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Abstract

One of the most important testing tools for the assessment and diagnosis of cardiovascular diseases is the
electrocardiogram (ECG) signal. However, the ECG signal is very sensitive to different types of noise, such as baseline
drift, powerline interference and electromyogram (EMG) noise. Therefore, these noises need to be removed from the
ECG signals due to their significance in detection and diagnosis of cardiovascular disease. In this paper, a novel
method for simultaneously removing these different types of noise from the ECG signals by using a hybrid filtering
framework is proposed. This hybrid approach assures efficient noise reduction, and the integrity of the ECG signal is
preserved for accurate diagnosis. The proposed method consists of two stages. In the initial stage, the three filters that
make up the hybrid filtering are applied: an elliptic high-pass filter to remove the baseline wander, a notch filter to
reduce the 50/60 Hz power line interference and a Savitzky—Golay filter to reduce the high-frequency EMG noise.
Second, the preprocessed ECG signal is divided into segments of different durations by segmentation to facilitate
practical analysis and feature extraction in later stages. The effectiveness of the proposed method is shown by the tests
and proven results using MATLAB R2023a. The method is evaluated using a large collection of real ECG signals from
the MIT-BIH arrhythmia database. The proposed method outperforms other methods in signal-to-noise ratio (39.10 dB)
and mean square error (0.06014*107%); it can remove different types of noise without distorting the ECG signal
characteristics. The study’s contribution to reliable noise removal of ECG signals for clinical applications is significant.
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1. Introduction

The electrocardiogram (ECG or EKG) is a
physiological signal that reflects the heart’s
electrical activity and can be readily recorded with
surface electrodes placed on the limbs or chest [1,
2]. ECG signals include a wide variety of low- and
high-frequency disturbances caused by the
acquisition of ECG signals from patients for the
interpretation and identification of physiological
and pathological phenomena, which are baseline
wander (BW) and the frequency of the BW noise
below 0.5 Hz. Power line interference (PLI) and the
frequency of 50/60 Hz, and electromyogram
(EMG) noise in the frequency range from 100 to
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500 Hz [1, 3]. PLI is a high-frequency noise of 50
or 60 Hz. Detecting arrhythmias or other heart
diseases in the presence of PLI noise is
challenging because it affects important
components of the ECG signals, especially low-
amplitude signals such as the P wave [4-6]. BW is
a low-frequency noise typically ranging from 0 to
0.5 Hz. BW refers to the phenomenon in which
the base axis (x-axis) of a signal appears to
‘wander’ vertically rather than remaining linear
when displayed on a screen. This phenomenon
results in a complete displacement of the signal
from 1its standard baseline. However, BW
obscures small changes in the signal and distorts
the S-T segment, potentially leading to
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misinterpretation of critical diagnostic features [4-
6]. EMG is high-frequency noise, typically above a
frequency of 100 Hz. The muscular contraction
generates high-frequency, low-amplitude random
noise. EMG noise can obscure small ECG features,
such as the P wave, and distort the T wave and
other features of the signal. This situation
complicates the execution of accurate analyses,
particularly in clinical contexts where accurate
identification of cardiac anomalies is essential [5,
6]. Therefore, in the field of biomedical
engineering, eliminating noise in the ECG signal is
a crucial step of great importance before ECG
signal analysis via appropriate techniques [2, 7]. As
a result, numerous literature studies have examined
the answers suggested in this field of research.
Researchers have performed multiple experiments
to reduce or eliminate noise in ECG signals,
employing various methods to enhance signal
quality as demonstrated below.

In contrast to traditional techniques such as
electromagnetic dynamic modulation (EMD),
Fourier transform modulation (FTM) offers distinct
advantages in eliminating BW and PLI noise,
preserving the essential features of ECG signals and
significantly enhancing the signal-to-noise ratio
(SNR). However, it may cause slight distortions in
complex signals, especially when affected by high-
frequency noise [4]. MA, BW and high-frequency
noise are taken out of ambulatory ECG signals by
the multistage denoising framework. The
framework employs noise-adaptive thresholding,
Complete Ensemble Empirical Mode
Decomposition (CEEMD) and wavelet transforms.
Although efficient in artifact elimination, its
computing demands and difficulties in severe noise
environments could limit real-time application [5].
The hybrid noise reduction technique for ECG
signals consists of nonlocal means (NLM) and
high-order synchro squeezing transform (FSSTH).
This method can effectively reduce the complex
noise whilst preserving the important details of the
ECG signal. This method improves performance
based on SNR, root mean squared error (RMSE)
and percent root mean square difference (PRD).
However, it is very costly computationally and has
difficulty determining the optimal number of
intrinsic mode functions (IMFs) [7]. Gaussian,
Mittag—Leffler and Savitzky—Golay (SG) filters are
tested, and the SG filter is more effective in
removing noise from ECG signals. The filter is
effective in reducing noise and preserving the
details of the signal. The filter performs better in
terms of MSE and SNR [8]. The combination of a
high-pass and band-stop filter in an IIR filter is an
effective method to remove noise from ECG

