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Abstract

The accurate diagnosis of cardiovascular conditions relies heavily on
Electrocardiogram (ECG) signals, yet persistent interference challenges,
including baseline wander, powerline interference, and muscle artifacts,
compromise clinical accuracy. This study comprehensively explores cutting-
edge preprocessing techniques aimed at addressing multifaceted challenges in
ECG signal processing. Investigating noise removal, baseline correction,
feature extraction, arrhythmia detection, and heart rate variability (HRV)
analysis, we synthesize insights from recent research to provide a thorough
understanding of current state-of-the-art methodologies. Each facet plays a
crucial role in enhancing the reliability of ECG signals for accurate
cardiovascular diagnoses. In a landscape where clinical accuracy is
paramount, this review critically assesses advancements in signal processing
techniques, shedding light on innovative strategies and potential
breakthroughs.
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1.0 INTRODUCTION

The interference problem, which negatively affects
clinical accuracy, frequently overshadows the vital
function that electrocardiogram (ECG) signals play
in cardiovascular diagnosis. The integrity of ECG
data is severely compromised by the introduction of
noise components, such as baseline drift, powerline
interference, and muscle aberrations [1]. This paper
thoroughly investigates state-of-the-art
preprocessing methods intended to tackle various
complex problems in ECG signal processing.

We explore broad aspects such as feature extraction,
arrhythmia identification, baseline correction, noise
reduction, and heart rate variability (HRV) analysis
[2]. Through a comprehensive analysis of recent
research papers [3], our goal is to present a
comprehensive grasp of the state-of-the-art
approaches as of right now. Preprocessing is an
essential step in improving the accuracy of
cardiovascular diagnosis by ensuring that ECG data
are reliable [4].

In an environment where clinical precision is
crucial, this study evaluates advances in signal
processing methods critically. It examines the
subtleties of baseline correction, feature extraction,
arrhythmia identification, and HRV analysis, among
other things [5]. By doing this analysis, we want to
further advance the continuous improvement of
ECG signal processing and reveal novel approaches
and possible advances in the field of cardiovascular
diagnostics.

2.0 PREPROCESSING TECHNIQUES
2.1 Noise Removal in ECG Signals

ECG signals are essential for the diagnosis of
cardiovascular diseases; however, the quality of
clinical analysis is often compromised by
interference from several sources. Notably, the
integrity of ECG readings can be greatly impacted
by noise components such as baseline drift,
powerline interference, and muscle distortions. This
section summarizes, using findings from recent
studies, the state-of-the-art signal processing
methods used to remove noise from ECG data.

2.1.1 Methods of Filtering:

Conventional filtering techniques are still essential
for dealing with ECG signal noise. Filters with low-
pass, high-pass, and band-pass functions are
frequently used to remove unwanted frequency
components. Studies like [6], for example, have
shown how effective finite impulse response (FIR)
filters are in reducing powerline interference.
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2.1.2 Wavelet Denoising:

Wavelet denoising has become well-known as a
successful method for reducing noise in ECG data.
With the use of wavelet transformations, noise
components at various scales may be identified and
eliminated by multi-resolution analysis. The work of
[7] is a prime example of how wavelet denoising
may be effectively applied to improve the signal-to-
noise ratio of ECG recordings.

2.1.3 Adaptive Filtering:

By continually modifying filter parameters in
response to the properties of the signal, adaptive
filtering techniques provide a dynamic approach to
noise reduction. Adaptive filtering has been
effective in reducing muscular artifacts and baseline
drift. The research by [8] demonstrates how flexible
these techniques are for handling noise fluctuations
in situations involving real-time ECG monitoring.

2.1.4 Combined Approaches:

In order to improve the resilience of ECG signal
processing, recent research has looked at the
synergistic use of many noise reduction approaches.
As an example, a research by [8] combined adaptive
filtering and wavelet denoising, demonstrating
better noise reduction than separate techniques.
These integrated methods provide thorough answers
for dealing with various types of noise in ECG
readings.

