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Abstract : Electrocardiogram (ECG) analysis is a crucial diagnostic method for identifying 
cardiovascular diseases, as it provides detailed insights into the heart's electrical activity. 
Among the techniques for analyzing ECG signals, wavelet transforms have proven to be 
particularly effective due to their ability to offer multi-resolution analysis, capturing both 
high-frequency details and low-frequency trends. This study undertakes a comparative 
evaluation of various wavelet families, namely Daubechies, Symlets, Coiflets, and 
Biorthogonal wavelets, to assess their performance in key areas such as feature extraction, 
noise reduction, and arrhythmia detection. The findings reveal that Daubechies wavelets 
excel in general noise reduction and feature extraction, particularly in detecting abrupt 
changes, making them suitable for identifying critical ECG components. Symlets, with their 
enhanced symmetry and orthogonality, are effective in preserving signal morphology 
while providing balanced noise reduction and precise QRS complex detection. Coiflets, 
noted for their high vanishing moments and near symmetry, offer superior detailed feature 
extraction and arrhythmia detection capabilities. Biorthogonal wavelets stand out for their 
ability to ensure exact signal reconstruction, making them ideal for applications requiring 
perfect signal replication. The study's results provide valuable insights into the strengths 
and limitations of each wavelet family, guiding their optimal application in various ECG 
signal processing tasks for accurate cardiac health monitoring and diagnosis. [1], [5], [7] 
 
Index Terms - ECG analysis, wavelet transform, wavelet families, feature extraction, noise 
reduction, arrhythmia detection, Physionet  [7] 

 
1. Introduction 

Electrocardiogram (ECG) signals provide critical information about the electrical activity 
of the heart and are essential for diagnosing various heart conditions. The complexity and 
non-stationary nature of ECG signals pose significant challenges in accurate analysis. 
Wavelet transform, with its capability for multi-resolution analysis, offers a promising 
solution for addressing these challenges. Different wavelet families, each with unique 
properties, can be employed for ECG analysis. This paper aims to conduct a comprehensive 
comparative study of various wavelet families to determine their effectiveness in different 
aspects of ECG analysis. [1], [3], [5] 
 

2. BACKGROUND 
This study utilizes the wavelet transform to decompose ECG signals into various scales 
for detailed time-frequency analysis, crucial for non-stationary signals like ECG. Publicly 
available datasets, such as the MIT-BIH Arrhythmia Database, will be used to obtain 
diverse ECG recordings. The signals will be preprocessed to remove baseline wander and 
high-frequency noise through bandpass filtering. Various wavelet families (e.g., 
Daubechies, Coiflets, Symlets, Biorthogonal) will be employed for decomposition at 
different levels. Noise reduction will be assessed using thresholding techniques, and 
performance will be measured by comparing the signal-to-noise ratio before and after 
denoising. Key features like R-peak, QRS complex, P-waves, and T-waves will be extracted 
from the decomposed signals. Statistical analysis will compare the results of noise 
reduction, feature extraction, and arrhythmia detection across wavelet families to 
determine the most effective wavelet for ECG analysis tasks. The study aims to identify 



 
 

Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 5s, 2025 
 

135 

 

the optimal wavelet family and decomposition level, providing recommendations based 
on the findings. [1], [5], [8] [3], [6] [7] 
 

3. WAVELET FAMILIES 
 

3.1 Daubechies Wavelets 
Daubechies wavelets are known for their orthogonality and compact support, making 
them suitable for capturing sharp transitions in ECG signals. They are widely used in ECG 
analysis for noise reduction and feature extraction. [1], [5] 
Daubechies wavelets, named after Belgian physicist and mathematician Ingrid 
Daubechies, are a family of orthogonal wavelets that are widely used in signal processing, 
including ECG (electrocardiogram) analysis. These wavelets are particularly useful in 
applications requiring high computational efficiency and accuracy. Here's a brief 
overview of their application in ECG analysis: [1], [5] 
 