signals. This method removes BW, low-frequency
noise and PLI noise, which improves the clarity of
the signal for the classification of arrhythmia.
However, its main weakness is that it cannot cope
with complex artifacts such as motion noise [9].
The hybrid ECG denoising technique is based on
S-transform, bidimensional empirical mode
decomposition (EMD) and NLM filtering. This
technique efficiently removes various types of
noise whilst preserving ECG characteristics but
may require more computational resources and
careful adjustment for high noise levels [10]. The
ECG signal denoising, especially in the existence
of motion artifacts, is successfully performed by
using the combination of stationary wavelet
transform  (SWT) and interval-dependent
thresholds. This approach outperforms DWT and
SWT, with improvements of 18% in RMSE and
45% in PRD. This approach is effective at
adaptive  thresholding and transient noise
handling. However, it may perform poorly at very
high noise levels, and the need for manually
setting intervals could limit its effectiveness [11].
A two-step ECG noise reduction method is based
on CEEMDAN for removing Gaussian noise and
SDROM-ADF filters for removing ectopic beats.
This method is very efficient at preserving the
quality of signal with low RMSE values.
However, it is computationally intensive and can
run into problems with other complex artifacts
constrained by its real-time clinical application
[12]. EMD, wavelet thresholding and sparse code
reduction improve SNR (19.24), MSE (0.005) and
PRD (20.38%) compared with the traditional
methods. However, it requires careful selection of
parameters, and it may lose signal details by
removing higher-order IMFs [13]. The method of
ECG BW removal using a resting cycle template
is more effective in the reduction of BW than
high-pass filters and spline interpolation. This
method requires the user to insert a period of rest,
limiting its use in some circumstances. More
research is needed, especially on arrhythmias [14].
The study investigates four methods for removing
PLI from ECG: Discrete Wavelet Transform
(DWT), EMD, Kalman Filter (KF) and Kalman
Filter Smoothing (KFS). KFS > denoising >
preserving ECG morphology > KF DWT and
EMD are less effective, especially for low SNR.
The algorithms KF and KFS are more efficient
and therefore more suitable for real-time
applications [15]. FIR filters effectively eliminate
low-frequency noise, adaptive filtering modifies in
response to signal variations, and wavelet
transforms manage temporal and spectral
components whilst  preserving  essential
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characteristics. Excessive filtering might impair the
signal, and wavelet transforms may complicate
computations, hence reducing the effectiveness of
real-time processing [16].

Therefore, as summarized from the literature
reviewed in this field, some limitations exist for
traditional methods such as EMD with empirical
wave transform (EWT), Fourier decomposition
method (FDM) and wavelet-based methods, such as
high processing costs, signal distortion or
insufficient noise removal for some types of
interference. Significant progress in ECG signal
denoising has been made lately with the
introduction of hybrid and intelligent filtering
methods. In recent years, a combination of
conventional filters with adaptive and machine
learning techniques has been proposed to improve
the denoising efficiency whilst preserving
important signal characteristics. Hybrid methods of
wavelet transforms and median or Gaussian
filtering perform better in terms of accuracy and
reliability. Moreover, some recent methods such as
adaptive decomposition and data-driven models
have been proposed to handle the complex noise
patterns in real-world ECG signals [10, 17]. The
recent modifications indicate an increasing
tendency for hybrid and optimized denoising
frameworks. These results motivated the
development of the strategy proposed in this study.
The proposed method combines three filters
(elliptic high pass, notch and SG) for the efficient
removal of noise types that compromise signal
integrity and make diagnosis difficult, such as PLI,
EMG and BW. The proposed method does this
whilst maintaining the detail of low-frequency ECG
features such as the ST segment, which is close to
the noise frequency, and high-frequency features
such as the QRS complex. This multistage method
is less demanding in computing power compared
with traditional approaches and needs fewer
adjustments whilst enhancing the signal quality and
processing time. This approach is preferable for
real-time clinical applications. The purpose of this
study is to find the best compromise between
reduction of noise and preservation of the
characteristics of the original signal by evaluating
the effectiveness of various filters and thus
demonstrating their effectiveness in reducing noise
and improving the quality of ECG signals, thereby
improving the reliability of diagnostics in clinical
environments.