Unquestionably, removing noise is essential to
guaranteeing the correctness of ECG signal analysis.
Adaptive filtering, wavelet denoising, and filtering
have become popular methods for improving the
quality of ECG signals [9]. These techniques do
have certain limits, though. Although filtering is
effective in removing some kinds of noise, if it is not
set properly, it can unintentionally alter the original
signal and cause information loss [10]. Wavelet
denoising is a flexible technique, but its specificity
may suffer when attempting to discriminate between
physiological changes and abnormal signal
components [11]. Likewise, adaptive filtering is
dynamic yet highly dependent on the precision with
which its parameters are tuned; poor tuning can lead
to residual noise or even the elimination of important
signal information [12]
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Figure 1: ECG signal processing algorithms [13].
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This group of signal processing techniques is
displayed in Fig. 1. These algorithms are universal
to all forms of ECG analysis, including stress
testing, ambulatory monitoring, critical care
monitoring, and interpretation of the resting ECG.
They identify heartbeats, extract fundamental ECG
measurements of wave amplitudes and durations,
condition the signal with regard to different kinds of
noise and artifacts, and compress the data for
effective transmission or storage. By feeding the
blocks with the timing information produced by the
QRS detector, the blocks' capacity for noise filtering
and data compression (shown by gray arrows) may
be improved. The upper branch produces the
conditioned electrocardiogram (ECG) signal and
related temporal data, including the beginning and
ending timings of each wave.

Notwithstanding  these  drawbacks, ongoing
developments in the noise reduction sector show
encouraging progress. Sustained investigation
endeavours to tackle the recognized obstacles and
formulate more advanced tactics to enhance the
dependability of electrocardiogram-derived
diagnostics. Innovative methods are becoming more
and more popular because they can adjust to intricate
signal fluctuations, including machine learning-
based noise reduction [14]. It is predicted that the
combination of novel algorithms and strong
validation protocols will open up new avenues for
improved noise reduction approaches as technology
advances, thereby improving ECG signal processing
in clinical applications.

2.2 Baseline Correction in ECG Signals

Baseline wander, which is characterized by gradual
changes in the ECG signal baseline, makes correct
diagnostic  interpretation  extremely  difficult.
Baseline wander might skew the depiction of heart
activity and mask modest characteristics. This
section explores the methods used to correct
baselines in ECG signals, highlighting the critical
importance of methods like polynomial fitting and
high-pass filtering, which are backed by data from
current studies.

Polynomial Fitting: A popular method for baseline
correction in ECG data is polynomial fitting. It is
possible to capture and separate the baseline
components with this technique by using
mathematical models, including polynomial
functions. Research like those by [15] demonstrate
how effective polynomial fitting is in reducing
baseline wander, which improves the precision of
the signal analysis that follows.

2.2.1 High-Pass Filtering:

This is yet another crucial method used to rectify
baselines in ECG readings. With this technique, the
higher-frequency components linked to heart
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activity are preserved while the low-frequency
components, such as baseline wander, are
selectively attenuated. High-pass filtering has been
successfully applied to reduce baseline wander and
enhance the overall integrity of ECG signals,
according to research by [16].

2.2.2 Comparative research:

To determine which baseline correction method is
best for a certain application, a number of research
have examined the efficacy of various strategies. In
order to resolve baseline wander in various ECG
datasets, for example, the work by [17] carefully
contrasted polynomial fitting and high-pass filtering,
offering insights into their respective strengths and
limits.

2.2.3 Advanced Approaches:

More advanced methods for baseline correction
have been provided by recent developments in
signal processing. Machine learning techniques and
adaptive algorithms have demonstrated potential for
dynamically adapting to baseline wander
fluctuations. In order to address the dynamic nature
of baseline wander, [18] study shows how machine
learning may be applied for real-time baseline
correction.

Although polynomial fitting and high-pass filtering
are two baseline correction techniques that have
shown promise in reducing baseline wander, they
are not without drawbacks. Polynomial fitting,
particularly when irregularities are present, has the
potential to oversimplify complicated baseline
variations and result in inaccurate corrections [19].
Although high-pass filtering is effective in reducing
low-frequency ~ components, it can also
unintentionally eliminate physiological information
if it is not used correctly, which makes it difficult to
correct baseline variations completely [20]. In order
to overcome these constraints and improve baseline
correction procedures, ongoing research projects are
actively investigating sophisticated strategies. This
underscores the necessity of ongoing innovation in
order to improve the accuracy of ECG signal
analysis for clinical diagnoses.
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Figure 2: A diagram showing Electrocardiographic
baseline wander [13].
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Figure 2. (a) Abrupt bodily motions causing an ECG
baseline to wander. Compared to the QRS
complexes, the baseline wander has a much greater
amplitude. (b) The corrected ECG signal, the
estimated baseline made by fitting a cubic spline to
the series of knots (shown by dots), and a close-up
in time [13] of the ECG signal presented in (a).