3.1.1 Daubechies Wavelet Families 
The Daubechies wavelet family, widely utilized in ECG signal analysis, consists of various 
members characterized by the number of coefficients in their filters. The Daubechies D4 
wavelet, with four coefficients, excels in denoising ECG signals and detecting QRS 
complexes due to its effective time and frequency localization properties. The Daubechies 
D6 wavelet, featuring six coefficients, enhances both denoising and feature extraction 
capabilities, offering better frequency resolution that is beneficial for analyzing finer 
details of the ECG waveform. Similarly, the Daubechies D8 wavelet, with eight coefficients, 
is particularly suited for detailed ECG signal analysis, including the detection of 
arrhythmias and other abnormalities, thanks to its improved frequency resolution. Each 
variant of the Daubechies wavelet provides unique advantages, making them suitable for 
different aspects of ECG analysis [3], [6] 
 
3.1.2  Advantages 
The use of Daubechies wavelets in ECG analysis offers several significant advantages. 
They provide high resolution, with excellent frequency and time localization, making 
them ideal for analyzing the non-stationary characteristics of ECG signals. The 
computational efficiency of wavelet transform algorithms ensures that these analyses can 
be performed in real-time, which is crucial for continuous ECG monitoring. Additionally, 
Daubechies wavelets are highly versatile, applicable to a wide range of ECG analysis tasks 
such as denoising, feature extraction, and signal compression. These benefits make 
Daubechies wavelets a powerful tool in the field of ECG signal processing. [1], [5] [3], [6] 
 
3.2 Symlets 
Symlets are a modified version of Daubechies wavelets with enhanced symmetry 
properties. They aim to reduce signal distortion during decomposition and are effective 
in preserving ECG signal morphology. [1], [5] 
Symlets, or Symlet wavelets, are a family of orthogonal wavelets introduced by Ingrid 
Daubechies as a modification to her original Daubechies wavelets. The primary goal was 
to create wavelets with improved symmetry properties while retaining orthogonality and 
compact support. These wavelets are particularly useful in ECG (electrocardiogram) 
analysis due to their enhanced symmetry and better performance in signal processing 
tasks. Here are some details on the application of Symlet wavelets in ECG analysis: [1], [5] 
 
3.2.1 Symlets Wavelet Families  
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Symlets, or SymN wavelets, are a family of wavelets characterized by N vanishing 
moments, where N denotes the order of the wavelet. These wavelets are designed to be 
nearly symmetrical, which enhances their performance in signal processing tasks. For 
example, Sym4, Sym6, and Sym8 represent Symlet wavelets with 4, 6, and 8 vanishing 
moments, respectively, corresponding to the length of their filters. This symmetry, 
combined with the number of vanishing moments, makes Symlets particularly useful in 
ECG analysis for tasks such as denoising and feature extraction, providing a good balance 
between time and frequency localization [1], [5] [3], [6] 
 
3.2.2 Advantages of Using Symlet Wavelets in ECG Analysis 
Symlets are wavelets designed with improved symmetry compared to Daubechies 
wavelets, which significantly aids in preserving the shape and important features of ECG 
signals during analysis. This enhanced symmetry ensures that the morphological 
characteristics of the ECG waveforms are maintained, which is crucial for accurate 
diagnosis and monitoring. Symlets also provide excellent time-frequency resolution, 
making them particularly suitable for analyzing the non-stationary characteristics of ECG 
signals, where signal properties change over time. [1], [5] 

In addition to their symmetry and resolution benefits, the computational 
efficiency of Symlet wavelet transforms is another significant advantage. The algorithms 
used for these transforms are optimized for performance, enabling real-time ECG 
monitoring and analysis. This efficiency is particularly important in clinical settings 
where quick and accurate data processing is essential for patient care. [1], [5] 