This multistage filtering method can overcome
the limitations of traditional denoising methods
such as computational complexity, preservation of
critical ECG features including the ST segment and
effective removal of noise sources such as PLI,

EMG and BW noise, thus enhancing the
diagnostic  reliability in real-time clinical
applications.

The remainder of the paper is organized as
follows. Section 2 describes the methodology
related to the ECG signal details and filtering
techniques utilized in the experiments. Section 3
explains the proposed method in depth. Section 4
presents the results and discussion to illustrate the
efficacy of the proposed denoising methods.
Section 5 states the conclusions.

2. Methodology

An ECG records the heart’s electrical activity
and is a routine examination in clinical
environments for the prevention and detection of
cardiovascular disease [5]. An ECG records the
heart’s electrical activity and contains several
cardiac cycles. A cardiac cycle refers to the
sequence of contractions and relaxations of the
heart muscles that move blood through the four
chambers of the heart, circulating it throughout the
body and Ilungs. Recording allows real-time
observation of cardiac activity with a cardiac
monitor [18]. The ECG signal’s abnormalities are
diagnosed by looking at the way these waves
behave [1]; it provides helpful details about the
structural and functional activities of the heart and
other tissues in the body [18]. Furthermore, the
ECG data contain valuable information that
enables doctors to analyse and diagnose CVD
[16]. The amplitude and frequency range of a
normal ECG signal are generally 10 uV to 5 mV
and 0.05 Hz to 40 Hz, respectively [4]. Therefore,
before beginning the analysis, the signal must be
appropriately filtered from certain types of noise
[16]. Figure 1 illustrates the ECG signal’s
characteristics.
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Fig. 1. ECG signal characteristics [19].
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Noise, described as any unwanted interference
in a signal, can significantly decrease data quality,
especially in fields requiring high precision, such as
medical diagnostics [8]. Efficient denoising
techniques are essential for enhancing the clarity as
well as accuracy of signals in essential uses such as
ECG [20].

2.1 Elliptic Filter

Elliptic filters, also known as Cauer filters,
exhibit ripples in the passband and stopband,
enabling a more abrupt transition band and
allowing a lower filter order compared with
Chebyshev filters for an equivalent cutoff rate.
These filters achieve a precise cutoff using notches
in the stopband, resulting in the transfer function
decreasing at specified frequencies and effectively
reducing unwanted noise. A high-pass elliptic filter
is often used in ECG signal processing to reduce
BW noise. A high-pass elliptic filter can be
distinguished from other filters because it has a
high cutoff frequency that reduces low-frequency
drifts. Figure 2 shows that the filter’s response has
ripples in the passband and stopband. This feature
enables reducing noise very well whilst keeping the
original ECG signal intact [21]. The squared
magnitude response is expressed by Equation (1).

1

|Hjw|? = —————
) 1+ e202(w, L)

(D

where ¢ is the passband parameter, and Un*(w,L) is
the n"-order Jacobian elliptic function. L contains
information about relative heights of ripples in the
passband and stopband.

Mlagnsucde

Fig. 2. Elliptic filters [21].

2.2 Notch Filter

A band-reject filter is an electrical circuit that
reduces a specific frequency range whilst allowing
the passage of all other frequencies. A band-reject
filter is categorized into two: broadband and
narrowband, commonly referred to as notch
filters. A notch filter is a high-quality filter
characterized by an extraordinarily narrow
stopband. Notch filters are created by combining
high- and low-pass filters in parallel, producing a
stopband centred at fc, defined by lower (FL) and
upper (FH) cutoff frequencies, as demonstrated in
Equation 2.

fo=JFy*F, ()

These filters are employed for eliminating
unwanted noise or interference, including PLI at
50/60 Hz. The essential block diagrams of notch
filtering are depicted in Fig. 3, where d(n)
indicates the input signal affected by noise, X(n)
represents the pristine signal, and N(n) defines the
noise [22].

dil= Xin) » Nfn) — ] Xl
[:h—w*
& Z

Fig. 3. Notch filter block diagram [22].