2.3 Feature Extraction in ECG Signals: A
Comprehensive Examination with Critical
Appraisal

In order to extract useful information from ECG
signals and help physicians diagnose cardiac
problems, feature extraction is essential. The
important component of QRS complex detection,
frequency-domain  analysis, and time-domain
metrics are all covered in this part along with the
extraction of important characteristics. Although
these methods offer insightful information, a more
sophisticated understanding must recognize their
limits.

2.4 Time-Domain Characteristics:

Time domain metrics that provide useful
information about cardiac activity and rhythm
include heart rate variability (HRV), RR interval,
and QT interval [21]. One drawback, though, is that
these measurements are sensitive to anomalies and
aberrations, which might result in incorrect
evaluations [22]. Furthermore, the use of preset
criteria for anomaly identification could not account
for the intrinsic variation across people [23].

2.5 Frequency-Domain Analysis:

To analyze the frequency properties of ECG signals,
two effective methods are the Fourier and wavelet
transforms [8]. However, noise and artifacts may
impact how power spectral density and frequency
bands are interpreted, which might compromise the
analysis's dependability [24]. Moreover, real-time
applications may face difficulties due to the
computational cost of wavelet transform [24].

2.6 QRS Complex Detection:

Heart rate and rhythm analysis depend on the
detection of QRS complexes. Accurate localization
is provided by signal processing algorithms like the
Pan-Tompkins algorithm and wavelet-based
techniques [25]. False positives or negatives may
result from these algorithms' difficulties when there
are noisy signals present [25]. Furthermore, the
universality of these algorithms is limited since their
performance, as seen in Fig. 1, might differ across
different populations [26]

Although the interpretation of ECG signals is greatly
aided by feature extraction techniques, it is crucial
to understand their limits. Improving the sensitivity,
dependability on thresholds, noise sensitivity, and
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population variability of these techniques is crucial
to increasing their accuracy and practicality. Current
research endeavors, as indicated by the papers
mentioned, are focused on improving upon current
methods and creating new strategies to get around
these restrictions and improve the therapeutic
usefulness of ECG signal processing.
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Figure 3: Process flow chart for ECG signal features
extraction [27].

The methods used in this work are displayed in Fig.
3. The acquired findings were contrasted with the
conventional parameters of CES. We use a DWT
filter, which automatically reduces noise in a one-
dimensional signal, to carry out the denoising
procedure in order to minimize noise. Sensitivity
(Se), as defined by [27], is the measure of the total
number of accurate detections divided by the entire
amount of statistics provided by

_ TP
~ TP+FN

Se

M)

Where FN stands for false negatives (incorrect
detections) and TP stands for true positives (correct
detections).

3.0 Arrhythmia Detection in ECG Signals:
Exploring Methodologies and Recognizing
Limitations

A crucial component of ECG signal analysis is
arrhythmia detection, which uses a variety of
approaches to accurately identify cardiac
abnormalities. Machine learning and pattern
recognition  algorithms are two  popular
methodologies that each have their own advantages
and disadvantages.

3.1 Methods of Machine Learning:

Arrhythmia detection has benefited greatly from the
use of machine learning algorithms in conjunction
with signal processing methods. To distinguish
between normal and pathological cardiac rhythms,
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support vector machines, neural networks, and other
systems are trained using characteristics taken from
ECG signals [26]. Nevertheless, a significant
drawback is the reliance on the caliber and variety of
the training data. The robustness and reproducibility
of arrhythmia detection may be impacted by biased
or insufficient datasets, which might limit the
algorithm's capacity to generalize to unobserved
events [28].

3.2 Pattern Recognition:

Template matching and hidden Markov models are
two examples of pattern recognition techniques that
can identify and categorize cardiac irregularities
linked to arrhythmias early [29]. Notwithstanding
their efficacy, these methods have difficulties
managing the variability of ECG signals in various
people and situations. One possible drawback of
these techniques might be their limited
generalizability due to the requirement for
significant customization and tweaking in order to
accommodate the various arrhythmia forms [30].

In conclusion, researchers and clinicians need to be
aware of the limits of machine learning and pattern
recognition technologies, even if they show great
potential for the diagnosis of arrhythmias. The need
of continuous research to tackle these issues is
highlighted by the dependence of machine learning
on high-quality training data and the requirement of
careful customisation in pattern recognition. It is
anticipated that the joint efforts of the machine
learning and signal processing communities will
spur developments, improving the precision and
usefulness of arrhythmia detection techniques in
clinical settings.