Furthermore, Symlets are versatile tools in the realm of ECG analysis. They are 
effectively used for various tasks such as denoising, where they help remove unwanted 
noise from the ECG signals without distorting the actual signal features. This capability 
ensures cleaner and more interpretable ECG data. Symlets are also useful for feature 
extraction, where specific characteristics of the ECG signal, such as the QRS complex, are 
identified and analyzed for diagnostic purposes. Additionally, Symlets facilitate data 
compression, allowing for the efficient storage and transmission of ECG data, which is 
valuable for remote monitoring and telemedicine applications. [1], [5] [3], [6] 

 
3.3 Coiflets   
Coiflets have more vanishing moments compared to Daubechies and Symlets, allowing 
them to capture polynomial trends in the signal. They are useful for detailed feature 
extraction and baseline wander removal. [1], [5] 
Coiflets wavelets, introduced by Ingrid Daubechies, are a family of orthogonal wavelets 
designed with both regularity and near symmetry in mind. They have a unique property 
where both the wavelet function and its scaling function have vanishing moments. [1], [5] 
This characteristic makes them particularly useful in applications like ECG 
(electrocardiogram) analysis, where precision in detecting subtle features is crucial.   
 
3.3.1 Coiflets Wavelet Families 
Coiflet wavelet families are a significant class of wavelets in signal processing, known for 
their balanced time-frequency localization and their ability to capture intricate signal 
details. Among these, Coiflet N (CoifN) wavelets stand out due to their unique properties, 
particularly their N vanishing moments for both the wavelet and the scaling function. This 
feature allows CoifN wavelets to efficiently represent polynomial signals of degree up to 
N-1, making them highly effective in applications requiring smooth approximations and 
detailed signal analysis. For instance, Coif1, Coif2, and Coif3 are specific members of the 
Coiflet family, with the numerical suffix indicating the order of the wavelet. Coif1 wavelets 
have one vanishing moment, Coif2 has two, and so on. Higher-order Coiflet wavelets (e.g., 
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Coif3, Coif4) are capable of capturing more detailed signal features and are particularly 
useful in denoising applications where it is essential to distinguish between noise and 
actual signal components. The vanishing moments also play a crucial role in reducing the 
boundary effects during signal processing, leading to more accurate and reliable results. 
In summary, Coiflet N wavelets, with their varying orders, provide a versatile and 
powerful toolset for analyzing, denoising, and compressing signals across a wide range of 
applications, from biomedical signal processing to image compression. [1], [5] 
 
3.3.2 Advantages of Using Coiflet Wavelets in ECG Analysis 
Coiflet wavelets are renowned for their advanced properties that make them particularly 
suitable for signal processing tasks such as ECG analysis. One of their key features is the 
high number of vanishing moments for both the wavelet and the scaling function. This 
attribute enhances the wavelets' ability to approximate signals accurately and detect 
intricate features, which is essential for precise signal analysis. The near-symmetrical 
nature of Coiflet wavelets is another significant advantage, as it ensures that the 
morphology of the ECG signals is preserved during processing. This is crucial for 
maintaining the integrity of the signal and avoiding distortions that could lead to 
misinterpretation of the data. Additionally, Coiflet wavelets provide excellent frequency 
localization, allowing for the effective analysis of the non-stationary components of ECG 
signals. This is particularly important in medical applications where distinguishing 
between different frequency components can aid in diagnosing various cardiac 
conditions. Furthermore, the computational efficiency of the algorithms used for Coiflet 
wavelet transforms makes them ideal for real-time ECG monitoring and analysis. This 
efficiency ensures that large volumes of data can be processed quickly and accurately, 
facilitating timely medical interventions. Overall, the combination of high vanishing 
moments, near symmetry, good frequency localization, and efficient computation makes 
Coiflet wavelets a powerful tool for ECG signal processing and other complex signal 
analysis tasks [1], [5] 
 
3.4 Biorthogonal Wavelets 
Biorthogonal wavelets provide symmetric wavelets with two sets of scaling functions, one 
for decomposition and one for reconstruction. This property makes them suitable for 
applications requiring perfect reconstruction of the signal. [5] 