2.3 Savitzky—Golay Filter

In 1964, Savitzky and Golay proposed a way
of retaining the original signal shape [23]. The SG
filter is a digital filter utilized to smooth a
collection of digital data points, enhancing data
precision  without changing the signal’s
fundamental trend. This method is done with a
method called convolution, which involves using
the linear least squares method to fit a low-degree
polynomial. Polynomial =~ smoothing  and
differentiation techniques are used in various
fields. They are particularly discovered in the
processing of ECG and magnetocardiogram
signals and in absorption spectroscopy. Small
details in a signal are more easily preserved with a
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higher polynomial order and shorter length of SG
filters. Less noise is thrown away [24], as shown in
Equation (3).

m

V= Z CiYi+j .. (3)

j==m

where y, denotes the smoothed value of the iy,
point, y;,; represents the original data value at
position i+j, ¢j signifies the filter coefficients, and
m indicates the window size.

The filter parameters (e.g. the cutoff frequencies
and the polynomial degree) are carefully selected
based on the ECG signal characteristics and the
results of previous studies. The cut-off frequencies
are picked to preserve the significant features of
ECG, such as the P wave, QRS complex and T
wave, and efficiently remove BW, PLI and EMG
noise. In the SG filter, the polynomial degree was
chosen to achieve an optimal compromise between
smoothing and preservation of the signal. The
parameters were further optimized by empirical
evaluation to obtain optimal denoising performance
without significant modification of the signal
morphology.

2.4 Performance Metrics

The performance of the proposed methodology
is evaluated using three evaluation parameters for
the proposed filtering techniques in our paper.

SNR is the ratio of the useful signal power to the
noise power [3]. Thus, SNR is defined as follows:

Zn=1 Sz(n)>

g=1 n?(n)

SNR = 10Log< . (4)

where s(n) represents the raw ECG signal, whereas
n(n) is the noise integrated within the signal. Their
relationships are as follows:

x(n) =s(n) +n(n) )

nn) = acosuf,t + @) ... (6)

where x(n) represents the noisy signal, ¢ an
unknown parameter within the interval [0, 27], a
denotes the amplitude where a > 0, and f, represents
the noise frequency.

MSE is the average of the squares of the errors.
MSE is the average squared difference between the
estimated value and the actual value. MSE is
calculated using the equation below [23].

N
MSE = %;(x[i] — x[i])? (7

The power spectral density (PSD) of an ECG
signal represents the power distribution as an
expression of frequency. In the PSD figure, the
frequency contents of the ECG signal are
investigated, and its fundamental characteristics,
such as low-frequency components, high-
frequency components and notable spikes, are
described. To evaluate the effectiveness of a
particular filter in terms of noise elimination and
preservation of the main characteristics of the
ECG signal, the PSD is evaluated before and after
filtering [25].

3. Proposed Method

The proposed method is a systematic approach
for the analysis of ECG signals obtained from the
MIT-BIH database. The proposed method is based
on a basic, important step. The proposed method
uses signals derived from the raw ECG data of the
MIT-BIH arrhythmia database on PhysioNet. The
dataset comprises 45 patients (19 girls and 26
men) aged from 23 years to 89 years. The signals
are acquired from the MLII lead in 10-second
segments with a sampling frequency of 360 Hz
and a gain of 200 Adu/mV. Due to its historical
importance and comprehensive annotation system,
the MIT-BIH database is a benchmark and is cited
in 60%—-70% of current research on arrhythmia
identification and ECG algorithm validation [1,
26].