Figure 4: A diagram of the arrhythmia classification
system [31].

Four stages (see Fig. 4) may be taken to create a fully
automated system for arrhythmia classification from
data obtained by an ECG device: (1). Preprocessing
the ECG data; (2) segmenting the heartbeat; [31]
extracting features; and learning/classification. The
differentiation or identification of the kind of
heartbeat is the ultimate goal of each of the four
phases. Heartbeat segmentation and ECG signal
preprocessing, the first two stages of this
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classification method, have been extensively studied
in the literature. The methods used in the
preprocessing stage have a direct impact on the
outcomes, thus they should be carefully selected.

P

Figure 5: Simplified display of the hardware for the
capture of ECG signals [31].

The signal from Figure 5 is first passed through a
high-pass filter and then, in a subsequent step, sent
through an antialiasing low-pass filter. It ultimately
shows up in an analog to digital converter. The
electrocardiogram (ECG) is the term for the
graphical recording of this acquisition procedure
[31].

3.3 Heart Rate Variability (HRV) Analysis:
Unveiling Insights and Recognizing Challenges

HRV is a vital indicator of autonomic nervous
system activity and general cardiac health. It is a
critical measure that shows the variance in time
between successive heartbeats. A thorough
knowledge of HRV is aided by a variety of analytical
techniques, including as temporal and frequency
domain analysis and nonlinear strategies like
Poincaré plots and entropy metrics. However, as
recent research has shown, it is crucial to recognize
several limitations related to these techniques.

Heart rate variability
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HEL T T6ERM N

Figure 6: Heart rate variability visualized with R-R
interval changes [32].

The physiological phenomena of fluctuation in the
interval between heartbeats may be seen in figure 6
above. The beat-to-beat interval's fluctuation is used
to measure it. Additional words that are utilized
include "cycle length variability," "heart period
variability,” and "R-R variability" (where R is a
point that corresponds to the peak of the QRS
complex of the ECG wave, and RR is the interval
between successive Rs). ECG, blood pressure,
ballistocardiograms, and the pulse wave signal from
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a photoplethysmography (PPG) are among the
techniques used to identify beats. The ECG is often
regarded as the gold standard in HRV assessment
due to its ability to accurately capture heart electric
activity.

3.3.1 Time and Frequency Domain Analyses:
HRYV evaluation is based on time and frequency
domain analysis [32]. These techniques offer
insightful information on the autonomic control of
the heart. The assumption of stationarity, which
holds that HRV characteristics will not change
throughout the course of the recording time, is a
constraint. This presumption could not be accurate,
especially under dynamic physiological settings,
which  might result in inaccurate HRV
measurements interpretation [32].

3.3.2 Nonlinear Methods - Poincaré Plots and
Entropy Measures:

HRYV patterns can be better understood by nonlinear
techniques like entropy measurements and Poincaré
plots [33]. These methods are dependent on the
duration and caliber of the ECG recordings, in spite
of their benefits. Shorter recordings might reduce the
nonlinear HRV  evaluations' accuracy and
dependability, and noisy signals could create
artifacts that affect how the results are interpreted
[33].Although autonomic nervous system activity
can be better understood by HRV analysis,
researchers and clinicians should be aware of the
limitations that come with using various analytical
techniques. Improving the accuracy and clinical
usefulness of HRV evaluations requires addressing
issues with stationarity assumptions in time and
frequency domain analysis and taking into account
the effects of recording length and signal quality in
nonlinear techniques.

4.0 FINDINGS

The review highlights the efficiency of wavelet
denoising, adaptive filtering, and filtering
approaches in removing noise from ECG data.
Combining methods shows increased resilience.
Baseline correction addresses baseline wander
issues by utilizing high-pass filtering, polynomial
fitting, and sophisticated approaches. Although
feature extraction approaches offer significant
insights, they are limited by their sensitivity and
unpredictability. With careful evaluation of the
quality of training data, arrhythmia detection which
makes use of machine learning and pattern
recognition shows promise. HRV analysis, which
makes use of time, frequency, and nonlinear
approaches, provides thorough insights but has
difficulties with respect to recording quality and
assumptions.
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5.0 CONCLUSION

Although preprocessing methods for ECG data have
made significant progress, they are not without
limits. Although they work well, filtering, wavelet
denoising, and adaptive filtering need precise
parameter adjustment. Although effective, baseline
correction techniques like polynomial fitting and
high-pass filtering have difficulties managing
anomalies and preventing information loss. While
they provide a substantial contribution, feature
extraction algorithms have problems with sensitivity
and unpredictability. Careful evaluation of training
data quality is necessary for machine learning and
pattern recognition techniques that identify
arrhythmias. HRV analysis has difficulties with
assumptions and recording quality even if it offers
insightful information. It will need constant
innovation and teamwork to get over these obstacles
and enable more accurate ECG signal analysis in
clinical settings.