Biorthogonal wavelets are a class of wavelets where the analysis and synthesis 
wavelets are not identical but instead form a pair of biorthogonal bases. This property 
allows for symmetric wavelet functions and exact reconstruction, which is particularly 
advantageous in various signal processing applications, including ECG 
(electrocardiogram) analysis.  [5] 

 
3.4.1 Biorthogonal Wavelet Families 
Biorthogonal spline wavelets, such as Bior1.1, Bior1.3, Bior1.5, Bior2.2, Bior2.4, Bior2.6, 
Bior2.8, and others, are widely utilized in various signal processing applications, 
including ECG analysis, due to their unique properties. Each pair of biorthogonal wavelets 
is characterized by two distinct numbers, which denote the number of vanishing 
moments of the scaling functions and the wavelets themselves. This dual characterization 
allows biorthogonal wavelets to achieve a balance between smoothness and compact 
support, enabling efficient representation and reconstruction of signals. The 
biorthogonality property means that the wavelet transform is not only able to analyze and 
decompose the signal but also reconstruct it perfectly, which is vital for maintaining the 
integrity of the original signal. Biorthogonal wavelets are particularly advantageous in 
applications requiring phase linearity, such as medical signal processing, because they 
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ensure minimal phase distortion. This attribute is essential for preserving the 
morphology of signals like ECG, where accurate representation of wave shapes is critical 
for correct diagnosis. Additionally, the flexibility in choosing the number of vanishing 
moments allows for customization according to specific signal characteristics, providing 
better adaptability and precision in signal analysis. The efficient computation of 
biorthogonal wavelet transforms also makes them suitable for real-time applications, 
facilitating continuous monitoring and immediate analysis of physiological signals. 
Overall, the distinctive characteristics of biorthogonal spline wavelets, including their 
dual-numbered vanishing moments, biorthogonality, phase linearity, and computational 
efficiency, make them an indispensable tool in advanced signal processing fields. [5] 
3.4.2 Advantages of Using Biorthogonal Wavelets in ECG Analysis 
Biorthogonal wavelets are highly valued in ECG signal processing due to their symmetric 
nature, which significantly reduces phase distortion and preserves the shape of ECG 
waveforms. This symmetry ensures that the morphology of the ECG signal is maintained, 
which is crucial for accurate clinical interpretation. Additionally, biorthogonal wavelets 
allow for exact reconstruction of the original signal, a feature that is critical for precise 
analysis and diagnosis based on ECG data. The computational efficiency of biorthogonal 
wavelet transform algorithms makes them suitable for real-time ECG monitoring and 
analysis, providing timely and accurate results necessary for patient care. Furthermore, 
biorthogonal wavelets offer a robust multi- resolution analysis framework, enabling the 
examination of ECG signals at various scales. This capability aids in the detection of both 
fine and coarse features within the ECG signal, enhancing the overall diagnostic process 
by allowing for a more detailed and comprehensive analysis of the cardiac activity. [5] 
 

4. METHODOLOGY 
 
4.1.1 Data Collection 
ECG data was obtained from the MIT-BIH Arrhythmia Database. The dataset includes a 
variety of normal and arrhythmic ECG signals, ensuring a comprehensive evaluation of 
wavelet families.[8] The MIT-BIH Arrhythmia Database is one of the most widely used 
and referenced databases in the field of biomedical engineering and electrocardiogram 
(ECG) analysis. It serves as a standard benchmark for evaluating ECG signal processing 
and arrhythmia detection algorithms. [8] [7] 
 
4.1.2 Overview 
The MIT-BIH Arrhythmia Database was created by the Massachusetts Institute of 
Technology's (MIT) Laboratory for Computational Physiology and the Beth Israel 
Hospital, which is now known as the Beth Israel Deaconess Medical Center, in Boston. The 
primary purpose of the database is to provide a large set of annotated ECG recordings for 
the development and evaluation of algorithms for automatic arrhythmia detection. This 
valuable resource was initially released in 1980. [8] [7] 