Firstly, many types of noise, for instance, BW
due to patient movement or respiration, PLI from
electrical grid signals and EMG noise from
muscle contractions, may contaminate raw ECG
signals. Real-world scenarios where various types
of noise frequently affect ECG signals are
simulated in this step to evaluate the efficacy of
the proposed method in eliminating integrated
noise to address the issues encountered when
recording ECG signals from patients in the
clinical environment. The signal improvement
step employs an elliptic high-pass filter to remove
low-frequency noise, including BW and direct
current (DC) components, therefore preserving the
higher-frequency elements essential for the
accurate analysis of the ECG. Additionally, a
notch filter is employed to eliminate the 50/60 Hz
PLI noise accurately. Subsequently, an SG filter is
employed to smooth the signal and remove EMG
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noise. Then, the postprocessed ECG signal is
enhanced and prepared for subsequent analysis.
Finally, the ECG signals are segmented into
different lengths for accurate diagnostics, including
arrhythmia identification and heart rate variability
assessment. Figure 4 presents the general structure
of the proposed methodology. The proposed
method is effective for noise removal and signal
quality improvement and thus appropriate for
accurate medical analysis. This outcome is not the

The raw ECG signals

case with traditional multistage filtering
approaches. The novelty of this method lies in the
strategy of filter selection and arrangement. Each
stage is designed to remove specific types of noise
that generally occur in ECG signals. The design is
improved by combining several filtering
parameters into a single efficient framework. The
design helps enhance, reduce noise and improve
signal clarity in ECG analysis.

L0

ECGs from the MIT-BIH database

Noisy ECG signals

s(n) /\ nin) [ _ ,
+ Add Multiple Types of Noise

\

________________
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Fig. 4. Proposed Method.

4. Simulation Results and Discussion

This section presents the results of the proposed
methodology for ECG denoising and enhancement.
Initially a noisy ECG signal is generated by adding
a noise component to the raw ECG signal. In
Equation 5, a noise component is added to the
original ECG signal to generate a noisy signal,
which simulates the challenges of real ECG
monitoring. The different types of noise can be
removed simultaneously by using an elliptic high-
pass filter and a notch filter, and the SG filter. The
proposed method attempts to minimize noise

significantly whilst preserving the integrity of

important ECG signal features such as the ST
segment and QRS complex.

4.1 First Case: Filtering Baseline Wander and
Power Line Interference

BW is a low-frequency noise artifact that can
significantly distort the ECG signal, especially the
important signal components such as the ST

segment. To simulate the noise, the ECG signal is
contaminated with BW noise with frequency 0.2
Hz and amplitude 0.05 mV, in addition to PLI
with frequency 50 Hz and amplitude 0.02 mV.
Mathematically, this noisy signal is expressed by
Equation 8:

x(n) = S(n) + (BWnoise + PLInoise) (8)

To reduce the effect of BW and PLI, the
following filtering techniques are used: BW noise
is removed with a sixth-order elliptic high-pass
filter with a cutoff frequency of 0.5 Hz. The filter
is designed to have a passband ripple of 1 dB and
a stopband attenuation of 40 dB, permitting it to
reduce the low-frequency components effectively
without distorting the signal. The 50 Hz PLI is
suppressed by a notch filter with a normalized
notch frequency of 0.2778 Hz and a bandwidth of
0.00794 Hz. The notch filter successfully removes
the PLI and preserves the ECG signal fidelity.
Figure 5 demonstrates the results after applying
these filtering techniques. The filtered ECG data
depict the efficacy of BW and PLI removal.
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()
Fig. 5. (a) Original ECG signal; (b) Added BW, PLI
noise; and (c) Filtered ECG signal without BW, PLI
noise and DC component and is centred around the
zero line.

Figures 5 illustrates the processing of the ECG
signal. Figure 5(a) shows the original, pure ECG
shows a smooth, noise-free waveform with clearly
recognizable heartbeats. Figure 5(b) reveals that
noise PLI and BW introduce distortion to the pure
ECG signals. Understanding is now complicated by
noise effects and fluctuations that compromise the
pure structure of the original signal. Figure 5(c)
shows the final filtered signal. The signal is passed
through a notch filter and an elliptical high-pass
filter to reduce noise and the DC component,
respectively. This approach results in a significantly
clearer ECG, where the heartbeats are more easily
distinguished, thus demonstrating the effectiveness
of filtering methods in enhancing the quality of the
signal  without removing the  significant
characteristics of the ECG signals.

4.2 Second Case: Filtering Baseline Wander,
Power Line Interference and Electromyogram

The ECG signal is integrated with BW, PLI
and EMG noise. The following noise components
contaminate the initial ECG signal:

e BW: Frequency of 0.2 Hz and amplitude of

0.05 mV.

e PLI: Frequency of 50 Hz and amplitude of 0.02

mV.
¢ EMG noise: frequency of 150 Hz and

amplitude of 0.01 mV.

