further improvements in Al techniques, this system could
help in the early detection of heart-related issues,
ultimately leading to better patient care and improved
medical outcomes.
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