The MIT-BIH Arrhythmia Database contains 48 half-hour excerpts of two-channel 
ambulatory ECG recordings. Each recording is sampled at a frequency of 360 samples per 
second per channel, with 11-bit resolution over a 10-mV range, and is approximately 30 
minutes in duration. The database includes over 110,000 manually annotated beat labels, 
which provide detailed information on the type and location of each heartbeat. [8] 

 
4.1.3 Recordings and Annotation Types 
The recordings in the MIT-BIH Arrhythmia Database were taken from 47 subjects, 
comprising 25 men aged 32 to 89 years and 22 women aged 23 to 89 years. Each record 
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includes two ECG channels, with electrodes placed in various locations to provide 
different perspectives of the heart's electrical activity. [8] 

The database categorizes heartbeats into several types. Normal beats (N) 
represent regular heartbeats. Premature ventricular contractions (V) are early heartbeats 
originating in the ventricles, while atrial premature beats (A) originate in the atria. Left 
bundle branch block beats (L) and right bundle branch block beats (R) are types of 
conduction blocks in the left and right bundle branches of the heart, respectively. 
Additionally, the database includes annotations for other types of arrhythmias and 
abnormal heartbeats, such as paced beats, fusion beats, and escape beats. 
The MIT-BIH Arrhythmia Database is publicly available through the PhysioNet platform, 
which provides free access to a large collection of physiological signals and related open-
source software. [8] 
 
4.1.4 Use Cases 
The database is extensively used for algorithm development, particularly in the areas of 
arrhythmia detection, classification, and prediction. It serves as a key resource for 
training and validating machine learning models in ECG signal processing. Additionally, 
the database is widely utilized in academic and clinical research to study the 
characteristics of different arrhythmias and is an important tool in educational settings 
for teaching ECG interpretation. [7] 