The ECG signal, characterized by combined
noise, is expressed in Equation 9.

X(n) = S(n) + BW noise + PLI noise + EMG

noise

.. (9)

To reduce these noise sources, the subsequent
filters are used: An elliptic high-pass filter and a
notch filter: SG Filter: As described in Case 1, an
SG filter is used to remove high-frequency (EMG)
noise. The filter has a window size of 15 and a
polynomial degree of 3. The SG filter attenuates
the high-frequency noise of the signal and
preserves the significant features of the ECG
waveform. The SG filter is especially effective in
reducing EMG noise whilst preserving the
original ECG signal. Figure 6 shows the results of
using these filtering techniques in combination.
The combined technique is effective for removing
the noise of BW, PLI and EMG from the ECG
signal.

ERMNNAIRN IR A

Amplitude (mV)
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Fig. 6. (a) Original ECG signal; (b) Added BW, PLI
and EMG noise; and (c) Filtered ECG signal
without BW, PLI, EMG noise and DC component
and is centred around the zero line.

Figure 6 demonstrates the process of ECG
signals starting from Figure 6(a) where the clean
original ECG shows clear heartbeats with
prominent R-wave peaks. Figure 6(b) shows many
noise sources such as PLI, BW and EMG, which
significantly distort the signal and hinder
identifying heartbeats. Figure 6(c) shows the ECG
after applying a mixture of notch and elliptical
high-pass filters and an SG filter. This approach
effectively filters out noise and the DC component,
thus providing the signal cleaner and the heartbeats
easier to identify. This outcome shows that
advanced filtering techniques can improve the
quality of ECG signals whilst preserving the
properties of the original signal.

4.3 Segmentation

ECG segmentation has several advantages, such
as specific evaluation where researchers can focus
on some parts of the signal, such as the P wave,
QRS complex and T wave, for detailed research.
Making these patterns visible in some parts of the
signal facilitates finding problems such as cardiac
arrhythmias and premature beats. Segmentation
enhances signal processing by filtering and
analysing each segment separately, which reduces
noise and isolates important characteristics. The
segmentation of ECG in the present work is
performed using MATLAB code. Figure 7
demonstrates the results of ECG signal
segmentation.

Amplitude

‘%
?
?
?
?
%
?
?
?:
?
%

0.05
65 7 7.5 8 85 9 95 10

Time (s)

(@)

Fig. 7. (a) Original ECG signal, (b) segmentl, (c)
segment 2 and (d) segment 3.

Figure 7 shows the segmented analysis of an
ECG signal, which is broken down into three
sections, each dealing with a different part of the
signal. Figure 7(a) shows the final filtered signal.
Figure 7(b) demonstrates the initial segment of the
ECG, which is important for the evaluation of
early cardiac activity. Figure 7(c) presents that the
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second segment emphasizes the middle part, which
contains important components such as the R wave
and T wave, which are valuable for the study of
ventricular activity. Figure 7 shows that the final
segment is on the ending phases (d), which
facilitates analysing repolarization. The
segmentation of the signal allows a detailed look at
some cardiac processes by isolating important
components of the ECG signal for accurate
evaluation. This method enables identifying issues
and improves diagnostics.

4.4 Performance Metrics Analysis

Table 1 demonstrates the filters are applied in
sequence to improve the quality of the signal
gradually. Firstly, the signal is filtered by an elliptic
high-pass filter to eliminate the BW noise, which
enhances the SNR and reduces the MSE, especially
for Case 1. Then, a notch filter addresses 50/60 Hz
frequencies to remove PLI noise, thereby
improving the SNR and further decreasing the MSE
in both scenarios. The SG filter, recognized for its
smoothing properties, offers superior improvement
by effectively eliminating high-frequency EMG
noise, significantly enhancing SNR and reducing
MSE in both scenarios. When these filters are used
one after the other, the signal becomes stronger
because each one targets a different type of noise.
After the whole process, the signal is precisely and
clearly filtered.