REFERENCES

[1] F. M. Bui, F. Agrafioti, and D. Hatzinakos,
“Electrocardiogram (ECG) biometric for
robust,” Biometrics Theory, Methods, Appl.,
vol. 9, p. 383, 2009.

[2] J. F. Lalanza, S. Lorente, R. Bullich, C.
Garcia, J.-M. Losilla, and L. Capdevila,
“Methods for Heart Rate Variability
Biofeedback (HRVB): A  Systematic
Review and Guidelines,” Appl.
Psychophysiol. Biofeedback, pp. 1-23,
2023.

[3] P. Jha, “Process aware analog-centric single
lead ECG acquisition and classification
CMOS frontend.” Ph. D. dissertation,
Department of Electrical Engineering, IIT
Hyderabad, India, 2018.

[4] X. Liu, H. Wang, Z. Li, and L. Qin, “Deep
learning in ECG diagnosis: A review,”
Knowledge-Based Syst., vol. 227, p.
107187, 2021.

[5] A. Mousa, “Optimizing electrocardiogram
analysis for efficient heart condition
diagnosis.” 2023.

[6] J. R. Pinto, J. S. Cardoso, and A. Lourenco,
“Evolution, current challenges, and future
possibilities in ECG biometrics,” |IEEE
Access, vol. 6, pp. 34746-34776, 2018.

[7] T. W. Cabral et al., “Compressive sensing in
medical signal processing and imaging
systems,” in Sensors for health monitoring,
Elsevier, 2019, pp. 69-92.

[8] T. Thurner, C. Hintermueller, H.
Blessberger, and C.  Steinwender,
“Complex-Pan-Tompkins-Wavelets: Cross-
channel ECG beat detection and
delineation,” Biomed. Signal Process.
Control, vol. 66, p. 102450, 2021.



[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Ogunyi et al. / KISET: Vol. 3, No. 1, (April 2024) 127-134.

J. Mohan, V. Krishnaveni, and Y. Guo, “A
survey on the magnetic resonance image
denoising methods,” Biomed. Signal
Process. Control, vol. 9, pp. 56-69, 2014.
F. A. Ghaleb, A. Zainal, M. A. Rassam, and
A. Abraham, “Improved vehicle positioning
algorithm using enhanced innovation-based
adaptive Kalman filter,” Pervasive Mob.
Comput., vol. 40, pp. 139-155, 2017.

W. Lee, J. J. Seong, B. Ozlu, B. S. Shim, A.
Marakhimov, and S. Lee, “Biosignal sensors
and deep learning-based speech recognition:
A review,” Sensors, vol. 21, no. 4, p. 1399,
2021.

D. Kochkov, J. A. Smith, A. Alieva, Q.
Wang, M. P. Brenner, and S. Hoyer,
“Machine learning—accelerated
computational fluid dynamics,” Proc. Natl.
Acad. Sci., vol. 118, no. 21, p. e2101784118,
2021.

A. Merrikhi, H. R. Asadabadi, A. A. Beigi,
S. M. Marashi, H. Ghaheri, and Z. N. Zarch,
“Comparison of percutaneous versus open
surgical techniques for placement of
peritoneal dialysis catheter in children: A
randomized clinical trial,” Med. J. Islam.
Repub. Iran, vol. 28, no. 1, 2014.

T. Chen, “Enhancing the diagnostic quality
of ECGs in mobile environments.”
University of Southampton, 2015.

M. Bejani et al., “Baseline Wander Removal
Applied to Smooth Pursuit Eye Movements
From Parkinsonian Patients,” IEEE Access,
vol. 11, pp. 32119-32133, 2023.

G. Zhang et al., “A noninvasive blood
glucose monitoring system based on
smartphone PPG signal processing and
machine learning,” IEEE Trans. Ind.
Informatics, vol. 16, no. 11, pp. 7209-7218,
2020.