 
4.2 Wavelet Transform and Decomposition 
Wavelet Transform provides a powerful time–frequency representation that is 
particularly suitable for non-stationary biomedical signals such as ECG. Unlike Fourier 
Transform, which offers only frequency-domain information, wavelet decomposition 
preserves both temporal and spectral characteristics of transient cardiac events. In this 
study, ECG signals were decomposed using multiple wavelet families, including 
orthogonal and biorthogonal wavelets, at different decomposition levels to analyze their 
effectiveness in capturing clinically significant components. 
The decomposition process splits the original ECG signal into approximation (low-
frequency) and detail (high-frequency) coefficients through successive high-pass and 
low-pass filtering followed by down-sampling. Approximation coefficients primarily 
contain baseline and ST-segment information, while detail coefficients represent high-
frequency components such as QRS complexes and noise artefacts. By selecting 
appropriate decomposition levels, the frequency bands corresponding to P-wave, QRS 
complex, and T-wave can be effectively isolated. This multiresolution analysis enables 
precise examination of ECG morphology across different scales. The comparative analysis 
of various wavelet families helps identify those with better energy compaction, 
localization ability, and morphological similarity to ECG waveforms, thereby improving 
overall signal analysis performance. 
4.2.1 Feature Extraction 
Feature extraction was performed using the wavelet coefficients obtained from multilevel 
decomposition. Since the QRS complex contains the highest energy concentration in the 
ECG signal, specific detail coefficients corresponding to its frequency band were analyzed 
for accurate detection. R-peak detection was carried out by identifying local maxima 
within selected scales, utilizing amplitude thresholding and adaptive windowing 
techniques. This approach improves robustness against noise and baseline fluctuations. 
In addition to temporal features such as R–R intervals, QRS duration, and peak 
amplitudes, statistical features including energy, entropy, variance, and standard 
deviation were computed across decomposition levels. Energy distribution across scales 
provides insight into how different frequency components contribute to the overall 
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cardiac activity. These multiscale features enhance discrimination between normal and 
abnormal rhythms. By leveraging wavelet-based features rather than raw time-domain 
parameters, the dimensionality of the data is reduced while retaining diagnostically 
relevant information. This structured representation significantly improves the reliability 
of automated arrhythmia detection systems and facilitates efficient training of machine 
learning models. [7] 
4.2.2 Noise Reduction 
Noise reduction was achieved using wavelet thresholding techniques applied to the detail 
coefficients. Since noise predominantly occupies higher frequency bands, selective 
modification of detail coefficients allows effective denoising without altering essential 
ECG morphology. Both hard and soft thresholding methods were evaluated to determine 
their impact on signal reconstruction quality. Soft thresholding was generally found to 
provide smoother signal recovery, while hard thresholding preserved sharper transitions 
such as QRS peaks. [3], [6] 
Threshold values were determined using adaptive methods such as universal 
thresholding and level-dependent threshold selection. After thresholding, inverse 
wavelet transform was performed to reconstruct the denoised ECG signal. The 
effectiveness of each wavelet family was assessed using performance metrics such as 
Signal-to-Noise Ratio (SNR), Mean Square Error (MSE), and correlation coefficient. 
Wavelets with compact support and higher vanishing moments demonstrated superior 
capability in separating noise from clinically relevant components. The comparative 
evaluation highlights the importance of selecting an appropriate wavelet basis for optimal 
denoising performance in ECG signal processing applications. [3], [6] 
4.2.3 Arrhythmia Detection 
For arrhythmia detection, machine learning classifiers were trained using the extracted 
wavelet-based features. Support Vector Machines (SVM) were employed due to their 
strong generalization capability and effectiveness in handling high-dimensional feature 
spaces. Kernel functions such as radial basis function (RBF) were used to achieve 
nonlinear decision boundaries between different arrhythmia classes. Neural Networks, 
including multilayer perceptrons (MLP), were also implemented to capture complex 
relationships among multiscale ECG features. [7] 
The dataset was divided into training and testing subsets to ensure unbiased evaluation. 
Performance metrics such as accuracy, sensitivity, specificity, and F1-score were 
calculated to comprehensively assess classifier effectiveness. High sensitivity indicates 
reliable detection of abnormal beats, while high specificity ensures correct identification 
of normal rhythms. Comparative analysis revealed that wavelet families providing better 
feature localization and energy compaction contributed to higher classification accuracy. 
The integration of wavelet-based signal representation with machine learning models 
demonstrates a robust framework for automated and clinically reliable arrhythmia 
detection systems. [7] 
 
5. RESULTS AND DISCUSSION 
 
5.1.1 Feature Extraction 
Daubechies wavelets, known for their compact support and ability to capture sharp 
transitions, are effective for extracting key features like the P, Q, R, S, and T waves in ECG 
signals. They excel in highlighting the distinctive characteristics of these waves due to 
their orthogonal properties and precise localization in both time and frequency domains. 
Symlets, characterized by their symmetry and moderate number of vanishing moments, 
also perform well in ECG feature extraction by accurately capturing sharp transitions and 
critical points. Coiflets, with their higher number of vanishing moments, provide 
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enhanced localization in both time and frequency, making them effective for extracting 
ECG features such as P, Q, R, S, and T waves. Biorthogonal wavelet families offer precise 
extraction by leveraging their biorthogonality to distinguish these features clearly in both 
domains. Overall, while Daubechies wavelets, Symlets, Coiflets, and biorthogonal 
wavelets all demonstrate capabilities in ECG feature extraction, the choice among them 
may depend on specific requirements such as the need for sharp transition handling, 
symmetry, or localization accuracy in different applications. [1], [5] 