Table 1,
Performance Metrics Analysis.
Case 1 Case 2
Before filtering Before filtering
SNR <103 SNR 103
Filter types (dB) MSE *10 (dB) MSE *10
2528 145 25.13 1.5
After filtering After filtering
SNR «1n3  SNR 10
(dB) MSE #1073 (dB) MSE #1073
Elliptic HPF 3333 0.22712 32.64 0.26649
Notch Filter 3598  0.12352 3598  0.12336
Savitzky—
Golay Filter 43.21 0.02337 39.10 0.06014
Final
Filtered 43.21  0.02337 39.10 0.06014
Signal

The flow chart illustrates the variations in SNR
and MSE for Cases 1 and 2, as depicted in Figs. 8
and 9, respectively.

SNR A M SE Compari

SHR (0 E)
MSE
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Fig. 8. Comparison of SNR and MSE in Case 1.
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SHR (dB)
MSE

ot Pt T e
PR P

Fig. 9. Comparison of SNR and MSE in Case 2.

Figure 10 compares the PSDs of an ECG
signal before and after different filtering methods
are used. Figure 10(a) shows the noisy ECG signal
with high-frequency spikes, especially at 60 Hz,
which show electrical interference. Figure 10 (b)
presents that after using high-pass filtering in the
second plot, low-frequency noise is eliminated;
however, residual high-frequency noise remains.
Figure 10(c) shows the efficient elimination of 60
Hz interference following notch filtering,
significantly reducing that specific noise. Finally,
Figure 10(d) shows that the SG filtering in the
fourth plot attenuates high-frequency noise whilst
preserving the overall trend of the signal,
producing a cleaner ECG.
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Fig. 10. (a) PSD noisy ECG signal, (b) PSD after
elliptic HPF, (c) PSD after notch filter and (d) PSD
after Savitzky Golay filter.

Table 2 shows that the proposed hybrid method

achieves an SNR of 39.10 dB and an MSE of

0.06014 x 1073, demonstrating superior noise
suppression compared with methods such as

Gaussian, Mittag—Leffler, CEEMD with WT and
EMD. The SG filter by itself has a slightly higher
SNR (40.195 dB), but it cannot handle more than
one type of noise at a time. The strength of the
proposed hybrid approach is that it can reduce
BW, PLI and EMG noise simultaneously without
changing important parts of the ECG. This feature
makes it stronger and more useful for real-world
diagnostic purposes.

Table 2,
Comparison between the proposed technique and
other techniques.

Techniques SNR (dB) MSE
Gaussian [8] 8.0443 -
Mittag—Leffler [8] 8.0443 -
Savitzky—Golay [8] 40.1950 -
CEEMD with WT [5] 25 -
EMD with wavelet

domain sparse code 19.24 0.005
shrinking [13]

Proposed Techniques 39.10 0.06014*1073

5. Conclusion

Noise needs to be efficiently eliminated from
ECG signals. This paper presents a hybrid
filtering method that combines elliptical high-pass
filters, notch filters and SG filters to eliminate
various types of noise whilst preserving the
integrity of the useful ECG signal. The proposed
method can improve the SNR to 39.10 dB and
decrease the MSE to 0.06014 x 1073, The results
obtained on the MIT-BIH database show that the
proposed method is an excellent alternative.
Moreover, the proposed method is more effective
in removing EMG, PLI and BW noise, thus
enhancing signal quality without affecting the
essential diagnostic features such as P wave, QRS
complex, T wave and ST segment compared with
other methods. This paper highlights the
efficiency of this hybrid approach as a dependable
approach. This method is accurate and robust and
is an excellent choice for real-time clinical
implementation and integration in wearable
health-monitoring devices. Further studies could
involve optimizing the algorithm for low-power
devices so that it can be used more widely for
continuous patient monitoring and telemedicine.
The proposed denoising method can improve
diagnosis accuracy and patient monitoring in a
clinical setting. The proposed method is effective
but has some limitations. Performance is sensitive
to the selection of parameters that may need to be
changed for different data sets. The multistage
filtering can improve the computational
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complexity, which can affect real-time applications,
especially when quick decision-making is crucial,
as in autonomous systems or live data processing.
Improper tuning can also lead to slight distortion of
the signal. Future work will focus primarily on the
optimization of adaptive parameters for improving
performance  and  reducing  computational
complexity in real-time applications. These
limitations are particularly relevant in real-time,
wearable applications, where computational
efficiency, power consumption and robustness to
noisy environments are important parameters.

Notation

a Amplitude
fc Cutoff frequency
Fy Upper cutoff frequency

F, Lower cutoff frequency

W, Cutoff frequency

0 Friction angle
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