N. Ben Bekhti et al., “HI4PI: A full-sky HI
survey based on EBHIS and GASS,” Astron.
Astrophys., vol. 594, 2016.

M. Fabiani, G. Gratton, and M. Coles,
“Event-related brain potentials: Methods,
theory,” Handb. Psychophysiol., vol. 3, pp.
53-84, 2000.

K. H. C. Li et al., “Effects of exercise on
heart rate variability by time-domain,
frequency-domain and non-linear analyses
in equine athletes,” F1000Research, vol. 8,
p. 147, 2019.

R. Gibb, E. Browning, P. Glover-Kapfer,
and K. E. Jones, “Emerging opportunities
and challenges for passive acoustics in
ecological assessment and monitoring,”
Methods Ecol. Evol., vol. 10, no. 2, pp. 169-
185, 2019.

J. J. Moughty and J. R. Casas, “A state of the
art review of modal-based damage detection

KJSET | 133

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

[31]

[32]

https://doi.org/10.59568/KJSET-2024-3-1-13

in bridges: Development, challenges, and
solutions,” Appl. Sci., vol. 7, no. 5, p. 510,
2017.

I. Hadj Ahmed, A. Dijebbari, A.
Kachenoura, and L. Senhadji, “Telemedical
transport layer security based platform for
cardiac arrhythmia classification using
guadratic time—frequency analysis of HRV
signal,” J. Supercomput., vol. 78, no. 11, pp.
13680-13709, 2022.

T. Guo, T. Zhang, E. Lim, M. Lopez-
Benitez, F. Ma, and L. Yu, “A review of
wavelet analysis and its applications:
Challenges and opportunities,” |EEE
Access, vol. 10, pp. 58869-58903, 2022.

M. Sansone, R. Fusco, A. Pepino, and C.
Sansone,  “Electrocardiogram  pattern
recognition and analysis based on artificial
neural networks and support vector
machines: a review,” J. Healthc. Eng., vol.
4, pp. 465-504, 2013.

A. K. Feeny et al., “Artificial intelligence
and machine learning in arrhythmias and
cardiac electrophysiology,” Circ.
Arrhythmia Electrophysiol., vol. 13, no. 8,
p. 007952, 2020.

S. K. Saini and R. Gupta, “Artificial
intelligence methods for analysis of
electrocardiogram  signals for cardiac
abnormalities: state-of-the-art and future
challenges,” Artif. Intell. Rev., vol. 55, no. 2,
pp. 1519-1565, 2022.

M. V. Gualsaqui Miranda, I. P. Vizcaino
Espinosa, and M. J. Flores Calero, “ECG
signal features extraction,” 2016 IEEE
Ecuador Tech. Chapters Meet. ETCM 2016,
no. October, 2016, doi:
10.1109/ETCM.2016.7750859.

E. Sung et al., “Evaluation of a deep
Learning-enabled automated computational
heart modeling workflow for personalized
assessment of ventricular arrhythmias,” J.
Physiol., 2023.

F. Shaffer and J. P. Ginsberg, “An overview
of heart rate variability metrics and norms,”
Front. public Heal., p. 258, 2017.

T. Henriques, M. Ribeiro, A. Teixeira, L.
Castro, L. Antunes, and C. Costa-Santos,
“Nonlinear methods most applied to heart-
rate time series: a review,” Entropy, vol. 22,
no. 3, p. 309, 2020.

E.J. daS. Luz, W. R. Schwartz, G. Cdmara-
Chavez, and D. Menotti, “ECG-based
heartbeat classification for arrhythmia
detection: A survey,” Comput. Methods
Programs Biomed., vol. 127, pp. 144-164,
2016, doi: 10.1016/j.cmpb.2015.12.008.

D. Hernando, N. Garatachea, R. Almeida, J.
A. Casajus, and R. Bailon, “Validation of
heart rate monitor Polar RS800 for heart rate



Ogunyi et al. / KISET: Vol. 3, No. 1, (April 2024) 127-134. https://doi.org/10.59568/KJSE T-2024-3-1-13

variability analysis during exercise,” J. Makowski, “Heart rate variability in

Strength Cond. Res., vol. 32, no. 3, pp. 716— psychology: A review of HRV indices and

725, 2018. an analysis tutorial,” Sensors, vol. 21, no.
[33] T.Pham, Z. J. Lau, S. H. A. Chen, and D. 12, p. 3998, 2021.

KJSET | 134