 
5.1.2 Noise Reduction 
When comparing Daubechies, Symlets, Coiflets, and Biorthogonal wavelets in terms of 
their ability to denoise ECG signals, each type exhibits unique strengths. Daubechies 
wavelets are renowned for their multiscale analysis capability, which efficiently separates 
noise from signal components. Symlets, with their symmetric properties, excel in 
preserving the morphology of ECG waveforms while filtering out noise such as baseline 
wander and muscle artifacts. Coiflets provide a clear separation between signal and noise 
components, making them highly effective for removing unwanted artifacts like power 
line interference. Biorthogonal wavelets stand out due to their symmetric properties, 
ensuring minimal phase distortion and preserving the integrity of the ECG waveform 
during noise removal. Additionally, wavelet thresholding techniques using biorthogonal 
wavelets are adept at eliminating high-frequency noise while maintaining important ECG 
features. Overall, while all these wavelets are effective in denoising ECG signals, 
Biorthogonal and Symlet wavelets particularly excel in preserving the waveform's 
morphology and integrity. [1], [5], [3], [6] 
 
5.1.3 Arrhythmia Detection 
In the context of arrhythmia detection using ECG signals, machine learning models trained 
with features extracted using Coiflets have demonstrated superior performance. These 
models achieved the highest accuracy, with sensitivity and specificity rates exceeding 
90%, indicating their exceptional ability to correctly identify both the presence and 
absence of arrhythmias. The excellent time-frequency localization properties of Coiflet 
wavelets contribute to this high level of accuracy, enabling precise feature extraction that 
captures the intricate details of ECG signals. [1], [5] [7] 

Daubechies wavelets also showed strong performance in arrhythmia detection, 
particularly in identifying ventricular arrhythmias. The ability of Daubechies wavelets to 
capture abrupt changes in the ECG signal makes them well-suited for detecting these 
rapid and irregular heartbeats, which are characteristic of ventricular arrhythmias. The 
specific wavelet families, such as D4 and D6, are especially effective in this regard, 
highlighting their utility in clinical applications where accurate detection of life-
threatening conditions is critical. [1], [5] [7] 

Biorthogonal wavelets, on the other hand, while offering perfect signal 
reconstruction and good frequency resolution at higher frequencies, were found to be less 
effective in feature extraction for arrhythmia detection compared to Coiflets and 
Daubechies wavelets. This lower effectiveness in feature extraction may lead to decreased 
sensitivity and specificity in identifying arrhythmias, making biorthogonal wavelets a less 
optimal choice for this specific application despite their theoretical advantages in signal 
processing. [1], [5], [7] 

Overall, the choice of wavelet family significantly impacts the performance of 
machine learning models in arrhythmia detection, with Coiflets and Daubechies wavelets 
emerging as the most effective due to their superior feature extraction capabilities. [1], 
[5], [7] 
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5.2  Comparative analysis 
Daubechies Wavelets: These wavelets are particularly effective for general noise 
reduction and feature extraction in ECG signals. Their ability to capture sharp transitions 
and fine details makes them suitable for a wide range of applications, including the 
detection of key ECG features like the QRS complex, P, and T waves. 

Symlets: Symlet wavelets are optimal for preserving the original morphology of 
ECG signals while providing balanced noise reduction. Their symmetry ensures that 
important signal characteristics are maintained, making them a good choice for 
applications where the shape and integrity of the ECG waveform are crucial. [1], [5] 

Coiflets: Known for their superior ability in detailed feature extraction, Coiflet 
wavelets excel in arrhythmia detection. Their excellent time-frequency localization 
properties enable precise identification of intricate details within the ECG signal, leading 
to high sensitivity and specificity in detecting various types of arrhythmias. [1], [5], [7] 

Biorthogonal Wavelets: These wavelets are best suited for applications that 
require perfect signal reconstruction. Biorthogonal wavelets provide excellent frequency 
resolution, particularly at higher frequencies, ensuring that the original signal can be 
accurately reproduced without loss of information, which is critical in certain signal 
processing tasks. [5] 
Overall, each wavelet family offers unique advantages depending on the specific 
requirements of the ECG analysis, from noise reduction and feature extraction to 
preserving signal morphology and achieving perfect reconstruction. 
 

2. CONCLUSION 
The analysis of ECG (electrocardiogram) signals is a critical aspect of cardiac health 
monitoring and diagnosis, requiring precise techniques to accurately interpret the data. 
Wavelet transforms have emerged as powerful tools in this field, with different wavelet 
families offering unique advantages for various signal processing tasks. [1], [3], [5] 

Daubechies Wavelets are renowned for their capability to provide high-resolution 
time-frequency representation. This property makes them particularly effective for 
denoising ECG signals, a process essential for removing noise and artifacts that can 
obscure important diagnostic information. Among the Daubechies wavelet families, D4, 
D6, and D8 are especially noted for their performance in ECG analysis. Their ability to 
capture sharp transitions and fine details in the signal is crucial for feature extraction, 
allowing for the precise identification of key components such as the QRS complex, P, and 
T waves. This enhances the accuracy and efficiency of ECG signal processing, which is vital 
for effective cardiac health monitoring and diagnosis. [3], [6] 

Symlet Wavelets are an improved version of Daubechies wavelets, designed to 
enhance symmetry and orthogonality. These characteristics make Symlets highly 
effective for denoising and feature extraction in ECG analysis. The improved symmetry 
ensures that the morphological integrity of the ECG signal is maintained, which is 
important for accurate clinical interpretation. Symlet wavelets also excel in detecting the 
QRS complex, a critical feature representing the depolarization of the ventricles. 
Additionally, their ability to provide high-resolution time-frequency representation 
makes them suitable for signal compression, an important task in the efficient storage and 
transmission of ECG data. These attributes make Symlet wavelets an excellent choice for 
a wide range of ECG signal processing tasks. [1], [5] [3], [6] 

Coiflet Wavelets are distinguished by their high vanishing moments and near 
symmetry, providing several advantages in ECG analysis. High vanishing moments enable 
Coiflet wavelets to capture both high-frequency details and low-frequency trends in the 
ECG signal, making them particularly effective for detailed feature extraction. This is 
crucial for identifying subtle abnormalities and arrhythmias that may not be evident with 
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other wavelet types. Coiflet wavelets are also effective for denoising and QRS complex 
detection, ensuring that critical features are accurately identified. Their ability to offer 
high-resolution time-frequency representation while preserving the morphological 
integrity of the ECG signals makes them a versatile tool for various signal processing tasks, 
including signal compression. [1], [5] [3], [6] 

Biorthogonal Wavelets offer unique advantages due to their symmetric properties 
and ability to ensure exact reconstruction. This makes them particularly effective for 
applications where perfect signal reconstruction is essential, such as in the accurate 
replication of ECG signals for clinical analysis. Biorthogonal wavelets are also effective for 
denoising, feature extraction, and QRS complex detection, providing a high-resolution 
time-frequency representation. This capability is critical for maintaining the accuracy and 
integrity of the ECG signal during processing, ensuring that all relevant diagnostic 
information is preserved. [5] [3], [6] 

In conclusion, each wavelet family—Daubechies, Symlets, Coiflets, and 
Biorthogonal—offers specific strengths that make them suitable for different aspects of 
ECG signal processing. Daubechies wavelets are powerful for general noise reduction and 
feature extraction, particularly in detecting abrupt changes. Symlets excel in preserving 
signal morphology while providing balanced noise reduction and effective feature 
extraction. Coiflets are superior in detailed feature extraction and arrhythmia detection 
due to their excellent time-frequency localization. Biorthogonal wavelets are ideal for 
tasks requiring perfect signal reconstruction. Therefore, the selection of a wavelet family 
should be guided by the specific requirements of the ECG analysis task, ensuring optimal 
performance and accurate cardiac health monitoring and diagnosis. [1], [5], [7] 
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